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Soil moisture is a crucial component for understanding the agricultural soil water budget. In situ, 

soil moisture measurements are generally taken using soil moisture probes inserted at discrete 

depths within the profile. The characterization of the total moisture content found within the soil 

water profile for the agricultural water budget is generally determined through linear 

interpolations. This research used a large-scale lysimeter facility to evaluate the accuracy to 

which a linear interpolation can characterize a soil water profile.  Results identified that a linear 

interpolation can describe the profile with normalized root mean square errors of 4.38% and 

4.5% for silt loam and sandy loam soils, respectively, between actual and predicted daily soil 

water storage. Other interpolation methods (e.g., soil weighted average, inverse distance 

weighting, geophysical techniques, and cubic splines) were then employed to determine if the 

estimations of water budget estimates could be improved. A geophysical weighting technique 

showed the most promising improvement for estimation of the soil water profile for the sandy 

loam soils, while a linear interpolation remained the best method for the silt loam soils. Findings 

suggest that soil texture analysis is beneficial in determining the type of interpolation required.  
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Chapter 1.0:  Introduction 

1.1 Background 

Soil moisture is a fundamental driver for many land-atmosphere interactions, impacting multiple 

water cycle components such as precipitation, evapotranspiration, runoff, and storage (Adam et 

al., 2003; Goss et al., 2010; Kanamitsu et al., 2003). Understanding soil moisture is critical in 

determining climatic drivers  (Fennessy et al., 1999; Koster et al., 2004), agricultural practices 

(Power, 2010; Rosenzweig et al., 2014), land and water management conservation (Dobriyal et 

al., 2012; Power, 2010), and climate change scenarios (Beven, 2001; Wan et al., 2007). 

However, due to its spatial and temporal variability, detailed understanding of soil moisture is 

often limited (Dobriyal et al., 2012; Fernández-Gálvez et al., 2006).  

Large-scale soil moisture is retrieved two ways, either in situ using soil moisture probes inserted 

into the soil at discrete depths, or through remote sensing techniques. Large-scale soil moisture 

monitoring networks are implemented globally to study soil water found in the upper portion of 

the earth’s surface (Dorigo et al., 2011; Ochsner et al., 2013; Vereecken et al., 2008). These 

networks also provide opportunities to calibrate and validate satellite soil moisture retrievals 

(Colliander et al., 2017), assess hydrological models and assimilation schemes (Albergel et al., 

2012; Reichle et al., 2017), or other hydro-climatic indicators such as drought indices (Vicente-

Serrano et al., 2012).  Accurate soil moisture estimates are crucial as a detailed understanding 

allows for improved forecast of hydrological-meteorological events, such as droughts and floods, 

and agricultural yields.  Improved forecasting influences all levels of decision making from farm 

seeding and irrigation practices to management level decisions such as in the case of flood 

evacuations.  However, the monitoring of soil moisture patterns through discrete probes as 

observed in traditional soil moisture networks are limited with respect to their spatial extents, 
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and thus characterize only the immediate area surrounding the probes. While remote sensing 

techniques have a more extensive sampling area, only the upper portion of the soil profile can be 

measured leaving the rest of the soil profile to be undescribed (Hollinger et al., 1994; Vereecken 

et al., 2008).   

Although it is possible to place soil moisture probes with a high sampling density within the 

vertical profile, it is time and resources consuming (Fernández-Gálvez et al., 2006). Therefore, 

interpolation techniques need to be implemented to estimate soil moisture vertically between the 

probes. Often a linear interpolation technique is applied to estimate total moisture found within a 

soil column between the sensors. The regions hydrological characteristics, topography, and the 

distance between the vertically placed probes will determine the accuracy of the linear 

interpolation.  

Estimating soil moisture across a landscape is often done through other interpolation techniques 

such as kriging (Chen et al., 2017; Ford et al., 2014), inverse distance weighting (Lu et al., 

2008), and splines (Patamanska et al., 2007; Wesseling et al., 2008). Applying these two-

dimensional interpolation techniques (e.g., kriging) to a soil profile is not always possible as the 

placement of sensors within a soil column is relatively one-dimensional.  However, it is possible 

to apply inverse distance weighting and spline techniques one-dimensionally. With the addition 

of soil properties (such as texture, porosity, and bulk density), soil weighted interpolation 

techniques can be used to estimate total moisture within the column. Geophysical methods to 

determine soil properties are also possible as a means of collecting soil property data over a large 

area (e.g., field scale) (Klotzsche et al., 2018).  
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A traditional method for soil water budget estimation is with soil weighing lysimeters.  Weighing 

lysimeters give the highest amount of detail for individual water components such as 

evapotranspiration, precipitation, and soil water storage (Goss et al., 2010; Peters et al., 2013; 

Wang et al., 2017). Few studies quantify the certainty to which discrete soil moisture 

measurements, as installed throughout the world in in situ soil moisture networks, can 

characterize the total soil water budget. Thus, this research will evaluate the certainty to which 

linearly interpolated soil moisture measurements can describe soil water storage, with further 

interpolation techniques investigated to determine the best method to estimate total soil water 

within a profile. The results presented in this thesis will improve the understanding of how well 

discrete soil moisture probes can accurately describe a soil column, and the amount of 

uncertainty introduced when using interpolated soil moisture measurements. 

1.2 Research Aims and Objectives 

This research aims to use a large scale lysimeter facility to understand the uncertainty of soil 

water budget estimates made using traditional soil moisture probes inserted within a soil profile. 

The thesis is organized around two primary research objectives:  

1. The first objective is to determine the uncertainty between vertically interpolated soil 

moisture probes and actual soil water found within the profile and to establish which 

depths within the profile contribute to the largest uncertainty in total soil water storage 

estimates; 

2. The second objective is to inter-compare several spatial interpolation techniques to 

reduce the uncertainty of soil water balance calculations in profile soil water budget 

estimations. 
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1.3 Thesis Outline 

This thesis is composed of four chapters with two distinct manuscripts addressing the two 

objectives outlined above. The first manuscript, Chapter 2, looks at the errors associated with a 

linear interpolation of soil moisture probes within a large-scale lysimeter facility. The second 

manuscript, Chapter 3, utilizes several interpolations techniques to reduce interpolation error 

when estimating the daily change in water storage. Chapter 4 summarizes the findings from the 

two previous chapters and addresses some limitations as well as potential future research.  
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Chapter 2.0:  Quantifying Soil Water Storage Uncertainty 

Associated with vertically interpolated soil moisture 

measurements  

Abstract 

Vertical profiles of soil moisture, measured with in situ soil moisture probes, are often used for 

soil water storage estimation. Water balance uncertainty, as estimated with these probes is 

difficult to quantify as the actual measurement of water storage is generally not available. This 

research uses a large sample weighing lysimeter facility to interpolate soil moisture 

measurements taken with Trime Pico TDR probes at five depths in the soil profile to understand 

the uncertainty of water budget estimates. Nine of the lysimeters are composed of silt loam soil 

and nine composed of sandy loam soil. From April to November 2017, the estimated daily 

change in water storage as predicted using soil moisture probes was compared to the actual 

change in daily water storage. A secondary analysis was done by removing a probe from each 

discrete depth, and the impact of measurements at various depths was examined to understand 

which measurement depth has the highest influence on the soil water storage. Linear 

interpolations of discrete soil moisture estimates using all five probes resulted in normalized root 

mean square errors of 4.38% and 4.5% for silt loam and sandy loam soils, respectively, 

suggesting that quantification of soil water budgets using linear interpolations is prone to 

uncertainty due to the inaccurate description of the water variability through the soil profile. 

Probes located at the upper profile had the highest variability for the silt loam soils while the 

probes in the lower part of the profile had the highest variability for the sandy loam soils. 

Removing the 30 cm probe from the interpolation produced the highest water budget uncertainty 

for both soil systems.  
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2.1 Introduction 

Accurate soil moisture estimates are necessary for weather prediction, drought monitoring 

(Champagne et al., 2015), hydrologic modelling (Beven, 2001), understanding climate variability 

(Fennessy et al., 1999; Koster et al., 2004; Seneviratne et al., 2010) and crop yield predictions 

(El Sharif et al., 2015; White et al., 2019). Historically, the lack of large-scale soil moisture 

monitoring networks limited potential soil moisture applications. In the past 20 years, there has 

been a large increase in the number of large-scale soil moisture monitoring networks, thereby 

improving scientific understanding between soil moisture and environmental factors (e.g., 

drought, crop yield prediction, and water budget storage). However, the accuracy to which soil 

moisture can be observed must be understood to reduce uncertainty when applied to other 

applications such as modelling (Beven, 2001) 

With the addition of more large-scale networks, shared global soil moisture data and remote 

sensing techniques, the availability and potential applications of soil moisture products has 

greatly improved (Crow et al., 2012; Ochsner et al., 2013). There are many networks in operation 

globally providing soil moisture estimates at spatial extents ranging between 1 m2-100 km2 

(Ochsner et al., 2013). However, as soil moisture varies significantly within small extents both 

spatially and within the profile, the characterization of uncertainty within soil water budgets are 

difficult to quantify with respect to their accuracy (Vereecken et al., 2008).  

Soil moisture probes are typically installed within a network at representative depths throughout 

the soil column (Dorigo et al., 2011). Rarely is it possible to measure soil moisture at continuous 

depths within the soil profile at fine temporal resolutions (Fernández-Gálvez et al., 2006). 

Vertical placement of soil moisture probes tends to go up to 100 cm below the surface. These 
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networks have a higher sampling density near the surface (approximately 5 cm, 10 cm, 20 cm), 

and fewer probes mid to low-profile in the soil (approximately 30 cm, 50 cm, 70-80 cm, 100 cm) 

(Cosh et al., 2016) Typically, for profile soil moisture estimation, a  linear interpolation approach 

is applied to determine water content between sensors and applied to water balance estimates 

(Fernández-Gálvez et al., 2006; McCoy et al., 2006). The accuracy of the interpolation will 

depend on the distance between the probes and the hydrological characteristics of the soil. Thus 

the upscaling problem related to soil moisture estimates being extrapolated to spatial domains 

(Crow et al., 2012), applies to profile estimations where in situ probes are used to characterize 

areas much larger than its measurement support (Western et al., 1999). 

An understanding of the uncertainty produced when a linear interpolation technique is applied is 

difficult to quantify. Fernández-Gálvez et al. (2006) performed a study that compared discrete 

soil moisture probes (at depths 10, 20, 30, 40, 60, and 100 cm) to a continuous profile of soil 

moisture estimates measured every 2 cm, measured every 30 minutes over a 14-day period. 

Relative mean error for the absolute water content between soil moisture measurements taken 

every 4, 6, and 8 cm produced a mean error of 0.01, when measurements were taken every 10 cm 

the relative mean error increased to 0.02, and when comparing the 2 cm measurements to the 

discrete probe configuration the mean error increased to 0.08. Fernández-Gálvez et al. (2006) do 

address that most water budget studies use the change in storage over a specified period to 

estimate soil water content. Their results show that when using the relative mean error for the 

change in storage for an increase in measuring distance from 4 cm to 8 cm increased the relative 

mean error from 0.1 to 0.15, measurements taken every 10 cm produced a mean error of 0.3, and 

the probe configuration produced a mean error of 0.36.  
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To address the implications of unmeasured soil moisture variance within the soil column (related 

to the interpolation among discrete soil moisture probes) on overall water budget estimation, a 

simultaneous and independent measure of the soil water budget is necessary. A traditional 

method for soil water budget estimation is with weighing lysimeters. Weighing lysimeters give 

accurate and precise in situ water budget measurements, such as storage, precipitation, and 

evapotranspiration (Goss et al., 2010; Peters et al., 2013; Wang et al., 2017). Lysimeters provide 

a method for multiple soil types, vegetation cover, and replications under the same weather 

conditions to better understand the physical properties occurring within a soil column (Mölders 

et al., 2003).  The addition of lysimeters provides a unique opportunity for the use of highly 

detailed in situ measurements for water budget evaluation (Hannes et al., 2015; Schrader et al., 

2013). This study used 18 replicates (split evenly between two soil types) of in situ soil moisture 

stations with sensors installed at 5, 10, 30, 60, and 90 cm within large scale weighing lysimeters 

where each lysimeter is 1.5 m deep with 1 m2 surface area. The aim was to understand the impact 

of unmeasured soil moisture variance due to the configuration of in situ soil moisture networks 

on the overall estimation of the water budget. Additionally, we evaluated the variations in soil 

moisture across the two soil types for the study period.   

2.2 Methods 

2.2.1 Study Area 

This study used a large-scale weighing lysimeter facility implemented at the University of 

Guelph’s Elora Research Station, located in Elora, Ontario (43o39N, 80o25W) (Brown et al., 

submitted). At the facility, 18 high precision weighing lysimeters are comprised of a stainless-

steel cylinder and are 1.5 m deep with a 1 m2 surface area. Figure 2.1 shows the three stations 
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that make up the lysimeter facility, with six lysimeters in a hexagonal shape around a service 

well (three service wells in total) (Pütz et al., 2016).  

 

Figure 2.1: Areal image taken above the lysimeter facility located at the Elora Research Station showing the 

three service wells surrounded by six lysimeters each.  

2.2.2 Lysimeter Data 

The lysimeters allow for continuous data collection of evapotranspiration, precipitation, and 

water storage measurements. The collected lysimeter mass data has an accuracy of 100 grams 

(attributable to ~0.1 mm of precipitation) and a resolution of 10 grams (0.01 mm) and collected 

at a one-minute interval (Pütz et al., 2016). There are nine silt loam soil lysimeters (29% sand, 

19% clay) extracted from a site at the Elora Research Station, and nine sandy loam soil 

lysimeters (90% sand, 5% clay) extracted 30km away from a site near Cambridge, Ontario 

(Figure 2.2). 
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Figure 2.2: Extraction sites for the silt loam soil scores (Elora) and the sandy loam soil cores (Cambridge) for 

the nine silt loam lysimeters and the nine sandy loam lysimeters. 

Data collection occurred at ten-minute intervals for the soil moisture data. However, soil water 

budget studies generally look at the daily change in storage. Thus, this manuscript used daily 

averages for soil moisture and mass data. A manual filtering technique was applied to remove 

any large influences that can be seen in the mass data such as interference from wind, field work, 

animals, machinery, harvesting, and maintenance (Brown et al., submitted; Hannes et al., 2015; 

Schrader et al., 2013).  The study period for this research extends from April 1, 2017 to 

November 30, 2017.  During this period management within lysimeters included:  soybeans 

planted and then harvested on September 27, 2017 (DOY 270). On September 27, 2017, 12 of 

the lysimeters (6 for each soil type) had a cover crop planted.  Since the soybean harvesting 
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occurred on DOY 270, we removed DOY 270 from the analysis. We also removed additional 

days (DOY 93-98, 124-127, 174-179, and 322 for the silt loam lysimeters and DOY 103-113, 

124-127, 158-169, 208-214, 306-309, and 322-423 for the sandy loam lysimeters) due to high 

inter-lysimeter variances. This manuscript looked at the daily change in soil water storage so any 

daily gain or loss in mass should theoretically be attributed to soil water storage change.  

The lysimeters are instrumented with Trime Pico32 TDR probes located at 5 cm, 10 cm, 30 cm, 

60 cm, and 90 cm below the surface and were used to estimate volumetric water content 

represented as percent moisture (%) at each discrete depth. Trime Pico32 TDR probes emit short 

electrical pulses through two-rod probes. The propagation velocity is calculated using the travel 

time and the length of the probe (Dobriyal et al., 2012; Topp et al., 1980). The velocity is 

inversely related to soil moisture where a lower velocity represents a wetter soil due to the large 

dielectric velocity of water. Cosh et al. (2016) determined the calibration error of multiple 

different soil moisture monitor probes in a field setting. Their study determined a calibration 

error value of +/-0.042 m3/m3 for Trime Pico TDR probes. Our study applied the +/-0.042 m3/m3 

to the soil moisture data as there were no soil-specific calibrations performed for these probes 

within the soils used in the lysimeters.  

2.2.3 Vertical Interpolation  

A vertical interpolation was applied to the five probe depths to estimate the soil moisture at depth 

i within the soil column of each lysimeter. The interpolation (equation 2.1) was applied to make 

a soil moisture estimate through each centimeter of the soil profile, following Fernández-Gálvez 

et al. (2006).  
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𝜃𝑖 = {

𝜃5𝑐𝑚 , 1 ≤  𝑖 ≤ 5   

[(
1−(𝑖−𝑑1)

𝑑2− 𝑑1
) 𝜃1 + (

1−(𝑑2−𝑖)

𝑑2− 𝑑1
) 𝜃2]

𝜃90𝑐𝑚, 90 ≥ 𝑖 ≥ 150

, 5 > 𝑖 > 90    2.1  

Where i is depth within the profile, d1 is the upper probe to determine Ɵ𝑖, d2 is the lower probe to 

determine Ɵ𝑖, Ɵ1 is the soil moisture value of the upper probe, and Ɵ2 is the soil moisture value 

of the lower probe. It was assumed that soil moisture values above 5 cm and below 90 cm were 

equal to the soil moisture value at those depths. The interpolation was then summed up over the 

whole soil column (1.5 m) to determine total soil water storage within each lysimeter (equation 

2.2).  

𝑆 =  (∑ (Ɵ𝑖 + 𝑗) ∗ ∆𝑍𝑖
𝑛
𝑖=1 )  2.2 

Where S is the total soil water mass for the lysimeter column, Ɵ𝑖 is the volumetric water content 

of layer i, ∆𝑍𝑖 is the layer thickness, and j is the randomly calculated variable that is 

representative of calibration uncertainty, ranging between +/- 0.042 m3/m3 (Cosh et al., 2016). 

Thirty iterations of the interpolation were performed for each lysimeter, and the average 

calculated. The interpolated soil moisture values were based on the upper and lower probes for 

each depth, except for depths above 5 cm and the depths lower than 90 cm as they were assumed 

to have moisture values equivalent to the 5 cm probe or the 90 cm probe, respectively 

(Fernández-Gálvez et al., 2006). For each centimeter interval for the interpolation, it was 

assumed that the interpolated point measurement could be applied to the 1 m2 surface area of the 

lysimeter. A further goal of this analysis was to identify the probe depths with the greatest 

influence on the predicted water storage. To complete this analysis, the interpolation (equation 
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2.2) was repeated an additional five times, removing a single probe depth (e.g., 5, 10, 30, 60, and 

90 cm) each time from the interpolation.  

Differences between the lysimeter determined and predicted daily soil water mass changes was 

evaluated using bias (equation 2.3), absolute percent bias (equation 2.4), the coefficient of 

determination (R2) (equation 2.5), root mean square error (RMSE) (equation 2.6), normalized 

RMSE (NRMSE) (equation 2.7), the Error Sum of Squares (SSE) (equation 2.8), and the relative 

mean error (RME) (equation 2.9) to understand uncertainty of the interpolation methods.  By 

using both the NRMSE and RME values, two different techniques for normalized error are used. 

When there are large outliers, the RME is a better metric use. However, since this is a time 

series, absolute error is not always the best indicator for error as it is important to note a positive 

or negative change in the series. Thus, the use of the multiple metrics allows for a thorough 

analysis of the differences between the actual and the precited change in daily soil water storage.  

Bias was calculated as:  

𝐵𝑖𝑎𝑠 =  ∑
𝐴𝑖−𝑃𝑖

𝑛

𝑛
𝑖=1 ,   2.3 

Where A is the lysimeter observed mass at time i, and P is the predicted mass at time i over the 

study period, n. Percent bias was calculated as:  

𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑏𝑖𝑎𝑠 =
𝑎𝑏𝑠(𝑏𝑖𝑎𝑠)

�̅�
   2.4  

where �̅� is the mean of the actual mass over the study period. Absolute percent bias measures the 

absolute average tendency of the predicted values to be larger or smaller than that of the actual 
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values (Bennett et al., 2013). Lower values for absolute percent bias represent a better estimation 

between the actual and predicted values.  R2 was estimated as: 

𝑅2 = (
∑ (𝐴𝑖−�̅�)(𝑃𝑖−�̅�)) 
𝑛
𝑖=1

√∑ (𝐴𝑖−�̅�)
2𝑛

𝑖=1 √∑ (𝑃𝑖−�̅�)
2𝑛

𝑖=1

)

2

  2.5 

where �̅� and �̅� are the mean actual and predicted masses over the study period, n. R2 described 

the proportion of the actual mass that can be accurately predicted using the predicted mass 

(Bennett et al., 2013). RMSE was determined as:   

𝑅𝑀𝑆𝐸 = √
∑ (𝐴𝑖−𝑃𝑖)

2𝑛
𝑖=1

𝑛
   2.6 

NRMSE evaluated as: 

𝑁𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

𝐴𝑚𝑎𝑥−𝐴𝑚𝑖𝑛
     2.7 

Here, the NRMSE is used to normalizes the RMSE to determine a residual variance between the 

actual and predicted masses (Anderson et al., 2015; Bennett et al., 2013).  Next, the sum of 

square errors (SSE): 

  𝑆𝑆𝐸 =   ∑ (𝐴𝑖 − 𝑃𝑖)
2𝑛

𝑖=1    2.8 

The error sum of squares is a measure to determine the amount of variance between the actual 

and predicted values (Willmott et al., 2009).  Values closest to zero shows a close fit between the 

actual and predicted values.  

Finally, the relative mean error determined with:  
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𝑅𝑀𝐸 =  
∑𝐴𝑖−𝑃𝑖

∑𝐴𝑖−�̅� 
   2.9 

Bias, absolute percent bias, R2, RMSE, NRMSE, SSE, and RME values were averaged over the 

eight-month study period to give each soil type an associated value. The average and the 

standard deviation between the nine lysimeters for each soil type was also calculated.   

2.3 Results and Discussion  

The goal of this chapter was to determine the uncertainty of daily water balance calculations due 

to the application of linear interpolations to discrete soil moisture probes in a soil profile. This 

section is organized as follows: first it will examine the spatial variability of soil moisture at each 

discrete measurement depth over the study period, second it will evaluate the uncertainty of the 

water balance calculation and the implications of probe monitoring depth to identify most control 

on soil water content.  

2.3.1 Soil Moisture Variability with Depth 

From April 1 to November 30, 2017, we calculated the daily average, standard deviation, and 

coefficient of variation for the probes at the five depths within each lysimeter. Generally, the silt 

loam soils had lower inter-lysimeter variability at deeper depths compared to the inter-lysimeter 

variability within the sandy loam soils. Also, the silt loam soils had lower inter-lysimeter 

variability at the deeper depths compared to the sandy loam soils based on the coefficient of 

variation values at the five depths. Similar to the study performed by Fernández-Gálvez et al. 

(2006), soil moisture variability in the sandy loam soils tends to be greatest at the mid-profile 

depth (approximately 30-50 cm below the surface). Table 2.1 shows higher standard deviations 

and coefficients of variation at the upper depths of the soil profile (5-10 cm) for both the silt 

loam and sandy loam soils, opposite to Fernández-Gálvez et al. (2006). The differences between 
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soil moisture values between the silt loam soils and sandy loam soils are likely due to soil 

properties as the lysimeter facility would have the same meteorological forcings. 

Table 2.1: The average soil moisture (% volumetric water content) (Avg), the associated standard deviation 

(Std. Dev.), and the coefficient of variation (CV) for each probe depth located within each lysimeter over the 

study period. 

Here we show (Table 2.1) the most substantial variation occurring in the 5 cm and 10 cm regions 

for the silt loam soil and at 5 cm and 90 cm for the sandy loam soils. The coefficient of variation 

for both soil types ranges, with higher values associated with the sandy loam soils. The 30 cm 

and 90 cm depths had the lowest standard deviations and coefficients of variation for the silt 

loam soils and at 30 cm and 60 cm for the sandy loam soils. While the standard deviations for the 

sandy loam soils seem low, the coefficient of variation is higher meaning the variation across the 

mean is high. Averaging the soil moisture values throughout an eight-month period which 

included the spring melt, growing season, and non-growth season likely attributed to the 

variability in soil moisture over the eight months. During the growing season, crop growth will 

have a higher impact of soil moisture at the 30 cm depth. With the added canopy from the crops, 

there would be increased interception reducing infiltration into the 5 cm and 10 cm depths. While 

 
Silt Loam 2017 Sandy Loam 2017 

Avg.  Std.  

Dev. 

CV Avg.  Std.  

Dev. 

CV 

5 cm soil moisture 0.25 0.072 0.29 0.12 0.053 0.46 

10 cm soil moisture 0.26 0.065 0.25 0.19 0.063 0.33 

30 cm soil moisture 0.34 0.030 0.087 0.19 0.047 0.24 

60 cm soil moisture 0.33 0.030 0.092 0.19 0.055 0.28 

90 cm soil moisture 0.35 0.021 0.059 0.24 0.088 0.37 
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it was undesirable to have the lower 60 cm of the profile unmeasured, the 60 cm and 90 cm 

depths maintained similar average soil moisture values for the silt loam soils. However, there is a 

more considerable increase between the 60 cm probes and the 90 cm probes for the sandy loam 

soils.   

2.3.2 Comparison Between Actual and Predicted Masses 

The actual and predicted daily water storage change from April 1 to November 30, 2017 are 

shown below (Figure 2.3). The daily change in soil water storage was calculated as well as the 

variance between each of the nine lysimeters for both soil types (shows as the error bars in 

Figure 2.3).  
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Figure 2.3: Daily average change in soil water storage for the actual (red) and predicted (black) masses for the nine lysimeters corresponding to the (a) 

silt loam soils from April to November 2017, (b) sandy loam soils from April to November 2017. The standard deviations for the actual and predicated 

masses for each of the nine lysimeters is shown as error bars extending from the actual and predicted averages.
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Figure 2.3 shows the daily change in soil water storage for the silt loam and sandy loam soils. 

The actual daily change in soil water storage for the silt loam soils ranged between 31.44 kg and 

-6.95 kg, and the predicted ranged between 27.58 kg and -7.70 kg. The sandy loam soils had a 

ranged between 30.83 kg and -8.36 kg for the actual, and 31.97 kg and -7.76 kg for the predicted. 

The ranges for the silt loam soils had a higher maximum for the actual and a lower minimum for 

the predicted which could mean the probes were underpredicting the daily change in soil water 

storage during the study period. The sandy loam soils had both a lower maximum and minimum 

for the actual mass which means the predicted masses were likely overpredicting the change in 

daily soil water storage. Overall, for both the silt loam and sandy loam soils, the ranges for both 

the actual and predicted mass was about 40 kg between the upper and lower bound of the range. 

Periods where there was an increase in precipitation show a greater difference between the actual 

and predicted masses. During dry periods the actual and predicted daily change in mass values is 

more similar. These similarities tend to line up around a daily change in mass of zero. More 

substantial differences following precipitation events are expected. The soil moisture probes will 

take longer to respond to an influx of water in the system, especially at the lower depths as the 

water infiltrates through the column. The mass, however, will respond right away to an increase 

in the system. The results below (Table 2.2) presents a comparison between the measured daily 

change in storage (actual lysimeter mass) and the predicted daily change in storage (interpolated 

lysimeter mass). The nine lysimeters for each soil type had the daily average calculated between 

April 1 to November 30, 2017. The silt loam soils (Table 2.2a) had an average NRMSE of 

4.38%, and the sandy loam soils (Table 2.2b) had an average NRMSE of 4.50%.  
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Table 2.2: Bias, absolute percent bias, R2, RMSE, NRMSE, SSE, and RME averaged from April 1, 2017, to 

November 30, 2017, for the silt loam A and sandy loam B soils. 

A) Silt Loam 
All 

probes 

5 cm 

Missing 

10 cm 

Missing 

30 cm 

Missing 

60 cm 

Missing 

90 cm 

Missing 

Bias (kg) 0.03 0.03 0.03 0.02 -0.09 0.11 

Absolute percent 

bias (%) 
18.53 23.16 6.68 48.49 3.19 34.18 

R2 0.89 0.81 0.86 0.74 0.86 0.85 

RMSE (kg) 1.68 1.91 1.84 2.48 1.84 1.67 

NRMSE (%) 4.38 7.37 4.78 9.57 4.79 6.42 

SSE 634.81 815.12 755.79 1375.21 756.5 618.78 

RME 0.37 0.47 0.38 0.53 0.38 0.39 

B) Sandy Loam 
All 

probes 

5 cm 

Missing 

10 cm 

Missing 

30 cm 

Missing 

60 cm 

Missing 

90 cm 

Missing 

Bias (kg) 0.56 0.6 0.49 0.59 0.28 0.76 

Absolute percent 

bias (%) 
64.57 66.66 59.81 89.12 31.46 96.12 

R2 0.9 0.87 0.89 0.81 0.9 0.79 

RMSE (kg) 1.77 1.95 2 2.74 1.87 3 

NRMSE (%) 4.5 4.98 5.1 7 4.78 10.89 

SSE 610.93 745.9 783.56 1476.24 691.11 1767.51 

RME 0.38 0.43 0.44 0.62 0.39 0.67 

The overall error measurements for the silt loam soils had a much smaller bias and absolute 

percent bias than those observed in the sandy loam soils. However, they both had similar R2, 

RMSE, NRMSE, and SSE values. Due to the different soil properties throughout the soil 

columns, for example, texture, porosity, and bulk density, the dispersal of moisture throughout 

the columns will not be equal (Fernández-Gálvez et al., 2006; Hillel, 1998; Scott et al., 2010; 

Struthers et al., 2006). For both the silt loam and the sandy loam soil profiles, particle sizes 

increase with depth, with the highest amount of sand content found at the lower portion of the 

column. Disruptions of wetting fronts in soil profiles has been reported throughout the literature 

due to changes in soil layers (Gardner et al., 1962; Hillel, 1998; Struthers et al., 2006; Takagi, 

1960); causing large variability in moisture within the profile. Likely the sampling frequency of 
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the probes within the profile cannot identify these larger changes in variability that occur. The 

increase in soil moisture at the lower depths (Table 2.1) in part explains the lower error 

measurements for the silt loam soils and the high error measurements for the sandy loam soils 

when the 90 cm probes were removed. Removing the 5 cm probes produced higher error 

measurements than when the probes at lower depths were removed. The high error 

measurements when the 5 cm probes were removed is likely due to the weather variability which 

occurs at these depths throughout the year. Since the sandy loam soils had higher inter-lysimeter 

soil moisture variability, a higher sampling density would be beneficial for profile soil moisture 

interpolations. However, the silt loam soils would also benefit from a higher sampling density to 

increase the accuracy of interpolations.  

The RME values when all the probes were used in the analysis are very similar to Fernández-

Gálvez et al. (2006). However, once probes from the different discrete depths are removed, the 

RME increases, much like the other error measurements. The largest RME occurred when the 30 

cm probes were removed for the silt loam soils, and at 90 cm for the sandy loam soils, however, 

the 30 cm also had a very high RME compared to the other values. The larger error measurement 

values occurring at the 90 cm for the sandy loam soils likely has to do with water infiltrating 

through the other soil layers and reaching a point past the 90 cm probe, whereas the silt loam 

soils likely have this occurring at the 30 cm probe depth. The total water mass was considered as 

a means of comparison between the actual and predicted water masses, however, during 

snowmelt periods and the growing season, any substantial decrease or increase in mass is not 

necessarily attributed to change in soil water mass. Additionally, error propagation through time 

increases when looking at the total water content, whereas when looking at the daily change in 

water, the change is standardized daily reducing error propagation through time.  
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The results in Table 2.2 demonstrate the smallest errors occurred when all the probes were 

included in the analysis (with the exception of the 60 cm probe for the sandy loam soils) which is 

expected as including more points in an analysis should improve results. Table 2.2 shows that by 

including all the probes in the analysis, the spatial sampling density increases which should 

produce lower error measurements. However, error measurements were expected to be worse 

when the 60 cm probes were removed as Fernández-Gálvez et al. (2006) had shown that the mid-

profile depths tend to have large amounts of soil moisture variability. Removing the 30 cm 

probes from the analysis produced the worst error measurements for the silt loam soils, with the 

highest absolute percent bias, RMSE, NRMSE, and SSE, RME and the lowest R2. As per 

Fernández-Gálvez et al. (2006), moisture fluctuations tend to be largest between 20-50 cm within 

the profile, therefore, removing measurements in and around those depths will impact the 

accuracy of the soil water mass estimate. 

When the 30 cm probe was removed from the interpolation, 50 cm of the soil profile was left 

undescribed (between 10 cm and 60 cm) in an area that seems to be as crucial. The silt loam soils 

did not consistently have lower error measurements when removing specific probes; where the 

lowest bias (0.02 kg) occurred by removing the 30 cm probes, the lowest absolute percent bias 

(3.19%) occurred by removing the 60 cm probes, highest R2 (0.89) and NRMSE (4.38%) values 

occurred when including all the soil moisture probes, and the lowest RMSE (1.67) and SSE 

(618.78) values occurred when removing the 90 cm probes. Using all the probes in analysis and 

removing the 90 cm probes produced very similar RMSE and SSE values, with an RMSE value 

of 1.68 kg and 634.81 when including all the probes, which is 0.01 kg and 16.03 lower than 

when the removing the 90 cm probes.  
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The sandy loam soils had the worst error measurements when the 90 cm probes were removed, 

which was not expected because based on Fernández-Gálvez et al. (2006), the lower profile does 

not typically show high fluctuations in soil moisture variability. The silt loam soils had the worst 

error measurements when the 30 cm probes were removed which was expected. The best error 

measurements occurred both when using all the probes in the analysis and when removing the 60 

cm probes. Removing the 60 cm probes produced the lowest bias and the absolute percent bias 

with values of 0.28 kg and 31.46%, respectively. When including all the probes in the analysis 

and removing the 60 cm probes, R2 values were the same with a value of 0.9. RMSE (1.77 kg), 

NRMSE (4.5%), and SSE (610.93) had the best error measurements when including all probes in 

the analysis. For both the silt loam and sandy loam lysimeters, RMSE values were all very 

similar, with a range of 0.81 kg for the silt loam soils and 1.23 kg for the sandy loam soils.  

When including all the soil moisture probes in the analysis, the silt loam soils had a much 

smaller bias and absolute percent bias compared to the sandy loam soils. However, both soil 

types had a high correlation between the actual mass and the predicted masses. This is likely due 

to the daily averaging of the soil moisture and mass values which would give the soil time to 

respond to any large precipitation events. By normalizing the RMSE values to the lysimeters, the 

uncertainty can be related to other studies at different scales. The 4.38% and 4.5% NRMSE 

values presented in this manuscript might seem relatively small. However, they are 

representative of a 1.5 m3 volume. Once these values are extrapolated to areas much larger, there 

is potential for much larger NRMSE values (Crow et al., 2012). The RME values are similar in 

that as soon as the volume which these vertical interpolations are extrapolated, the RME should 

increase. Fernández-Gálvez et al., (2006) showed that by changing sampling density in a single 

soil profile, the RME would decrease significantly. By taking a smaller sampling density, as seen 
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in the lysimeters and extrapolating the predicted daily change in soil water storage to a larger 

area, will only increase the RME values.  

Factors which influence small scale soil moisture are not the same as factors that influence large 

scale soil moisture, and so estimates made from point-scale in situ measurements are difficult to 

upscale (Crow et al., 2012; Grayson et al., 1998; McCoy et al., 2006; Western et al., 1999; Yuan 

et al., 2017). For example, at the field scale the primary driver in soil moisture variability is soil 

type and composition, however, as the scale increases, factors such as topography and 

meteorological factors (e.g., radiation, precipitation, wind) have a more significant impact on soil 

moisture (Crow et al., 2012).  Additionally, there is limited information on the certainty to which 

linear interpolations of discrete soil moisture measurements, as installed throughout the world in 

in situ soil moisture networks, can characterize total soil water budget.   

Despite the relatively small sampling volume to be represented by the soil moisture probes (1.5 

m3), upscaling issues still manifest in our results. As presented in Western and Blöschl (1999) 

issues in measurement spacing (distance between probes within the soil profile), extent 

(measurement area over which the estimate is applicable) and support (integration area of the 

actual sensor) results in difficulties for measurement of water budgets even when completed at 

the relatively fine spatial scales shown here. However, when comparing the predicted mass to the 

other actual lysimeter masses, significant errors were produced (NRME values of 4.38% and 

4.5% and RME values of 0.37 and 0.38 for the silt loam and sandy loam soils, respectively), 

demonstrating the issue of extent. This issue also impacts studies which use probe estimates to 

understand water budgets over much larger areas, with extents from tens of meters to km's 

squared. Additionally, there should be a higher sampling density at the mid-profile depths since 
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removing the 30 cm probes from analysis created the largest NRMSE values, showing that 

increased sampling frequency in soil profiles between 20-50 cm will have a firm control over the 

accuracy of water budget estimates (Fernández-Gálvez et al., 2006; Western et al., 1999). 

2.4 Conclusions 

An understanding of the uncertainty caused by interpolated discrete soil moisture probes is 

crucial for climate and hydrological monitoring regarding soil water storage. A previous study by 

Fernández-Gálvez et al. (2006) compared continuous soil moisture measurements to discrete soil 

moisture probes and estimated total moisture found in a column. For this study, we applied a 

linear interpolation using five TDR probes at depths 5 cm, 10 cm, 30 cm, 60 cm, and 90 cm 

within 18 high precision lysimeters. Our results reached similar conclusions illustrating the 

importance of measurements within 30-60 cm of the soil profile.  Beyond the Fernández-Gálvez 

study, we show how these uncertainties impact the estimation of the water budget at relatively 

high spatial resolution.  Using a linear interpolation of in situ observations, the average daily 

uncertainty of water budget estimates, expressed as the NRMSE, was 4.38% and 4.5% for silt 

loam soils and sandy loam soils, respectively. Soil moisture varies significantly both temporally 

and spatially causing problems concerning the linear interpolation. The upscaling problem 

introduced by Western & Blöschl (1999) was present in this study, even with a relatively small 

support difference between the in situ probes and the lysimeter volume. This has implications for 

studies which use linearly interpolated discrete soil moisture probes for hydrological modelling 

as the values inputted into the model are not ideal validation data, especially when upscaling to 

areas greater than the sampling extent. Finally, probes located at the mid-profile depths (approx. 

30 cm) are crucial for water storage estimation. By removing the 30 cm probes, higher 
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measurements of error were reported, highlighting the need for a larger sampling density at the 

mid-profile.   

 

 

  



 

27 

Chapter 3.0:  Determining Alternative Soil Moisture Interpolation 

Techniques to Reduce Soil Water Storage Estimate Error 

Abstract 

Soil textural changes within a profile impact how water moves through a soil column. Soil water 

budgets, estimated with soil probes at discrete depths may not account for these changes 

adequately, resulting in water budget uncertainty.  This manuscript used a large-scale weighing 

lysimeter facility to understand how to improve the estimation of daily change in soil water using 

soil moisture probes. Here several approaches are evaluated for interpolation of soil water 

budgets from discrete soil moisture monitoring probes: a linear interpolation, soil weighted 

average, an inverse distance weighting interpolation, a geophysical derived function, and a cubic 

spline interpolation.  Each of these approaches were evaluated as alternate interpolation 

techniques to determine the smallest measured daily change in water storage comparison error. 

Geophysical-based interpolation techniques were able to estimate the daily change in soil water 

the most accurately for sandy loam soils as they provide appropriate break-points to differentiate 

soil layers and boundaries within the profile. However, a linear interpolation remained the best 

method for silt loam soils. A second analysis looked at how well soil moisture probes estimate 

the lysimeter water storage in the other eight lysimeters of the same soil type. Results highlight 

that extrapolating predicted soil water storage to an 8m2 area increases error measurements. 

Better interpolation techniques and a knowledge of extrapolation accuracy from point-scale soil 

moisture measurements should be important considerations for the development and evaluation 

of agricultural water budget models.  
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3.1 Introduction 

Vertical interpolations of discrete soil moisture probes are commonly used to determine soil 

water profiles (Qiu et al., 2014). However, as seen in Chapter 2.0, vertical interpolations can 

produce normalized RMSE values of 4.38% for silt loam soils and 4.5% for sandy loam soils 

when looking at the daily change in water within the profile. This has implications for 

agricultural water budget models as errors produced in a 1.5 m3 volume are expected to be 

amplified at a larger scale. As shown by Fernández-Gálvez et al. (2006), placing soil moisture 

probes greater than 4 cm apart significantly increases error. However, measurements of this 

density are impractical for large soil moisture monitoring networks due to the installation costs. 

Unknown estimates of the soil water budget uncertainty have implications on hydrological model 

development and evaluation.  Within the literature, traditional approaches for estimating the 

vertical water budget using soil moisture probes focus on linear interpolation techniques.  

However, other interpolation methods should be evaluated to reduce the uncertainty associated 

with vertical estimations of discrete soil moisture measurements. An understanding of what these 

errors are and how to apply them to soil moisture estimate applications are also important 

considerations.  

A region’s hydrological characteristics, sand, silt, and clay percentages, topography, and climate 

will impact how soil moisture infiltrates through a soil column (Baskan et al., 2013; Gardner et 

al., 1962; Hillel, 1998; Moeslund et al., 2013; Scott et al., 2010; Struthers et al., 2006).  Two-

dimensional statistical techniques are typically applied to determine field scale soil moisture 

measurements between areas where soil moisture probes are located (Colliander et al., 2017). 

Examples of these statistical techniques include kriging (ordinary kriging and cokriging), cubic 

splines, and inverse distance weighting  (Chen et al., 2017; Ford et al., 2014).  Ordinary kriging 
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and inverse distance weighted techniques tend to be the most commonly used statistical 

interpolation techniques for estimating soil moisture across a landscape (Yao et al., 2013). 

However, when interpolating discrete soil moisture probes within a profile, two-dimensional 

techniques are generally not applicable due to the one-dimensional nature of the profile. Inverse 

distance weighted is a conventional statistical method to estimate field scale soil moisture. While 

there are few vertical applications of inverse distance weighted, the approach is not restricted to 

two-dimensional interpolation problems (Chen et al., 2017; Ford et al., 2014; Yao et al., 2013). 

Cubic splines may also be appropriate for determining soil water storage within vertical soil 

profiles (Patamanska et al., 2007).  

How soil is layered will impact soil infiltration rates. Particularly coarser soil particles overlain 

by finer soils (e.g., sandy loam soil over a loam soil) will impede movement of water through the 

profile (Gardner et al., 1962; Hillel, 1998; Struthers et al., 2006; Takagi, 1960). This layering is 

quite common in agricultural soils, which can be beneficial to crop growth as it allows water 

retention for plant use. The rate which moisture can pass through the soils will depend on how 

thick the layers all are, as well as the size of the particles. For the application of soil water budget 

estimation, the soil texture information can be used for the interpolations of soil moisture data 

obtained from discrete measurement locations within the profile.   

Unfortunately, even with detailed soil profile information, soil composition can change within a 

small area, meaning soil analysis done at one location might not apply to a nearby point 

(Vereecken et al., 2008; Western et al., 1999). Potential solutions to these issues can be 

overcome using geophysical techniques, such as ground penetrating radar (GPR). GPR is a non-

invasive geophysical technique that emits electromagnetic waves into the soil. Evaluation of 



 

30 

changes in the timing of reflections can be related to changes in the relative dielectric 

permittivity and electrical conductivity of the medium through which the wave travels (Huisman 

et al., 2003; Klotzsche et al., 2018). Numerous applications for soil physical monitoring have 

been derived using GPR including, measures of soil water content, porosity, permeability, 

lithological variations, fluid conductivity, and clay and salt content (Klotzsche et al., 2018). 

However, locations with higher clay contents reduces the sensitivity of GPR approaches for the 

determination of lithology (Doolittle et al., 2007; Smith et al., 1995).  

The relative mean errors (RME) determined in chapter 2.0 confirmed the results of Fernández-

Gálvez et al., (2006). Often interpolation techniques other than linear are employed to estimate 

soil moisture across a landscape. However, within a vertical soil profile, limited research has 

been done. Thus, for this manuscript, we used other interpolation techniques in an attempt to 

reduce the uncertainty produced when interpolating discrete soil moisture probes. Additionally, 

this manuscript investigates the ability for predicted (interpolated) masses from one soil core to 

be compared to the actual mass of a soil core from the same soil type to determine how well the 

change in daily soil water storage can be compared within a small area (8m2).   

3.2 Methods 

3.2.1 Study Area 

This study makes use of a recently developed lysimeter facility (see Chapter 2.2.1) located at the 

University of Guelph’s Elora Research Station, located in Elora, Ontario (43o39N, 80o25W) 

(Brown et al., submitted). At the facility, 18 high precision weighing lysimeters are comprised of 

a stainless-steel cylinder and are 1.5 m deep with a 1 m2 surface area. Following removal of the 

lysimeter core, soil property data was collected from multiple locations near the extraction sites 
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at the Elora Research Station and Cambridge.  Three cores for the silt loam soils were used and 

two for the sandy loam soils to determine soil particle size. For the silt loam soils the Ap horizon 

was at observed at depths of 0-20 cm, 0-18 cm, and 0-19 cm, the Bt horizon observed at depths 

between 20-50 cm, 18-50 cm, and 23-57 cm, and the Ck horizon was observed at depths below 

50+ cm, 50+ cm, and 57+ cm for the three silt loam soil cores (Brown et al., submitted). For the 

sandy loam soils, the Ap horizon was observed at depths of 0-30 cm for the two cores only the 

second core was used for the observation of the Bt horizon which was found between 30-44 cm, 

and the Ck horizon was found at a depth at 44-68 cm for only the second core (Brown et al., 

submitted). 

3.2.2 Interpolation approaches 

The following section details the four interpolation techniques used to improve the 

measurements of error calculated in Chapter 2.0. Described below is a soil weighted average, an 

inverse distance weighted interpolation, a geophysical weighted average, and a cubic spline.   

3.2.2.1 Soil Weighted Average  

This chapter used soil weighted averaging as a means of predicting soil water mass. The soil 

profile was divided based on soil textural class and soil moisture found in the same area as one 

soil texture was used to determine a piecewise soil weighted average (Pacheco et al., 2015). The 

ERS average soil column goes from silt loam to loam at 32 cm. The Cambridge soil goes from 

loamy sand to sand at 55 cm (Table 3.1).  

 

 

 



 

32 

 

Table 3.1: The three soil horizons for the silt loam and sandy loam soils, showing at which depth the two soil 

types change textures. 

 Silt Loam 

Mineral Soil Horizon Ap Bt Ck 

Horizon Depth (cm) 0 - 32 32 - 61 61+ 

Sand (%) 38.0 44.7 49.4 

Silt (%) 54.5 40.3 38.1 

Clay (%) 7.5 15.0 12.5 

Textural Class silt loam loam loam 

 Sandy Loam 

Mineral Soil Horizon Ap Bt Ck 

Horizon Depth (cm) 0 - 28 28 - 55 55+  

Sand (%) 79.2 82.0 88.8 

Silt (%) 17.5 13 8.7 

Clay (%) 3.3 5.0 2.5 

Textural Class loamy sand loamy sand sand 

A piecewise linear interpolation (equation 3.1) was applied to each change in soil texture (based 

on the soil texture class averages between the three soil cores for the silt loam soils and the two 

soil cores for the sandy loam soils).  

𝜃𝑆𝑊𝐴𝑖 = 

{
 
 
 

 
 
 

𝜃5𝑐𝑚      ,      1 ≤  𝑖 ≤ 5  

[(
1−(𝑖−𝑑1)

𝑑2− 𝑑1
) 𝜃1 + (

1−(𝑑2−𝑖)

𝑑2− 𝑑1
) 𝜃2]       ,      5 > 𝑖 > 𝑖𝑥2 

𝜃𝑥𝑐𝑚      ,       𝑖 ≥ 𝑖𝑥2
𝜃𝑥𝑐𝑚      ,       𝑖 ≤ 𝑖𝑥3

[(
1−(𝑖−𝑑1)

𝑑2− 𝑑1
) 𝜃1 + (

1−(𝑑2−𝑖)

𝑑2− 𝑑1
) 𝜃2]      ,      𝑖𝑥4 < 𝑖 < 90

𝜃90𝑐𝑚      ,      90 ≥ 𝑖 ≥ 150

  3.1 

Where 𝜃𝑆𝑊𝐴𝑖 is the soil weighted average soil moisture value at depth i, soil moisture above 5 

cm is equal to the soil moisture at 5 cm, the soil moisture between probes was then determined 

using the upper and lower probes (at d1 and d2). Soil moisture values that fell between a probe 

and a soil texture change were assumed to be representative of probe above the layer boundary 

(𝜃𝑥𝑐𝑚). Between 𝑖𝑥2  and 𝑖𝑥3 are where the soil texture change occurred, and like the upper 5cm, 

until there were two probes after the soil texture change, the soil moisture value was assumed to 
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be representative of the first probe after the soil texture change. Similar to the linear 

interpolation, the soil moisture between 90 cm and 150 cm was assumed to be equal to the 90 cm 

probe. The sum of the soil moisture values determined using equation 3.1 was determined using 

equation 2.2 to account for lack of soil specific calibration with the soil moisture probes. Like 

chapter 2.0, this integration was also repeated 30 times, with the average calculated.  

3.2.2.2 Inverse Distance Weight  

Inverse distance weighting is a commonly used interpolation method employed for horizontally 

interpolation soil moisture measurements (Ford et al., 2014). The inverse distance weighting 

equation used for this chapter can be described by 

𝜃𝐼𝐷𝑊𝑖
= (

∑ 𝜃𝑑𝑚𝑖
−𝑘𝑛

𝑖=1

∑ 𝑑𝑚𝑖
−𝑘𝑛

𝑖=1

)   3.2 

Where 𝜃𝐼𝐷𝑊𝑖
 is the water content found at each centimeter increment (i) using inverse distance 

weighting, 𝜃 is the soil moisture value at depth i, j is the randomly calculated variable to account 

for lack of probe calibration, n is the number of neighbouring soil moisture probes used in the 

interpolation (n = 5), d is the distance from the soil moisture estimation to the interpolation 

depth, and k is the power parameter. A k value of 2 was used, which controls the influence of the 

neighbours for each soil moisture measurement depth, with higher k values giving a larger 

weighting to nearby stations (Kravchenko et al., 1999). A limitation to the distance-decay value 

is that it is assumed to be uniform over space, without consideration of the distribution of the 

data (Lu et al., 2008). The sum of the soil moisture at depth i was determined through equation 

2.2, with the addition of the randomly calculated variable to account for lack of soil moisture 

probe calibration and repeated 30 times with the average calculated.  
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3.2.2.3 Ground Penetrating Radar 

Ground Penetrating Radar (GPR) uses the propagation of electromagnetic waves in the 

subsurface and returns estimates of the relative dielectric permittivity and electrical conductivity 

of the medium through which the wave travels (Klotzsche et al., 2018). A transmitter antenna 

attached to the base of the GPR unit emits waves that are scattered and reflected, and at least one 

receiver antenna senses the refracted waves returned from the subsurface (Klotzsche et al., 

2018). GPR penetration depth is dependent on the antenna frequency and the electrical 

conductivity of the soil (Daniels, 2004; Khakiev et al., 2012). When there is a change in soil 

properties, the receiver records the variation in return signals. For this manuscript, Sensors and 

Software provided a Noggin ® 500MHz system mounted on a cart.  

GPR data collection occurred on May 3, 2018. At the ERS, we created a 10x30m grid with 

transects taken every 50 cm along the 10m side. The site in Cambridge had three transects taken 

that were 40m in length. The Cambridge site had three transects taken as opposed to a grid to 

avoid crop interference.  The grid and transects were taken in and around where the lysimeter 

cores were extracted to get soil textural layers within the lysimeters as accurate as possible.  

When collecting GPR data, a soil core with bulk density information is required to cross-

reference the collected geophysical data to determine areas of soil horizon homogeneity. GPR 

performs best when dry sandy soils are present and performs poorly when soils are wet with high 

clay content (Daniels, 2004; Smith et al., 1995).  Therefore, it is to be expected that the ERS 

GPR results would have a lower penetration depth and quality of GPR data collection as there is 

a higher content of fine-grained soil particles.  
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Based on soil core data from the two sites, three soil horizons were identified. To use the GPR 

surveys for the development of an interpolation approach a few assumptions were necessary: i) 

the horizons were continuous across the GPR transects, ii) the horizons were approximately 

located at the depths from the soil samples, iii) the horizons might display a characteristic 

internal signature based on the layer soil composition (e.g., changes in reflectivity could be 

attributed to the presence of rocks or changes in macropores), iv) and there was a uniform radar 

velocity across all transects which assumes soil moisture does not vary. The GPR survey 

performed at the ERS has a lower quality of data collection than at the Cambridge site due to the 

high clay content of the soils. Only one of the transects taken at the ERS was used for the GPR 

survey results. The GPR profile used was taken near where the lysimeter core extraction sites, 

and so any inferred soil layering data from this could be transferred to the lysimeter profiles. The 

Cambridge site produced much better GPR data because of the higher sand content and the lower 

clay content of the Cambridge soil. The GPR survey results are shown in Figures 3.1-3.3. The 

figures show the horizon changes across the three usable transects. Figure 3.1 is the only usable 

silt loam transect from the ERS. While the three horizons appear uniform, the penetration depth 

was much lower than that of the sandy loam soils taken at the Cambridge site. Figure 3.2 is the 

first sand transect, and it shows uniform horizons with depth. Figure 3.2 is the second sand 

transect used, and it shows a much higher variability with distance and depth for the three 

horizons, especially the Bt and Ck horizons.  
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Figure 3.1: The GPR survey for the usable transect taken at the Elora Research Station with the three soil 

horizons shown. The Ap horizon is light blue, the Bt horizon is orange, and the Ck horizon is red.  

 

Figure 3.2: The GPR survey for the first transect taken at the Cambridge site with the three soil horizons 

shown. The Ap horizon is light blue, the Bt horizon is orange, and the Ck horizon is red. 

 

Figure 3.3: The GPR survey for the second transect taken at the Cambridge site with the three soil horizons 

shown. The Ap horizon is light blue, the Bt horizon is orange, and the Ck horizon is red. 

Table 3.2 shows the soil horizons for the one profile used at the ERS and the two at the 

Cambridge site. For analysis, the two Cambridge profiles were averaged when applying the soil 
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horizon data to the piecewise linear interpolation. We assigned the lower boundary as the 

boundary layer change between two different soil textures.  

Table 3.2: The three soil horizons determined through Ground Penetrating Radar taken on May 3, 2018, with 

one profile for the Elora Research Station and two for the Cambridge site.  

Elora Research 

Station Horizon 

Lower 

Boundary (m)  

Std. Dev. (m)  Minimum (m) Maximum (m) 

Ap 0.28 0.04 0.22 0.34 

Bt 0.62 0.07 0.46 0.73 

Ck 1.27 0.03 1.15 1.38 

Cambridge 

Horizon A 

Lower 

Boundary (m)  

Std. Dev. (m)  Minimum (m) Maximum (m) 

Ap 0.27 0.03 0.21 0.33 

Bt 0.58 0.58 0.58 0.58 

Ck 1.1 1.1 1.1 1.09 

Cambridge 

Horizon B 

Lower 

Boundary (m)  

Std. Dev. (m)  Minimum (m) Maximum (m) 

Ap 0.27 0.03 0.21 0.37 

Bt 0.54 0.15 0.34 0.89 

Ck 1.43 0.16 1.06 1.68 

Cambridge 

Average 

Lower 

Boundary (m)  

Std. Dev. (m)  Minimum (m) Maximum (m) 

Ap 0.27 0.03 0.21 0.35 

Bt 0.56 0.37 0.46 0.74 

Ck 1.3 0.63 1.08 1.4 

The GPR survey determined that at the ERS there were horizon changes at 28 cm and 62 cm. At 

the Cambridge site, The GPR survey determined that there was a horizon change at 27 cm and 56 

cm. Results from the GPR survey have similar horizon changes as the soil cores taken near the 

lysimeter extraction sites.  

Similar to the SWA average interpolations, the GPR data was used to improve the interpolations 

when soil layers were known. However, since the GPR survey could not specify actual textural 

changes, only where the horizons were located, the GPR survey separated the soil profile into 

three layers determined by horizon depth. Based on the return from the GPR survey, boundary 

layers were created for a piecewise linear interpolation (equation 3.4): 
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𝜃𝐺𝑃𝑅𝑖 =

{
 
 
 
 
 

 
 
 
 
 

𝜃5𝑐𝑚       ,      1 ≤  𝑖 ≤ 5  

[(
1−(𝑖−𝑑1)

𝑑2− 𝑑1
) 𝜃1 + (

1−(𝑑2−𝑖)

𝑑2− 𝑑1
) 𝜃2]       ,      5 > 𝑖 > 𝑖𝑥2 

𝜃𝑥𝑐𝑚      ,       𝑖 ≥ 𝑖𝑥2
𝜃𝑥𝑐𝑚      ,       𝑖 ≤ 𝑖𝑥3

[(
1−(𝑖−𝑑1)

𝑑2− 𝑑1
) 𝜃1 + (

1−(𝑑2−𝑖)

𝑑2− 𝑑1
) 𝜃2]      ,      𝑖𝑥4 < 𝑖 < 𝑖𝑥5

𝜃𝑥𝑐𝑚      ,       𝑖 ≥ 𝑖𝑥6
𝜃𝑥𝑐𝑚      ,       𝑖 ≤ 𝑖𝑥7

[(
1−(𝑖−𝑑1)

𝑑2− 𝑑1
) 𝜃1 + (

1−(𝑑2−𝑖)

𝑑2− 𝑑1
) 𝜃2]      ,      𝑖𝑥8 < 𝑖 < 90

𝜃90𝑐𝑚      ,      90 ≥ 𝑖 ≥ 150

  3.4  

Where 𝜃𝐺𝑃𝑅𝑖 is the ground penetrating radar weighted average soil moisture value at depth i, soil 

moisture above 5 cm is equal to the soil moisture at 5 cm, the soil moisture between probes was 

then determined using the upper and lower probes (at d1 and d2). Soil moisture values that fell 

between a probe and a horizon change were assumed to be representative of probe above the 

horizon boundary (𝜃𝑥𝑐𝑚). Between 𝑖𝑥2 and 𝑖𝑥3, and 𝑖𝑥6 and 𝑖𝑥7 are where the horizon change 

occurred, and like the upper 5cm, until there were two probes after the horizon change, the soil 

moisture value was assumed to be representative of the first probe after the horizon change. 

Similar to the linear interpolation, the soil moisture between 90 cm and 150 cm was assumed to 

be equal to the 90 cm probe. Equation 3.4 was summed over the whole soil column using 

equation 2.2 to determine total soil water content and repeated 30 times with the randomly 

calculated variable to account for lack of soil specific probe calibration.  

3.2.2.4 Cubic Spline 

Cubic spline functions use the few given data points to create virtual data points that are 

evaluated through the spline function (Wesseling et al., 2008). Interpolating with cubic splines 

can be represented as a set of third order polynomials (Patamanska et al., 2007). The goal of a 

spline is to have a smooth first derivative and continuous second derivative, within the function’s 
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interval and boundaries (Wesseling et al., 2008). For this interpolation technique, we used the 

built-in MATLAB® function (csapi). The function returns a vector of interpolated points based 

on the inputs for the profile depth (locations of the soil moisture probes), and the corresponding 

soil moisture values, and interpolates between the points using a piecewise polynomial function. 

However, splines have not been the primary technique for soil moisture interpolation in research 

(Wesseling et al., 2008).   

3.3 Results and Discussion  

The goal of this chapter was to perform multiple interpolation methods for discrete measurement 

probes to identify means of reducing the error in water budget calculations. Similar to Chapter 

2.0, the measured daily change in mass for the predicted and actual soil water masses was 

compared using the different interpolation techniques, see Table 3.3. The daily percent error 

between the actual and predicted masses, the accumulated bias, and the absolute accumulated 

bias are shown in Figures 3.4-3.9. Finally, the predicted masses from one lysimeter were 

compared to the other eight lysimeters of the same soil type to study the issue about extent, 

especially when looking at the small scale of the study, shown in Table 3.4.  

3.3.1 Interpolation Comparisons 

We compared the linear interpolation to the soil weighted average, the inverse distance weighted, 

the GPR weighted average, and the cubic spline for both the silt loam and sandy loam lysimeters. 

The same error measurements used in Chapter 2 were used to compare the different interpolation 

techniques (bias, absolute percent bias, R2, RMSE, NRMSE, SSE, and RME). Table 3.3 shows 

the error measurements calculated for the five interpolation techniques used in this chapter as 

well as the linear interpolation used in Chapter 2.0.  
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Table 3.3: Bias, absolute percent bias, R2, RMSE, NRMSE, SSE, and RME averaged between April-

November, 2017 for the silt loam and sandy loam soils using linear, a soil weighted average (SWA), inverse 

distance weighted (IDW), GPR weighted average, and spline interpolation techniques.   
  Linear SWA IDW GPR WA Spline 

Silt Loam 

Bias (kg) 0.03 0.03 0.05 0.05 -0.0022 

Absolute Percent Bias (%) 18.53 36.64 31.98 30.12 25.52 

R2 0.89 0.79 0.84 0.78 0.76 

RMSE (kg) 1.68 2.27 1.94 2.13 2.42 

NRMSE (%) 4.38 8.74 7.47 8.21 6.30 

SSE 634.81 1146.30 837.47 1011.20 1312.01 

RME 0.37 0.48 0.42 0.54 0.50 

Sandy Loam 

Bias (kg) 0.56 0.49 0.39 0.55 0.36 

Absolute Percent Bias (%) 64.57 61.22 76.44 51.07 25.62 

R2 0.9 0.91 0.90 0.88 0.79 

RMSE (kg) 1.77 1.98 3.03 1.71 2.55 

NRMSE (%) 4.5 5.06 7.74 4.36 6.51 

SSE 610.93 770.54 1813.53 571.57 1282.83 

RME 0.38 0.42 0.66 0.36 0.52 

For the silt loam soils, the spline had the lowest bias (-0.0022 kg), although all other 

interpolation techniques had low values, with a maximum bias value for the inverse distance 

weighted and GPR weighted average with a value of 0.05 kg. The linear interpolation had the 

smallest absolute percent bias (18.53%), and the cubic spline had the next lowest absolute 

percent bias (25.52%). The R2 was the best for the linear interpolation, followed by the inverse 

distance weighted (0.89 and 0.84, respectively). RMSE, NRMSE, SSE, and RME values were 

lowest for linear interpolation with values of 1.68 kg, 4.38%, 634.81, and 0.37, respectively. 

After the linear interpolation, the other five techniques did not have a clear method which 

produced the best measurements of error throughout the 2017 study period.  

For the sandy loam soils, the biases for the five interpolation techniques were higher than for the 

silt loam soils, with the lowest values occurring for the spline interpolation as well (0.36 kg), 

followed by the inverse distance weighted (0.39 kg). The absolute percent bias for cubic spline 

was almost the lowest with a value of 25.62%. R2 values were the highest for soil weighted 
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average (0.91). The GPR weighted average had the lowest RMSE, NRMSE, SSE, and RME 

values of 1.71 kg, 4.36%, 571.57, and 0.36 respectively. While the inverse distance weight 

approach had the second lowest bias and a high correlation, the rest of the error measurements 

were the highest for this interpolation technique. When comparing the four interpolation 

techniques introduced in this chapter to the linear interpolation, the silt loam soils only had an 

improvement in error measurement values for the bias when a cubic spline was used. The sandy 

loam soils had lower biases for all interpolation techniques compared to the linear, an improved 

absolute percent bias for the soil weighted average, GPR weighted average and the spline, 

improved R2 for the SWA, improved RMSE, NRMSE, SSE, and RME for the GPR weighted 

average. Thus, the GPR weighted average produced the best error measurements for the sandy 

loam soils.  

Below are six figures which show the comparison of the daily percent error in soil water storage 

for the silt loam lysimeters (figure 3.4) and the sandy loam lysimeters (figure 3.5), the 

accumulated bias for the silt loam lysimeters (figure 3.6) and the sandy loam lysimeters (figure 

3.7) and the absolute accumulated bias for the silt loam (figure 3.8) and sandy loam lysimeters 

(figure 3.9). All five interpolation techniques are shown in these figures to allow for interpolation 

comparisons through time.  
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Figure 3.4: The daily change in soil water storage for the silt loam lysimeters for the linear interpolation, the soil weighted average, the inverse distance 

weighted (IDW), the GPR weighted average, the cubic spline, and the actual lysimeter mass shown as the average of the nine lysimeters.
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Figure 3.4 shows the average daily change in soil water storage for the nine silt loam lysimeter 

for the five interpolation techniques and the actual lysimeter mass. The soil weighted average 

and the inverse distance weighted both tended to have the highest daily change in water storage 

during periods where the graph peaks. The linear interpolation tends to be in the middle of the 

four interpolation techniques introduced in this chapter, with the cubic spline and the GPR below 

the other three interpolation techniques during peaks. Periods with small amounts of 

precipitation shows the lysimeter mass to have a response with the interpolation techniques 

having smaller peaks. During dry periods, the interpolation techniques and the actual mass all 

tend to have similar daily changes in soil moisture (approximately zero), which is expected. 

However, dry periods following larger precipitation events show larger discrepancies between 

the actual change in storage and the five interpolation techniques. Around DOY 225-260 shows 

the six lines to have small discrepancies between each other. 
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Figure 3.5: The daily change in soil water storage for the sandy loam lysimeters for the linear interpolation, the soil weighted average, the inverse 

distance weighted  (IDW), the GPR weighted average, the cubic spline, and the actual lysimeter mass shown as the average of the nine lysimeters.
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Figure 3.5 shows the average daily change in soil water storage for the nine sandy loam 

lysimeters for the five interpolation techniques and the actual lysimeter mass. The inverse 

distance weighted interpolation almost exclusively had the highest daily change in soil water 

storage for the peaks on the group and the lowest change in soil water storage for the figure's 

valleys. The cubic spline was one of the only other interpolation techniques to have a lower 

change in daily water storage values at low periods. Unlike the silt loam soils, the period where 

the five interpolation techniques and the actual lysimeter mass are similar was earlier in the year 

instead of closer to the end. Periods with smaller amounts of precipitation show that the actual 

lysimeter mass to have a greater change in daily soil water storage compared to the interpolation 

techniques. Similar to the silt loam soils, periods with no precipitation had a daily change in 

storage values around zero for the five interpolation techniques and the actual lysimeter mass. 

Figure 3.5 shows that the linear interpolation, soil weighted average, and GPR weighted average 

are all very similar throughout the time series. 
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Figure 3.6: The average accumulated bias from April 1, 2017, to November 30, 2017, between the nine silt loam lysimeters and all five interpolation 

techniques (linear, soil weighted average, inverse distance weighted (IDW), GPR weighted average, and cubic spline). 
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Figure 3.6 shows the accumulated bias through 2017 for the silt loam soils for the five 

interpolation techniques. The linear interpolation, the soil weighted average, the inverse distance 

weighted and the GPR weighted average all tended to cluster together, whereas the cubic spline 

was higher than the other four interpolation techniques throughout the whole study period. The 

five interpolation techniques all decreased until about DOY 150 (with the linear, soil weighted 

average, inverse distance weighted, and GPR weighted average all reaching an accumulated bias 

of -50 kg or less). However, the bias then approximated zero by the end of November. For the 

majority of the period, the linear interpolation was the closest to zero compared to the soil 

weighted average, inverse distance weighted, and GPR weighted average. However, by the end, 

the soil weighted average had accumulated a bias closer to zero than the linear interpolation. The 

cubic spline had the most negative accumulated bias throughout the study period with 

accumulated bias values ranging from approximately -20 kg and +20 kg.  By the end of the study 

period, the GPR weighted average had the lowest accumulated bias of approximately -20 kg and 

the cubic spline had the closest to 0 kg. The bias calculated in Table 3.3 shows that the cubic 

spline to be closest to zero, as seen in the figure above. It also showed the inverse distance 

weighted and the GPR weighted average to be furthest from zero, also seen in the figure above. 

However, the GPR weighted average was lower than the inverse distance weighted, whereas 

Table 3.3 has the same bias calculated. The average bias calculated in Table 3.3 had bias values 

close to zero for all five interpolation techniques, and like the average bias, the accumulated bias 

was +/-10 kg away from zero for all five techniques.   
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Figure 3.7: The average accumulated bias from April 1, 2017, to November 30, 2017, between the nine sandy loam lysimeters and all five interpolation 

techniques (linear, soil weighted average, inverse distance weighted  (IDW), GPR weighted average, and cubic spline).
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Figure 3.7 shows the accumulated bias for the sandy loam lysimeters. The plot shows that for all 

five interpolation techniques there is a downward trend in accumulated bias, with a final 

accumulated bias for all five techniques ranging between -70 kg and -110 kg. Following the large 

precipitation event around DOY 175, all interpolation techniques had a sharp increase in 

accumulated bias. Following this event, the accumulated bias decreased for the rest of the study 

period. There was a smaller increase following the precipitation near the end of the study period. 

However, it only brought the accumulated bias up to about -40 kg. Similar to silt loam soils, the 

spline was closest to zero for much of the study period, with a final accumulated bias near that of 

the inverse distance weight approach at 40 kg. The linear interpolation had the accumulated bias 

furthest from zero for much of the study period with a final value of approximately -110 kg. 

Compared to the silt loam interpolations, the sandy loam lysimeters had a much more positive 

accumulated bias with a consistent upward trend throughout 2017.  The average biases calculated 

in Table 3.3 for the sandy loam soils were larger than the silt loam lysimeters. The cubic spline 

and the inverse distance weight did have the smallest accumulated biases as well as the smallest 

average biases. The linear interpolation also had the highest average bias and the highest 

accumulated bias throughout the study period.  
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Figure 3.8: The absolute accumulated bias averaged between the nine silt loam lysimeters for the time series  (April 1, 2017, to November 30, 2017) for 

the linear interpolation, soil weighted average, IDW, GPR weighted average and the cubic spline. 
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Figure 3.8 shows the absolute accumulated bias throughout the study period for the silt loam 

lysimeters and the five interpolation techniques. The linear interpolation had the lowest 

accumulated bias, and the GPR weighted average had the largest accumulated bias. The cubic 

spline had a larger accumulated bias than the GPR weighted average for about half of the study 

period and had a final accumulated average only slightly smaller than that of the GPR weighted 

average. Figure 3.6 shows that the GPR weighted average had the highest final accumulated bias 

(approximately 20 kg), compared to the highest absolute accumulated bias. The linear 

interpolation had the lowest absolute accumulated bias, but it did not have the accumulated bias 

closest to zero.  Again, while the cubic spline had the accumulated bias closest to zero, it had the 

second highest absolute accumulated bias. 
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Figure 3.9: The absolute accumulated bias averaged between the nine silt loam lysimeters for the time series  (April 1, 2017, to November 30, 2017) for 

the linear interpolation, soil weighted average, IDW, GPR weighted average and the cubic spline.
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Figure 3.9 shows the absolute accumulated bias for the sandy loam lysimeters and the five 

interpolation techniques. The linear interpolation and the GPR weighted average interpolation 

had the lowest absolute accumulated bias, with the GPR weighted average being slightly lower, 

approximately at 200 kg. The inverse distance weighted had the largest accumulated average at 

about 400 kg, which was about 100 kg higher than the next highest (the cubic spline). Comparing 

Figures 3.7 and 3.9, the GPR weighted average and the linear interpolation both had the smallest 

accumulated average (with the large negative value) and the lowest absolute accumulated bias. 

The inverse distance weighted interpolation had one of the largest accumulated biases as well. 

However, it was not drastically higher than the rest of the interpolation techniques, unlike in 

figure 3.9.  

Crop growth on the lysimeters is a factor to be considered when looking at the lysimeter mass 

change. The vegetation water content for soybeans can reach up to approximately 1.5 kg, and dry 

biomass can reach approximately 1 kg (Cosh et al., 2019; Leyla et al., 2006). This shows that 

while this study took place over the growing season, the actual change in mass over the whole 

study period for the crops is likely negligible. Additionally, the percent error, the accumulated 

bias, and the absolute accumulated bias did not have large spikes in the graphs during the 

growing season. Therefore, the mass associated with the crops likely did not contribute to large 

biases between the actual and the predicted masses.  

For the silt loam soils, the linear interpolation had the best measurements of error, a similar 

change in daily water storage when compared to the actual lysimeter mass, an accumulated bias 

close to zero (-7.55 kg), and the lowest absolute accumulated bias (334 kg). After the linear 

interpolation, the inverse distance weighted tended to have the next best error measurements, 
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similar final accumulated bias, and the second highest absolute accumulated bias. However, 

when comparing the inverse distance weighted to the actual lysimeter change in daily soil water 

storage, the inverse distance weighted tended to greatly over-predict.   The sandy loam 

lysimeters showed that the GPR weighted average had the overall best measurements of error 

followed by the soil weighted average. When comparing the GPR weighted average and the soil 

weighted average to the daily change in soil water storage, these two interpolation techniques 

were both consistently close to the actual. These three interpolation techniques had the largest 

accumulated bias throughout the study period, whereas the inverse distance weighted, and cubic 

spline had the lowest. The absolute accumulated bias for the GPR weighted average was the 

lowest, followed by the linear interpolation and the soil weighted average. Based on these 

results, it is evident that not one interpolation technique is applicable to different soil types. It 

was expected that of the four other interpolation techniques used in this chapter, at least one 

would have improved error measurements from the linear interpolation. The study period will 

influence the accumulated bias. For example, if the study period was until DOY 150, the silt 

loam soils would have had a much smaller accumulated bias than the sandy loam soils. 

Therefore, during the growing season into the fall, the sandy loam interpolated masses seem to 

under-predict the daily change in mass, whereas the silt loam lysimeters were better at predicting 

the actual change in mass.  

Soil reports for the silt loam soils show that the soil column was relatively uniform throughout. 

The sandy loams, however, had more layering of different particle sizes within the column. This 

could explain why the silt loam soils had better error measurements and accumulated and 

absolute accumulated biases than the other techniques. By having a more uniform soil, the 

infiltration rates will be relatively constant throughout the column. In soils with more layering, 
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the infiltration rates will change, especially at boundary layers. This in part could explain why 

the silt loam lysimeters had an accumulated bias closer to zero than the sandy loam lysimeters. 

The sandy loam lysimeters had a final accumulated bias between -70 kg and -110 kg. The 

interpolated probe mass was under-predicting the actual mass, likely due to the probes not 

accurately measuring soil moisture within the column due to the different soil layers. Increasing 

soil probe point density in and around the soil texture changes would likely improve the error 

measurements and the accumulated bias for the sandy loam lysimeters. By introducing the GPR 

weighted average and the soil weighted average to the sandy loam soils, we were able to account 

for layering in soils which would cause a non-linear infiltration rate (Gardner et al., 1962; Hillel, 

1998; Takagi, 1960). Therefore, when applying interpolations to soil moisture probes, it is 

important to get soil cores to determine which interpolation method is best. In areas where the 

soil is uniform, a linear interpolation would be best, and in areas where there are soil layers, a 

soil weighted average, or a GPR weighted average if possible, are the best interpolation 

techniques.  

3.3.2 Transferability  

Generally, point scale measurements of soil moisture are extrapolated to much larger areas. 

However, due to the high spatial and temporal variability observed in soil moisture, it is not well 

known the impact of applying a water budget calculated from one region to another area. Using 

the lysimeter facility, we assess how accurately a water balance calculated from one lysimeter 

can be extrapolated to a neighbouring system. For this analysis, the predicted mass from one 

lysimeter was compared to the actual mass of the other eight lysimeters. The bias, absolute 

percent bias, R2, RMSE, NRMSE, SSE, and RME were calculated for each of the eight 

comparisons, and the average statistics was calculated associating one value for each lysimeter 
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comparison (Table 3.4). By doing so, we can determine how well an upscaling of 1 m2 to 8m2 

performs (the 1 m2 surface area compared to the average of the 1 m2 surface area of the other 

eight lysimeters). 

Table 3.4: The average bias, absolute percent bias, R2, RMSE, NRMSE, SSE, and RME calculated between 

the predicted mass of one lysimeter to the actual mass of the other eight lysimeters of the same soil type, 

averaged over the study period. 

A) Silt Loam L1 L2 L3 L4 L5 L6 L7 L8 L9 Average 

Bias (kg) -0.13 0.17 0.33 0.46 0.19 -0.15 -0.08 -0.21 -0.3 0.03 

Absolute 

percent bias (%) 
36.59 55.16 83.02 63.88 52.09 26.65 46.74 31.11 35.57 47.87 

R2 0.73 0.56 0.68 0.68 0.72 0.76 0.77 0.79 0.66 0.71 

RMSE (kg) 2.54 3.26 2.92 2.84 2.64 2.58 2.35 2.45 3.52 2.79 

NRMSE (%) 6.12 7.86 7.08 6.84 6.51 6.25 5.68 5.86 8.38 6.73 

SSE 1040.6 2177.5 1641.6 1440.5 1445 1092.4 900.31 1229.2 2883.2 1538.9 

RME 0.53 0.7 0.61 0.6 0.58 0.52 0.5 0.53 0.56 0.57 

B) Sandy Loam L1 L2 L3 L4 L5 L6 L7 L8 L9 Average 

Bias (kg) 0.56 -0.29 0.83 0.7 0.44 0.82 0.68 0.66 0.32 0.52 

Absolute 

percent bias (%) 
136.23 66.77 179.69 123.56 170.48 177.16 141.09 120.1 123.41 137.61 

R2 0.65 0.6 0.74 0.77 0.59 0.79 0.8 0.56 0.56 0.67 

RMSE (kg) 3.26 4.16 3.34 2.77 4.05 3.42 2.36 3.31 4.72 3.49 

NRMSE (%) 8.5 10.85 8.44 7.07 10.38 8.73 6.04 8.43 12.02 8.94 

SSE 2212.4 3265.3 2381.2 1714.4 3146.8 2443.3 1248.4 2157.8 4335.9 2545.05 

RME 0.53 0.7 0.61 0.6 0.58 0.52 0.5 0.53 0.56 0.57 

Results presented in Table 3.4 show that on average, the bias for extrapolating the results from 

one silt loam lysimeter to the other eight are similar to linear interpolation applied in Chapter 2.0. 

Similar to the silt loam results, the average bias for the sandy loam soils was lower than the 

linear interpolation bias when comparing the predicted mass to the actual mass for the 

corresponding lysimeters. However, looking at the range of bias for nine comparisons between 

the predicted mass from a lysimeter to the actual mass of the other eight lysimeters, it is quite 

variable.  The absolute percent bias has almost tripled with none of them lower than the linear 

interpolation, the RMSE, NRMSE, and SSE are also higher than the linear interpolation, 
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especially the SSE which has at least doubled for all of the nine comparisons. The RME values 

are all higher compared to the RME value reported in Chapter 2.0, with some of the values 

almost double the RME value of 0.37 and 0.38 for the silt loam and the sandy loam soils, 

respectively. Again, like the silt loam soils, the sandy loam soils had a large variation between 

the nine comparisons, which could account for the lower average bias for the sandy loam soils. 

The absolute percent bias is over double the absolute percent bias from the linear interpolation, 

with all the values except lysimeter two over 100%. The R2 values are all lower than the linear 

interpolation. The R2 has also been lowered by about 0.2. The RMSE and NRMSE are both 

about double that of the actual linear interpolation and the SSE is about triple. Overall, the 

predicted mass for lysimeter seven had the best error measurements, and lysimeter nine had the 

lowest for both the silt loam soils and the sandy loam soils.   

Based on the comparative results, upscaling soil moisture to larger areas causes a significant 

increase in error. We could expect similar results when extrapolating moisture measurements to 

compare to an 8m area. However, as seen in Table3.4, comparing the probe data to an 8m2 area, 

the variability increases, as do the error measurements.  The silt loam soils had a lower absolute 

percent bias, slightly lower RMSE and NRMSE values, and a slightly higher SSE value than the 

sandy loam soils when comparing the predicted mass to the actual mass for the respective 

lysimeters. The silt loam soils had error measurements much higher compared to the sandy loam 

soils than when the actual and predicted masses were compared within the same lysimeter. Since 

the sandy loam soils started with larger error measurements compared to the silt loam soils, the 

inter-lysimeter results are likely less drastic.   
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As presented in Chapter 2.3.3, extent plays a significant role in soil moisture distribution. When 

extrapolating moisture measurements to those larger areas the error is amplified (Western et al., 

1999). Issues of extent are controlled both by distance but also soil type. By averaging the 

comparisons between one lysimeter and the other eight of the same soil type, error measurements 

increased showing that at an 8m scale, there is increased error. By taking this knowledge and 

applying it to a field scale or larger, it is assumed that the error measurements will only increase 

further. These large error measurements have implications as the error is assumed to grow larger 

the further extrapolations occur from the measurement point, and depending on soil type, the 

error could change even more.  

3.4 Conclusions 

An improved interpolation method for discrete soil moisture probes is crucial in furthering the 

applications of discrete soil moisture probes for the agricultural water budget. For this chapter, a 

linear interpolation, a soil weighted average, an inverse distance weighted, a ground-penetrating 

radar weighted average, and a cubic spline were all used as interpolation methods to estimate 

daily soil water change in the large-scale lysimeter facility at the Elora Research Station. 

Additionally, the linear interpolation applied for each lysimeter in Chapter 2 was compared to 

the other eight lysimeter masses to study the issue of extent. Based on the results presented in 

this chapter, a GPR weighted average is one of the best methods of determining soil water 

content within the soil profile for sandy loam soils, but a linear interpolation was the best method 

for the silt loam soils. Based on these results, soil analysis should be performed at large-scale soil 

moisture monitoring network sites and depending on the soil layering, either linear interpolation 

or a soil-based interpolation should be applied. This chapter highlighted the issue about an 

extent, even when extrapolating soil moisture values to an area 8m2. Thus, if these soil moisture 
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values are extrapolated to field scale or large, it can be assumed that the error measurements will 

only further increase.  
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Chapter 4.0:  Conclusions 

Understanding total soil moisture within a soil profile is critical for understanding the 

agricultural soil water budget.  Through an improved characterization of the soil water budget, 

climate modelling (Beven, 2001), understanding climatic drivers (Fennessy et al., 1999; Koster 

et al., 2004), and land and water management and conservation (Dobriyal et al., 2012; Power, 

2010) can all be improved. In situ, soil moisture measurements are customarily taken using soil 

moisture probes inserted at discrete depths within the soil profile. To estimate water content 

between soil moisture probes, researchers typically apply a linear interpolation. The area which 

the probes are assumed to representative of is usually much larger than the sphere of influence 

the probes can accurately measure, both for a column, as well as when the soil moisture values 

are extrapolating their values to a larger area (e.g., field scale or larger) (Western et al., 1999).  

Fernández-Gálvez et al. (2006) used a linear interpolation method using discrete soil moisture 

measurements and compared the sum of the interpolation for the soil water content found in the 

profile to the sum of continuous soil moisture measurements taken every 2 cm. The study 

determined that the mean error becomes increasingly significant when placing soil moisture 

probes more than every 4 cm. However, their study was time-consuming and difficult to replicate 

at a large spatial and temporal scale. One method to study individual water budget components is 

through the use of lysimeters. A lysimeter facility, especially one which has multiple replicates 

of the same soil type, presents the opportunity to measure the soil water budget by comparing 

actual water content to predicted water content found within the profile.  

This thesis addressed two main research objectives to improve our understanding of soil 

moisture uncertainty with regards to the agricultural water budget. The first objective looked at 
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how accurate a linear interpolation was able to measure the daily change in storage for a small 

sample area. Additionally, this objective looked at how much soil moisture variability occurs at 

different depths within the profile, and how much error occurs when the analysis excludes soil 

moisture probes at one of the five discrete depths. The analysis used the bias, absolute percent 

bias, R2, RMSE, normalized RMSE, SSE, and relative mean error as a means of error 

measurements. The comparison between the actual daily change in storage to the predicted 

change in storage produced normalized root mean square errors of 4.38% and 4.5% for the silt 

loam and sandy loam lysimeters, respectively. By removing probes found at the mid-profile 

depth (30 cm), the error measurements increased. These mid-profile measurements are necessary 

to determine rootzone water uptake, as well as showing how water is infiltrating through the soil. 

The two soil types in this thesis show that in soils with different layers, the error measurements 

can increase. Therefore, having probes at those boundary changes (usually mid-profile) could 

potentially lower error measurements. While many large-scale in situ soil moisture measurement 

sites have detailed measurements taken of the upper profile, this thesis demonstrates that a more 

extensive sampling density should be occurring mid-profile (Fernández-Gálvez et al., 2006).  

The second objective described in this thesis used other interpolation techniques in an attempt to 

improve the error measurements calculated when applying linear interpolation to discrete soil 

moisture measurements. A soil weighted average, an inverse distance weighted average, a 

geophysical weighted average, and a cubic spline were used as other interpolation methods. 

Chapter 3.0 used the same error measurements as Chapter 2.0, and results determined that a 

linear interpolation was best for the silt loam lysimeters and a GPR weighted average had the 

best results for the sandy loam lysimeters.  Chapter 3.0 also compared the predicted daily change 

in mass of each lysimeter to the actual daily change in mass of the other eight lysimeters of the 
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same soil type to investigate the transferability of the moisture estimates to a larger area (1 m2 to 

8m2).  All average error measurements across the eight comparisons for each lysimeter 

increased. Results amplify the magnitude of upscaling issues, even within a small extrapolation 

footprint (Western et al., 1999).  

The implications of this research will further an understanding of soil water content found within 

the vadose zone of the agricultural water budget. Typically, in situ large-scale soil moisture 

monitoring networks have probes inserted down to about 1 m below the surface, with higher soil 

moisture probe densities in the upper portion of the profile. This discrete soil moisture probe 

placement is often done to allow for the validation and calibration of hydrological models, 

evaluation of soil moisture assimilation schemes and to assess soil moisture data collected from 

satellites. Error measurements are most significant when probes found at the mid-profile (30-60 

cm) are removed from interpolation. Therefore, when setting up large-scale soil moisture 

networks, there should be a higher point density of soil moisture probes found at these depths. 

Furthermore, a linear interpolation is not necessarily the best method to estimate total water 

content in a profile for calculating daily water budget. Interpolation methods which utilize soil 

properties can improve the predicted mass of certain soil types. While this study quantifies the 

errors associated with the linear interpolations of soil moisture data, there are some limitations 

addressed in this analysis. There should be a higher sampling density for probes found at the 

mid-profile depths as they are within the root zone which would help explain some soil-crop 

relationships. In addition to a higher mid-profile sampling density, a way to measure crop growth 

and snow mass would be beneficial as the daily change in mass during those periods may not be 

solely attributable to a change in water mass. Calibrations should also be performed with the 
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moisture probes so that measurements taken are as accurate as possible.  Finally, a more 

extended period for analysis would benefit the results; however, due to the installation of the 

lysimeters occurring in 2016, there was a short time-period for data collection to date.  

Determining detailed soil water profiles, and daily change in storage at a small scale is crucial 

for understanding a vital component of the agricultural water budget. With the increasing climate 

uncertainty due to climate change, understanding how soil water is partitioned is essential. A 

method to quantify how much soil water is within the soil profile is necessary for modelling, 

land management, and climate change scenarios. The approaches in this study quantified the 

uncertainty associated with discrete soil moisture interpolations and showed that with additional 

data collection, this research could improve an estimate of the soil water profile. To further 

improve understanding of soil moisture dispersal, higher mid-profile sampling densities and 

more soil data analysis can increase knowledge of the agricultural soil water budget.  The 

research presented in this thesis is increasingly important as understanding agricultural practices 

is only amplified given the current climate uncertainty.   
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