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ABSTRACT: 

Knowledge of soil moisture is significant for supporting agricultural production and other 

ecosystem services in cold climates. Climate change is expected to produce more fluctuations in 

precipitation across the globe and cause more frequent extremes in soil moisture, including floods 

and drought which have major impacts on agriculture and infrastructure. Forecasting can help 

mitigate the impacts of soil moisture extremes by providing warnings about upcoming extreme 

events and prompt mitigation measures. This study constructed a physically-based groundwater-

surface water model for an agriculturally dominated watershed in the Red River Valley, Manitoba, 

to determine the soil moisture variability in a cold climate in deeper soil layers. A 1D replica of 

the main watershed model was additionally used for sensitivity analysis of soil hydraulic 

parameters that influenced moisture at different depths. Historically available soil moisture data 

and additional data from installed Sentek probes in observational fields were used for calibration. 

Statistical analysis was performed by comparing simulated and measured soil moisture. At the 

surface (5 cm), the sand series in the 1D model had an excellent match and the 3D results produced 

a good correlation at the surface during calibration and forecasting. The model results of the deeper 

layers in the clay soils also showed a good fit during calibration and forecasting while the sand 

series showed poor correlation at lower depths. The modelling framework in this study provides 

valuable insights into different hydrological processes.  
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Chapter 1 - Introduction 

1.1 Motivation 

The annual Manitoba Agriculture reports from 2010 to 2021 consistently implied the challenging 

conditions for the crops to grow because of either excess or lack of water (Crop report 2010; Crop 

Report Summary 2021; Manitoba Agricultural Services Corporation (MASC) 2021). It is because 

the climate and its related processes are extremely variable. Scientists and engineers with several 

technological advancements are coming up with solutions every day to make the conditions for 

crops growth easier. Soil moisture (SM) is one such process that is highly variable both spatially 

and temporally and it impacts a range of environmental processes in a nonlinear manner (Western 

et al. 2002). It plays a major role in climate-change projections by providing feedback at local, 

regional, and global scales (Seneviratne et al. 2010). Hydrological modelling engineers are 

interested in water movement and solute transport (Romano 2014) while soil scientists concentrate 

on SM as water holding capacity and volume of water within the rooting zone (Martínez García et 

al. 2014; Romano 2014). This study answers scientific questions for both stakeholders. The 

relationship between mean soil water content and its variance has gathered attention because a 

clear pattern could be observed (Cornelissen et al., 2013) and those patterns provide a background 

to discover how different processes contribute to spatial variability of SM. 

1.2 Importance of soil moisture in agriculture 

Manitoba was once covered in perennial grasses, which created a buildup of carbon in the soil. 

High carbon content in soil assists in better water infiltration and strong water retention capacity. 

The Red River Valley in Manitoba is dominated by agricultural fields (Ojo et al. 2015) and the 

land use for agriculture over the years might have impacted and altered the topsoil and, in turn, 

influenced the spatial and temporal distribution of SM. SM has a serious influence on agriculture 
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crop production and yield outcomes and it is also a vital factor affecting greenhouse gas emissions 

from agricultural soil (Mazrooei et al. 2020). SM is considered to be a dominating factor affecting 

greenhouse gases like N2O emissions from the soil as saturated soil tends to increase N2O 

production and emissions from cropland soils (Gao et al. 2014). Kuang et al. (2019) highlights the 

importance of SM and fertilizer application in controlling the benefits of stabilized urea to reduce 

N2O production and emissions from the soil. Forecasting accurate SM can support the planning 

and management of water resources and can significantly assist decision-making for agricultural 

management. Reliable prediction of deeper layer SM is meaningful for reducing drought damages 

and economic losses in agricultural production (Zhu et al. 2021). It also assists farmers with 

optimizing irrigation application to increase crop yield and minimizing redundant irrigation costs. 

1.3 Objectives 

The objective of this study is to provide a comprehensive analysis of spatiotemporal variability of 

SM in a mesoscale catchment located in a hydrologically complex setting within the Red River 

Valley in Manitoba, Canada, by developing a fully functioning physically based surface water - 

groundwater model. Another integral focus of this study is to predict SM over deeper depths and 

analyze the prediction correlation with measured SM data for the 2021 growing season.  
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Chapter 2 - Literature Review 

2.1 Different approaches for measuring soil moisture 

Dorigo et al. (2015) evaluated a new, merged SM product that combines the SM retrievals from 

four passive and two coarse resolution microwave sensors into a global data set spanning the period 

1979 to 2010. The evaluation uses ground-based SM observations of numerous study sites. The 

triple collocation technique was used in the study to assess random errors in the data set. The 

difference in the Spearman correlation coefficient between the new SM product and all in-situ 

observations was small but differences between networks and time periods were large. The RMSE 

differences and triple collocation errors showed lesser variation between networks.  Apart from 

differences in spatial scale, neither the sensing depth of the SM product nor the installation depth 

of sensors was uniform. This led to uncertainties in the evaluation results. The literature 

highlighted that there was a strong relationship between remotely sensed surface soil moisture and 

in-situ measurements in the upper soil layer. The highlight could be a limitation for a study that 

involves measuring SM at deeper depths.   

Ojo et al. (2015) investigated the design of an SM network and the calibration of Stevens Hydra 

Probe sensors (Stevens Water Monitoring Systems 2008) in the Red River Basin, Manitoba, and 

evaluated their performance. The established SM network provided real-time information on SM 

conditions within the root zone in an agricultural area prone to SM extremes. The SM network 

called RISMA (Real-Time In-situ Monitoring for Agriculture) evaluation sites consisted of nine 

locations with coarse and fine-textured soils where the sensors were installed horizontally in 

triplicate at 5, 20, 50 and 100 cm and soil samples from the same location were preserved for 

laboratory calibration. Data from three other fields (outside the RISMA network) were collected 

to provide the reliability of the overall field calibration equation developed from the sites within 
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the network. The results of laboratory calibration underestimated the SM at the three sites outside 

the network. However, both the in-situ and overall field calibrations performed better than the 

default sensor calibration at the RISMA sites. The greatest advantage is it provides the most 

accurate SM input values possible which can be assessed with remotely sensed products. A 

drawback of using the sensor for volumetric water content determination is its sensitivity to 

temperature and salinity resulting from its low operating frequency. 

Cho et al. (2015) highlighted the importance of large-scale observation of root zone SM data using 

remote sensing. The study validated the Advanced Scatterometer (ASCAT) and the Advanced 

Microwave Scanning Radiometer - Earth Observing System (AMSR-E) sensor products. The 

results of the surface SM products showed a reasonable agreement with average correlation 

coefficient values. The root zone SM derived using the soil water index showed relatively high 

values at a depth of 20 cm. The best results were observed at 20 cm depth and based on the results, 

ASCAT SM products were shown to be potentially more appropriate than AMSR-E products in 

the study area.  

2.2 Current research in soil moisture forecasting 

Zhu et al. (2021) is one of the very few publications which discusses multi-layer SM prediction 

over an agriculturally dominated catchment, however, it uses data-driven methods like support 

vector machines (SVM) and data-assimilation algorithms like the ensemble Kalman filter (EnKF) 

rather than hydrological modelling. The study investigated the performance of SVM and coupled 

SVM-EnKF in predicting SM in multi-layers (0-5, 0-10, 10-40 and 40-100 cm) by adding three 

remote sensing SM products namely Soil Moisture Active Passive (SMAP) (Bhuiyan et al. 2018), 

passive AMSR and active ASCAT (Cho et al. 2015) separately. The input meteorological variables 

were collected from 14 weather stations. The results of SVM on its own produced satisfactory 
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results for surface layer SM prediction and poor results for root layers. The addition of SMAP with 

SVM improved the prediction results while the addition of the other two SM products did not show 

any improvement. SVM-EnKF coupling produced the best results and adding any of the remote 

sensing techniques to SVM-EnKF did not improve the results any further. It was stated in the study 

that techniques like SVM are better in SM prediction for multi-layers when compared to 

physically-based techniques, however, it did not provide a comparison of results. A slight 

advantage of using such techniques is that it requires relatively fewer input variables for SM 

prediction than physical-based models. 

Mazrooei et al. (2020) developed monthly to seasonal (M2S) top layer SM forecasts. The SM 

forecasting skill was evaluated in comparison with the remotely sensed SM observations collected 

by the SMAP satellite (Bhuiyan et al. 2018). The rain-fed crops depend on SM conditions during 

the growing phase, hence a SM forecast would help determine the crop yields. This study exploited 

the SMAP data to validate the M2S SM forecast. The Noah3.2 Land-based Model (LSM) ran the 

SM simulations and gave SM forecasts over the study area. Meteorological variables like 

precipitation, wind speed, net short-wave radiation which are needed to forecast SM were 

implemented in the LSM. Mean monthly SM forecasts of the top 10 cm layer of the soil were 

computed by averaging daily forecasted SM quantities. Monthly SM forecasts were compared with 

corresponding monthly time series of SMAP observations using correlation coefficient and RMSE 

which helped to quantify the forecasting skill. The study indicated that most SM forecasting 

scenarios were predominantly influenced by updating the initial conditions before forecasting. One 

drawback was the decline in the skill of the SM forecast with increasing lead time due to errors in 

the prediction of other meteorological variables like precipitation. The results in the study showed 

decent accuracy. Uncertainty in SMAP data was another major drawback so a comprehensive 
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assessment of forecasting skills could not be achieved. The future scope of this study can be done 

by using different hydrological models to forecast SM for a shorter period where the weather 

forecast can be predicted more accurately. 

2.3 Influence of soil hydraulic parameters on soil moisture 

Maheu et al. (2018) wanted to emphasize the limitations of the Soil, Vegetation and Snow (SVS) 

land surface model by comparing its performance with HydroGeoSphere (HGS) (Therrien et al. 

2010). Both the models were set up to perform 1D soil column simulations. To identify the 

variations, key differences between soil hydraulic properties were used by both models. Hydraulic 

conductivity (K) was assumed to exponentially decay with depth in SVS while it was set up as 

constant in HGS. HGS simulations derived K and residual saturation (θr) using soil texture as an 

input to the Rosetta model (Schaap et al. 2001). Final results indicated that under Mediterranean 

and temperate climates, SVS satisfactorily simulated SM, with a performance comparable to HGS. 

However, SVS performed weakly under a semiarid climate while HGS performed relatively well. 

Also, HGS was able to simulate SM decline during the summer and spring months when the 

vegetation was active. The HGS model fared much better than SVS at deeper soil layers as they 

were able to capture θr during the dry periods. HGS simulations captured the observed variability 

in SM at the middle soil layer, but reduced performance was observed at the bottom soil layer.  

An et al. (2018) established a surrogate-based simulation optimization approach to identify 

parameters values for a fully integrated surface water and groundwater flow coupling simulation. 

They used the HGS model and a local sensitivity analysis method and emphasized a few 

parameters of extreme importance. The importance was determined by the influence of parameters 

on the simulation model. The results showed that hydraulic conductivity, the porosity of the soil, 

van Genuchten parameters, and the Manning coefficient exerted a large influence on the model 
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output. Hence, the four parameters were provided high priority during the HGS model parameter 

identification process in the study. 

Martínez García et al. (2014) focused on SM with and without root water uptake using water flow 

simulations. It was performed by varying the soil hydraulic properties under different climatic 

conditions. The study explained the differences in positive or negative relationships observed 

between mean SM and its variability. The study also assisted in specifically targeting spatial 

variability of K and measure of pore-size distribution index (n) in the van Genuchten model. The 

model created was 1D, K was the only parameter that was constantly varied and the rest of the 

drivers like rainfall, evaporation, Evapotranspiration (ET) were kept homogenous. However, the 

study failed to evaluate how SM varies with heterogenous weather patterns, as it might impact the 

vegetation development and in turn influence the soil hydraulic properties. 

2.4 The capability of HGS 

Brunner and Simmons (2012) described in detail the exact working of the HGS model and the 

functions it can perform. HGS can solve both simple (steady-state saturated flow) as well as 

complex (integrated flow solute) problems. It is applied to a wide range of hydrological problems 

like watershed modelling, disconnection between surface and groundwater, fractured rock 

hydrology, simulation of the fate of contaminants in groundwater and atmospheric/surface/sub-

surface heat exchange processes.  HGS can simulate water flow in a fully integrated mode, hence 

allowing precipitation partitioning into all key components of the hydrologic cycle which is the 

most important aspect of HGS. It is structured as a control volume finite element model for both 

surface and sub-surface domains.  One drawback is that it does not have a Graphical User Interface 

(GUI). Learning TECPLOT along with HGS creates a steeper learning curve. Also, multiple 

functions are not documented which limits user utilization of the full numerical capability of the 
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model. However, the user can change a range of numerical parameters during the simulation. The 

learning curve is fairly simple for problems that are not too complex. However, for this research, 

the learning curve is much steeper since it involves a complex regional-scale catchment under 

hydrologically challenging conditions. 

2.5 Using HGS to determine soil moisture 

Cornelissen et al. (2013, 2014, 2016) were the main references for this research since they provided 

information on simulating SM using the HGS. Cornelissen et al. (2013) applied HGS in a natural 

ecosystem to assess whether the model can simulate the pattern of SM. The study aimed to analyze 

whether the 3D simulation (θsim) reproduces statistical measures of the observed SM (θobs) pattern. 

HGS provided SM patterns at different spatial resolutions. Climate data including precipitation 

data were considered as input parameters that were collected from meteorological stations. The 

initial aim of the model calibration was to get a good fit between θsim and θobs. The aim was achieved 

by altering the canopy storage parameters, transpiration and soil porosity values. The results of the 

simulation of two chosen resolutions showed that the low flow period was well captured by both 

resolutions but peaks during the same time were not captured. HGS overestimated discharge 

during the calibration period but produced better simulation results during the validation period. 

The simulation did not capture the short-term dynamics of SM at 50 cm. It reproduced some parts 

of the short-term dynamics at 20 cm depth and overestimated the dynamics at 5 cm depth. The 

dynamics at 20 and 50 cm depth resulted from the vertical flow components due to bypass flow 

occurring in spruce covered catchments that were not simulated by the model. The study stated 

that the simulation of SM was successful only for the 20 cm depth. A decrease in SM variance 

during continued drying was observed for both simulations and the measurements for both 

resolutions. In addition, the pattern of θobs showed a patchy character that did not show in the θsim 
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indicating that using uniform soil properties in the topsoil makes the SM simulation inaccurate. 

The θobs pattern looked patchy while the θsim was dependent on topography. 

Cornelissen et al. (2016) improved their previous study, where they dealt with one major limitation 

to the application of HGS at mesoscale catchments. The available database was insufficient for 

calibration as HGS required a large amount of data for simulations. This is one of the newest 

studies done which answered how to tackle a limitation in HGS. The study parameterized the 

distributed model for a mesoscale catchment by transferring model-specific parameters calibrated 

for water balance and SM dynamics at a small headwater catchment. The effect of the 

parameterization was differentiated from the influence of spatial variability in land use, soil, PET 

and precipitation by introducing their spatial distributions in a model setup. For the spatial 

variability in land use at the catchment, parameters that are not model specific (e.g. LAI, root depth 

and root distribution) were taken from the scientific literature.  
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Chapter 3 – Physical-based hydrological modelling to model and predict soil 

moisture in a mesoscale catchment in cold climates 

Preface 

This chapter contains a detailed description of constructing a physical-based hydrological model 

to simulate soil moisture for an agriculturally dominated catchment. It modelled and predicted soil 

moisture from surface to deep root zone layers for different textural classes of soil under 

hydrologically challenging conditions. This study provides insights into the extent of soil hydraulic 

parameters, lateral movement of water and how it influences the soil moisture variability in 

different soil types. The model achieved good correlations between modelled results and the 

historically available results of the catchment in consideration. 

3.1. Introduction 

Soil Moisture (SM) is a vital variable in the soil-plant-atmosphere system (Cornelissen et al. 2014; 

Rong et al. 2017). It fluctuates in space and time (Rosenbaum et al. 2012) and is governed by 

interacting environmental factors like soil properties (Vereecken et al. 2008), vegetation 

(Schwärzel et al. 2009), topography (Cantón et al. 2004), precipitation (Cornelissen et al. 2013). 

The SM pattern tends to change because of non-uniform precipitation, incoming solar radiation, 

and other soil and vegetative properties (Srivastava et al. 2020). Dynamic patterns of variation of 

SM in farmed catchments have gathered attention in recent times (Cornelissen et al. 2013). For 

agricultural crops, SM content directly affects their successful production through its impact on 

the trafficability of fields for fieldwork (Müller et al. 2011), crop water availability and yield 

(Raddatz et al. 1994), the level of pest pressure (Mila and Yang 2008) and the potential for soil 

compaction with the use of agricultural implements (Alakukku et al. 2003).  Farmed catchments 



 

20 
 

display higher spatio-temporal heterogeneity of SM because of agricultural practices (Hébrard et 

al. 2006; Motisi et al. 2012; Rallo et al. 2012). However, only a few studies have focused on SM 

variability in farmed catchments (e.g. Hawley et al. 1983; Hébrard et al. 2006) and our 

understanding of SM variability at the catchment scale is limited because of on-field measurement 

constraints (Meng et al. 2021; Rosenbaum et al. 2012; Srivastava et al. 2020).   

SM data is a critical step in model initialization for weather forecasting in cold climates, 

agricultural planning, and water resources management and it has a major impact on agricultural 

crop production and yield outcomes (Liu et al. 2020). Present and future SM data are invaluable 

for many practical and academic uses (Meagher 2017). Forecasting SM helps to predict and 

monitor natural disasters such as floods (Srivastava et al. 2016; Wasko et al. 2020), drought (Van 

Hateren et al. 2021; Zhang et al. 2017), wildfires (Chaparro et al. 2016), landslides (Krzeminska 

et al. 2012) and severe weather events (Raddatz and Cummine 2003). It will also assist in 

enhancing early warning systems related to famine, and supports evaluation of ground suitability 

for civil engineering purposes all over the world (Chifflard et al. 2018; Meagher 2017).  It is 

extensively recognized in the scientific community that an enhanced understanding of SM 

dynamics can yield valuable insights into hydrogeological processes in cold climates (Blume et al. 

2009; Rosenbaum et al. 2012; Vereecken et al. 2008; Zehe et al. 2010).  

The SM measuring techniques such as in situ measurements, installation of numerous spatially 

distributed SM sensors, interpolation using statistical models is time-consuming, laborious, and/or 

expensive (Chifflard et al. 2018; Vereecken et al. 2008). Hence major efforts to optimize SM 

networks are required (Li et al. 2011; Richardson et al. 2008; Sunohara et al. 2015). Hydrological 

modelling can provide accurate, cost-effective, and efficient frameworks for encapsulating spatio-

temporal processes (Frey et al. 2021). Previous studies have emphasized the need for process-
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based modelling in addition to various methods already available to test theories on hydrological 

processes influencing SM distribution (e.g. Chen et al. 2018; Lee et al. 2018; López-Ballesteros et 

al. 2019; Moriasi et al. 2006; Oliveira et al. 2020). The dynamic and spatially explicit hydrological 

models help to relax many of the restrictive assumptions made in statistical models. Physically-

based, fully-integrated, groundwater-surface water models where the surface water system is 

dynamically coupled to the groundwater flow system, are arguably the most advanced tools for 

simulating large-scale hydrological processes (Berg and Sudicky 2019; Fatichi et al. 2016; Frey et 

al. 2021). Despite the availability of spatially distributed remote sensing derived SM data, clear 

analysis and comparison of simulated SM with catchment-scale physically-based hydrological 

models are rare (Herbst and Diekkrüger 2003; Mahmood and Vivoni 2011; Rößler and Löffler 

2010; Tavakoli and De Smedt 2012; Zhang and Wegehenkel 2006). Due to high computational 

demand, integrated hydrological models like HydroGeoSphere (HGS), are used predominantly for 

small-scale applications. Attempts to use HGS for studies having large agriculturally dominated 

catchments are only found occasionally (e.g. Goderniaux et al. 2009; Rahman et al. 2014). 

Cornelissen et al. (2016) and Rong et al. (2017) stated that previous research contained limited 

insight into the spatial and vertical distribution of SM in a catchment. Vereeken et al. (2008) stated 

that deeper soil profile measurements are typically not concentrated in general SM studies. 

However, hydrologic science requires insight on SM conditions in deeper soil layers in cold 

climates as it provides information on hydrological fluxes. Mazrooei et al. (2020) highlighted that 

detailed research is necessary for forecasting SM as there are various knowledge gaps and lower 

accuracy in predicting SM at different depths. 

The objective of this study is to provide a comprehensive analysis of spatiotemporal variability of 

SM in a mesoscale catchment located in a hydrologically complex setting within the Red River 



 

22 
 

Valley in Manitoba, Canada, by developing a fully functioning physically based surface water - 

groundwater model. Another integral focus of this study is to predict SM over deeper depths and 

analyze the prediction correlation with measured SM data for the 2021 growing season. The results 

of this research will provide valuable support to various systems which can utilize present and 

future SM data as prime input. 

3.2 Materials and Methods 

3.2.1 Study Area 

The Brunkild sub-catchment is in south-central Manitoba, Canada. The study area is 

approximately 72 km southwest of the city of Winnipeg (Fig. 1). The Brunkild sub-catchment in 

the Red River Valley has an area of 508.96 km2. The landscape is generally flat to gently 

undulating with slopes from 0 - 2% through most of the sub-catchment and steeper slopes on the 

Manitoba escarpment to the west. It provides a mix of land covers, although land use is dominated 

by annual cropping (Bhuiyan et al. 2018). Crops grown in this region include forage, sunflower, 

corn, spring wheat, soybean, and canola. Field size varies from 40 to 260 hectares in area with 65 

ha being common. This region is characterized by a wide range in soil texture (Walker 2012) with 

coarse, sandy soils extending from the Manitoba escarpment on the west to a sharply-defined 

boundary with fine, heavy clay soils in the Red River Valley on the east.  

Four observation fields located inside the study area (Fig. 2) were selected based on the triplet 

aspect (Romano 2014; Vereecken et al. 2008; Western et al. 2002) of local scale, namely support, 

spacing and extent.  The first two fields were those where the Real-time In-Situ Soil moisture 

Monitoring for Agriculture (RISMA) stations 4 and 5 are located at the sand-clay interface in the 

catchment and are referred to as RISMA 4 and RISMA 5 (Table 1). The RISMA 4 and 5 stations 
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monitor air temperature, relative humidity, wind speed and direction, rainfall as well as SM.  Three 

replicate Hydraprobe II frequency domain reflectometer sensors (Stevens, Oregon, USA) were 

installed at 5, 20, 50 and 100 cm depths. Two Sentek SM probes (Stepney, South Australia) were 

installed in two different agricultural fields after the crops were planted in 2020 and 2021 then 

removed prior to harvest each year (Fig. 2); one was sandy-textured (Sentek sand) and one was 

heavy clay (Sentek clay) (Table 1). They are fully encapsulated “drill and drop” probes, 90 cm in 

length with SM sensors for each 10 cm increment that were completely buried in the soil.  The 

Sentek sensors were connected to a data logger which recorded SM on an hourly basis and 

transmitted real-time data to an online cloud platform.  

Table 2 shows the soils series for these four fields (Michalyna et al. 1988) and the crops grown in 

2020 and 2021.  Scanterbury (SCY) soils are developed from lacustrine deposits and have clay to 

heavy clay texture, high available water holding capacity and slow permeability.  Kronstal (KOT) 

soils formed from lacustrine deposits and have coarse loamy texture, medium available water 

holding capacity, moderately rapid permeability and a water table between 1 to 2 m from the 

surface during the growing season.  Willowcrest (WWC) soils developed from lacustrine deposits 

and have sandy texture, low available water holding capacity, moderately rapid permeability and 

a water table between 1 to 2 m from the surface during the growing season.   
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Fig. 1: Brunkild sub-catchment in south-central Manitoba, with respect to the city of Winnipeg, Canada. 



 

25 
 

 

Fig. 2: HGS three-dimensional (3D) model of Brunkild sub-catchment and observation fields in the study. 

Table 1. Observation field locations and elevations. 

Station name X coordinate  Y coordinate Elevation (m a.s.l)1 

Sentek sand 568406.63 5502311.00 265.00 

Sentek clay 576766.36 5500257.51 249.00 

RISMA 4 573012.46 5498788.11 259.00 

RISMA 5 575275.50 5497070.50 252.00 

1 Above sea level 
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 Table 2. Observation fields with the soil series at the monitoring station and the crops grown during the study. 

Station name Soil Series1  Crop 2020 Crop 2021 

Sentek sand2 Willowcrest Soybean Corn 

Sentek clay2 Scanterbury Canola Wheat 

RISMA 43 Kronstal Canola Corn 

RISMA 53 Scanterbury Soybean Wheat 

1Michalyna et al. 1988 

2Sentek field sensors were installed June through August 2020 and May through August 2021 

3RISMA stations were installed in 2012 and became operational in 2013 

The crops grown at RISMA 4 and 5 preceding 2020 are listed in Table A.1. 

3.3 HydroGeoSphere (HGS) 

The physically-based fully-integrated model used for the study is HydroGeoSphere (Therrien et 

al. 2010). HGS can simulate soil moisture variability in three dimensions (Brunner and Simmons 

2012). A preprocessor named GROK prepares the input files. Once the simulation is terminated, a 

postprocessing program converts the output data to a format that can be read by third-party 

visualization packages such as TECPLOT (Tecplot Inc 2011). 

3.3.1 Overland flow 

The two-dimensional surface domain is coupled directly over the three-dimensional domain by a 

dual node approach and is modelled by the diffusion wave simplification of the Saint-Venant 

equation: 

𝜕∅0 ℎ0

𝜕𝑡
= ∇(𝑑0𝐾0∇(𝑑0 + 𝑧0)) + 𝑑0Г0+𝑄0                                               (1) 
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where Ø0 is the porosity of the surface domain [-], h0 is the water surface elevation [L], d0 is the 

surface water depth [L], t is the time [T], Г0 is the surface water volumetric exchange between 

domains [L3 L-3 T-1], Q0 is the total contribution of surface domain sources [L T-1], and K0 is the 

surface water conductance [L T-1]. 

3.3.2 Subsurface flow 

HGS utilizes a modified form of Richard’s equation to describe three-dimensional transient 

subsurface flow in a variably-saturated porous medium:  

−∇(𝜔𝑚𝑞) +  𝛴 Г𝑒𝑥 ± 𝑄 =  𝜔𝑚  
𝜕 (𝜃𝑠 𝑆𝑤) 

𝜕𝑡
                                                                                        (2) 

where 𝜔𝑚 is the volumetric fraction of total porosity occupied by porous medium [-], Гex is the 

volumetric water exchange flux between domains [L3 L-3 T-1], Q represents the total contribution 

of sources [L3 L-3 T-1], q is the fluid flux [L T-1] and is given by  

𝑞 =  −K ×  k𝑟 ∇ (𝜓 + 𝑧)                                                                                                                (3) 

where K is the hydraulic conductivity [L T-1], kr is the relative permeability [-], ψ is the pressure 

head [L], z is the elevation head [L] 

The hydraulic conductivity, K [L T-1], is given by: 

K =
𝜌𝑔

𝜇
𝑘                                                                                                                                          (4) 

where g is the acceleration due to gravity [L T-2], is the viscosity of water [M L-1 T-1], k is the 

permeability of porous medium [L2], and ρ is the density of water [M L-3]. 

The saturated water content θs [-] is assumed equal to porosity and Sw is the degree of water 

saturation [-] and is given by: 
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𝑆𝑤 =
𝜃

𝜃𝑠
                                                                                                                                              (5) 

where θ is the water content [-].  

Based on earlier works of Mualem (1976), van Genuchten (1980) proposed the saturation-pressure 

relation which is incorporated in the HGS model as: 

𝑆𝑤 =  𝑆𝑤𝑟 + (1 −  𝑆𝑤𝑟) [1 +| 𝛼𝜓 |𝛽]−𝑣         for ψ < 0                                                                    (6) 

𝑆𝑤 = 1                                                             for ψ ≥ 0 

 where 𝑣 = 1 −
1

𝛽
                                              for β > 1                                                                    (7) 

where Swr is the residual water saturation [-], α is the inverse of air-entry pressure head [L-1], β is 

the pore-size distribution index [-] 

3.3.3 Three-dimensional finite element mesh 

AlgoMesh (HydroAlgorithmics 2016) was used to generate an unstructured finite element grid. 

The unstructured grids allow localized regions of interest within the model domain to carry higher 

spatial resolution. The grid was designed with 5 - 50 m nodal distance along with the main surface 

drainage features, and up to 150 m nodal distance in areas distal from roadways, channels, and 

ditches (Fig. 3). A LiDAR-based Digital Elevation Model (DEM) from the Manitoba Land 

Initiative (MLI) (Manitoba Land Initiative 2001) was used to define the model topography and the 

subsurface layers were developed using processed raster files that represent the hydrostratigraphic 

surfaces. The model domain was discretized with 45,929 nodes and 88,566 triangular elements per 

2D mesh sheet (367,432 nodes and 708,258 elements in total across the 8-layer subsurface 

domain).  
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Fig. 3: Plan-view of Brunkild sub-watershed with dense triangular mesh elements (top panel), and the finite element 

mesh in the area of the three observational fields (bottom panel). 

3.3.4 Landcover 

The spatially distributed landcover was derived from AAFC 2014 Annual Crop Inventory (Fisette 

et al. 2013). It includes forests, croplands, wetlands, grasslands, open water, and urban land (Fig. 

4). HGS reads the value of pixels from the raster file and assigns transpiration fitting parameters 

values (C1, C2, and C3), transpiration limiting parameters (wilting point, field capacity, oxic limit, 

and anoxic limit), Leaf Area Index (LAI), time-varying root density function (RDF) and 

evaporation limiting factors (evaporation depth, canopy evaporation). The rate of transpiration and 

the RDF are incorporated into HGS using: 
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𝑇𝑝 =  𝑓1 (𝐿𝐴𝐼, 𝐶1, 𝐶2)𝑓2(𝜃, 𝐶3)𝑅𝐷𝐹(𝑡)[𝐸𝑝 − 𝐸𝑐𝑎𝑛]                                                                                        (8) 

𝑅𝐷𝐹 (𝑡) =
𝐿𝑚𝐿0

𝐿0+(𝐿𝑚− 𝐿0 )𝑒−𝑟𝑡 
                                    (9) 

where Tp is the rate of transpiration [L T-1], f1 (LAI) and f2 (θ) are a function of leaf area index and 

nodal water content respectively, C1, C2, and C3 are dimensionless fitting parameters, Lm and L0 

are maximum root depth and initial root depth respectively, Ep is the reference evapotranspiration 

[L T-1] and Ecan is the canopy evaporation [L T-1]. The values of the transpiration parameters were 

referenced from Kristensen and Jensen (1975) and the evaporation depth from the cropland was 

kept at 0.2 m implying that water available at 20 cm of the soil profile would be able to directly 

evaporate. The LAI was calculated using Moderate Resolution Imaging Spectroradiometer 

(MODIS) data (Myneni et al. 2015) for the Brunkild catchment for the 2010 – 2021 period. The 

time-varying root depth values for the cropland landcover class were referenced from Canadell et 

al. (1996).  
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Fig. 4: Spatially distributed land cover resolved in the model. 

3.3.5 Hydrostratigraphy 

The LiDAR-based DEM obtained from MLI was divided into 4 layers at 5 cm, 20 cm, 50 cm, and 

100 cm respectively (Fig. 5). The observed data from the RISMA fields were available only for 

the aforementioned depths, hence the model topography was divided at the same intervals. There 

are four more layers below these (Fig. 5b) representing the surficial geology as described in the 

subsurface phanerozoic geology of southern Manitoba (Transect 15 at UTM 550870N (Matile and 

Keller 2012)). The subsurface layers were developed using processed raster files. The soil 
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hydraulic conductivity values of the subsurface layers were derived from existing literature (Freeze 

and Cherry 1979; Grisak and Cherry 1975; Grisak and Jackson 1978).  

 

Fig. 5: Cross-section of HGS model subsurface phanerozoic geology of Brunkild sub-catchment (a); Description of 

subsurface layers along with discretization (inset) (b); Details of each subsurface geology layer can be found in Matile 

and Keller (2012). 
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3.3.6 Soil 

The soil information for the Brunkild sub-catchment was obtained from MLI. MLI provides soil 

maps of districts in several scales (1: 40,000, 1: 20,000, etc.). The polygons of Brunkild have a 

constant spatial resolution of 1: 20,000. The total polygon count of the Brunkild sub-catchment is 

608 with 33 different soil series (Fig. B.1). Each soil series has individual soil hydraulic 

parameters. Brunkild is a mesoscale sub-catchment that exhibits substantial spatial variability in 

soil hydraulic properties. The percentage of sand, silt, and clay along with the bulk density of each 

soil series (Table A.2) were inputted into Rosetta (Schaap et al. 2001; Zhang and Schaap 2017) 

and the corresponding parameters results of residual water content (θr), saturated water content 

(θs), hydraulic conductivity (K), and van Genuchten-Mualen parameters α (>0) which is related to 

the inverse of air entry suction and n (>1) is the measure of pore-size distribution index (van 

Genuchten 1980) were obtained specifically for each soil series. The detailed explanation for 

individual soil series in Fig. B.1 can be obtained in Michalyna et al. (1988). 

3.3.7 Boundary conditions 

The liquid water inflow (Neumann) boundary condition was used at top of the model to represent 

rainfall, snowfall, and Potential Evapotranspiration (PET) (recharge is computed internally by the 

model). A critical depth boundary condition was applied to the surface nodes around the perimeter 

of the domain. The perimeter of the subsurface domain and the base of the model were considered 

as no-flow boundary conditions. Daily frequency liquid water input (precipitation + snowmelt) 

and PET collected from the RISMA stations were used to establish model conditions and achieve 

quasi-equilibrium conditions by repetitive simulation runs. The results achieved after year-over-

year quasi-equilibrium conditions were used as initial conditions for the subsequent model 

simulation runs.  
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3.3.8 Climate forcing data 

3.3.8.1 Precipitation and snowmelt 

Daily precipitation data (2010 – 2021) were collected from weather stations RISMA 4, 5 (present 

inside the catchment), RISMA 7 (at the northern border of Brunkild), and Elm creek and Carman 

stations a few kilometers away from the study area (Table 3). A long period (11 years) of daily 

climatology data used as forcing data helped the model to forecast accurate SM values. However, 

there were multiple challenges (unavailability of the source, missing days, etc.) in collecting long-

period datasets. The daily snowmelt data were collected from the SNOw Data Assimilation System 

(SNODAS). The SNODAS data are model output (Niehaus 2015) and the values are stored as 

raster data files. Each cell represents 1 km2 spatially and 24 hours temporally. Each grid cell 

represents the daily average value.  The daily snowmelt was extracted from the data files for 

October to May during the predominant snowmelt period (Table 3).  

3.3.8.2 Potential Evapotranspiration (PET) 

PET was computed based on the Hargreaves method (Hargreaves and Samani 1985; Sentelhas et 

al. 2010). It uses only the maximum and minimum temperatures and is expressed by: 

𝑃𝐸𝑇 =  𝐶0 𝑅𝑎′ (𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛)0.5 (𝑇 + 17.8)                                                                               (10) 

where, Ra’ is extraterrestrial solar radiation, in [L T-1], C0 is the conversion parameter (= 0.0023) 

for near prairie regions in Canada, T is the daily mean air temperature [°C] at 2 m, based on the 

average of the maximum and minimum temperatures, and Tmax, Tmin are the daily minimum and 

maximum temperatures, respectively [°C]. 
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The Hargreaves method used a minimal number of input climatology variables to calculate PET 

for the 2010 – 2021 period (Table 3). NASA through its earth science program has developed a 

beneficial tool named POWER (Prediction Of Worldwide Energy Resources). The POWER 

platform provides worldwide single point data of both solar and meteorological parameters (Sparks 

2018). Hence, the daily Ra, Tmax, Tmin over the Brunkild catchment were collected for the 2010 – 

2021 time period using NASA’s POWER tool.  

Table 3: Observational data used to configure model meteorological inputs. 

Data  Data 

availability 

period 

Temporal data 

consideration 

Source of data sets 

Precipitation (mm/d) 2010 – 2021 Daily RISMA stations 4, 5 and 

7, Elm Creek, and Carmen 

PET (mm/d) 2010 – 2021 Daily RISMA stations 4, 5 and 

7, Elm Creek, and Carmen 

Snowmelt (mm/d) 2011 – 2021 Daily SNODAS1 

Liquid water influx (mm/d) 2010 – 2021 Daily - 

LAI (-) 2010 – 2021 8-day average MODIS 

1 The 2010 SNODAS data was unavailable for the Brunkild catchment. The National Operational Hydrologic Remote 

Sensing Center (NOHRSC) extended the spatial coordinates covering Brunkild only from 2011. 

3.3.9 One-dimensional HydroGeoSphere Model 

Vereecken et al. (2008) has stated that appropriate model dimensions must be selected that depict 

the field situation as accurately as possible. For the sake of computation simplicity, SM data are 

often analyzed using a one-dimensional model (1D) which assumes the flow occurs only vertically 
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(Vereecken et al. 2008; Vrugt 2001). However, to assess the validity of this assumption a 

comparison with a multidimensional model is required, which was also done in this study. A 

relatively simple 1D model with dimensions of 1 m x 1 m x 10 m was created (Fig. 6). The upper 

soil layers were considered to be similar to the soil series of the observational fields (SCY and 

KOT). The rest of the subsurface stratigraphy was a similar representation of the three-dimensional 

(3D) watershed model (Fig. 5b). The land cover was considered as cropland hence the transpiration 

fitting parameters, LAI, root depth, field capacity, wilting point, oxic, and anoxic limit values for 

the corresponding crop land were utilized in the model.  The observation points were placed at 5 

cm, 20 cm, 50 cm, and 100 cm depths. The boundary conditions, initial conditions, forcing 

climatology data were similar to that of the 3D model. The computational time required by the 1D 

model to run a daily simulation for a period of 12 years (2010 – 2021) was 5 to 10 minutes using 

four cores of an Intel® CoreTM i7-8700 processor. This relatively rapid simulation run time 

facilitated numerous model simulations to analyze the sensitivity of the soil hydraulic parameters 

and their influence on SM variability of different soil types at deeper depths.  
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Fig. 6: The 1D model of 1 m x 1 m x 10 m dimensions with surface and subsurface similar to the 3D HGS model. 

3.3.10 Automated 1D model calibration using Parameter ESTmation (PEST) 

Similar to Martínez García et al. (2014), sensitivity analysis was performed by changing the soil 

hydraulic parameters and assessing the impact on SM. Changing the parameters had a large impact 

on SM variability in the top 1 m of the soil. Hence to calibrate the model using the sensitized 

parameters, Parameter ESTimation (PEST) (Doherty 2010) was integrated with HGS. PEST 

automates calibration with the model’s input and output files and its template files contain the 
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parameters to change and the results to use for calibration. It also contains a control file which was 

input with parameter groups from the SCY and KOT soil series at 4 depths individually.  The 

parameter data defined were K, θs, θr, α, and n. The more observation data available, the more 

efficiently that PEST can do the calibration. Hence, 1527 SCY measured SM values from RISMA 

5 and 1115 KOT measured SM values from RISMA 4 were input as observation data in PEST. 

The 1D model was subjected to initial manual calibration (optimal values of soil hydraulic 

parameters) to reduce redundant computational steps. The PEST software calibrated the model by 

running numerous simulations (the exact number of simulation runs was obtained from the output 

files). The resultant values of the PEST calibrated parameters were later used to calibrate the 3D 

model. 

3.3.11 Forecasting 

Calibration of the model was done using the 2010 – 2020 time period with a spin-up time of 3 

years (2010 – 2013). After successful calibration of both the 1D and 3D models, the 2021 growing 

season daily climatology forcing data (Precipitation + snowmelt and PET) was calculated from the 

RISMA weather stations for forecasting. The calculated values were appended along with the 

previously calibrated climate forcing data for the model to simulate a seasonal forecast of daily 

SM for a specified output time (2021 growing period). The goal was to determine if the model was 

capable to forecast daily SM with manual addition of input climate forcing data, throughout the 

catchment in different soil series. Technically, the process of forecasting involves a complete 

automated prediction of SM values by the model after successful calibration, for a specified future 

time. However that concept was only partially achieved in this study as the automated process of 

HGS to obtain the climatological data to calculate SM was fed manually into the model. The model 

was run to simulate SM for the 2021 growing period and the measured SM values of the 2021 
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growing season from the RISMA and Sentek stations were compared with the forecasted SM 

results for both models. 

3.3.12 Model performance evaluation 

The model performance was evaluated with root mean square error (RMSE), Pearson’s correlation 

coefficient (R), and per cent bias (PBIAS) for simulated vs. observed daily SM values. Generally, 

in largescale watershed studies, the model output is compared with the measured data with an 

assumption that all error variance is contained within simulated values and the observed values are 

error-free. However, Willmott (1981) and the ASCE Task Committee (1993) have shown that 

measured values are not error-free (e.g. RISMA 5 – the year 2015 measured data has an anomaly). 

The Pearson’s correlation coefficient (R), used to define the correlation between simulated and the 

observed data, is one of the widely used statistical techniques for model evaluation (Moriasi et al. 

2006). Although Santhi et al. (2001) and Van Liew et al. (2003) have provided an acceptable range 

(values greater than 0.5 are considered acceptable), this statistic is oversensitive to extreme values 

and insensitive to additive and proportional differences between modelled and measured data 

(Legates and McCabe 1999). PBIAS was selected because it has the ability to indicate poor model 

performance involving the calibration of large datasets (Gupta et al. 1999). As recommended by 

Boyle et al. (2000) and Gupta et al. (1999), the bias measures the average tendency of the simulated 

values to be consistently larger or smaller than the measured data, and optimizing RMSE during 

model calibration may reduce error variance.  

3.3.13 Simulations 

The 1D and 3D models were calibrated for the 2010 – 2020 period and the calibrated models were 

used to forecast 2021 SM simulation results. It is important to note that the simulated SM values 
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were available for 2010 – 2021, however, the daily measured SM used to compare the simulated 

results were available from only mid-June 2013 through August 2021.  The RISMA weather 

stations which provide SM at different depths were installed in 2012 (Ojo et al. 2015) and became 

operational from June 2013. Hence the statistical analysis between simulated vs. observed was 

performed only from 2013 – 2020 for calibration and 2021 for forecasting (Table 4). The daily 

measured SM data for the winter months (November – April) were removed (Table 4) because the 

dielectric sensors do not provide accurate SM values during winter in frozen soil (Davis and Annan 

1977). The forecasted SM was compared with the daily measured SM values from Sentek and 

RISMA sensors for the 2021 growing period (Table 4) to test SM variability across all soil types 

and depths by the HGS model. The aforementioned statistical analysis was performed by 

calculating the volumetric weighted average of the top 100 cm of the soil horizon using the 

following method: 

θV100 = θ5 x 12.5% + θ20 x 22.5% + θ50 x 40% + θ100 x 25% 

where θV100 is the volumetric weighted average of top 100 cm soil, θ5 the soil moisture at 5 cm 

depth, θ20 the soil moisture at 20 cm depth, θ50 the soil moisture at 50 cm depth, and θ100 the soil 

moisture at 100 cm depth. The percentage accounts for representative depth of each sensor. 

In addition to the top 100 cm, the surface soil moisture of the top 10 cm of the soil profile was also 

calculated for comparison to the SM values of the 5 cm sensor. The HGS model values for each 

day were compared to the measured daily SM data, which were also averages of an entire day.  

 

 

 

 



 

41 
 

Table 4: The comparative assumptions made for the models. 

Model type Location Soil type  Calibration period1 Forecasting period 

(2021) 

3D 

 

RISMA 4 KOT 2013 – 20202 April - August 

RISMA 5 SCY 2013 – 2020 April - August 

Sentek Sand WWC - June - August 

Sentek Clay SCY - June - August 

1D 

 

RISMA 4 KOT 2013 – 2020 April - August 

RISMA 5 SCY 2013 – 2020 April - August 

1The observed data of the months from November to April were neglected since the instruments cannot distinguish 

between liquid and frozen soil water content 

2Measured soil moisture during April is unavailable for a minimum of the first 2 – 3 weeks since the soil is frozen and 

there was literally “no data” in the weather stations. Hence the April month was neglected for measured data except 

2017, 2020, and 2021 where data was available. 

3.3.14 2010 – 2021 Climatology 

Annual totals of liquid water (rainfall plus snowmelt) and PET in the Brunkild sub-catchment are 

shown in Table 5.  The highest precipitation plus snowmelt occurred in 2010 and the highest PET 

was in 2012.  PET exceeded rainfall plus snowmelt in all years except 2013.  From 2010 through 

2014, rainfall plus snowmelt exceeded 500 mm but from 2015 through 2021, it was less than 500 
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mm (note, that the 2021 amounts are only up to August 31).  The annual water deficits (rainfall 

plus snowmelt minus PET) were particularly high negative amounts in 2017, 2018, 2020 and 2021.  

Drought-limited crop yields were reported in this area in 2018, 2020 and 2021, which is consistent 

with the large water deficits that were observed.  The combination of both below-average rainfall 

and snowfall also resulted in no spring flooding from 2018 through 2021. The year 2020 had the 

smallest annual liquid water input of any other year in the previous decade. PET was relatively 

consistent for the 2010 – 2021 period with an average of 826 mm.  

Table 5: Annual liquid water input (snowmelt + rainfall) and potential evapotranspiration (PET) used to force the 

model, for the Brunkild sub-catchment. 

Year Precipitation + 

snowmelt (mm) 

PET (mm) 

2010 802.4 808.0 

2011 530 814.3 

2012 504.5 872.7 

2013 801.4 786.4 

2014 528.7 764.6 

2015 472.3 860.3 

2016 490.6 808.6 

2017 335.4 838.5 

2018 308.7 866.3 

2019 496.1 822.5 

2020 260.1 849.3 

2021* 300.8 773.0 

* Data calculated till 31st August 2021 
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3.4 Results 

3.4.1 PEST calibration results 

The maximum change in values after calibration using PEST was observed in the α and n 

parameters which influenced the shape of the soil moisture retention curve. The calibrated α values 

of the clay (SCY) series increased by a minimum of 1.1 (1/m) to a maximum of 1.4 (1/m) at all 

depths more than the values calculated using Rosetta (Table 6). The calibrated PEST values of n 

for the sand (KOT) series decreased at all depths but there was no specific pattern observed in clay 

series. The change in values for θr, θs, and K were relatively small compared to those obtained 

directly from Rosetta. 

3.4.2 Calibration results for clay 

The measured soil moisture (θobs) fluctuated between 24 – 34 % at 5 cm depth consistently and 

reached 40 – 42 % only on a couple of occasions during the 2014 – 2016 growing season (May-

August). The 1D model simulated values between 14 – 36 % for the same depth and season (Fig. 

B.2) and the 3D model showed higher variability in simulated soil moisture (θsim) patterns with 

values ranging closer to θobs during the 2014 – 2016 growing season (Fig. 7). The growing season 

of 2017 – 2020, experienced relatively low SM levels when compared to 2014 – 2016 with values 

between 12 – 32 %.  The 3D model simulated similar values to θobs at 5 cm during the 2017 – 2020 

growing season while the 1D model underestimated the 5 cm θobs.  

The fall periods in 2013 through 2016 all recorded a maximum θobs of more than 30 % at 5 cm 

depth (Fig. 7). However, maximum θobs during August in the 2017 – 2020 period was less than 30 

% because of below-normal precipitation and high PET. Late fall precipitation during 2017 - 2019 

was high, which increased the fall SM levels in those years (Fig. 7) and was captured more 
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accurately in the 3D model. The θobs level were the lowest overall for any year in 2020 at 5 cm 

depth. 

Table 6: Values of soil hydraulic parameters from Rosetta before calibration of the 1D model and after PEST 

calibration  

Soil 

type 

Depth 

(cm) 

θr (m3 / m3) θs (m3 / m3) K (m/s) * α (1 / m) n (-) 

  Rosetta PEST Rosetta PEST Rosetta PEST Rosetta PEST Rosetta PEST 

KOT 5  0.051 0.050 0.315 0.29 4.7E-5 1.2E-6 3.07 2.9 2.45 2.25 

20  0.050 0.040 0.35 0.33 3.5E-5 6.0E-5 2.96 2.9 2.21 1.56 

50  0.050 0.050 0.35 0.35 3.8E-5 1.3E-5 2.99 2.9 2.26 1.56 

100  0.056 0.050 0.392 0.40 1.6E-5 1.7E-5 2.61 2.89 1.82 1.5 

SCY 5  0.092 0.08 0.402 0.42 1.16E-6 2.19E-6 0.78 1.7 1.39 1.4 

20  0.089 0.1 0.432 0.42 1.89E-6 2.19E-6 0.36 1.75 1.51 1.28 

50  0.103 0.1 0.451 0.42 1.38E-6 2.19E-6 0.41 1.75 1.46 1.7 

100  0.108 0.08 0.462 0.44 1.10E-6 2.19E-6 0.46 1.6 1.44 1.3 

* The van Genuchten parameters were converted to m/s from the standard cm/day provided by Rosetta. 

The surface SM showed a good fit for the 3D model with Pearson’s R and RMSE values of 0.53 

and 0.060 respectively (Fig. B.3a) while the 1D model showed fairly decent Pearson’s R and 

RMSE values of 0.46 and 0.070, respectively (Table 7) with the simulated values 



 

45 
 

underestimating the measured values (Fig. B.3b). 

 

Fig. 7: Time series graph representing calibration (2010 – 2020) results for simulated vs observed soil moisture at a) 

5 cm, b) 20 cm, c) 50 cm, and d) 100 cm depth, for the SCY soil series at RISMA 5 using the 3D model.  

 



 

46 
 

The θobs at 20 cm and 50 cm depths remained consistent at 36 – 40 % and 40 – 43 % respectively 

during the 2013 to 2016 growing season (Fig. 7). The 3D model simulated values similar to θobs at 

20 cm and 50 cm depths in May and June but dropped below 32 % during July and August.  The 

2013 - 2016 fall seasons showed a rise in θsim from 32 – 38 % at 20 cm and 50 cm depths (Fig. 7). 

The 20 cm depth had the best match between θsim and θobs. Both the θsim (3D) and θobs at 20 cm 

depth ranged from 25 – 39 %. The θsim values underestimated θobs, especially during the 2017 – 

2020 period at 50 cm depth (Fig. 7). The θsim for the 1D model had a good fit for 20 cm and 50 cm 

throughout all seasons. The 50 cm depth for the 2017 – 2020 period had a better fit for the 1D 

model as both θsim and θobs showed similar results (Fig. B.2).  

The 100 cm depth exhibited high θobs with limited variation throughout the decade. A 41 – 44 % 

of θobs and θsim was observed during the growing season and fall months of 2013 – 2016, when the 

seasonal decrease of SM during July and August was very minimal at 1 % or 2 %. However, during 

the 2017 – 2020 period, the θobs dropped and varied between 32 – 42 % while the θsim remained 

consistently higher (38 – 44 %). The 1D model overestimated the measured moisture content and 

displayed a poor correlation to θobs at 100 cm depth (Fig. B.2). 

The statistical analysis of the top 100 cm (θV100) of the model exhibited a very good fit for the clay 

soil series with an R-value of 0.68 and RMSE of 0.040 for the 3D model and a good fit for the 1D 

model with an R-value of 0.53 and RMSE of 0.033 (Table 7). The positive PBIAS of 5.16 and 

13.75 for the 1D and 3D models, respectively indicates that the model was underestimating the 

θobs.  
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Table 7: Statistical analysis results for 1D and 3D model.  

  

θV100 Surface soil moisture  

  Clay (SCY) Sand (KOT) Clay (SCY) Sand (KOT) 

Evalua

tion 

metho

d 

Dim

ensi

on 

Calibration 

(2010 – 

2020) 

Forecastin

g (2021) 

Calibration 

(2010 – 

2020) 

Forecastin

g (2021) 

Calibration 

(2010 – 

2020) 

Forecastin

g (2021) 

Calibration 

(2010 – 

2020) 

Forecastin

g (2021) 

R 1D 0.53 0.5 0.41 0.31 0.46 0.52 0.64 0.57 

3D 0.68 0.48 0.49 0.34 0.53 0.50 0.51 0.56 

RMSE 1D 0.033 0.030 0.043 0.036 0.070 0.030 0.031 0.021 

3D 0.040 0.024 0.04 0.035 0.060 0.070 0.049 0.030 

PBIAS 1D 5.16 -6.20 4.07 -13.00 15.83 -7.03 0.02 -16.07 

3D 13.75 -2.70 1.95 -14.94 28.46 -29.87 24.08 17.47 

 

3.4.3 Calibration results for sand 

The sandy (KOT) soil series showed higher variability in SM patterns than SCY.  The θsim and θobs 

at 5 cm depth varied between 3 – 28 % through the 2013 – 2015 growing season. The θobs 

experienced a temporary periodic rise between 20 – 22% during mid-June due to precipitation in 

2014 and 2015 (Fig. 8).  The 1D and 3D model θsim overestimated θobs and rose to 24 – 28 % in 

2015.  A steady decline from a maximum of 18 % to less than 10 % θobs was observed during 

September to November at 5 cm depth for both modelled and measured data. The growing seasons 
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of 2017 – 2020 displayed both θsim and θobs values between 2 – 15 % which increased to a 

maximum of 24 % during the fall season. Precipitation during the last week of August in 2016, 

2018, and 2019 increased both θsim and θobs levels for the subsequent year’s spring season. 

However, the 1D and 3D models overestimated the measured values at the surface during the 

growing season. The statistical analysis of surface SM showed a good fit between θsim and θobs 

with an R-value of 0.64 for the 1D model and 0.51 for the 3D model (Table 7). The 1D model 

performed relatively better than the 3D model only for surface SM with Pearson’s R-value of 0.64, 

RMSE of 0.031, and PBAIS producing an optimal value of 0.02 (Figs. B.4, B.5a, and B.5b) 

The growing season of 2013 – 2015 saw sharp declines in θobs at 20 cm and 50 cm depths while 

θsim by both the models remained consistent with less variation in their patterns (Figs. 8 and B.4). 

The θsim during the growing season of 2013 – 2015 measured between 14 – 22 % at 20 cm and 18 

– 33 % at 50 cm for both models. The θobs during the 2017 – 2020 growing season decreased from 

approximately 38 % to below 20 % during July at 50 cm depth. However, the θsim declined from 

28 % to 9 % at 20 cm and a maximum of 24 % to 16 % at 50 cm depth.  

The θobs was 38 – 40 % during the growing season of 2013 – 2015 at 100 cm depth. The seasonal 

decline during July and August months dropped θobs to 31 %. During the 2017 – 2020 period, the 

θobs was lower and varied between 22 – 40 % while the 1D and 3D θsim values were 32 – 42 % 

consistently throughout the decade. The 100 cm depth showed a poor correlation between θsim and 

θobs. 

The statistical analysis of the top 100 cm (θV100) of the model showed a reasonably good fit from 

the 3D model with an R-value of 0.49 and RMSE of 0.04 (Table 7) while the 1D model 

underestimated the measured values and showed lower correlation with an R-value of 0.41 and 

RMSE of 0.043. 
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Fig. 8: Time series graph representing calibration (2010 – 2020) results for simulated vs observed soil moisture at a) 

5 cm, b) 20 cm, c) 50 cm, and d) 100 cm depth, for KOT soil series at RISMA 4 using the 3D model. 
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3.4.4 Forecasting results for sand and clay at RISMA and Sentek observational fields 

Both 1D and 3D calibrated models were used to forecast SM for the 2021 growing season. Because 

of the early growing season dryness, the θobs for the clay soil (SCY) at 20 cm, 50 cm, and 100 cm 

was low at the beginning and increased as the growing season progressed. Both models 

overestimated the θobs at 5 cm and 20 cm depths and underestimated the θobs at 50 cm and 100 cm 

depths (Figs. B.6 and B.7). For 2021 overall, both the models produced fairly good forecasting 

statistical results with an average R-value of 0.5 (Table 7) for both surface and the θV100. The θV100 

comparison yielded good results with RMSE values of 0.030 and 0.024 and PBIAS values of -6.2 

and -2.7 for 1D and 3D models, respectively (Table 7). 

Contrary to SCY, the KOT soil series at RISMA 4 produced weak forecasting results for the overall 

top 100 cm depth. As expected, the surface θobs were low during the 2021 growing season with 

values down to 1 – 2 % during July and August. The surface θsim showed good results in both 

models with Pearson’s R of 0.57 and 0.56 and RMSE values of 0.021 and 0.030 in the 1D and 3D 

models, respectively (Figs. B.6 and B.7). The forecasting results for the KOT series θsim at 50 cm 

and 100 cm depth overestimated θobs. The θobs values fluctuated between 10 – 20 % at 50 cm and 

consistently less than 30 % at 100 cm depth throughout the growing season.  

The Sentek sensors had the least number of data points for comparison with the forecasted data as 

they were installed in the fields for less than three months (71 days). The θobs at Sentek clay 

displayed a range similar to RISMA 5 since both the fields have the same SCY soil series. 

However, the θobs for Sentek clay at 50 cm and 100 cm depths increased above 50 % during the 

growing season while the θsim reached a maximum of only 40 – 42 %. The Sentek clay field θsim 

showed a good correlation with θobs for the surface with an R-value of 0.71 and the overall top 100 

cm soil profile volumetric average measurement with an R-value of 0.70 (Table 8). Sentek sand 
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was in the sandy WWC soil series and showed low θobs during June – August (Fig. B.8). The θobs 

and θsim at 5 cm ranged between 2 – 4 % during June – August, while the 20 and 50 cm depth range 

was less than 20 %, indicating drought conditions. The θsim at overall depth underestimated the 

θobs by a big margin. The forecast results for Sentek sand at the surface produced the best match 

CAwith optimal values of R, RMSE, and PBIAS (0.81, 0.011, and -5.01). On the other hand, the 

overall volumetric average for the top 100 cm for Sentek sand was a weak match with the θobs and 

underestimated the θobs values (Table 8). 

Table 8: Statistical analysis of forecasted results compared with measured soil moisture value at Sentek stations. 

 θV100 Surface soil moisture 

 Clay (SCY) Sand (WWC) Clay (SCY) Sand (WWC) 

R 0.70 0.31 0.71 0.81 

RMSE 0.02 0.085 0.052 0.011 

PBIAS -1.69 40.41 -20.82 -5.01 

 

3.4.5 Comparison of results 

The statistical results of surface SM measurements (Table 7) showed the ability of the model to 

replicate SM at single point locations. The sand (KOT) series in the 1D model showed an excellent 

match between simulated and observed values at the surface (Table 7) while sand 3D and clay 1D 

and 3D results produced a good correlation for the surface during calibration and forecasting 

(Tables 7 and 8). However, for the lower soil depths, clay 20 cm showed the best match during 

calibration and forecasting (Figs. 7 and B.6) for the 3D model while 20 cm and 50 cm depth of 1D 

model showed the best match (Figs. B.4 and B.7).  
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The greatest difference between θobs and θsim was observed at 50 cm depth for both SCY and KOT 

soil series. The growing season SM increased or stayed consistent during May and June while July 

and August saw the largest decrease in θobs at all depths (Figs. 7 and 8).  However, the 50 cm θobs 

at RISMA 5 were consistently high during the 2013 – 2016 growing season while the θsim showed 

a pattern of declining SM during the 2013 – 2016 growing season (Fig. 7). The 50 cm θobs at 

RISMA 4 had one anomaly during 2015 (Fig. 8). Although there is no official record from 

Manitoba agriculture for any reported issues, the seasonal pattern was different from the rest. June 

16th – 18th (2015) recorded 4.4 mm precipitation, the 5 cm, 20 cm, and 100 cm had its SM increased 

by 3 – 6 % however the 50 cm depth recorded an increase from 17 % to 39 % in one day. The θobs 

of 2015 could not be neglected from the calculation as KOT with 1115 data points had 

approximately 400 data points less than SCY with 1527 for comparing θsim and θobs. The main 

reason was that the 2016 year had its entire growing season (Mid-April to Mid-September) record 

missing from the database.  Although both the models simulated the seasonal SM patterns, the 20 

cm and 50 cm forecasts for the KOT series underestimated the measured values during calibration 

and forecasting. However, the 3D model was able to reproduce the decrease in SM patterns in 

KOT, especially during the 2017 – 2021 period. Because similar seasonal trends in SM were being 

reproduced by the 3D model, it showed a reasonably good fit with an R value of 0.49 while the 

1D model showed a poor fit for the θV100 of the soil profile. 
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3.5. Discussion 

The physically-based 3D model employed in this study was able to replicate the extremes in 

hydrologic behavior of the Brunkild sub-catchment over the 2010 – 2020 time interval and it also 

forecasted daily SM values reasonably well for the 2021 growing season. It included years that 

had spring flooding (2013 - 14, and 2017), extreme drought years of 2020, and 2021 and years that 

had abundant late fall precipitation (2019). Despite the structural complexity of the fully-integrated 

model for the Brunkild sub-catchment, the model exhibited creditable performance when 

simulating and forecasting SM at different depths in multiple soil series growing different crops 

during each growing season.  

The Brunkild sub-catchment underwent seasonal transitions between frozen and thawed states 

which were observed to be variable and were modified spatially and temporally under the changing 

climate. The snowmelt usually occurred during the latter half of March and several days 

throughout April from 2011 to 2020 (no data for 2010) excluding 2021 when the snow melted 

during the last week of February and early March. The SM freeze-up during fall can be highly 

variable for different soil types as a certain volume of water remained unfrozen due to capillary 

and adsorptive forces (Pardo Lara et al. 2021). The soil freeze-up starts at the surface layer (5 cm) 

and goes further to 100 cm depth eventually. Due to soil freeze-up, it was noted that the dielectric 

sensors at the weather stations stopped providing data for both sand and clay at the same time. It 

occurred during November for most years in the past decade except 2015 and 2016 when the soil 

froze in mid-December. During early spring, the sandy soil series thawed a couple of weeks before 

the clay on a few occasions. However, there was no consistent pattern of θobs data in both soil 

series to check the exact thawing period. Using proper forcing data and initial conditions, the HGS 

model was able to simulate SM during the spring season by considering the fall moisture data from 
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the previous years. The peaks in simulated SM in the 3D model (Figs. 7, and 8) during wet April 

months were the result of high-water content due to high snow accumulation during the winter.  

The year 2010 had high SM because of abundant rain during all seasons (early spring, growing 

season, and fall), which resulted in excess SM (Crop report 2010) and decreased crop yields. This 

situation was replicated by the 3D model for both sand and clay soil series at all the depths while 

the 1D model underestimated the θobs values at deeper depths in 2010. Due to the unavailability of 

θobs data for this period, a quantitative assessment could not be made. But it can safely be assumed 

that the 3D model with successful calibration reproduced the pattern better because it showed high 

water availability throughout the season which matched the pattern of the forcing data. A pattern 

of spring flooding because of heavy snow accumulation, followed by a cold dry spring and 

consistently moist growing season, and finally with September frost was noticed during the years 

2011, 2013, and 2014. In contrast to that, a pattern of cold dry spring with no spring flooding, 

below-normal growing season precipitation and late fall precipitation was observed in 2015, 2016, 

2018, and 2019. A drastic change in climate patterns was observed in 2020 and 2021. The 

conditions in 2020 started with high SM because of abundant 2019 fall precipitation however, the 

low snow accumulation, dry growing season and below normal fall precipitation resulted in severe 

drought which was eventually reflected in the 2021 forecasted SM. The 50 cm and 100 cm depths 

consistently produced high θobs because of the shallow groundwater table in the study area during 

the growing period. It can be because the water content in the deep soil layers maintains an upward 

vertical SM gradient. While the soil layers at the top are heavily influenced by evapotranspiration 

(ET) the lower layers are replenished by groundwater.  In addition to the influence of groundwater, 

the hydraulic conductivity of subsurface layers below 1 m impacted SM variability at 100 cm depth 

which was observed during calibration. However, the 1D model did not reproduce the SM pattern 
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at deep layers despite proper calibration and showed a poor correlation. Considering only the 

vertical distribution, the main watershed model was an approximate replica of the surficial geology 

level with coarse discretization, which could be a factor affecting the SM distribution at deeper 

depth in the 1D model. A detailed assessment of the influence of groundwater could not be made 

due unavailability of groundwater data because the monitoring well at Brunkild stopped 

functioning. Groundwater data from neighboring catchments proved to be hydrogeologically 

irrelevant for the Brunkild sub-catchment. 

The 50 and 100 cm depth during 2017 – 2021 indicated the influence of evapotranspiration during 

July and August when the temperature was high and the crops reached full canopy cover. The low 

soil water content at 5 cm and 20 cm indicated a water deficit at the surface, thus the crops were 

utilizing the water from deeper depths. Soil properties, and more specifically soil hydraulic 

properties, often have the largest influence on SM variability (Martínez García et al. 2014), which 

was supported by the results in this study during the sensitivity analysis. Changes in the α, n, and 

K values had the largest influence on the soil moisture retention curve. The residual water content 

(θr) and the saturated water content (θs) controlled the maximum and minimum range of SM values 

at a particular depth. The RISMA 5 θobs values were equal to θsim proving the influence of θs values 

which were computed by PEST during calibration. The parameters α and n controlled the steepness 

of the soil moisture retention curve in the model while the K showed the least influence among the 

van Genuchten parameters. Decreasing the pore size distribution value at a specific depth increased 

the overall SM at that depth but no specific pattern was observed while changing the inverse of air 

entry suction. However, it was observed during sensitivity analysis that the α and n parameters 

influence the θsim by a large margin. 
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The shallow geology of the Brunkild sub-catchment had an important interflow component with 

subsurface water (moisture at 20 – 100 cm) draining from the sandy soils on the west towards the 

east along the texture divide which in turn produced high SM content at the surface in clayey soils 

present at the sand-clay interface. The sharp contrast in soil texture from west to east as well as 

the fact that the sandy soils are underlain by heavy clay along the texture boundary provides 

conditions that are conducive to interflow. The high SM content at the surface at the RISMA 5 

observational field was mainly controlled by lateral and vertical flow processes and the spatial 

distribution of soil porosity. According to Kim and Mohanty (2016), the anisotropy in hydraulic 

conductivity influences the lateral subsurface flow process. At Brunkild, the effects of anisotropy 

on SM were not noticed when SM was low but it had an effect under wet SM conditions. This 

happened because the SM is greater than the field capacity. This enhances the lateral flux of water 

and leads to high water content. This concept can only be captured by the HGS 3D model which 

models flow in 3 dimensions while the 1D model only models vertical flow and cannot take lateral 

flow into account. Vereecken et al. (2008) explained that cases involving analysis of soil profile 

SM in humid and semi-arid landscapes where lateral flow is an important contribution for runoff, 

the use of a 1D model might not provide accurate model results. Hence, despite the decent 1D 

model results at the surface level for both soil series, inappropriate selection of model dimension 

might corrupt the soil hydraulic parameter estimates and might affect the model predictions.  

The overall underestimation of the measured values by the calibrated model can be due to several 

limitations. This includes the degree of error in the forcing data that were collected from multiple 

weather stations. The daily climate forcing data used the average of precipitation data from 

neighboring weather stations (Table 3), which also assisted to fill missing data (Kusiak et al. 2017). 

The model forcing data for the entire Brunkild sub-catchment may not be representative of water 
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input to a specific field. For example, RISMA 4 received 24 mm precipitation on 26th June 2014 

while RISMA 5 received only 14 mm of precipitation on the same day. The resultant mean 

precipitation of 19 mm was used as forcing data for the model for that specific day. The RISMA 

5 Hydra probe sensors measured the rise in SM in response to the precipitation received at RISMA 

5 specifically while RISMA 4 measured SM response to the precipitation it received. However, 

the model was forced with 19 mm precipitation on 26th June 2014 at both RISMA 4 & 5. The 

results will show that there was precipitation and an increase in SM across all the depths, however, 

the values will be over or underestimated according to the precipitation and PET at each specific 

field. A similar principle can be applied to PET forcing data as well.  This is one of the prime 

reasons for the difference in θobs and θsim at individual observation points. In addition, the 

SNODAS and MODIS model outputs that were used as forcing data are always accompanied with 

an error percentage within them, hence these forcing data are not precise. During the drought years 

(2019, 2020 and 2021) it was reported that farmers sowed their seeds at the subsurface (10 – 15 

cm below the soil instead of 5 cm) as the topsoil was extremely dry. Low snow resulted in low 

snowmelt and low surface SM for the seeds to germinate. The low SM levels are reproduced and 

forecasted in the model but the change in seeding depth alters the measure of evapotranspiration 

depth from the cropland landcover that was a constant for the model and was not considered to be 

time-varying. The seeds sowed at the subsurface utilize the subsurface moisture to germinate 

instead of the early spring precipitation which might affect the model results. However, during 

sensitivity analysis, it was observed that change in evaporation depth had little influence on the 

change in SM over a large scale. An advantage of the structurally complex large-scale agriculture 

watershed model is that it incorporates a physics-based evaluation of the natural system, making 

many of its parameters physically constrained (Frey et al. 2021). However, the computational time 
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to run a simulation can be long relative to a simpler model. The 3D Brunkild HGS model in this 

study required approximately 5 days for completion of continuous daily temporal resolution 

simulations of the 2010 – 2021 time interval when using four cores of an Intel® CoreTM i7-8700 

processor. 

Mazrooei et al. (2020) described forecasting SM at surface level using satellite sensors and stated 

that the ability to forecast SM has not been carried out over larger domains.  However, this study 

has shown credible results with forecasting daily SM levels over deeper depths using the HGS 

model over a mesoscale catchment. Forecasting accurate SM can support planning and 

management of water resources and can significantly assist decision-making for agricultural 

management. In this research, manual addition of climate forcing data into the HGS model can be 

considered the first step in determining the model forecasting capabilities. Integrating HGS with 

modelled predictions of forcing climatological data (precipitation, snowmelt and PET) data such 

as the Meteorological Service of Canada (MSC) Global Ensemble Prediction System (GEPS) 

(https://weather.gc.ca/grib/grib2_ens_geps_e.html) would assist in the real-time production and 

automation of the SM forecast process. If HGS was capable of accessing the forecasted climate 

forcing data, it could simulate SM over the forecast period. Forecasting SM at deeper depths assists 

farmers with optimizing irrigation application both increasing crop yield and minimizing 

redundant irrigation costs. Forecasting viability, which was an important objective of this research, 

produced good results for clayey soils at all depths while the sand soil produced the best results at 

the surface. The statistical analysis of clay soil at both RISMA and Sentek observational fields 

showed better forecasting results. Hence HGS is capable of being developed as a forecasting tool 

for deeper depths in catchments dominated by clay soils. Agriculture and Agri-Food Canada 

(2021) declared 2021 as an agriculture disaster due to low yields and extremely low SM content 

https://weather.gc.ca/grib/grib2_ens_geps_e.html
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and 2010 experienced abundant precipitation and high SM which also resulted in low yields. The 

Brunkild HGS model evaluation experienced both extremes in little more than one decade.  Despite 

the challenges, the model was able to reproduce credible statistical results across the sub-

catchment. According to Refsgaard (1997), the model created for a specific area can be considered 

good if it is capable of creating sufficiently accurate simulations for its intended purpose. However, 

the definition of “sufficiently accurate” can vary based on project goals. 

3.6 Conclusion 

This study constructed physically-based groundwater-surface water 1D and 3D HGS models for 

an agriculturally dominated watershed to test the modeled accuracy of SM through the root zone 

of soil in a cold climate. The calibrated models were able to display good results for clay soils and 

reasonable results for sandy soils. The calibrated models provided answers to several scientific 

questions related to catchment level spatial and temporal heterogeneity of SM, extent of the 

influence of soil hydraulic parameters in soil water retention curves, and lateral movement of water 

and its effect on SM in different soil types. It was concluded that the 3D model slightly 

underestimated the measured SM values due to a few limitations previously discussed. As a result 

of successful calibration, the model was able to forecast reasonably accurate SM for the 2021 

growing season in comparison to measured SM at four observation points with contrasting soils 

within the Brunkild sub-catchment. It was observed that both calibrated and forecasted SM in clay 

displayed good correlation at all depths while the sand series showed good correlation at the 

surface and weaker correlation at the deeper depths. 

Further study on model development and soil hydraulic parameters to simulate SM in places 

dominated by sandy soil can be a scope for future work as well as developing a complete tool to 

automate SM forecasting using HGS. A comparison of SM variability at the catchment scale using 
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two contrasting spatial resolutions (1: 1 million and 1: 20,000) of soil survey data is currently 

under consideration. 

Chapter 4 – Conclusion 

The study provided a comprehensive analysis of the SM variations in the hydrologically 

challenging conditions of the Red River Valley. The simulated SM results showed higher spatial 

and temporal variability for coarse-textured soil series than that of fine-textured soil. Larger 

variability in SM was observed at the shallow depth than the deeper depth in both soil series. It 

was also concluded that soil hydraulic parameters had the largest impact in influencing the soil 

moisture variation. The creation of the 1D model proved to be useful for sensitivity analysis 

however it was not able to capture the lateral flow process that was captured by the 3D model. The 

study proved that with proper input variables and high computational power of the work machine, 

the model will be able to forecast SM with good results for an area dominated by clay soils at 

deeper depths while sand soil series despite a weak correlation will be able to follow the 

spatiotemporal pattern of the measured soil moisture from weather stations. Techniques to measure 

SM like remote sensing, and statistical models produce good surface SM measurements.  It is the 

same in the case of HGS, however, good SM prediction at deeper layers gives physically-based 

models like HGS an advantage.  

Chapter 5 – Future work 

• A comparison of SM variability at the catchment scale using two contrasting spatial 

resolutions (1: 1 million and 1: 20,000) of soil survey data is currently under consideration. 
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• Because of relatively good results for a mesoscale catchment, a model comprising a study 

area covering the entire Red River Valley could be built to analyze the soil moisture 

variation.  

• The simulated groundwater measurements and stream flow could be calculated and 

analyzed with measured values to strengthen the model performance.  

• New techniques to improve the time-stepping process could be considered in future to 

decrease the computation time of individual simulation runs. 

• Comparative analysis between other SM prediction techniques like data assimilation 

algorithms and data-driven methods could be compared with the HGS modelled forecasted 

results to determine the advantages and disadvantages of using a specific technique. 

• Further study on model development and soil hydraulic parameters to simulate SM in 

places dominated by soil other than clay (sandy, silt etc.) can be a scope for future work. 

• Building a complete SM forecasting tool by integrating HGS with external weather 

predictions can be a scope for future work. 
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Appendix 

Appendix A 

Table A.1: Crops grown from 2010 – 2021 in RISMA 4 and RISMA 5 station 

Year RISMA 4 station (sand) RISMA 5 station (clay) 

2010 Canola Corn 

2011 Oats Canola 

2012 Corn Wheat 

2013 Soybeans Corn 

2014 Oats Soybeans 

2015 Corn Oats 

2016 Winter wheat Soybeans 

2017 Soybeans Oats 

2018 Oats Soybeans 

2019 Corn Oats 

2020 Canola Soybeans 

2021 Corn Wheat 

 

Table A.2: Percentage sand, silt, clay, and bulk density values for soil types at RISMA fields. 

Soil type Depth (cm) Sand1 (%) Silt1 (%) Clay1 (%) Bulk density1 

(kg/m3) 

KOT 5 90.34 2.28 7.37 1.26 

20 88.11 2.05 9.84 1.54 

50 88.54 1.85 9.61 1.61 

100 84.43 6.05 9.52 1.62 

SCY 5 42.16 21.86 35.98 1.46 

20 18.31 19.29 62.4 1.35 
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50 7.56 25.64 66.8 1.3 

100 1.94 27.66 70.4 1.23 

1The percent values of sand, silt, clay, and bulk density were obtained from Walker, (2012) 

 

Appendix B 

 

Fig. B.1: Brunkild sub-catchment along with observational fields with MLI as base map 
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Fig. B.2: Time series graph representing calibration (2010 – 2020) results for simulated vs observed soil moisture at 

a) 5 cm, b) 20 cm, c) 50 cm, and d) 100 cm depth, for SCY soil series in RIMSA 5 using the 1D model. 
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Fig. B.3a: Graphical representation of simulated vs observed surface soil moisture in the SCY soil series using the 

3D model 
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 Fig. B.3b: Graphical representation of simulated vs observed surface soil moisture in the SCY soil series using the 

1D model. 
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Fig. B.4: Time series graph representing calibration (2010 – 2020) results for simulated vs observed soil moisture at 

a) 5 cm, b) 20 cm, c) 50 cm, and d) 100 cm depth, for the KOT soil series at RISMA 4 using the 1D model. 
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Fig. B.5a: Graphical representation of simulated vs observed surface soil moisture in the KOT soil series using the 

3D model. 
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Fig. B.5b: Graphical representation of simulated vs observed surface soil moisture in the KOT soil series using the 

1D model. 
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Fig. B.6: Time series graphs presenting forecast results for the 2021 growing season for simulated vs observed soil 

moisture at a) 5 cm, b) 20 cm, c) 50 cm, d) 100 cm depth, for the SCY and KOT soil series at RISMA 5 and 4, 

respectively using the 3D model 
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Fig. B.7: Time series graphs presenting forecast results for the 2021 growing season for simulated vs observed soil 

moisture at a) 5 cm, b) 20 cm, c) 50 cm, d) 100 cm depth, for the SCY and KOT soil series at RISMA 5 and 4, 

respectively using the 1D model 
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Fig. B.8: Time series graphs presenting forecast results for the 2021 growing season for simulated vs observed soil 

moisture at a) 5 cm, b) 20 cm, c) 50 cm, d) 100 cm depth, for the SCY and WWC soil series at Sentek Clay and Sentek 

Sand, respectively using the 3D model 

 

 

 


