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Abstract 

ACTIVE AND PASSIVE MICROWAVE REMOTE SENSING OF SOIL MOISTURE: 
VALIDATION AND SCALING OVER AN AGRICULTURAL REGION 

 
 

Justin Robert Adams                                                                                                        Advisor: 
University of Guelph, 2015                                                                                   Dr. Aaron Berg 
 

 Monitoring soil moisture is important over agricultural regions for improving the skill of 

regional crop yield, flood and drought forecasting, and for assisting producers in making 

effective land-management decisions. Soil moisture data are available from Earth Observation 

missions, which use active (radar) and passive (radiometer) microwave remote sensing. To take 

full-advantage of these data it is necessary to obtain a realistic understanding of soil moisture 

errors (i.e. validation) and to develop methods to account for the inherent lack of sub-footprint 

variance associated with remote sensing data (i.e. scaling). The aim of this thesis was to address 

these issues through an analysis of in-situ and remote sensing datasets over an agricultural study 

region in Canada.  

 

 The role of in-situ networks in satellite soil moisture validation was assessed through 

comparison to distributed field-sampling. A dense network of 31 stations and a network of 9 

stations both represented up-scaled conditions over a coarse satellite footprint at 0.04 m3m-3 root 

mean square error (RMSE), but the majority of stations were unrepresentative of local soil 

conditions. As well, the dense network showed important differences in its characterization of 

soil moisture spatial variability relative to field-sampling with implications for inferring 

downscaling properties, especially in terms of vegetation. Measurements were compared from 

the network of 9 stations over two-growing seasons between 0-6 and 3.5-6.5 cm depths, and 

 
 



further assessed using SMOS L2 soil moisture estimates, showing that in-situ instrument 

configuration imparts a significant bias in satellite validation of 0.018 m3m-3 RMSE.  

 

 Synergies between C-band synthetic aperture radar (SAR) and L-band passive microwave 

retrievals were then assessed. A unique method is proposed to downscale SMOS observations 

using field-scale SAR retrievals prior to vegetation emergence. This resulted in considerable 

errors, but results using a soil model suggest promise for the method with improved backscatter 

modelling. Multi-temporal similarities are also compared over changing vegetation conditions 

during the growing season using coincident aircraft and satellite data. For corn and canola fields, 

SAR linear backscatter was significantly correlated with changes in brightness temperature, with 

implications showing potential of C-band SAR to characterize vegetation contributions (e.g. 

vegetation water content) to L-band brightness temperature. 
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Chapter 1 

Introduction 
 
 

1.1 Background  

 Soil moisture is a state variable for physical processes affecting land-surface and climate. 

At local scales (10s of m), soil moisture imparts a primary control on the partitioning of 

precipitation into infiltrated soil water or surface run-off (Vereecken et al. 2008), with 

implications for characterizing vadose zone and surficial processes, such as stream-flow 

generation (Berg and Mulroy, 2006), erosion and run-off (Zehe and Bloschl, 2004; Merz and 

Plate, 1997). Soil moisture also imparts a primary control on the rate of evapotranspiration, 

which largely determines the exchange of energy and water vapour cycled between soils, 

vegetation and the atmosphere (Seneveratine et al. 2010). This effect is observable in near-

surface air temperature patterns (i.e. evaporative cooling), in addition to the mechanisms and 

heights associated with boundary layer mixing (Betts et al. 1996). At increased spatial (10s of 

km) and temporal (monthly) scales, these soil moisture controls are shown to be in-directly 

reflected through precipitation patterns, referred to as a coupling of soils and the atmosphere 

(Koster et al. 2011; 2004; 2003). Through all of these interactions, a complex interplay is present 

between soil moisture and vegetation. Soil moisture is a key determinant of plant health and 

productivity; however, vegetation also plays an integral role in earth-atmosphere coupling 

through transpiration and in biogeochemical cycling (Arora, 2002).  

 

Monitoring soil moisture is especially important over agricultural regions, which is the 

focus of this thesis. In Canada, the agriculture sector accounted for 6.7% of gross domestic 
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product in the 2014 fiscal year and contributed 1 in 8 jobs to the economy (AAFC, 2014). 

Canada is the fifth largest exporter of agriculture and agri-food products and crops are a major 

market driven export commodity (AAFC, 2014). Crop production dominates vast portions of the 

Canadian land-mass, including the southern portion of the Prairie provinces (Alberta, 

Saskatchewan and Manitoba), in addition to major portions of southern and northeastern Ontario. 

The importance of soil moisture observations for the agricultural sector can be described 

according to regional (~10s of km) and field-scale (~100s of m) applications. At the regional-

scale, the agricultural sector is sensitive to climate driven impacts, and soil moisture observations 

can contribute to improved prediction and management of these impacts (McGinn and Shepherd, 

2003). In particular, knowledge of soil moisture conditions can assist in identification of 

extremes (e.g. Champagne et al. 2011), and crop yield estimates (e.g. Ines et al. 2013). At the 

field-scale, knowledge of soil moisture conditions can assist agricultural producers in optimal 

scheduling and intensity of land-management practices, including; seeding, fertilizing, crop 

harvest, irrigation, tillage and pest reduction strategies.  

 

However, soil moisture is difficult to characterize given its spatio-temporal variability 

and also because of its theoretical scales of measurement. Western and Bloschl (1999) describe 

these as: spacing (distance between samples), extent (overall area) and support (volume 

integrated by sample). Soil moisture variability increases with extent scale but decreases 

inversely with support scale. The controls on soil moisture variability are also recognized to 

differ as a function of scale. At local scales (10s of m), ‘white noise’ factors such as soil  

properties, vegetation and topography impart the major control on variability, and at coarser 

resolutions, ‘red noise’ factors such as meteorological forcing dominate the control on variability 
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(Vinnikov et al. 1996). In addition, soil moisture variability, and other statistical moments, are a 

function of mean conditions. Depending on soil hydraulic properties and precipitation history, 

field-studies have shown that variability either decreases or increases in response to mean 

conditions (Pan and Peters-Lidard, 2008).  

 

Soil moisture can be measured in-situ using traditional gravimetric determination (Hillel, 

1998), or using automated methods, such as probes that measure electromagnetic (EM) 

properties of soils (Evett and Parkin, 2006). The fundamental basis of soil moisture measurement 

using EM sensors is in their response to dielectric permittivity, which is directly relatable to 

water content (m3m-3) via soil calibrations (e.g. Campbell, 1990; Topp et al. 1980). The 

advantage of this method is in the rapid determination of soil moisture, either for collecting 

samples using portable instruments, or continuously measuring soil in a constant location (i.e. 

monitoring station). However, these in-situ measurements realistically only provide a point 

sample of soil moisture as their support scale is relatively small (e.g. ~160 cm3). Emerging 

measurement technologies that instead cover an aerial footprint, such as the cosmic ray soil 

moisture observing system (COSMOS), show promise for use with current in-situ network 

designs (Zreda et al. 2012), but are not yet widely utilized beyond research.  

 

Depending on the application, there is complexity in both the required number of in-situ 

samples and spatial sampling strategy, and it is generally necessary to perform some type of 

spatial averaging to represent conditions over an aerial footprint. For example, at the field-scale 

soil moisture is highly variable, even in the order of centimeters (e.g. Cosh et al. 2012). Field-

studies have shown that a relatively high number of samples are often required to characterize 
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the mean soil moisture conditions of a field with minimal standard deviation. Crow et al. (2012) 

summarize these studies, reporting that up to 34 samples are required to represent a field-scale 

(800-m extent) at ± 0.02 m3m-3. However, the number of measurements needed to represent a 

regional scale mean is often found to be in a similar range, in part due to the relationship 

between support scale and variance described above. For example, Famiglietti et al. (2008) 

analyzed over 36,000 in-situ soil moisture samples over four major sampling campaigns in 

Oklahoma and Iowa and found that 20 to 30 samples are required to characterize the mean of a 

502 km2 region at ± 0.05 m3m-3. In addition, it has been demonstrated that the number of in-situ 

samples required can be limited by strategically focusing on ‘time-stable’ locations, which are 

representative of an aerial average over time (Vanderlinden et al. 2012). 

 

Due to practical limitations of ground sampling, soil moisture is most commonly 

monitored in-situ using distributed networks of stations (Ochsner et al. 2013). These are 

automated and enable continuous, real-time, monitoring in response to changing soil hydrology 

and identification of land-surface climatology. However, existing networks vary widely in terms 

of number of stations, spacing, intended coverage, and measurement depth (Crow et al. 2012; 

Dorigo et al. 2011). There are many publicly operated networks in the United States for 

monitoring soil moisture over agricultural regions. For example, the Soil Climate Analysis 

Network (SCAN) operated by the United States Department of Agriculture (USDA) consists of > 

116 stations that monitor soil moisture at near-surface to root-zone depths, but stations are 

distributed across the contiguous United States and the network is intended for monitoring 

agriculture at the continental scale. Many publicly operated networks also exist at the state-wide 

level, such as those in Oklahoma (Oklahoma Mesonet), Illinois (Illinois Climate Network), and 
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Texas (Texas Soil Observation Network). In Canada, only the Alberta Drought Monitoring 

Network (AGDMN) is comparable, and consists of soil moisture stations intended to monitor 

regional hydrology over the province of Alberta. Several other publicly operated networks exist 

over Canadian agricultural regions as well, but these are focused primarily on scientific research 

rather than agricultural monitoring (e.g. Rowlandson et al. In Press).     

 

Many physically-based hydrological models, or land-surface schemes, are available to 

estimate soil moisture over agricultural regions. Examples of these include the Versatile Soil 

Moisture Budget and Canadian Land Surface Scheme (CLASS). However, while soil moisture 

estimates are often shown to be accurate in research examples, the key limitation operationally is 

the need for parameterization using ancillary datasets of static soil properties and the availability 

of high quality spatially distributed meteorological forcing data. As well, the accuracy of 

process-based models is dependent on the level of detail in characterizing soil physics and how 

these components are generalized over spatial grids.  

  

Over the past four decades, there has been major progress toward the goal of 

operationally estimating soil moisture from remote sensing. This is specifically focused on the 

use of microwave remote sensing due to an established superiority (irrespective of solar 

illumination or clouds and minimal sensitivity to precipitation) over optical data and the 

sensitivity of microwave frequencies to soil dielectric permittivity. Microwave sensors are 

classified as: i) active (radar), which propagate electromagnetic energy toward a target and infer 

its properties according to the intensity of the returned signal (backscatter), or; ii) passive 

(radiometers), which measure naturally emitted radiation from the Earth's surface, known as 
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brightness temperature. There are currently two dedicated L-band microwave soil moisture 

missions: Soil Moisture Ocean Salinity (SMOS) and Soil Moisture Active Passive (SMAP). 

SMOS (launched in 2009) is a passive microwave mission, whereas SMAP (launched in 2015) is 

designed to combine both coarse radiometer with higher resolution radar observations. On-going 

research activities are also proceeding to develop methods for soil moisture estimation from 

other active (e.g. C-band RADARSAT) and passive (e.g. L-band Aquarius) Earth Observation 

missions (McNairn et al. 2012; Bindlish et al. 2015). Soil moisture estimates from microwave 

remote sensing are generally limited to near-surface depths. According to Ulaby et al. (1986), the 

approximation of effective retrieval depth is 1/10 the wavelength of a sensor (e.g. L-band = 21 

cm, C-band = 5.4 cm). Consequently, it is commonly assumed that soil moisture estimates from 

L-band missions are sensitive to soil moisture only in the top ~5 cm of the soil and those from C-

band are sensitive in the top ~2 cm of the soil. Extrapolating these near-surface estimates to other 

depths of the vadose zone (i.e. root-zone) requires coupling remote sensing estimates with soil 

physics models (e.g. Ford et al. 2014).  

 

 When used independently, information provided from active and passive microwave 

remote sensing typically suffers from an inherent trade-off between spatial and temporal 

resolution. Active microwave sensors can be used to provide relatively high pixel resolutions 

(e.g. 10s of m) due to the self-illumination ground targets, yet the temporal revisit times tend to 

be infrequent (e.g. weekly). However, radars suffer from random interference between 

backscatter, referred to as speckle, and spatial filtering is necessary to reduce noise between 

image pixels. In contrast, passive microwave sensors typically provide near-daily revisit times, 

but are limited to far coarser pixel resolutions (e.g. 10s of km). This is due to the considerations 
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of capturing brightness temperature within the microwave frequencies of interest at an 

appropriate signal-to-noise ratio, and also attributed to the orbital altitude and antenna 

specifications associated with spaceborne radiometers (Jackson, 1993). Thus, in an agricultural 

context, radar are advantageous for field-scale hydrology applications whereas passive 

microwave sensors are more suited for regional hydrology applications. 

 

However, soil moisture estimation from either radar or radiometer measurements is 

extremely complex as the inverse modelling of backscatter or brightness temperature must 

account for other land-surface factors influencing retrievals, such as vegetation and soil surface 

roughness (Njoku and Entekhabi, 1996; Ulaby et al. 1996). In addition, it is necessary to use a 

dielectric to soil moisture conversion model (Srivastava et al. 2015). This is also complicated by 

the scale of soil moisture measurements, which for radiometers is often very coarse and requires 

generalizing land-surface heterogeneity in soil moisture estimates. Although dependent on 

frequency, polarization and incidence angle, radar data are particularly sensitive to the presence 

and attributes of vegetation. In general, this limits the capability of estimating soil moisture over 

agricultural regions during the growing season. Conversely, Earth Observation missions using 

radar are increasingly exploited for their utility in vegetation mapping and monitoring over 

agricultural areas (e.g. Liu et al. 2013) and to complement passive microwave retrievals for soil 

moisture estimation (e.g. Entekhabi et al. 2010).  

 

Finally, it is important to consider the role of data assimilation in a discussion of soil 

moisture. It is likely that the best strategy for monitoring land-surface hydrology over 

agricultural regions is a combination of data from in-situ and remote sensing observations, and 
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modelling. Data assimilation is summarized as the statistical merger of observational data (e.g. 

from in-situ measurements or remote sensing), with a numerical model (e.g. land surface 

scheme) to produce the best estimate of the state of the system (Alavi et al. 2009). Although 

simple maps of soil moisture content are beneficial for public distribution (i.e. to assist 

agricultural producers), many advanced applications of soil moisture, such as crop yield or 

numerical weather forecasting, involve data assimilation. It has been demonstrated that realistic 

description of soil moisture in model initialization contributes to improved forecast skill (Alavi 

et al. 2011), and as a dynamic variable, frequent observations can be used to update conditions in 

a background model (e.g. Dumedah and Walker, 2014).  

 

However, the performance of data assimilation relies on the knowledge of both 

background and observation errors to assign cost weight functions (Reichle, 2008). For example, 

poor quality soil moisture data may only degrade outputs compared to estimates resulting only 

from a background simulation. Characterizing the errors in models or remote sensing 

observations thus necessitates high quality independent reference datasets, such as in-situ 

networks, for evaluation of observations and models. In addition, the assimilation of remote 

sensing data is inherently complicated by discrepancies between the scale, and gridded nature, of 

observations relative to an application (Giorgi and Avissar, 1997). Soil moisture data from 

remote sensing contributes only a single observation describing the land-surface contained 

within a footprint, masking any variability. For missions such as SMOS or SMAP, this results in 

only a single observation for at least 102 km2. It is recognized that even crude parameterizations 

of sub-grid variability in data assimilation can improve estimates of water and heat fluxes (e.g. 

Crow and Wood, 2002).  
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1.2 Research overview and thesis objective 

 The hydrologic budget represents the balance of energy and water within a dynamic 

system of processes involving soils, vegetation, and the atmosphere. As a single variable, it is 

well recognized that soil moisture imparts significant control on many processes involved in 

energy and water cycles. Soil moisture is especially important in an agricultural context due to its 

role in crop health and soil productivity, and as a factor in land-management and natural hazards, 

which has broader societal implications for economic activity, and food security. In addition to 

in-situ measurements and hydrological modelling, it has been established that remote sensing can 

contribute a significant amount of information for land-surface monitoring and prediction over 

agricultural regions. Earth Observation missions are used both for estimation of soil moisture as 

well as other land-surface information of interest to describing the land-surface state, such as 

vegetation type and properties. Data obtained from in-situ measurements, modelling, and Earth 

Observation missions, or through an optimal combination of these using data assimilation, can be 

leveraged for improving water resources management in the agricultural sector.  

  

 However, two fundamental and interconnected challenges limit the efficacy of applying 

satellite soil moisture products, such as from SMOS and SMAP, in support of the agricultural 

sector:  

 

i) Validation - It is imperative to obtain a realistic understanding of satellite soil moisture 

errors relative to a reference (i.e. ‘ground-truth’) dataset over unique landscapes and ranges of 

land-surface conditions. Although dedicated soil moisture missions typically assign global 

9 
 



accuracy targets, such as 0.04 m3m-3 root mean square error for SMOS or SMAP (Kerr et al. 

2010; Entekhabi et al. 2010), these are often not met without post-launch refinement of soil 

moisture models as determined by validation research. Validation data are important not only for 

defining overall product accuracies, but also to evaluate performance of satellite soil moisture 

products over changing land-surface conditions to identify and correct potential biases in these 

products. Obtaining a realistic understanding of satellite soil moisture errors, as opposed to 

simple confirmation of mission targeted accuracy, is especially critical for applications involving 

data assimilation for assigning cost-function weights when merging observations with a 

numerical model. At present, the most common method for validation of satellite soil moisture 

products is to use in-situ networks. In-situ data are measured coincident with satellite soil 

moisture for comparison. In a practical sense, validation is relatively straightforward to conduct 

using standard statistical methods. Yet, the research challenge addressed is whether in-situ 

datasets are appropriately representative of the horizontal (spatial) and vertical (depth) 

dimensions of soil moisture modelled from remote sensing. Given the importance of validation 

toward applications of satellite soil moisture data, the science community must also be mindful 

of whether in-situ data are representative of analogous horizontal and vertical dimensions of 

satellite soil moisture and these implications.  

 

ii) Scaling – Satellite soil moisture products from dedicated Earth Observation missions, 

such as SMOS and SMAP, are available at frequent temporal periods (e.g. ~daily). This temporal 

resolution is important for capturing changes in the land-surface state; however, soil moisture is 

distributed on coarse (> 102 km2 of km) grids. This poses a challenge because only a single soil 

moisture observation is available over the footprint and information on sub-footprint variability 
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is inherently masked (Giorgi and Avissar, 1997). For many agricultural applications of satellite 

soil moisture, particularly at the field-scale, it is necessary to downscale (i.e. disaggregate) these 

data. However, the lack of information on sub-grid heterogeneity requires developing 

supplemental approaches to characterize sub-grid variability and downscale soil moisture 

(Bloschl and Sivapalan, 1995). Over agricultural regions, some factors imparting a control on 

soil moisture scaling are considered static, such as topographic and edaphic properties, but 

vegetation and soil moisture itself are dynamic. To obtain information on dynamic land-surface 

properties operationally, such as vegetation and actual soil moisture distribution at higher 

resolutions, it is necessary to rely on remote sensing approaches. Thus, the research challenge 

associated with scaling is in developing approaches that can be operationally applied given 

current and anticipated Earth Observation datasets. In particular, C-band SAR data are used 

operationally for monitoring agricultural regions of Canada at high resolutions (10s of m), but 

few studies have assessed the potential for C-band SAR to scale soil moisture, or more narrowly, 

for the interoperability with passive L-band microwave sensors (e.g. SMOS and SMAP).  

 

 The objective of this thesis was to investigate methodological issues affecting the 

validation of satellite soil moisture and contribute to the development of approaches for scaling 

these data. Three research questions are addressed in Chapters 2 to 5 of this thesis:  

1) What is the effectiveness of in-situ networks for representing soil moisture in satellite 

validation and scaling research? 

2) How can inter-field soil moisture variability be identified using in-situ measurements, remote 

sensing or hydrological modelling?  
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3) How can C-band SAR be leveraged in support of downscaling soil moisture from passive L-

band microwave sensors? 

 

1.3 Thesis outline  

This thesis is organized into 6 chapters and two appendices. Following this introduction 

chapter, Chapters 2 to 5 contain the results of the thesis, which are presented as 4 manuscripts 

that are either published, submitted, or prepared for submission to peer-review journals. Chapter 

6 is the conclusion of the thesis. The individual experiments described in each results chapter 

were designed to address the research questions of this thesis explained in Section 1.2. These 

experiments assess datasets from in-situ sampling, remote sensing, and modeling, primarily 

developed as part of the Soil Moisture Active Passive Validation Experiment 2012 

(SMAPVEX12) over an agricultural study region in southern Manitoba, Canada (McNairn et al. 

2015).  

 

Chapter 2 provides an analysis of soil moisture measurements collected from a dense 

network of monitoring stations and coincident field-sampling over the 6-week SMAPVEX12 

period. This manuscript assessed similarities and differences between data collected from these 

two sources when up-scaled to a coarse satellite scale (i.e. 362 km2), or for down-scaling. The 

main contribution of Chapter 2 is the unique comparison of soil moisture from these datasets, 

and controls on these soil moisture data, which yields insights for both validation and scaling 

research. Chapter 3 is an evaluation of a permanent soil moisture monitoring network in the 

study area and a SMOS L2 product validation over a 2-year period. This manuscript examines 

differences in near-surface soil moisture measurement depth as a function of measurement 
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instrumentation and the effects in satellite soil moisture validation. The main contribution of 

Chapter 3 is in the characterization of a source of measurement bias affecting near-surface soil 

moisture measurement and satellite soil moisture validation. Chapter 4 describes a 

methodological approach to leverage field-scale soil moisture mapping from C-band SAR in the 

period prior to vegetation emergence to downscale coarse grid soil moisture (from SMOS) over 

vegetated periods. The main contribution of Chapter 4 is in proposing an approach for combining 

available soil moisture information from current and future Earth Observation missions. Finally, 

Chapter 5  investigates multi-sensor and multi-frequency synergies between C-band SAR and L-

band radiometer data over cropped fields as a function of changing vegetation conditions. The 

main contribution of Chapter 5 is in demonstrating the potential for C-band SAR to capture high 

resolution vegetation information (i.e. vegetation water content), with direct implications for 

improving and scaling L-band passive microwave soil moisture retrievals.  

 

Two appendix chapters are included at the end of this thesis. In Appendix 1, an additional 

manuscript is included that complements the research presented in Chapters 2-5. The focus of 

this manuscript is on the application of C-band SAR polarimetric data for field-scale mapping of 

crop harvest and post-harvest soil tillage. Presence of standing crops and post-harvest soil 

surface conditions influences soil moisture variability and affects the determination of soil 

moisture active and passive microwave remote sensing. Therefore, this study compliments the 

thesis because it applies to remote sensing scaling over agricultural regions at a unique period of 

the agricultural calendar when land-surface conditions are changing as a function of producer 

management activities. Finally, Appendix 2 is a statement of co-authorship, which lists the 5 
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manuscripts included in the thesis (according to inclusion as peer-review journal articles) and 

identifies lead and co-author contributions.  
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Chapter 2 
 

Similarities and differences between dense networks and field sampling in 
representing soil moisture variability within a coarse satellite footprint 

 
This manuscript is submitted to: Journal of Hydrology 
 
 
The availability of satellite soil moisture data from Earth Observation missions, such as SMOS 
and SMAP, has important benefits for the agricultural sector. However, these data: i) require 
validation, and; ii) are distributed on relatively coarse grids (10s of km), which requires methods 
to estimate sub-grid variance and downscale observations. These tasks have traditionally been 
conducted using in-situ data collected as part of field sampling campaigns but increasingly dense 
in-situ networks are being used to supplant field sampling for validation. Yet, it is unclear if 
dense networks can also be used to obtain information for downscaling soil moisture. This paper 
examines two in-situ soil moisture datasets collected over 13 sampling dates during the Soil 
Moisture Active Passive Validation Experiment in 2012. ~55 fields were sampled on each day 
and a 31 station network (i.e. dense network) was operated. Up-scaling evaluations (at 362km2) 
show that, using arithmetic averaging, there is agreement between data sets of 0.03 m3m-3 root 
mean square error (RMSE). This result confirms that a dense network can adequately represent 
mean conditions over a coarse footprint in this domain. However, comparisons of soil moisture 
data from the 31 fields with both a co-located station and field sampling shows that there are 
important differences in the datasets. At the field-level, network stations were weakly 
representative of field-means from transects with mean RMSE between field sampling and 
station observations at 0.07 m3m-3. There is also disagreement in the inter-field spatial anomaly 
structure, experimental semi-variogram properties, and controls on soil moisture spatial 
variability. For example, the dense network has a persistent nugget effect indicating that 
processes affecting soil moisture variability are not captured by the network data. Principal 
component analysis (PCA) of these datasets shows that vegetation imparts a significant control 
on field-sampled data, but not for the dense network. Findings of this study show that although 
dense networks are suitable for representing soil moisture at a coarse scale, caution should be 
applied when relying on dense networks to develop soil moisture downscaling techniques, 
particularly for spatially distributed (deterministic) methods.  
 

 
2.1 Introduction 

 Information on both the amount of soil moisture and its spatial distribution are valuable 

over agricultural regions for improving forecast skill of crop yield, flood and drought modelling, 

and to assist producers in making field-level land management decisions. Satellite soil moisture 

data are available for these applications, including from the Soil Moisture Ocean Salinity 
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(SMOS) and Soil Moisture Active Passive (SMAP) missions (Kerr et al. 2010; Entekhabi et al. 

2010). Although such satellite soil moisture data are available at high temporal frequency 

(~daily), these data are distributed on relatively coarse spatial grids (e.g. 10s of km), which only 

provides information on soil moisture amount and inherently masks sub-grid variability. This 

poses a challenge for applications of these data, especially via data assimilation (Alavi et al. 

2009), which require finer spatial resolutions (Pan and Wood, 2010). Thus, characterizations of 

true sub-grid variance are important to improve modelling skill and downscale soil moisture 

(Giorgi and Avissar, 1997; Bloschl and Sivapalan, 1995). In-situ validation datasets are 

necessary to determine the error structure of satellite soil moisture relative to reference in-situ 

measurements. Validation datasets have traditionally been collected over agricultural domains 

using field sampling and these datasets have also been used to characterize soil moisture 

variability and develop downscaling methods. However, satellite soil moisture validation is 

increasingly conducted using in-situ soil moisture networks. This paper examines the 

implications of supplanting field sampling with dense in-situ networks (i.e. 10s of network 

stations in a satellite footprint) for soil moisture variability and scaling research.  

 

 Field sampling campaigns provide a snapshot of detailed land-surface information over a 

relatively short time period (e.g. several weeks). Soil moisture (~0-6 cm depth) is repeatedly 

sampled within agricultural fields using electronic sensors or gravimetric cores and aggregated 

into common spatial units (e.g. field-means) for analysis. Other land-surface properties, such as 

soils and vegetation, are typically mapped at high resolutions as well. Examples of major soil 

moisture campaigns include: the Southern Great Plains (SGP) 1997/1999 experiments over 

Oklahoma (Jackson et al. 2002; 1999); Soil Moisture Experiments (SMEX) in 2002 over Iowa 
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and 2003 over Oklahoma, Georgia, and Alabama (Famiglietti et al. 2008); National Airborne 

Field Experiments in 2005 and 2006 (NAFE) over Australia (Panciera et al. 2008; Merlin et al. 

2008a); Canadian Experiment for Soil Moisture in 2010 (CanEX SM-10) over Saskatchewan 

(Magagi et al. 2013), and Soil Moisture Experiments in 2010 and 2013 over Australia (Panciera 

et al. 2013).  

 

 In addition to development of satellite soil moisture algorithms, much of the current 

understanding on soil moisture variability and scaling within satellite footprints has originated 

from the aforementioned field experiments (e.g. Gaur and Mohanty, 2013; Joshi et al. 2011; 

Famiglietti et al. 2008; 1999; Cosh et al. 2004a; Mohanty et al. 2000; Crow et al. 1999). These 

campaign datasets also have a critical role in validating hydrologic models and remote sensing 

used in further scaling analysis (e.g. Ryu and Famiglietti, 2006; 2005; Hu et al. 1997). The 

motivation of these studies is to develop stochastic or deterministic methods to resolve both the 

issues of spatial coarseness and unknown sub-grid heterogeneity associated with satellite soil 

moisture data. A major focus of stochastic techniques is to characterize the type and moments of 

probability density functions (PDF) over changing land-surface conditions (e.g. Famiglietti et al. 

2008; 1999; Ryu and Famiglietti, 2005). For example, Crow and Wood (2002) show that even 

crude parameterizations of sub-grid variability using knowledge of an appropriate PDF can 

improve the skill of water and energy predictions in hydrologic models. Deterministic methods 

are mainly focused on establishing the land-surface controls on spatial organization of soil 

moisture (e.g. Manns and Berg, 2014; Joshi and Mohanty, 2010) and developing multi-sensor 

and/or multi-frequency remote sensing downscaling schemes (e.g. Djamai et al. 2014; Merlin et 

al. 2008b).  
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 However, field sampling campaigns are logistically challenging, labour exhaustive and 

costly. This limits the duration of data collection, range of conditions encountered, and slows 

data latency. For these reasons intensive field sampling campaigns are increasingly being 

replaced in favour of networks of in-situ monitoring stations for satellite soil moisture validation. 

Networks enable continuous measurement over extended periods and climatology. Networks 

consist of distributed monitoring stations (usually placed in agricultural fields) with electronic 

soil moisture sensors buried at near-surface (~5 cm) depths (for a review, refer to Ochsner et al. 

2013; Crow et al. 2012; Dorigo et al. 2011). The number of permanent validation networks has 

sharply increased in recent years and networks have become the standard for post-launch 

validation of satellite soil moisture products (Ochsner et al. 2013; Crow et al. 2012; Dorigo et al. 

2011). Validations of SMOS, AMSR-E/2 and Aquarius soil moisture products have primarily 

been completed using networks (e.g. Bindlish et al. 2015; Djamai et al. 2015; Champagne et al. 

2014; 2010; Jackson et al. 2012; 2010; Schlenz et al. 2012) and the SMAP validation plan relies 

on networks identified as core validation sites (e.g. Coopersmith et al. 2015; Adams et al. 2015). 

 

 It is noted, however, that there is a fundamental difference in the spacing, extent and 

often support scales of measurements from field sampling or dense network datasets (Western 

and Bloschl, 1999). Soil moisture captured from field sampling is more spatially distributed, 

accounting for a greater range of local heterogeneity within sampled fields and mitigating 

random measurement errors. Field-sampled data may also involve spatial generalization (e.g. 

average) of samples within fields (i.e. field-mean), whereas networks provide only single point 

measurements from stations that each continuously measure the same volume of soil (~160 cm3) 
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at locations within a satellite footprint. It has been demonstrated that up-scaled soil moisture 

network data can adequately supplant field sampling in representing the support scale of satellite 

soil moisture for validation (Crow et al. 2012). Yet, there is lack of research on whether dense 

networks can provide analogous information for characterizing variability and downscaling soil 

moisture.  

 

 The Soil Moisture Active Passive Validation Experiment in 2012 (SMAPVEX12) (June 

06-July 19) was conducted over an agricultural domain in southern Manitoba, Canada. Two in-

situ soil moisture datasets were collected over SMAPVEX12: field sampling of ~55 fields and a 

dense temporary network of  > 30 stations (hereafter referred to as θfield sampling and θdense network). 

These datasets provide a unique opportunity to investigate similarities and differences between 

two sources of coincident in-situ validation data. The objective of this paper is to identify the 

implications of scaling soil moisture with a dense network. The up-scaling agreement between 

datasets is assessed to identify the skill of θdense network in representing mean conditions of the 

SMAPVEX12 domain (defined as 362 km2). Next, co-located observations from θfield sampling and 

θdense network are compared over 31 fields to identify the similarities and differences in data at the 

sub-footprint scale.  

 

2.2 Materials and methods 

2.2.1 Study area 

The study area is located in the upper Red River watershed, and centered in the Brunkild 

sub-watershed (Figure 2.1). Sampling was completed in 55 agricultural fields of varying crop 

type, including; soybeans (19), spring wheat (13), winter wheat (2), corn (8), canola (7), 
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forage/pasture (5) and oats (1). The agricultural fields in this study area are generally 2.6 km2 

separated by north/south and east/west grid roads, common for land-use over the Canadian 

Prairies. The topography over this domain is mostly described as flat (< 2 % slope). There is 

significant contrast in dominant soil texture of fields over the study area described by heavy clay 

soils to the east and loam/sandy soils to the west (for further details, refer to Manns and Berg 

(2014)). Additional description of the SMAPVEX12 study area and soils and vegetation datasets 

are available in McNairn et al. (2015).   

 

 

Figure 2.1 a) SMAPVEX12 sampling domain showing sampled agricultural fields and locations 
of temporary in-situ soil moisture stations; b) schematic diagram of in-situ soil moisture 

sampling in study fields. 
 

 

2.2.2 In-situ soil moisture datasets: θfield sampling and θdense network  

Soil moisture was sampled in the 55 agricultural fields on 17 dates over SMAPVEX12, 

although some fields were not sampled on each date due to accessibility issues. Soil moisture 
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was sampled using the Hydra Probe soil moisture sensor (Stevens Water Monitoring Systems, 

Inc., Portland, U.S.) or Theta Probe soil moisture sensor (Delta-T Devices Ltd., Cambridge, 

U.K.). It is noted that the majority (>90%) of sampling was conducted using the Hydra Probe 

(McNairn et al. 2015). Both instruments have four measurement tines extending from a 

cylindrical instrument head with a central measurement tine surrounded by three peripheral 

measurement tines. For the Hydra Probe, each measurement tine is 5.7 cm long and 0.3 cm in 

diameter with a 3 cm sampling diameter. For the Theta Probe, each measurement tine is 6 cm 

long and 0.2 cm in diameter with a 3 cm sampling diameter. The Hydra Probe operates at 50 

MHz using frequency domain reflectometry, whereas the Theta Probe is an impedance sensor 

operating at 100 MHz. The sensors were inserted vertically into the soil surface for an integrated 

measurement depth of approximately 0-6 cm. These sensors measure the dielectric properties of 

soil, which can be converted to volumetric soil moisture using calibrations. The Hydra Probe 

measured real dielectric constant of soil, which was converted to volumetric soil moisture using 

calibrations developed from co-located gravimetric soil samples (McNairn et al. 2015). The 

Theta Probe only provides a volumetric soil moisture reading based on internally programmed 

manufacturer calibrations. Consequently, relationships were developed between volumetric soil 

moisture measured from Hydra Probe and Theta Probe sensors to account for differences in 

calibration and to ensure a comparable measurement RMSE for the entire soil moisture dataset 

(McNairn et al. 2015). Overall, this resulted in field-based measurement RMSE’s < 0.04 m3m-3. 

 

Soil moisture sampling was conducted at 16 locations in each field along two 525 m 

transects spaced 75 m apart (Figure 2.1b). Replicate measurements were taken at each sampling 
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location for a total of ~48 samples per field. These measurements are averaged to give a field-

mean value on each sampling date (θfield sampling).  

 

Temporary in-situ network stations were installed in 36 of the SMAPVEX12 fields from 

June 06 to July 15, recording hourly observations continuously over this period (θdense network). For 

this reason, only θfield sampling data from 15 sampling dates between June 06 to July 15, 2012 are 

assessed in this study. These stations had a single Hydra Probe installed horizontally in the soil at 

a ~5 cm reference depth. The stations were generally located at a corner point of the two soil 

moisture sampling transects (Figure 2.1b). These data are also calibrated to < 0.04 m3m-3 RMSE. 

Although 36 stations were deployed over SMAPVEX12 agricultural sites, only 31 are analyzed 

in this study. Quality assessment was performed for each station to detect obvious instances of 

spurious sensor observations and suspicion of malfunction (e.g. unresponsive sensors to 

precipitation or unrealistic soil moisture values); consequently, 5 stations were excluded from the 

analysis. 

 

2.2.3 Vegetation and soil texture data 

Crop biophysical parameters were sampled weekly for each field, including; leaf area 

index (LAI), crop height, stem diameter and total dry biomass content (McNairn et al. 2015). 

Vegetation parameters were sampled at points 2, 11 and 14 of the soil moisture sampling 

transects and averaged to provide a field value (Figure 2.1b). Rapid changes in vegetation 

structure were observed over SMAPVEX12 (McNairn et al. 2015). Crops were primarily in the 

emergence stages at the commencement of the SMAPVEX12 (except for winter wheat), and 

progressed through various phenology stages over the study period (Wiseman et al. 2014). The 

26 
 



soil textural composition of each field was determined from near-surface (0-6 cm) soil cores 

collected along soil moisture transects (Rowlandson et al. 2013).  

 

2.2.4 Statistical analysis 

 Statistical moments (mean, standard deviation, skewness and kurtosis) are used to 

describe the soil moisture sampling PDF on each date. The confidence limits of the skewness and 

kurtosis are determined by bootstrap estimation (1,000 iterations) of population statistics (Efron 

and Tibshirani, 1986).  

 

 Up-scaling agreement between θdense network and θfield sampling is determined using RMSE 

according to eq. 2.1: 

Eq. 2.1  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑(𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝜃𝜃𝜃𝜃𝑠𝑠𝑠𝑠−𝜃𝜃𝜃𝜃𝜃𝜃𝑠𝑠𝑠𝑠𝜃𝜃 𝑠𝑠𝜃𝜃𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛)2

𝑁𝑁
 

where ∑ is  sum and N is total observations. In addition to arithmetic averaging, up-scaling of the 

θdense network stations are assessed using kriging and inverse distance weighting (IDW) 

interpolation, spatial weighting using Theissen polygons, and Temporal Stability (TS). Although 

this inter-comparison is not exhaustive, it is done because there is some inconsistency in the 

literature in how point level network stations are up-scaled for use in validation (for a review, 

refer to Crow et al. 2012). Kriging, IDW and Theissen polygons were calculated using the 

ArcGIS spatial analyst toolbox. These are common geospatial analysis techniques in GIS, and 

for further description, the reader is referred to standard spatial analysis texts, such as Longley et 

al. (2004). It was necessary to perform the kriging and IDW analysis individually over each 

sampling date because of their sensitivities to soil moisture variability, but Theissen polygons 

were only determined once as a constant spatial weight is determined for each soil moisture 
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measurement. The spatially interpolated soil moisture values for these techniques were averaged 

within the footprint to obtain the up-scaled soil moisture values on each date. It is required that a 

spatial extent is defined in order to compute these techniques, therefore, a 362km2 boundary 

(based on the approximate radiometer footprint of SMAP (Entekhabi et al. 2010)) was chosen 

and centered on the SMAPVEX12 domain. It is acknowledged that the size and position of this 

boundary will affect the determination of interpolation methods (i.e. kriging and IDW) and 

Theissen polygons. The purpose of TS is to identify the most representative sampling locations 

of a domain over a given time period (Vanderlinden et al. 2013). In this study, mean relative 

differences (MRD) of each station are determined over the complete network time series using 

eq. 2.2: 

Eq. 2.2 MRD =  1
𝑛𝑛
∑  (𝑆𝑆𝑖𝑖,𝑗𝑗−�̅�𝑆𝑗𝑗)

�̅�𝑆𝑗𝑗
𝑛𝑛
𝑗𝑗=1  

where Si,j is the jth sample of n stations and 𝑅𝑅�̅�𝑗 is the network average for each measurement 

period. The MRD values are ranked to identify stations with mean relative differences nearest to 

zero (similar to Cosh et al. 2013; 2006; 2004b).  

  

 For the 31 fields with both soil moisture stations and transect sampling, it is possible to 

compare co-located soil moisture derived from the two sampling methods. Data are compared at 

a field level by first comparing field-means (determined from transect sampling) with coincident 

point measurements from the single 5 cm depth Hydra Probe installed within each field. This 

multi-date assessment includes RMSE, mean difference and correlation (r-values). RMSE is 

determined using eq. 2.3: 

Eq. 2.3 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑(𝜃𝜃𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝜃𝜃𝜃𝜃𝑛𝑛 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝜃𝜃𝜃𝜃𝜃𝜃 −𝜃𝜃𝑠𝑠𝜃𝜃𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑠𝑠𝑛𝑛𝑠𝑠𝑛𝑛𝜃𝜃𝑛𝑛𝑠𝑠)2

𝑁𝑁
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where ∑ is sum and θ is soil moisture from either transect sampling or a network station. Second, 

the inter-field soil moisture spatial dynamics are compared by assessing similarity in the rank 

order of spatial anomalies over the sampling dates and semivariogram analysis on each sampling 

date. Only θfield sampling and θdense network data from the same 31 fields are used in this assessment 

and this is only completed for the 13 sampling dates when complete datasets are available. In a 

small number of instances data are missing from sampled fields and these are linearly 

interpolated between prior and following sample dates. However, no substantial precipitation 

occurred between these dates. Spatial anomalies are calculated as the difference of each field 

from the domain mean of that measurement period. The mean spatial anomalies of each field are 

then calculated and ranked for comparison between θfield sampling and θdense network. Semivariogram 

analysis is completed for the soil moisture data of θfield sampling and θdense network on each date using 

R statistical software. Experimental semivariograms are fitted to each date to identify the 

properties of the semivariogram (range, sill, and nugget) for interpretation of trends and to make 

inferences about the similarities and differences in evolution of spatial patterns over the study 

period from the two datasets. The experimental semivariograms in this case are assumed to be 

independent of direction, or isotropic, which means that binned data hypothetically represent 

spatial correlation in any direction (Webster and Oliver, 2007). Spherical, Gaussian and 

exponential models were first tested on each dataset and over each date in a trial-and-error 

approach and it was determined that the spherical model provided the best fit for each dataset by 

visual inspection of the nugget and sill parameters.  

 

 Principal component analysis (PCA) of spatial anomalies is conducted to identify and 

distinguish between soil and vegetation controls affecting soil moisture variability of 31 fields 
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from θdense network and θfield sampling. This PCA is based on standardized covariance of the spatial 

anomalies in a m x n matrix, where m is sampled fields and n is sampling dates. The eigenvalues 

and eigenvectors of the matrix are computed to determine the principal components (PC), with 

each PC representing a portion of variance in the original dataset. Coefficients of the three 

largest principal components (PC) were correlated with physically sampled soil (% clay, % sand) 

and sampled vegetation parameters (LAI, dry-biomass, stem diameter, crop height) for each 

field. Although soil texture is constant for each field, vegetation properties are temporally 

dynamic, so it was necessary to use the dynamic ranges (max – min) of each parameter in the 

correlation analysis.  

 

2.3 Results  

2.3.1 Up-scaling agreement between θfield sampling and θdense network  

 Shown in Figure 2.2, there is strong agreement between coincident measurements from 

up-scaled θfield sampling and θdense network datasets using arithmetic averaging, with a RMSE of 0.03 

m3m-3. However, it is apparent from Figures 2.2 and 2.3 that there is greater deviation from the 

1:1 relationship for arithmetic averaging on dates with drier soil conditions. To further test the 

robustness of this up-scaling agreement, four other up-scaling techniques are applied to θdense 

network to compare with the θfield sampling data: TS, kriging, IDW and Theissen polygons (Figure 

2.2). Results of this inter-comparison demonstrate that kriging, IDW, and TS result in highly 

similar up-scaled values and similarity in the overall trend with θfield sampling (RMSE’s 0.03-0.04 

m3m-3), whereas Theissen polygons result in a slightly inferior RMSE of 0.05 m3m-3. It is also 

evident in Figure 2.2 that up-scaled soil moisture using Theissen polygons results in a consistent 

over-estimation bias, whereas the other techniques follow more similar trends, showing larger 
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differences between θdense network and θfield sampling in drier conditions. However, other than Theissen 

polygons, which ignores natural spatial and statistical properties of the soil moisture data, RMSE 

is consistently ±0.04 m3m-3 when evaluated against θfield sampling over multiple dates and variable 

conditions. This further confirms the suitability of the dense temporary network to accurately 

capture soil moisture conditions over this domain (at 362 km2). It is also significant that the 3 

most TS sites are accurately representative of measurements from the entire network of 31 

stations (not shown), with RMSE  0.04 m3m-3. It is noted that in this study that TS can only be 

determined over the 6-week study period, and it has been recommended that longer time scales 

(e.g. seasonal records) are evaluated to determine representative locations over a domain for 

long-term validation (Vanderlinden et al. 2012).  

 

 

Figure 2.2 Up-scaling agreement between θSMAPVEX12 field sampling and θSMAPVEX12 dense network 
datasets, where θSMAPVEX12 dense network is determined using arithmetic averaging, Temporal 

Stability, Inverse Distance Weighting, Kriging, and Theissen Polygons. Note: For determination 
of interpolation techniques a 362 km2 footprint was centered on the SMAPVEX12 domain. 

 

31 
 



 Figure 2.3 summarizes the temporal evolution of statistical moments (mean, standard 

deviation, skewness and kurtosis) of θdense network and θfield sampling over SMAPVEX12 sampling 

dates and Figure 2.4 shows the 1:1 agreements between moments. In addition to the agreement 

between up-scaled means (Figure 2.2), there is also strong agreement between standard 

deviations of soil moisture from each date, with < 0.01 m3m-3 RMSE. In contrast to means and 

standard deviations, there is less agreement between the coefficients of skewness and kurtosis, 

which indicates differences in the uniformity and shape of sampling distributions. Shown in 

Figure 2.3, it is evident that the coefficients of skewness and kurtosis are relatively stable over 

the study period for θdense network, but generally fluctuate between sampling dates for θfield sampling. It 

is widely reported that moments of a soil moisture sampling PDF evolve relative to its mean, 

although it has been noted that the behaviour of these relationships is dependent on atmospheric 

forcing or landscape controls (Pan and Peters Lidard, 2008). Different shapes are observed in the 

relationships between means and standard deviations. For θfield sampling there is an upward convex 

relationship quantified by a second order polynomial best fit with r2 of 0.47. In contrast, the 

mean vs. standard deviation of θdense network forms a positive linear relationship with r2 of 0.71. 

However, assessing the CV vs. mean relationships results in a weak negative linear association 

for both datasets with r2 values < 0.25. Negative linear associations are also observed between 

skewnesses and means for both datasets, characterized by a r2 value of 0.66 for θdense network and 

0.25 for θfield sampling.  
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Figure 2.3 Statistical moments of soil moisture from θfield sampling and θdense network datasets on 
SMAPVEX12 sampling dates. Confidence intervals of skewness and kurtosis determined from 

bootstrapping. Error bars in (d) represent daily standard deviation in precipitation over the 
SMAPVEX12 domain. 

 

2.3.2. Inter- and intra-field comparisons between θfield sampling and θdense network  

  Listed in Table 2.1, agreement in absolute values between individual θdense network stations 

to field-means from θfield sampling show that appreciable differences are observed for most fields. 
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The RMSE, mean difference and correlation between data points are assessed for each field 

(Table 2.1). The majority of fields (19 of 31) have a RMSE > 0.04 m3m-3, indicating weak 

agreement in absolute values, and r-values < 0.7, indicating weak agreement between  wetting 

and drying patterns. Correlation is tested between the RMSE’s and mean differences with % clay 

and % sand texture fractions of each field, but no significant (at ρ < 0.05) results are found. 

There is also no evidence of crop type affecting these differences.  
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Table 2.1 Comparisons between individual network stations from θdense network and field-means 
obtained from sampling transects (Figure 2.1b) over SMAPVEX12 sampling dates. 

Soil Texture Vegetation r-value 
RMSE 
(m3m-3) 

BIAS (station – field) 
(m3m-3) 

Sand Soybeans 0.95 0.06 0.06 
Silty Clay Loam Wheat 0.96 0.05 0.04 

Heavy Clay Beans 0.93 0.11 0.09 
Heavy Clay Beans 0.80 0.12 0.11 
Heavy Clay Winter Wheat 0.95 0.05 -0.03 
Heavy Clay Oats 0.94 0.10 -0.08 
Heavy Clay Wheat 0.88 0.06 -0.04 

Sandy Clay Loam Soybeans 0.78 0.04 0.01 
Sandy Clay Loam Corn 0.93 0.04 0.01 
Sandy Clay Loam Corn 0.72 0.11 0.11 

Heavy Clay Wheat 0.88 0.10 0.09 
Loamy Sand Canola 0.64 0.04 0.00 
Loamy Sand Soybeans 0.81 0.14 0.13 

Clay Soybeans 0.88 0.10 0.09 
Sand Corn 0.54 0.03 0.02 
Sand Corn 0.94 0.02 0.00 

Sandy Clay Loam Wheat 0.95 0.08 -0.07 
Loamy Sand Wheat 0.95 0.04 -0.04 
Sandy Loam Soybeans 0.89 0.03 0.03 
Sandy Loam Corn 0.66 0.17 0.17 
Sandy Loam Canola 0.90 0.04 0.00 

Clay Wheat 0.67 0.05 0.04 
Loamy Sand Wheat 0.90 0.04 -0.03 
Sandy Loam Corn 0.65 0.08 0.06 
Heavy Clay Soybeans 0.97 0.02 0.00 
Heavy Clay Soybeans 0.97 0.07 -0.03 
Heavy Clay Soybeans 0.80 0.07 0.05 
Heavy Clay Soybeans 0.95 0.03 0.02 

Clay Soybeans 0.90 0.03 0.00 
Heavy Clay Canola 0.67 0.08 0.02 
Clay Loam Canola 0.74 0.05 0.00 

  
Mean = 0.84 Mean = 0.07 Mean = 0.03 
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 The mean spatial anomalies are compared for these 31 fields over 13 sampling dates in 

terms of rank order to assess similarity in relative soil moisture organization between the 

datasets. Results in Figure 2.4 illustrate that there is positive correlation between the anomalies 

of these datasets (r-value 0.75, ρ < 0.01), although there is considerable scatter in the 

relationship. In particular, there is disagreement when considering pairs of anomalies from 

specific fields and the rank-order is also very different between the datasets. This suggests that 

fields do not follow a similar organization in persistence of wet or dry conditions as measured 

using θfield sampling and θdense network. 
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Figure 2.4 Comparison of mean spatial anomalies (rankings) of 31 fields from θfield sampling and 
θdense network datasets. 

 

 This is further explored using experimental semivariogram analysis. Experimental 

semivariogram properties are listed in Table 2.2, showing important differences in the 

geostatistical elements of the datasets. The range represents the maximum distance of spatial 

correlation between measurement locations, and for the spherical model, is equal to correlation 

length of soil moisture (Webster and Oliver, 2007). The nugget is the amount of variance at zero 

lag distances with increasing nugget values signifying local scale heterogeneity or measurement 

errors less than the measurement spacing of sampled variogram data (Webster and Oliver, 2007). 

For θdense network, there is a negative relationship between the nugget to sill ratio (Co/C) and mean 

soil moisture conditions (r-value = -0.53, ρ < 0.05), which indicates that autocorrelation among 

the spatial data is reduced in dry-end conditions. In contrast, for θfield sampling, there is no trend 

between ranges or nugget to sill ratios and mean conditions. However, the ranges of both 

datasets are significantly correlated (r-value = 0.64, ρ < 0.01), which indicates some similarity in 

the changes of correlation length over the sampling dates. For the last two sampling dates (July 

13 and 14), the ranges dramatically increase for both datasets despite no significant changes in 

mean soil moisture conditions (Figure 2.3). Shown in Figure 2.3, the skewnesses and kurtoses of 
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these datasets also jump on these sampling dates and it is unclear from the sampled data why this 

occurs. However, it is noted that a significant amount of precipitation was recorded on July 12 

(Figure 2.3). An important difference between semivarigram properties is the presence of a 

consistent nugget effect for θdense network, whereas θfield sampling has zero nugget on most dates. The 

Co/C describes the strength of spatial dependence with higher values indicating moderate (25-

75%) or weak (> 75%) spatial dependence. This result suggests that the distributed samples 

within fields from θfield sampling provide a better representation of local soil moisture variability, 

whereas the point level measurements of θdense network insufficiently capture local scale 

heterogeneity.  

 

Table 2.2 Experimental semivariogram properties of: a) θfield sampling; b) θdense network datasets. 
Note: all models are spherical. 

 

2.3.3 Soil texture and vegetation controls on soil moisture spatial variability 

 (a)    (b)    
Date Range 

(m) 
Nugget 

(Co) 
Sill 
(C) 

Co/C Range 
(m) 

Nugget 
(Co) 

Sill 
(C) 

Co/C 

7-Jun 19,688 0.0061 0.014 0.43 8,541 0.0000 0.006 0.00 
2-Jun 13,061 0.0033 0.012 0.27 11,655 0.0000 0.012 0.00 
15-Jun 13,284 0.0037 0.012 0.31 15,653 0.0000 0.016 0.00 
17-Jun 9,065 0.0024 0.012 0.20 12,384 0.0000 0.015 0.00 
22-Jun 11,494 0.0017 0.013 0.13 15,893 0.0000 0.179 0.00 
23-Jun 11,596 0.0037 0.013 0.28 14,271 0.0000 0.016 0.00 
25-Jun 12,431 0.0051 0.012 0.42 14,467 0.0000 0.013 0.00 
27-Jun 14,900 0.0061 0.011 0.55 17,656 0.0000 0.011 0.00 
5-Jul 9,091 0.0037 0.005 0.74 6,264 0.0001 0.003 0.03 
8-Jul 5,998 0.0049 0.006 0.82 5,559 0.0000 0.006 0.00 
10-Jul 10,123 0.0048 0.005 0.96 6,290 0.0001 0.004 0.03 
13-Jul 25,200 0.0024 0.011 0.22 16,278 0.0000 0.010 0.00 
14-Jul 25,200 0.0024 0.010 0.24 22,891 0.0000 0.009 0.00 
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 Results of PCA of daily soil moisture spatial anomalies are presented in Table 2.3, 

demonstrating that soil texture is the dominant control affecting spatial variability of these 

datasets. Percent sand and clay texture fractions are strongly correlated with PC1 of both datasets 

and also PC2 of θdense network. The control of soil texture on soil moisture variability over the 

SMAPVEX12 domain is expected, and has also been described by McNairn et al. (2015), Manns 

and Berg (2014) and others. However, the results in Table 2.2 provide unique insights into the 

influence of vegetation controls and differences in controls on soil moisture variance between 

network (point) samples compared to field-means from distributed (transect) samples. 

Vegetation parameters (LAI, total dry biomass, and crop height) are significantly correlated to 

PC1 of θfield sampling, whereas no significant correlations are present for θdense network. This indicates 

that vegetation imparts a significant control on the spatial variability of soil moisture from θfield 

sampling but does not statistically affect soil moisture observed from θdense network. 

 

Table 2.3  PCA of soil moisture spatial variability and correlations with sampled soil texture and 
vegetation properties of SMAPVEX12 fields: a) θSMAPVEX12 field sampling; b) θSMAPVEX12 dense network. 

a)    
 PC1 (44%) PC2 (14%) PC3 (8%) 

%clay 0.87** NS NS 
%sand -0.93** NS NS 
ΔLAI 0.44** NS NS 

Δcrop biomass -0.35* NS NS 
Δcrop stem diameter NS NS NS 

Δcrop height -0.52** NS NS 
 

b) 
   

 PC1 (53%) PC2 (12%) PC3 (7%) 
%clay -0.70** 0.46** NS 
%sand -0.75** -0.34* NS 
ΔLAI NS NS NS 

Δcrop dry biomass NS NS NS 
Δcrop stem diameter NS NS NS 

Δcrop height NS NS NS 
  ** significant at ρ < 0.01, * significant at ρ < 0.05, NS not significant at ρ < 0.05 
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2.4 Discussion 

2.4.1 Up-scaling similarity between θfield sampling and θdense network  

 It is generally assumed that a high N of randomly distributed point observations will 

provide the best estimate of the true soil moisture conditions over an aerial footprint (Crow et al. 

2012). For example, Cosh et al. (2008) use this assumption to validate up-scaling of a network 

during SMEX04, and Rowlandson et al. (In Press) evaluate a dense network during CanEX-

SM10. Therefore, θfield sampling can reasonably be assumed to provide the best estimate of the true 

conditions of this domain over each sampling date and could independently be used for 

validation of satellite soil moisture data. The up-scaling comparison of θdense network shows that 

adequate agreement exists between these datasets at 362km2, especially with arithmetic averaging 

of θdense network (RMSE 0.03 m3m-3), indicating that both datasets provide a similar representation 

of the up-scaled, or regional, soil moisture conditions. Satellite soil moisture products, such as 

SMOS or SMAP, give a snapshot of near-surface soil moisture state at times corresponding to an 

orbital pass (e.g. 6 am and 6 pm). Accurate representation (e.g. < 0.04 m3m-3) of the mean 

conditions within a satellite footprint is the only in-situ information required for validation. 

Consequently, validation statistics are calculated temporally and it is also necessary to evaluate 

up-scaling accuracy of in-situ datasets according to this approach.  

 

 Up-scaling measurements from 31 stations to represent the coarse support scale of a 

satellite soil moisture footprint (362km2) is achieved by spatial aggregation of the individual 

point samples (Bloschl and Sivapalan, 1995). Although arithmetic averaging provided the lowest 

RMSE, other geospatial weighting techniques are tested to investigate their impact on the 
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calculation of a spatial mean. The daily ranges in mean soil moisture from the tested up-scaling 

techniques are between 0.02 and 0.07 m3m-3 but the range in up-scaling RMSE between the 

techniques is only 0.02 m3m-3 (Figure 2.2). The correlation between up-scaled soil moisture from 

the techniques is high (r = 0.99).  

 

 Point-based network datasets are suitable for up-scaling to coarse satellite footprint scales 

due to the inverse relationship between support scale and variance (Rodriguez-Irtube et al. 1995; 

Hu et al. 1997; Crow and Wood, 1999; Ryu and Famiglietti, 2006; Famiglietti et al. 2008). 

Therefore, as in-situ measurements are spatially aggregated (i.e. averaged) into an up-scaled 

value, the true spatial variance is always reduced, resulting in convergence of data values from 

different sources. This is demonstrated by both the similarity in up-scaled values from θfield 

sampling and θdense network and also the similarity in up-scaled values from θdense network as determined 

from the 5 techniques compared in Figure 2.2. It is noted that this could also be described as 

‘smoothing’ resulting from the modifiable areal unit problem affecting spatial data (Dark and 

Bram, 2007). Although a network with a high N of stations was assessed in this study (31 

stations), Crow et al. (2012) summarize that accurate up-scaling can be achieved using as few as 

~1-3 point measurements of ~160 cm3 within a coarse footprint. This was demonstrated by the 

up-scaling RMSE of temporal stability in Figure 2.2, which was achieved using data from only 3 

of the 31 soil moisture stations.  

 

 In addition, the skill of θdense network in representing the up-scaled conditions over this 

domain supports the use of dense networks as an alternative to intensive field sampling for 

developing and evaluating up-scaling functions of sparser observations. For example, Cosh et al. 
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(2013) and Bell et al. (2013) use dense networks to evaluate up-scaling accuracy of permanent 

soil moisture records of interest to satellite validation activities. Although intensive field 

sampling is valuable for this purpose (e.g. de Rosnay et al. 2009; Cosh et al. 2008), dense 

networks are a far more efficient alternative, particularly in less accessible regions. Crow et al. 

(2012) summarize that many soil moisture networks (e.g. sparse networks) do not meet spatial 

densities necessary to accurately represent the coarse spatial support of satellite footprints. Thus, 

it is critical that accurate up-scaling of networks for validation is established and results from this 

study confirm that dense temporary networks provide a method to test this.   

 

2.4.2 Differences between θfield sampling and θdense network: implications for downscaling satellite 

soil moisture  

 Giorgi and Avissar (1997) provide a review of the issues associated with gridded data in 

land-surface modelling and data assimilation and, specifically, the inherent masking of sub-grid 

land-surface variability. Many studies have been dedicated to assessing the impacts of ignoring 

or recognizing this issue on model performance (e.g. Pan and Wood, 2010; Crow and Wood, 

2002; Bronstart and Bardossy, 1999; Famiglietti and Wood, 1994; Entekhabi and Eagleson, 

1989) and proposing methods to parameterize sub-grid variance (e.g. Famiglietti et al. 2008; 

1999; Ryu and Famiglietti, 2006; Crow et al. 2005). Studies that are focused on modelling and 

data assimilation generally rely on stochastic techniques, which are concerned with statistical 

(e.g. moments of PDFs) representations of soil moisture variability, but are indifferent to its 

spatial representation.  
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 Previous studies have reported on the standard deviation/mean relationship of soil 

moisture (e.g. Famiglietti et al. 2008; 1999), such as discussed in Section 2.3.1. Although there is 

close agreement in values of means and standard deviations (Figure 2.3), results of this study 

show conflicting shapes of the standard deviation/mean relationship and that second-order 

statistical moments remain more stable for θdense network. The upward convex relationship observed 

for θfield sampling is analogous to the shape reported by Famiglietti et al. (2008), also based on field-

sampling. This relationship indicates that soil moisture variability peaks at approximately mid-

range soil moisture conditions and decreases in wet-end conditions. In contrast, the linear 

relationship observed for θdense network shows standard deviation increasing in wet-end conditions 

and decreasing in dry-end conditions. Several studies have commented on the behaviour of the 

relationships between statistical moments and this contradiction is possibly owing to the 

differences in soil controls affecting the spatial variance of these datasets (Table 2.3). For 

example, it has been suggested that the behaviour of these relationships is affected by rates of 

soil wetting and drying due to spatial heterogeneity of soil hydraulic properties (Vereecken et al. 

2008) or evaporation due to vegetation (Teuling and Troch, 2005).  

 

 For deterministic methods, it is imperative that in-situ characterization of soil moisture 

variability is spatially accurate for developing disaggregation techniques (Western et al. 2002). 

The differences in aspects of soil moisture variability at the field-level reported in Figure 2.4 and 

Tables 2.1 to 2.3 raise uncertainty for characterizing soil moisture variability using dense 

networks and suggest that caution should be applied when relying on dense networks to infer 

variance and scaling properties used for deterministic techniques.  
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 Disagreement in the mean anomaly rankings (Figure 2.4) indicates that observations from 

sampled fields do not share an identical spatial organization. As such, the relative rankings of 

wet or dry end fields differ over sampling dates. This raises uncertainty as to whether a network 

representation of variability over the footprint is a true measure of land-surface variability, or 

rather, simply a representation of the network variability. This is an obvious problem for 

deterministic downscaling because there is different spatial representation of variability between 

datasets. At the field-level, this is attributed to the absolute differences between field-means and 

network stations (Table 2.1). The absolute differences at the field level suggest caution should be 

applied when using network stations for calibration and validation of models that simulate field-

level soil water and energy budgets or high resolution remote sensing (e.g. synthetic aperture 

RADAR). For example, development and testing of a deterministic method to downscale coarse 

satellite soil moisture using a distributed hydrological model or high resolution remote sensing 

will yield different results dependent on whether a network or field sampling dataset is used.  

 

 Semi-variogram analysis is a common technique for soil moisture spatial analysis and 

many studies report semi-variogram properties to characterize aspects of soil moisture variability 

over satellite footprint scales (e.g. Joshi and Mohanty, 2010; Cosh et al. 2004a; Mohanty et al. 

2000; Charpentier and Groffman, 1992). The differences in experimental semi-variogram 

properties (Table 2.2) demonstrate that θfield sampling and θdense network have different geostatistical 

properties, despite representing spatially co-located observations from the same fields. The 

persistent nugget effect from θdense network implies that the spatial variability captured by network 

stations are insensitive to local controls on variability, which is likely related to vegetation based 

on the results in Table 2.3. Implications of the results in Table 2.2 are that different semi-
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variogram properties will arise based the use of either dense networks or field sampling. For 

example, if a dense network is used to determine temporal evolution of soil moisture spatial 

structure over a coarse satellite footprint scale, critical differences may arise in the spatial 

properties inferred relative to results obtained from a field sampling campaign.  

 

 Results of PCA (Table 2.3) suggest that the distributed sampling observations within 

fields of different crop types are affected by vegetation due to crop physiology and timing in 

plant growth cycles, which influences soil water uptake, evaporation from near-surface soil 

layers and canopy interception of precipitation. In contrast, the soil measurement from the single 

point level network station is in the same buried location in each field and the soil moisture 

conditions at this single location are less likely to reflect changes in soil moisture properties due 

to vegetation. The control of vegetation on local soil moisture variability has been shown 

previously (e.g. Hupet and Vanclooster, 2002). Implications of this result suggest that different 

representations of physical controls on soil moisture variability may impart errors in 

development of deterministic downscaling methods. A major component of multi-sensor and/or 

multi-frequency remote sensing downscaling approaches reported in the literature is based upon  

capturing controls on soil moisture variability, including vegetation. For example, Piles et al. 

(2011) propose a method to downscale SMOS soil moisture using MODIS retrievals of 

vegetation properties. Results in this study suggest that relying on point-based soil moisture 

samples (i.e. dense network) implies that knowledge of soil texture, or soil properties known to 

be highly correlated to soil texture, are sufficient for spatial disaggregation of soil moisture over 

this domain. However, field sampling highlights the sensitivity of soil moisture to vegetation.   
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2.5 Conclusion 

 This paper provides an analysis of near-surface (~5 cm) soil moisture observations on 

SMAPVEX12 sampling dates from two coincident datasets: intensive field sampling of ~55 

fields and a dense temporary network of 31 monitoring stations (θfield sampling and θdense network). 

Although networks are increasingly used for satellite soil moisture product validations (e.g. 

Aquarius, SMOS, SMAP), intensive field sampling campaigns have traditionally been conducted 

for pre-/post-launch validation. In addition, much of the existing research into characterization of 

soil moisture variability and scaling behaviour, and development of downscaling methods has 

originated from these datasets. This analysis gives insight into the role of a dense network 

operated in place of a field sampling campaign and, specifically, what implications arise from 

relying on the dense network to obtain information on soil moisture scaling and variability.  

 

 For post-launch validation purposes, similarities in the up-scaling information show that a 

dense network is suitable for accurately representing the domain (~0.04 m3m-3 RMSE). However, 

differences between paired network and field-sampled averages over 31 fields indicates that 

important differences exist in the data at smaller scales. This has implications for developing and 

testing statistical or modelling-based downscaling functions over a domain and for characterizing 

behaviour of soil moisture variability and controls. In particular, differences in the spatial 

distribution of soil moisture between datasets suggests caution for deterministic methods based 

on network datasets.  
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Chapter 3 
 
Evaluation of near-surface soil moisture data from an AAFC monitoring network 

in Manitoba, Canada: implications for L-band satellite validation 
 
This manuscript is published: Adams, J.R. et al., 2015. Journal of Hydrology, vol. 521,  
pp. 582-592. doi: 10.1016/j.jhydroL2014.10.024 
 
 
This paper examines near-surface soil moisture data (top ~6 cm) from an Agriculture and Agri-
food Canada (AAFC) monitoring network in southern Manitoba, Canada, over the 2012 and 
2013 growing seasons. This network is intended for use (in part) as a core validation site for the 
Soil Moisture Active Passive (SMAP) mission. The network currently consists of 9 stations sited 
within agricultural fields. Each station uses a triplicate configuration of horizontally installed 
Hydra Probe soil moisture sensors at near-surface (~5 cm) to root-zone soil depths, in addition to 
permanently installed vertical surface sensors (0–5.7 cm). This domain was studied intensively 
over the 6.5 week SMAPVEX12 ground campaign in June/July 2012, providing coincident soil 
moisture datasets to assess network up-scaling over the domain. Results demonstrate that 
statistical differences exist between the network-level data from the horizontal (θ3.5–6.5cm) and 
vertical (θ0–5.7cm) surface Hydra Probes over 2012–13. Bootstrap resampling shows that a mean 
difference of 0.018 m3m-3 (at 99% confidence) is observed between θ3.5–6.5cm and θ0–5.7cm 
measurement depths (θ0–5.7cm sensors exhibit dry bias). Individual station analysis shows that the 
largest differences between θ3.5–6.5cm and θ0–5.7cm measurement depth occur at sites with higher 
clay content, whereas sensors located in sandy soils exhibit negligible differences. Up-scaling 
comparisons of the AAFC network to field-sampled data and a dense temporary network over 
SMAPVEX12 demonstrate that it is representative of the domain within 0.04 m3m-3 RMSE. This 
suggests that the AAFC network is suitable for coarse resolution L-band microwave soil 
moisture validation. Comparison of Soil Moisture Ocean Salinity (SMOS) Level 2 soil moisture 
product data to the up-scaled AAFC network data over 2012–13 shows that superior temporal 
correlation is found with the θ0–5.7cm dataset. The difference in RMSEs between the SMOS 
comparisons to θ3.5–6.5cm and θ0–5.7cm network datasets is approximately 0.018 m3m-3. These 
results suggest that differences of near-surface measurement depth and sensor configuration 
should be considered when conducting L-band satellite validation. 
 
 
3.1 Introduction  

 L-band passive microwave soil moisture retrieval algorithms are in development for 

current and future satellite missions. In particular, the Soil Moisture Ocean Salinity (SMOS) and 

Soil Moisture Active Passive (SMAP) missions are designed to provide coarse resolution (9 to 

40 km) near-surface soil moisture estimates every few days (Kerr et al. 2010; Entekhabi et al. 
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2010a). Soil moisture data from these missions has application to supporting agricultural risk 

reduction strategies (McNairn et al. 2012), and for improving the forecast skill of climate and 

hydrological processes (e.g. Drewitt et al. 2012; Koster et al. 2011). The accuracy of these soil 

moisture products are stringently targeted to be ± 0.04 m3m-3 root mean square error (RMSE) of 

true soil moisture (Entekhabi et al. 2010b). Assessing whether this RMSE target is achieved 

relies on the availability of ground-based validation datasets of similar accuracy (Crow et al. 

2012). In-situ monitoring networks are widely used for this purpose, comprised of individual 

monitoring stations primarily sited over agricultural domains (Ochsner et al. 2013; Dorigo et al. 

2011). It is imperative that in-situ network measured soil moisture is not only accurate, but also 

as representative of satellite retrievals as possible. The scope of this paper is to address the issues 

of comparable i) spatial scale, and ii) retrieval depth between L-band satellite soil moisture 

products and in-situ network data.  

  

 Researchers have established methods to scale in-situ network point data to be 

representative of the coarse spatial support of satellite pixels, such as from SMOS and SMAP 

(Crow et al. 2012). For example, the SMAP mission science plan outlines data quality standards 

of select networks to serve as ‘core’ validation sites for post-launch retrieval algorithm testing 

(Entekhabi et al. 2010a). A critical requirement of these networks is that up-scaled soil moisture 

data are spatially representative of SMAP pixels at ± 0.04 m3m-3 RMSE. Crow et al. (2012) 

summarize the complexity of up-scaling in-situ network data, particularly because the number of 

stations, spatial extent, and controls on soil moisture variability differ between each validation 

domain. In addition, capturing a soil moisture spatial mean within this error target requires that 

either a statistically determined number of stations are deployed (e.g. Student’s t-distribution) or 
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measures are taken to strategically locate fewer stations in the most representative locations. 

Many of the current validation networks do not meet the minimum statistical number of stations 

required to represent a domain mean at ± 0.04 m3m-3 RMSE (Crow et al. 2012). Instead these 

networks rely on site selection strategies to install stations at the most representative locations 

over the domain, such as temporal stability analysis (e.g. Cosh et al. 2006), or geostatistical 

weighting (e.g. Dente et al. 2012). Assessing the up-scaled network RMSE can be achieved by 

comparison to temporary, but spatially denser, independent datasets (e.g. field sampling or 

temporary networks) (Cosh et al. 2013; Bell et al. 2013a; Heathman et al. 2012). The basic 

assumption of this approach is that the denser spatial coverage (i.e. larger sample N) of the 

independent datasets increases the statistical confidence of capturing the true spatial mean over 

the network domain. If the up-scaled network is evaluated over a range of wet-to-dry soil 

moisture conditions, it is also generally assumed that this assessment is valid over extended time 

periods (Cosh et al. 2013).  

 

 Less attention has been given to confirmation that the soil measurement depth of in-situ 

networks is representative of effective L-band retrieval depth. Soil moisture is generally 

estimated from satellite radiometers using inversion modelling of microwave emissions. Over 

agricultural soils, L-band microwave emissions are estimated to be sensitive to water content 

within the top ~5 cm of the soil surface (Ulaby et al. 1986). Most soil moisture retrieval 

algorithms assume that soil moisture is uniform within the top ~5 cm of soil (Jackson et al. 

2012). Soil microwave emission models (e.g. Wilheit and Fresnel) are most accurate when the 

correct soil moisture depth is used (effective depth). Ground-based radiometer experiments have 

shown that the effective depth at L-band is typically in the ~0-2 cm soil layer (θ0-2 cm) 
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(Escorihuela et al. 2010; Raju et al. 1995; Wang 1987). It is noted in these studies that the 

effective L-band retrieval depth is shallowest during wet-end soil moisture conditions. Despite 

these findings, the standard for in-situ network instrumentation is to measure near-surface soil 

moisture using horizontally installed impedance sensors at a 5 cm reference depth (Ochsner et al. 

2013; Dorigo et al. 2011). This is primarily due to the geometry of common soil moisture sensors 

(e.g. Stevens Hydra Probe) and practical considerations associated with long-term field 

installation. Specifically, horizontal installation of a soil moisture sensor at a 5 cm depth 

(opposed to a shallower depth) limits spurious measurements occurring due to a dislodged sensor 

from topsoil erosion. The geometry and operating principles of the commonly deployed Hydra 

Probe soil moisture sensor (Stevens Water Monitoring Systems, Inc., Portland, OR) mean that 

the 5 cm installation depth is mainly representative of a soil layer of approximately 3.5-6.5 cm 

(θ3.5-6.5 cm). It has been suggested by numerous researchers that the difference of fixed in-situ 

network measurement depth (θ3.5-6.5 cm), relative to a shallower L-band microwave retrieval depth 

(θ0-2 cm), may impart a source of bias when conducting validation of satellite (e.g. SMOS) based 

soil moisture estimates using in-situ networks (e.g. Scaini et al. 2014; Al Bitar et al. 2012; 

Collow et al. 2012; Escorihuela et al. 2010; Albergel et al. 2009).  

 

 Previous research has shown, using both empirical soil modeling and physical 

observations, that near-surface soil moisture gradients (cm) are present in agricultural soils and 

that, unless a recent precipitation event has occurred, the top layers of soil are generally drier due 

to evaporation (Adams et al. 2013; Escorihuela et al. 2010; Le Morvan et al. 2008; Bosch et al. 

2006; Boisvert et al. 1995; Bruckler et al. 1988). Near-surface soil gradients are most observable 

for finer textured soils due to slower rates of water movement (Hillel 1998). However, field-
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sampled soil moisture measurements are typically conducted using impedance sensors inserted 

vertically into the soil surface, for a vertical (θ0-5.7 cm) measurement depth. This configuration 

theoretically provides an integrated water content measurement over the soil layers within the 

top ~6 cm of the surface (Seyfried et al. 2005). It is asserted for the Hydra Probe that the θ0-5.7 cm 

measurement depth is more representative of L-band microwave retrievals because it captures an 

arithmetic average of the top cm soil moisture gradients (Seyfried et al. 2005). These θ0-5.7 cm 

sampled data are used both for network station up-scaling evaluation (i.e. compared to 

permanently installed θ3.5-6.5 cm data)(e.g. de Rosnay et al. 2009), and for aircraft and satellite 

based retrieval algorithm validation during intensive field experiments (e.g. McNairn et al. 2015; 

Magagi et al. 2013; Panciera et al. 2013). Although these θ3-5.6.5 cm and θ0-5.7 cm data are usually 

compared interchangeably, it is unknown what effect this measurement difference has on 

validation activities.  

 

 In response to the need for additional validation sites over Canada, Agriculture and Agri-

food Canada (AAFC) has established an operational in-situ network (2012-present) in southern 

Manitoba. The AAFC network is designed to support the ongoing development of satellite-based 

monitoring approaches for the Canadian agricultural sector (McNairn et al. 2012; Champagne et 

al. 2011). The AAFC network domain was studied intensively as part of the pre-launch Soil 

Moisture Active Passive Validation Experiment in 2012 (SMAPVEX12) ground campaign, and 

is expected to be used for future remote sensing validation campaigns. Independent soil moisture 

datasets collected over SMAPVEX12 provide an opportunity to evaluate the up-scaled AAFC 

network RMSE. In addition, the AAFC network stations are instrumented with permanently 

installed near-surface Hydra Probe sensors to measure both θ3.5-6.5 cm (horizontal installation) and 
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θ0-5.7 cm (vertical installation) soil depths. This enables a long-term research comparison of station 

specific and network-level measurement differences. The objective of this paper is to introduce 

the AAFC network and evaluate near-surface data from both measurement configurations over 

two growing seasons (2012-13) and during SMAPVEX12. Two research questions are addressed 

using this dataset: 

i)   Does the AAFC network represent domain level soil moisture at < 0.04 m3m-3 RMSE? 

ii)  What differences are observed between θ3.5-6.5 cm and θ0-5.7 cm soil moisture measurement 

depths and what implications does this have for L-band soil moisture product validation? 

 

3.2 Data and methods 

3.2.1 Study area and AAFC network dataset  

 The AAFC network domain is within the extent of the upper Red River watershed, in 

southern Manitoba, Canada (Figure 3.1). The domain also covers the central portion of the 

Brunkild sub-watershed. Topography of this area can predominantly be described as flat to 

gently undulating (slopes < 2%). This domain is unique compared to other domains described in 

the literature (e.g. Champagne et al. 2010) as it contains a considerable amount of spatial 

variability in both soil texture and seasonal crop cover. Land-cover is divided into equal 2.6 km2 

parcels generally delineated by north-south/east-west grid roads. Agricultural production 

dominates the land-use of these parcels. Seasonal field-level crop maps are operationally 

provided over this area by AAFC using optical and synthetic aperture RADAR (SAR) remote 

sensing (Fissette et al. 2013). The cropping systems usually involve a mix of: cereals, soybeans, 

canola, and corn. Cropping cycles in this area typically occur between late May/June 

(emergence) to August/September (harvest). Detailed soil texture data are provided for this area 
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in the Soils Landscapes of Canada (SLC) database  

(http://sis.agr.gc.ca/cansis/nsdb/slc/index.html). There is contrast in dominant texture in this 

study area as the north/east portion is predominantly defined by clay soils and the south/west 

portion is predominantly defined by loam and sand soils. Further details of land-use and soil 

texture distribution in this study area are reported in McNairn et al. (2015), Manns and Berg 

(2014), Rowlandson et al. (2013) and McNairn et al. (2012).  

 

The AAFC network currently consists of 9 independent stations sited within agricultural 

fields (Table 3.1). Station 7 was excluded from this study due to on-going data transmission and 

power outages unrelated to the other stations. The maximum north-south distance between 

stations is approximately 30 km and the maximum east-west distance is approximately 7 km 

(Figure 3.1). The AAFC network station locations were chosen prior to installation using 

geostatistical analysis. A stratified sampling approach was used, similar to the methodology 

described by Dente et al. (2012). This was done to spatially sub-divide the domain into 

homogenous sub-groups. It is expected that the soil moisture conditions over the domain can be 

represented by a small number of stations by siting them to represent each of the sub-groups 

(stratum). Earlier field sampling over this domain during experiments in 2008 and 2009 

suggested that soil texture is a primary control on soil water content variability (Manns et al. 

2014). In addition, high resolution spatially distributed patterns of SAR soil moisture estimates 

provided an initial guess of the soil moisture spatial distribution over the domain as a cost 

function to limit spatial autocorrelation between prospective station locations (McNairn et al. 

2010). Texture maps and SAR observations were first used to spatially define the strata, and then 
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further intra-strata suitability analysis was completed to optimize station site selection according 

to site access and land-owner agreement. 
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Figure 3.1 a) AAFC network domain including SMAPVEX12 sampling fields (according to 2012 crop type), b) schematic diagram of 
AAFC network station design. 

 

 

Table 3.1 AAFC network station soil texture and vegetation descriptions. 

 MB1 MB2 MB3 MB4 MB5 MB6 MB7 MB8 MB9 
0-6cm  
Texture 

Sandy 
Loam 

Clay  
Loam 

Sandy Clay  
Loam 

Sand Clay Heavy  
Clay 

Sandy 
Loam 

Heavy  
Clay 

Sandy 
Loam 

2012 Crop Corn Field Beans Soybeans Corn Wheat Wheat Soybeans Wheat Soybeans 
2013 Crop Corn Corn Soybeans Soybeans Corn Soybeans Corn Soybeans Oats 
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Each station records observations at 15 minute intervals and transmits data via live 

telemetry to an AAFC reception facility. The station infrastructure (electronics, solar panel and 

tipping bucket precipitation gauge) is located near the edge of each field, and buried cables 

connect 6 to 30 m to a measurement profile located within the active portion of the agricultural 

field (Figure 3.1). This design criteria is intended to improve the representativeness of station 

observations over corresponding fields by capturing vegetation and land management influences 

on the measured soil profile. It has been demonstrated that sensors placed at the edge of fields 

show relatively weaker agreement with field measurements and are less likely to exhibit 

temporal stability characteristics of a field (Heathman et al. 2012). A triplicate configuration of 

Stevens Hydra Probe II (hereafter referred to as the Hydra Probe) soil moisture sensors (Stevens 

Water Monitoring Systems, Inc., Portland, OR) are installed horizontally in the measurement 

profile at depths of 5, 20, 50 and 100 cm (Figure 3.1). Additional triplicate probes are installed 

vertically at the soil surface (Figure 3.1). At each depth the triplicate probes are less than 30-50 

cm apart.  

 

To our knowledge, the triplicate probe configuration is unique among other reported in-

situ networks. The USCRN network employs triplicate measurements but profiles are spaced up 

to 10 m apart (Bell et al. 2013b). This configuration is advantageous for identifying spurious 

observations and faulty sensors, and providing an improved understanding of micro-level 

variability affecting soil moisture measurement. The measurement redundancy at each depth 

limits operational data gaps (in the case of faulty sensors). Both automated and human quality 

control procedures are performed for these data using some of the techniques explained by 

Dorigo et al. (2013). This includes qualitatively examining for characteristic precipitation 
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responses at near-surface depths (Dorigo et al. 2013) and flagging sensor observations with loss 

tangent values known (> 1.45) to result in significant deviation from dielectric permittivity/soil 

water content calibrations (Seyfried et al. 2005). For the purposes of this study, only 1 of the 3 

replicate Hydra Probes at each station were used in data analysis. This was determined during 

initial data quality assessment and control. Automatically averaging between replication sensors, 

and including a spurious observation, results in an erroneously skewed observation. Therefore, 

the selected Hydra Probe had the most continuous time-series and the least evidence of 

malfunction or spurious data values, following methods described by Dorigo et al. (2013). The 

selected Hydra Probe at each network station was used throughout the entire dataset. In addition, 

the AAFC network datasets currently avoid freeze/thaw periods during early spring and late 

autumn by conservatively flagging real dielectric and soil temperature values that indicate frozen 

soils, in addition to assessing ancillary air temperature patterns.  

 

The Hydra Probe is deployed over many existing soil moisture monitoring networks 

(Ochsner et al. 2013; Dorigo et al. 2011). The measurement capabilities of the Hydra Probe have 

been established by numerous researchers using field and laboratory studies, indicating that 

minimal inter-sensor dielectric response exists (e.g. Seyfried et al. 2005). The Hydra Probe 

records dielectric permittivity of soil using 4 measurement tines (5.7 cm long, 0.3 cm diameter 

per tine, 3 cm sampling diameter) extending from a cylindrical shaped instrument head. These 

values are used to derive volumetric soil moisture (via soil specific dielectric permittivity/soil 

water content calibration) according to a theoretical association outlined by Campbell (1990). A 

thermistor plate is also located at the base of the sensor head for soil temperature measurement. 

The horizontally buried sensors are assumed to measure soil dielectric permittivity and 
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temperature primarily over a layer of soil approximately between 3.5 to 6.5 cm (θ3.5-6.5cm), 

whereas the vertically installed sensors measure dielectric over an integrated depth of 0-5.7 cm 

(θ0-5.7cm) and soil temperature is measured from the skin surface. To mitigate concerns over 

vertically installed sensors becoming dislodged from the soil, frequent site visits are performed 

by AAFC staff to ensure that the sensor is firmly positioned against the soil surface so that 

measurement tines are not exposed to air. Site and depth specific calibrations were developed for 

each network station to limit systematic measurement error of the sensors to < 0.04 m3m-3. 

 

 In this study, network-level statistical moments of the probability density function (PDF) 

(mean, standard deviation, skewness, kurtosis) are assessed over the 2012-13 dataset to compare 

between θ3.5-6.5cm and θ0-5.7cm measurement depths. These moments were only assessed during 

periods of data confidence in all θ3.5-6.5cm and θ0-5.7cm network observations coincidentally, 

resulting in some temporal data gaps. Comparisons were performed between the paired statistical 

moments from the θ3.5-6.5cm and θ0-5.7cm datasets using bootstrap resampling (Good, 2006). This 

involved randomly selecting 30 uniformly distributed observations from the original dataset and 

calculating the mean difference between these selected values, then repeating this step 1,000 

times. The 1,000 mean differences are sorted so that the 5th and 995th values form a 99% 

confidence interval (Cosh et al. 2006). This statistical technique eliminates the inherent problem 

of temporal autocorrelation among the dataset and ensures that a robust statistical confidence can 

be obtained when comparing between measurement depths. Following Famiglietti et al. (2008), 

the network means are also compared to other statistical moments (Coefficient of Variation 

(CV), skewness, kurtosis) to identify shifts in the shape of the PDF relative to overall moisture 

conditions. The CV is calculated as the ratio between a standard deviation and the mean. The 
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bootstrap resampling technique was also applied to datasets from each individual network station 

to determine site specific differences between near-surface measurement depths.  

 

3.2.2 SMAPVEX12 ground datasets 

SMAPVEX12 involved intensive soil and vegetation sampling in up to 55 agricultural 

fields over the AAFC network domain from June 6 to July 19, 2012. For a complete experiment 

and database description, refer to McNairn et al. (2015). A denser network of 31 temporary soil 

moisture stations were installed in selected SMAPVEX12 sampling fields over the duration of 

the experiment. The dense temporary soil moisture network employed horizontally installed 

Hydra Probe sensors buried at a depth of 5 cm (i.e. 3.5 to 6.5 cm), but did not include vertically 

installed sensors. None of the temporary network stations were co-located in the same field as 

the AAFC network stations. The 31 temporary network station measurements were averaged to 

produce a network mean (θSMAPVEX12 network mean). 

 

On 17 sampling days, soil moisture was sampled intensively within agricultural fields 

using portable impedance probes analogous to the sensors used in both the AAFC and dense 

temporary networks (Rowlandson et al. 2013). Field sampling was completed over two 525 m 

transects, roughly extending outward from an in-situ soil moisture station. A total of 48 soil 

moisture measurements were taken at 16 sampling points along the two transects (for further 

details, refer to Rowlandson et al. 2013). These values were averaged for each field to produce a 

field-mean value, then these ~55 field-means were averaged to produce an up-scaled domain 

mean (θSMAPVEX12 field sampling mean). Consistent with other major ground validation datasets (e.g. 

Magagi et al. 2013) intensive soil moisture sampling was conducted so that the impedance 
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probes were vertically inserted into the soil for a ~0-6 cm integrated depth. Sampling was 

completed in 7 of the 9 fields where AAFC network stations are located, enabling direct 

comparison of sampled field-mean soil moisture (from transects) to coincident point 

measurement of the AAFC network station located in a sampled field.  

 

Field-sampled soil moisture measurements and Hydra Probe measurements from the 

dense temporary network were calibrated using in-field gravimetric samples to obtain an 

accuracy of < 0.04 m3m-3 RMSE, according to the methodology detailed by Rowlandson et al. 

(2013). The θSMAPVEX12 network mean
 and θSMAPVEX12 field sampling mean datasets are assumed to represent 

true soil moisture conditions over the domain due to the high sampling N and a random spatial 

sampling distribution of fields that captured a range of soil texture conditions characteristic of 

the conditions present over the domain. These independent datasets are the best available 

physical observations for evaluating the up-scaled AAFC network RMSE and are similar to 

methodologies used in previous up-scaling evaluations of permanent networks (e.g. Cosh et al. 

2013; Bell et al. 2013a; Heathman et al. 2012). The up-scaled AAFC network RMSE was 

assessed by comparison to the corresponding observations for θSMAPVEX12 network mean
 and 

θSMAPVEX12 field sampling mean. This is performed for 14 of the 17 intensive sampling days where 

complete measurements are available from each of the datasets. The up-scaled AAFC network 

RMSE is determined according to Eq. 3.1:  

Eq. 3.1 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑(𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑−𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑑𝑑𝑛𝑛𝑛𝑛)2

𝑁𝑁
 

where Σ represents sum, N represents total number of observations, and domain represents either 

θSMAPVEX12 network mean
 or θSMAPVEX12 field sampling mean. 
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3.2.3 Soil Moisture Ocean Salinity (SMOS) Level 2 soil moisture product 

SMOS Level 2 soil moisture product (θSMOS L2) data were acquired from the European 

Space Agency (ESA) over the network domain for the 2012-13 growing seasons for comparison 

with the AAFC network time series. The SMOS data uses the Level 5.51 v. soil moisture 

processor. This processor exploits the tau-omega model to compute soil dielectric and vegetation 

water content from observed multi-angular brightness temperature, and an iterative optimization 

approach to achieve a best fit between observed and modelled brightness temperatures (Kerr et 

al. 2012). These data are processed to a 15 x 15 km gridded resolution using the Discrete Global 

Grid (DGG) (Dumedah et al. 2014). Five 15 x 15 km SMOS grid cells encompassed the AAFC 

network stations. This was determined using an equidistant selection method where the DGG 

centroid closest to the station was extracted.  

  

 For statistical comparison, the five 15 x 15 km θSMOS L2 estimates were arithmetically 

averaged and compared to hourly network data at the closest corresponding time. Jackson et al. 

(2012) similarly used arithmetic means for a comprehensive SMOS evaluation over watershed 

scale networks in the US. Al Bitar et al. (2012) found minimal difference between RMSE of in-

situ network measured soil moisture vs. SMOS estimated soil moisture for the arithmetic 

averaging or a spatially weighted method (e.g. Theissen polygons). At this latitude, θSMOS L2 data 

are available for comparison daily with an ascending (06:00) and descending (18:00) orbital 

pass, but every 2-4 days there are no data available over the study area. In addition, θSMOS L2 data 

are sometimes masked out due to the default ESA flags for soil and vegetation. SMOS data were 

only considered for comparison to the in-situ data when soil moisture estimates from all five 

DGG grid cells were available during an orbital pass. Over 2012-13, a total of 105 θSMOS L2 data 
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points were available for comparison for the ascending orbital passes and 100 data points were 

available for the descending orbital passes. These data points were compared to the coincident 

AAFC network θ3.5-6.5 cm and θ0-5.7cm datasets using Pearson Product Moment Correlation 

Coefficients (r-values) and RMSE (Eq. 3.2). The r-values provide a measure of temporal 

agreement between the datasets and the RMSE determines the absolute agreement between the 

datasets. RMSE is determined using Eq. 3.2: 

Eq. 3.2  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑(𝜃𝜃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐿𝐿.2−𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑑𝑑𝑛𝑛𝑛𝑛)2

𝑁𝑁
   

where Σ represents sum and N represents total number of observations. 

   

3.3 Results  

3.3.1 Comparison of AAFC network θ3.5-6.5 cm and θ0-5.7cm data over 2012-13  

 Statistical moments describing the AAFC network level soil moisture PDF indicate 

important differences between the θ3.5-6.5 cm and θ0-5.7cm datasets (Figure 3.2). A mean difference 

of 0.018 m3m-3 exists between the datasets, at 99% statistical confidence according to bootstrap 

resampling testing. Illustrated in Figure 3.2a, wetter soil measurements are generally recorded by 

the θ3.5-6cm sensors whereas drier measurements are obtained for the θ0-5.7cm sensors. It is 

qualitatively evident (Figure 3.2a) that this dry bias for θ0-5.7cm data is consistent during mid-, to 

dry-end conditions, but minimized during wet-end conditions. For observations > 0.28 m3m-3, 

there is agreement between the θ3.5-6.5 cm and θ0-5.7cm data. A significant non-parametric 

correlation (rs = 0.94, at ρ < 0.01) exists between all horizontal and vertical network level means 

demonstrating a strong overall agreement between these data.  
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Over both growing seasons, 95% of the network standard deviation ranges from 0.078 to 

0.132 m3m-3 for the θ3.5-6.5 cm data, and 0.074 to 0.132 m3m-3 for the θ0-5.7cm data. This indicates 

that the maximum temporal spread of network level standard deviation is approximately within 

0.05 m3m-3 based on a 2-year observational dataset. Shown in Figure 3.2b (represented by CV), 

the network-level variance is generally larger for the θ3.5-6.5cm data. Bootstrap resampling of the 

two datasets shows that there is a mean difference in standard deviation of 0.012 m3m-3 (at 99% 

confidence).  

 

Comparisons between second-order (skewness and kurtosis) statistical moments from the 

θ3.5-6.5cm and θ0-5.7cm datasets shows that network-level θ3.5-6.5 cm sensor data exhibit a smaller 

range for both moments in contrast to the θ0-5.7cm sensor data (Figure 3.2c,d). The overall 

agreement of skewness and kurtosis between the datasets is much weaker than comparisons 

involving the mean and variance. A negative exponential relationship exists between network 

mean and CV of soil moisture (not shown) suggesting that the network variance decreases during 

wet-end conditions (θ3.5-6.5 cm r2 = 0.55, θ0-5.7cm r2 = 0.46). A negative linear relationship is 

observed between the network mean and skewness, indicating that temporally variant moisture 

conditions result in a shift of the PDF shape (θ3.5-6.5 cm r2 = 0.66, θ0-5.7cm r2 = 0.64). Both of these 

observations are consistent with the observations reported by Famiglietti et al. (2008). Skewness 

closest to 0 is achieved at mid-range moisture conditions approximately between network means 

of 0.20 and 0.25 m3m-3. Although mean-CV and mean-skewness relationships exhibit 

considerable scatter, the relationships for the θ0-5.7cm data are generally weaker than the θ3.5-6.5cm 

data (as expressed by r2 values).  
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Figure 3.2 AAFC network level statistical moments compared between θ3.5-6.5cm and θ0-5.7cm 
measurement depths over 2012-13: a) network mean, b) network Coefficient of Variation, c) 
network skewness, and d) network kurtosis. 
 

3.3.2 Station specific θ3.5-6.5 cm and θ0-5.7cm measurement comparisons 

 The time-series of AAFC network θ3.5-6.5 cm and θ0-5.7cm data are compared on a site by 

site basis to identify stations contributing to the statistical differences observed at the network-

level. The temporal correlation and bias (determined via bootstrap resampling) of each station is 

listed in Table 3.2. Overall, the largest biases between horizontal and vertically installed sensors 

are found for stations in fields with higher clay content. Stations 2, 5, 6 and 8 are sited in heavy 

clay, clay, or clay loam soils and all exhibit bias exceeding 0.05 m3m-3. In contrast, stations 1 and 

4 are sited in sandy loam and sand soils and show negligible differences between sensor 

configuration (bias < 0.01 m3m-3) and have the strongest temporal correlation.  
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Similar trends are observed when point observations from individual AAFC network 

stations are compared to the field-means from sampled data during SMAPVEX12. This is not 

possible for network stations 7 or 9. Shown in Figure 3.3, the RMSEs between the point 

measurement from a network station and the field-means are similar for the horizontal and 

vertically installed sensors at stations 1 and 4, but more divergent for stations 2, 3, 5, 6 and 8 (i.e. 

due to higher clay content). Regardless of surface sensor installation, there is an appreciable 

RMSE (> 0.04 m3m-3) between station (point) and field-mean (distributed sampling) data for all 

stations except 1 and 4 (Figure 3.3). This suggests that these station (point) measurements have 

weak representativeness over the field that the station is installed within, as determined using the 

two SMAPVEX12 sampling transects.  

 

 

Figure 3.3 Agreement between AAFC network station θ3.5-6.5cm and θ0-5.7cm point measurements 
and coincident field-mean soil moisture determined from sampling transects during 
SMAPVEX12. Note: station 7 excluded from this analysis and the field of station 9 was not 
sampled during SMAPVEX12. 
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Table 3.2 Station specific bias and correlation coefficients between 3.5-6.5 and 0-5.7 cm measurement depths over 2012-13. 

 MB1 MB2 MB3 MB4 MB5 MB6 MB8 MB9 
Bias* <0.01 0.05 <0.01 0.01 0.06 -0.05 0.05 0.02 
Correlation 0.94 0.83 0.83 0.87 0.52 0.84 0.86 0.47 
* significant at 99% confidence interval determined via bootstrap resampling test (1000 iterations) 
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3.3.3 AAFC network up-scaling assessment using SMAPVEX12 datasets 

 Up-scaling comparisons of the AAFC network data to both θSMAPVEX12 network mean
 or 

θSMAPVEX12 field sampling mean demonstrate acceptable (< 0.04 m3m-3 RMSE) agreement (Figure 3.4). 

Independent comparisons among up-scaled means from θSMAPVEX12 network mean and θSMAPVEX12 field 

sampling mean also results in a strong agreement, with a RMSE < 0.03 m3m-3 (Adams et al., refer to 

Chapter 2). Comparison of the AAFC network data to θSMAPVEX12 network mean results in a RMSE of 

0.032 m3m-3 for θ0-5.7cm and 0.021 m3m-3 for θ3.5-6.5 cm data (Figure 3.4a). Using a much larger 

number of data points by assessing the up-scaled means for each hour of measurement between 

June 06-July 15 2012 does not result in a significantly different RMSE (< 0.01 m3m-3 

difference). The up-scaled comparison of the AAFC network to θSMAPVEX12 network mean results in a 

slightly larger RMSE. The RMSE between θ0-5.7cm and θSMAPVEX12 field sampling mean is 0.039 and the 

RMSE between θ3.5-6.5 cm data and θSMAPVEX12 field sampling mean is 0.044 m3m-3 (Figure 3.4b).  

 

3.3.4 Comparison between AAFC network and SMOS Level 2 soil moisture  

 The θSMOS L2 data has a predominant dry-bias relative to the AAFC network and there is 

an appreciable RMSE (> 0.04 m3m-3) between the two datasets for both the ascending and 

descending orbital passes (Figure 3.5). The dry-bias of θSMOS L2 estimates is in agreement with 

observations from previous studies (e.g. Schlenz et al. 2012; Sanchez et al. 2012; Al Bitar et al. 

2012; Gherboudj et al. 2012). The AAFC network up-scaling assessment using SMAPVEX12 

data demonstrated that the network is acceptably accurate at the domain level, providing 

additional confidence to these results. For both the ascending and descending orbital passes, the 

θSMOS L2 data show superior absolute agreement (RMSE) and temporal correlation (r-value) with 

θ0-5.7cm, in contrast to θ3.5-6.5cm (Figure 3.5). Although superior RMSE is found for the θ0-5.7cm 
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dataset, it is unclear whether this actually indicates an improvement in accuracy or is a combined 

function of the θSMOS L2 dry-bias and because the θ0-5.7cm data exhibit a dry-bias relative to the 

θ3.5-6.5 cm data. However, the stronger correlations with the θ0-5.7cm data suggest superior temporal 

relationships with the SMOS product relative to soil wetting and drying. The RMSEs and 

correlations are stronger for the ascending comparisons, which occur during early morning 

(approximately 06:00), in contrast to the descending comparisons in late afternoon 

(approximately 18:00) (Table 3.3). The difference between the RMSE of the θSMOS L2 vs. θ3.5-6.5cm 

and θSMOS L2 vs. θ0-5.7cm evaluations is approximately 0.018 m3m-3 (without rounding) for both the 

ascending and descending acquisitions (Table 3.3). Of note, this difference in RMSE is the same 

as the mean difference between the network level soil moisture θ3.5-6.5cm and θ0-5.7cm over 2012-13 

(refer to section 3.3.1). This result suggests that the measurement differences observed over the 

up-scaled AAFC network time series due to near-surface soil moisture sensor configuration is 

reflected in the subsequent satellite product RMSE assessment.  
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Figure 3.4 Up-scaled AAFC network soil moisture compared to: a) dense temporary network 
(31 stations) over SMAPVEX12 and, b) field-sampled data (~55 fields) over SMAPVEX12. 
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Figure 3.5 Comparisons between SMOS Level 2 soil moisture product and up-scaled AAFC 
network soil moisture (m3m-3) over 2012-13. 
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3.4 Discussion 

3.4.1 AAFC network up-scaling assessment 

Results demonstrate that the up-scaled AAFC network can acceptably (RMSE < 0.04 

m3m-3) represent the domain and potentially serve as a validation site for coarse resolution L-

band microwave satellite missions, such as SMOS and SMAP (Entekhabi et al. 2010b). This was 

determined using two different physically sampled soil moisture datasets collected as part of 

SMAPVEX12. The SMAPVEX12 datasets captured a range of wet to dry soil moisture 

conditions over the intensive sampling dates in June and July 2012 (McNairn et al. 2015). Data 

were used from 14 of the 19 intensive sampling dates when coincident measurements were 

available for all three of the datasets. An hourly comparison was also completed using 

continuous data from the AAFC network and θSMAPVEX12 network mean between June 06 to July 15, 

providing a much larger volume of data points for analysis (N > 900). However, it did not result 

in a significantly different RMSE (< 0.01 m3m-3). It is important that up-scaling evaluations are 

completed using a range of wet to dry soil moisture conditions because this will impact the 

calculation of RMSE. Spatial variability of soil moisture is affected by mean conditions and this 

has been shown to influence the statistical number of stations required to capture a spatial mean 

(Crow et al. 2012). Shown in Figure 3.4a, the relationship between AAFC network θ3.5-6.5 cm and 

θ0-5.7cm data and θSMAPVEX12 network mean generally exhibits a 1:1 relationship. However, the 

agreement between AAFC network θ3.5-6.5 cm and θ0-5.7cm data and θSMAPVEX12 field sampling  mean 

appears to deviate from the 1:1 line during wet-, or dry-end conditions, whereas the strongest 

agreement is present at mid-range conditions (Figure 3.4b). This occurs because the intensive 

field sampled data have a larger range in soil moisture. A possible explanation for this is due to 
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the greater spatial variability encompassed by the distributed field-sampling, exposing these data 

to a more diverse range of physical conditions (e.g. soil roughness, crop cover).  

 

The use of temporary networks and intensive field-sampling to evaluate up-scaling of 

permanent networks has been shown in previous research (Cosh et al. 2013; Bell et al. 2013a; 

Heathman et al. 2012). For the AAFC network in this study, the two independent SMAPVEX12 

datasets are considered to be the best available sampling estimates of true soil moisture over the 

domain due to the range of soil moisture conditions captured and the high spatial sampling N (31 

fields / up to 55 fields) of randomly distributed observations. It is noted that the majority of 

permanent soil moisture networks do not have the convenience of physically sampled datasets to 

conduct such an evaluation. The intensive field sampling conducted over SMAPVEX12 was 

highly labor intensive and costly and the θSMAPVEX12 field sampling mean data would not be possible 

without leveraging many different experiment objectives. The use of dense temporary networks 

provide a much lower cost alternative and less demand on resources for conducting permanent 

network up-scaling evaluations (Cosh et al. 2013). An agreement of 0.03 m3m-3 RMSE between 

θSMAPVEX12 field sampling mean and θSMAPVEX12 network mean highlights the suitability of this approach.  

 

The AAFC network up-scaling assessments were completed using arithmetic averaging 

so that each of the station observations was given equal weighting. Geostatistical analysis was 

completed during initial network planning in an attempt to locate the stations across a 

representative distribution of soil textures and according to spatially distributed soil moisture 

patterns observed from high resolution SAR (refer to section 3.2.1). This prior location analysis 

should impart a spatially weighted effect as texture has been shown to be a dominant physical 
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control on inter-field soil moisture variance during SMAPVEX12 (Manns and Berg 2014). The 

up-scaling agreement (< 0.04 m3m-3 RMSE) of the AAFC network using θSMAPVEX12 network mean 

and θSMAPVEX12 field sampling mean supports the assumption that prior geostatistical site selection 

contributed to the accuracy of network up-scaling. This is because the relatively small number 

(N) of stations in this network would not be expected to statistically capture a spatial mean 

within 0.04 m3m-3 RMSE if installed at random locations (Crow et al. 2012). Applying pre-or 

post- installation up-scaling strategies, including geostatstical analysis (e.g. Dente et al. 2012), 

are widely used to achieve an accurately up-scaled network mean when utilizing a smaller 

number of stations than are required from a statistical distribution (e.g. Student’s t-distribution) 

(Crow et al. 2012; Famiglietti et al. 2008).  

 

Analysis was completed for 7 of the 9 AAFC network stations to determine the 

agreement between a single station (point) and distributed samples from transects within the 

same field (Figure 3.3). The use of transect sampling designs to assess station representativeness, 

similar to the approach in this study, have been reported in other soil moisture network 

evaluations (e.g. de Rosnay et al. 2009). The stations sited in predominantly sand soils had 

acceptable agreement (< 0.04 m3m-3) between station measurements and sampled field-means, 

whereas the other stations sited in fields with higher clay content had poorer agreement (> 0.04 

RMSE). The design of the AAFC network stations consists of a small measurement profile 

within the actively managed field so that vegetation or soil dynamics are better represented as 

opposed to installing the Hydra Probes at the field-edge. This design criteria was intended to 

improve the representativeness of a single station measurement over the field it is located within, 

although, results summarized in Figure 3.2 suggest this is not achieved for 5 of the 7 fields that 
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were assessed (Heathman et al. 2012). Previous studies have described the use of linear 

regression or cumulative distribution function (CDF) matching to correct station point 

observations to better represent field variability determined from transect sampling (Han et al. 

2012; de Lannoy et al. 2007). Field-scale soil moisture variability is affected by physical 

controls, including soil texture, vegetation distribution and topsoil roughness (Vereecken et al. 

2014). Over agricultural fields, these controls are dependent on seasonality, and, therefore, point 

to field scale relationships during SMAPVEX12 may hold limited validity over times of the year. 

For example, Manns et al. (2014) demonstrated over this study area using an earlier dataset that 

land-management activities (e.g. residue cover and tillage practices) impart a dominant control 

on the intra-field spatial distribution of soil moisture prior to vegetation emergence. It is also 

noted that of the 5 stations exhibiting poor agreement with field-means, the RMSEs are 

consistently larger for the θ3.5-6.5 cm station measurements than for the θ0-5.7cm measurements. The 

superior agreement between the field-sampled data and θ0-5.7cm station data is expected given that 

both data are from analogous sampling depths. de Rosnay et al. (2009) similarly explain that the 

approach of using transect sampling to assess network station representativeness is subject to a 

difference in sampling depths.  

 

3.4.2 Implications of θ3.5-6.5 cm vs θ0-5.7cm  comparison 

Results of this study demonstrate that over the AAFC network, a mean difference of 

0.018 m3m-3 exists between station measurements from θ3.5-6.5 cm and θ0-5.7cm depths, with the θ0-

5.7cm measurements exhibiting a dry bias. This is a considerable difference relative to the stringent 

0.04 m3m-3 RMSE target in satellite validation (Entekhabi et al. 2010b). Previous work has 

demonstrated that near-surface soil gradients may influence spatially distributed impedance 
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sensor measurements (Adams et al. 2013; de Rosnay et al. 2009; Bosch et al. 2006), but this is 

the first study to demonstrate the effect of this measurement difference over an up-scaled 

validation network and over an extended monitoring period. However, the station specific 

analysis indicated that soils with higher clay content show steeper gradients in soil moisture. 

Although other site specific factors may potentially contribute to these differences, this result can 

be expected as soil water movement and evaporation is slower for finer textured soils (Hillel 

1998). This can explain the pronounced effect of wetting/drying gradients within the near-

surface layers of these soils. For some of the individual stations, the differences between sensors 

ranged up to 0.06 m3m-3 (Table 3.2). This larger difference may have the most significant impact 

for sparse networks, which consist of ~1-3 station measurements to validate coarse L-band 

satellite footprints (Crow et al. 2012). Another factor that should be noted is that satellite soil 

moisture retrieval algorithms are generally developed using pre-launch aircraft and ground 

sampling datasets (e.g. Colliander et al. 2012). Ground sampled soil moisture, analogous to 

measurements collected over SMAPVEX12 (i.e. ~0-6 cm), are used  to develop and validate 

retrieval algorithms. In contrast, soil moisture networks (i.e. 5 cm) are the primary source of in-

situ data for post-launch mission validation.  

 

Seyfried et al. (2005) explain that, according to frequency of operation and geometry, the 

Hydra Probe is theoretically sensitive to arithmetic weighting of soil gradients within the near-

surface soil layers. A vertically installed sensor measuring θ0-5.7cm is therefore sensitive to small 

(cm) wetting and drying gradients over this integrated depth. The drier measurements of the 

vertical sensors suggest there is variability in water content along near-surface gradients. Soil 

layers nearest to the surface are physically expected to be drier as they are more exposed to air 
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and sunlight, which increases evaporation (Hillel 1998). This has been demonstrated to exist in 

the absence of recent precipitation using impedance sensors (Adams et al. 2013) and gravimetric 

samples (Bosch et al. 2006). Therefore, it is assumed that the drier soil moisture measurements 

for the vertically installed sensors are due to capturing the water content within layers of soil 

closest to the surface.  

 

 Results of the θSMOS L2 comparison to the AAFC network show that superior RMSE and 

correlations are determined with the θ0-5.7cm data, in contrast to the θ3.5-6.5 cm data (Figure 3.5). 

Previous research has demonstrated that effective L-band retrieval depth is typically shallower 

than the standard installation depth (5 cm) of in-situ network sensors (Eschorihuela et al. 2010). 

The integrated measurement depth of the vertically installed Hydra Probes is theoretically more 

representative of L-band retrieval depth, in contrast to the horizontal installation. However, our 

results cannot directly establish whether a horizontal vs. vertical installation of the Hydra Probe 

sensor is most optimal for L-band retrieval algorithm validation. The RMSEs presented in Figure 

3.5 indicate superior absolute agreement with the θ0-5.7cm data, although the predominant dry-bias 

of SMOS relative to the in-situ data makes it unclear whether this is a true gain in agreement or 

an artefact of the dry-bias. The stronger correlations do suggest a stronger temporal sensitivity of 

the θSMOS L2 data to the θ0-5.7cm. The difference in θSMOS L2 RMSEs between θ3.5-6.5 cm and θ0-5.7cm 

is approximately 0.018 m3m3 for both the ascending and descending orbital passes. This suggests 

that the differences in measurement observed between the near-surface sensor installation 

configurations is affecting the determination of θSMOS L2 validation statistics.   
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It is unclear why the ascending θSMOS L2 data show superior RMSE and correlation to the 

AAFC network in comparison to the descending θSMOS L2 data (Figure 3.5). A direct daily 

comparison of ascending (06:00) to descending (18:00) θSMOS L2 data was not completed in this 

study. This is because the ascending and descending θSMOS L2 data were not always available 

within the same date. For example, if data were not available for at least 1 of the 5 DGG cells on 

a given date then it was not considered in the analysis. However, Jackson et al. (2012) suggest 

that results of ascending data (in the early morning) validations are more likely to be superior 

than those later in the day because soil moisture content in the layers nearest to surface will be 

most homogenous. In the context of the results in Figure 3.4, it would be expected that the 

difference in correlations between θ3.5-6.5 cm and θ0-5.7cm would be larger for the descending orbital 

passes because the θ0-5.7cm data are more representative of the variability within the top soil 

layers. Yet, some researchers have reported no major difference between validations of 

ascending and descending data (e.g. Jackson et al. 2012; Sanchez et al. 2012).  

 

This discussion can also be extended to the validation of soil moisture derived from C-, 

or X- band radiometers, which have a shorter wavelength and shallower retrieval depth (~ 2 cm) 

than L-band. For example, soil moisture products derived from the Advanced Microwave 

Scanning Radiometer for EOS (AMSR-E) are often validated using the same network 

configurations (i.e. 5 cm depth) as those being used for L-band SMOS and SMAP missions (e.g. 

Jackson et al. 2012; Champagne et al. 2010). Consequently, the effect of gradients and drier 

layers nearer to the surface, than measured by a horizontally installed sensor at 5 cm, are 

expected to be more profound for validation of radiometers at shorter wavelengths.  
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It should be acknowledged that the drier θ0-5.7cm measurements may be influenced by the 

vertical installation of the Hydra Probe at the soil surface. It is possible that the measurement 

tines (3.0 cm diameter) directly beneath the sensor head (4.0 cm diameter) will be sheltered from 

precipitation resulting in a drier soil. Alternatively, water content in the soil surrounding the 

measurement tines will be expected to equilibrate into this area of lower matric potential (Hillel 

1998). This would occur at a slower rate for clay soils than for sand soils. Another concern is that 

the vertically installed sensors may heat up more than the buried horizontal sensors due to their 

direct exposure to sunlight. This may also result in drier soil directly beneath the sensor. The 

temperature responses are very similar for both horizontally and vertically installed sensors over 

the entire study period and is consistent between all stations. There is an expected diurnal 

temperature fluctuation and the mean overall difference in temperature between sensors at each 

monitoring station is less than 0.5˚ C. However, the vertically installed sensors do range up to 5˚ 

C warmer during the daytime and up to 3˚ C cooler during the nighttime. This temperature 

response is expected because the vertically installed sensor measures soil temperature from the 

thermistor making contact with the soil skin surface.   

 

In addition, some practical concerns regarding long-term vertical installation of soil 

moisture sensors may exist because measurement tines could become dislodged in wet 

conditions, or from topsoil erosion, and exposed to air resulting in spurious observations. The 

majority of current soil moisture validation networks employ the horizontal installation design to 

improve long-term measurement reliability and limit potential errors, particularly for stations in 

less accessible study regions. However, it is noted that the use of vertically installed surface 

Hydra Probes are reported for some networks, such as the Murrumbidgee soil moisture 
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monitoring network in Australia (Smith et al. 2012). These practical concerns are mitigated in 

this study as the stations were frequently visited to ensure that the vertically installed sensors 

were making complete soil contact. If it was observed that sensors became dislodged then the 

data recorded between site visits were flagged as erroneous. The role of the θ0-5.7cm sensors in the 

AAFC network is to investigate the differences between installation configuration and not to be 

the primary source of data collected to validate L-band satellite soil moisture products. The 

observed measurement differences between Hydra Probe installation provide insight into the 

effect of near-surface soil moisture gradients and the potential impact on L-band satellite 

validation activities. It is not suggested that vertically installed θ0-5.7cm sensors supplant 

horizontally installed θ3.5-6.5 cm sensors due to concerns related to inferior data collection 

reliability. However, the findings in this paper address that significant differences exist between 

measurements and should be considered as a factor affecting when assessing whether soil 

moisture retrieval algorithms meet designated mission accuracy targets.  

 

3.5 Conclusion 

This paper introduces an AAFC soil moisture network in southern Manitoba, Canada for 

use in satellite soil moisture product validation. In contrast to the Continental United States, only 

a few monitoring networks currently exist for validation of satellite geophysical products over 

Canada. The AAFC network in Manitoba will supplement existing satellite soil moisture 

validation networks across Canada, including the Environment Canada/University of Guelph 

network in central Saskatchewan (Champagne et al. 2010), the McMaster Mesonet in southern 

Ontario (Kornelsen and Coulibaly, 2013), and the sparse Agricultural Drought Monitoring 

network over the province of Alberta (Champagne et al. 2012; 2011; Walker and Howard, 2003). 
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This study evaluated the up-scaling of this network using independent SMAPVEX12 datasets 

and compared between 2-years of near-surface soil moisture measurements from θ3.5-6.5 cm and θ0-

5.7cm measurement depths. This 2-year time series was also compared with θSMOS L2 data.  

 

Results of the up-scaling assessment using SMAPVEX12 datasets demonstrate that the 

AAFC network is representative of the domain within 0.04 m3m-3 RMSE. This highlights the 

suitability of the network for use as a core validation site for SMAP. Comparisons between θ3.5-

6.5 cm and θ0-5.7cm data demonstrate that at a network level difference of 0.018 m3m-3 exists (drier 

θ0-5.7cm measurements), in addition to significant differences in the other moments of the network 

PDF. Station specific analysis indicates that this difference is most critical for sensors installed in 

fine-textured soils (i.e. higher clay content). The comparison with θSMOS L2 soil moisture product 

data showed that better agreement exists for the ascending orbital pass data, and overall, stronger 

correlation is observed between the θSMOS L2 and θ0-5.7cm data. The difference in RMSEs between 

the SMOS comparisons to θ3.5-6.5 cm and θ0-5.7 cm network datasets is approximately 0.018m3m-3, 

demonstrating the importance of recognizing this measurement effect when conducting soil 

moisture validation. The findings in this paper emphasize that researchers should be mindful of 

the presence of soil moisture gradients within near-surface soil layers and also measurement 

influences of in-situ instrumentation installation configurations.   
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Chapter 4 
 
Field-scale soil moisture mapping from C-band SAR in the pre-vegetation period 

for downscaling coarse observations during the growing season 
 
This manuscript is submitted to: International Journal of Remote Sensing 
 
 
Soil moisture products are available from satellite remote sensing at frequent temporal 
resolutions (~daily); yet, these data are generally limited to coarse spatial footprints (> 102km2 
km). Field-scale soil moisture mapping is possible using inversion modelling of C-band synthetic 
aperture radar (SAR) backscatter, however, accurate retrievals are currently limited to pre-
vegetation/post-harvest periods due to the saturation and two-way scattering of C-band 
microwaves typically associated with standing crops during the growing season. The objective of 
this study is to assess how field-scale SAR retrievals may be used to generate knowledge of a 
sub-footprint soil moisture scaling structure a priori to vegetation emergence and apply this 
information beyond vegetation emergence during the growing season. Inter-field soil moisture 
dynamics are assessed for 33 study fields within a 15 x 15 km Soil Moisture Ocean Salinity 
(SMOS) L2 grid cell over April 25 to July 19, 2012. RADARSAT-2 data are acquired over the 
study fields on 7 dates between April 25 and May 27 when no vegetation was present. Soil 
moisture is mapped in each field using the multipolarization Integral Equation Model (IEM). 
Following vegetation growth the same fields were sampled in-situ on 15 dates between June 06-
July 19 as part of Soil Moisture Active Passive Validation Experiment 2012 (SMAPVEX12), 
with a SMOS observation on 13 dates. In addition, soil moisture is modelled for each field using 
the Simultaneous Heat and Water (SHAW) model as a comparison to results obtained using SAR 
soil moisture. Results show that the inter-field soil moisture distribution captured from 
RADARSAT-2 mapping in the pre-vegetation period provides a weak representation of the inter-
field soil moisture distribution from field-sampling during dates beyond vegetation growth. In 
contrast, SHAW modelling provides an accurate representation of the inter-field rank structure. 
However, RADARSAT-2 mapping does accurately (0.04 m3m-3 root mean square error (RMSE)) 
capture temporal stability of the 33 study fields, which is a promising result. Empirical 
downscaling relationships are tested for each field from the SMOS observation, showing that an 
average field RMSE of 0.11 m3m-3 is obtained using RADARSAT-2 mapped soil moisture from 
the pre-vegetation period, whereas 0.07 m3m-3 is obtained using SHAW modelling as an 
alternative. Findings suggest that with further refinement to C-band SAR backscatter modelling 
coupled with increased data availability (e.g. daily), such as from the RADARSAT-
Constellation, promise exists for leveraging C-band SAR soil moisture mapping to downscale 
coarse soil moisture observations. 
 
 
4.1 Introduction   

 Near-surface (~0-5 cm) soil moisture products are available over Canadian agricultural 

regions every several days from global Earth Observing missions, including Soil Moisture Ocean 

94 
 



Salinity (SMOS) and Soil Moisture Active Passive (SMAP) (Kerr et al. 2010; Entekhabi et al. 

2010). Despite near-daily temporal availability, soil moisture product data from these missions 

are spatially limited to relatively coarse gridded footprints (e.g. > 10s of km). Although this 

resolution is appropriate for some numerical weather and climate forecast applications (Pan and 

Wood, 2010), it is insufficient to directly support agricultural producers at the field-scale. For 

example, agricultural producers can benefit from field-scale soil moisture information in making 

effective decisions regarding timing and intensity of operations, including; tillage, seeding, 

irrigation, pest-management and crop harvest. Soil moisture is highly variable over agricultural 

areas and inter-field soil moisture variability is generally understood to be organized over 

agricultural regions according to landscape properties (soil texture, vegetation, topography) and 

recent precipitation (Vereecken et al. 2014). However, gridded soil moisture data, such as 

products available from Earth Observing missions (e.g. SMOS and SMAP), inherently mask sub-

grid variability (Adams et al., refer to Chapter 2). This necessitates methods to downscale coarse 

soil moisture observations in order to fully exploit these data to assist agricultural producers. 

Bloschl and Sivapalan (1995) explain that downscaling (i.e. disaggregation) can be done 

deterministically when ancillary information is available on the spatial organization of a 

hydrological property (e.g. soil moisture).  

 

 With this concept in mind, higher resolution multi-sensor and/or multi-frequency remote 

sensing approaches have been proposed to identify soil moisture spatial organization or 

landscape features known to impart a control on soil moisture organization over agricultural 

regions. Examples have mainly focused on using multispectral sensors (e.g. MODIS) to obtain 

information about land-surface controls on soil moisture variability (e.g. vegetation mapping or 
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thermal imaging) as opposed to direct observation of soil moisture at the field-scale (e.g. Fang et 

al. 2013; Piles et al. 2011; Merlin et al. 2008). Synthetic aperture RADAR (SAR), which 

operates using microwave frequencies that are sensitive to soil dielectric, are an appropriate data 

source for this purpose. SAR backscatter modelling can be used to map soil moisture at high 

resolutions (10s of m). It has been demonstrated that SAR backscatter modelling can contribute 

hydrologically meaningful spatial information on the inter-field soil moisture distribution and 

scaling properties of soil moisture (Lievens and Verhoest, 2012; Merzouki et al. 2011a; 2011b; 

Gherboudj et al. 2009). In particular, it is shown that when SAR soil moisture maps are assessed 

multi-temporally, this can yield information on persistent spatial organization of soil moisture for 

application to downscaling (Wagner et al. 2008).  

   

 Progress has been made toward operational soil moisture mapping from C-band SAR 

image data over Canada’s agricultural regions (Merzouki and McNairn, In Press; McNairn et al. 

2012). Research to develop and improve backscatter modelling, specifically at C-band, has been 

motivated by the continued availability of these data from past, current and planned missions, 

including RADARSAT-2, RADARSAT-Constellation, and Sentinel-1. However, two-way 

scattering and saturation of C-band microwaves within vegetation canopies during the growing 

season significantly affects SAR responses (McNairn and Brisco, 2004) and the most accurate 

soil moisture mapping is associated with pre-vegetation and post-harvest periods (McNairn et al. 

2012). This is useful for downscaling during these periods but creates a gap in methodology 

during the cropping season. Using multi-temporal acquisitions, researchers have proposed 

generating a priori soil surface information during the pre-vegetation period to correct for 

vegetation influences on C-band SAR scattering models during the growing season (Pierdicca et 
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al. 2008; Loew and Mauser, 2008; Mattia et al. 2006). However, from a scaling perspective, it 

has not been investigated whether hydrological information obtained from SAR soil moisture 

maps in the pre-vegetation period can be leveraged for application beyond vegetation emergence.  

   

 The objective of this study was to assess the potential for obtaining downscaling 

information from field-scale soil moisture maps during the pre-vegetation period and applying 

this to the same fields beyond vegetation emergence. Field-scale soil moisture was mapped over 

33 fields within a SMOS Level 2 (L2) soil moisture grid cell using the Integral Equation Model 

(IEM) and RADARSAT-2 backscatter on 7 dates in April-May, 2012. Following vegetation 

emergence, in-situ sampling was undertaken on these same fields on dates during June-July, 

2012. In addition, a hydrological model (Simultaneous Heat and Water (SHAW)) was used to 

estimate soil moisture of each field independent of remote sensing data for comparison. Results 

of this paper are organized in two sets of analysis. First, field-scale soil moisture observations are 

examined from IEM and SHAW modeled soil moisture in the pre-vegetation period to determine 

field(s) that are most representative of the spatial mean and to determine persistence of inter-field 

rank structure. This information is evaluated using in-situ sampling of soil moisture on dates 

following vegetation emergence. Second, empirical scaling relationships between coincident (< 

12 hours) IEM, SHAW and SMOS observations are derived over the pre-vegetation period. 

Using these relationships, the downscaling of a SMOS grid cell is evaluated using the in-situ 

observations. In addition, field-scale SHAW modelled soil moisture is compared to these results 

independent of remote sensing data.  

 

4.2 Materials and methods 
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4.2.1 Study sites  

 The 33 study fields are located in an agricultural dominated region of southern Manitoba, 

Canada (Figure 4.1). The fields are contained within a single SMOS 15 x 15 km discrete global 

grid (DGG) cell. In 2012, these fields were cropped for corn (7), soybeans (12), canola (3) and 

spring wheat (11). Soil texture distribution within this footprint is divided between clay soils in 

the eastern portion and sandy soils in the western portion and the study fields capture a 

representative sample of this range of textures. The study fields are approximately 2.6 km2. The 

topography of this region is generally flat with some gently undulating slopes (< 2%). Further 

details of this study area are reported in McNairn et al. (2015; 2012). 

 

 

Figure 4.1 a) Studied agricultural fields (33) within a 15 x 15 km SMOS Level 2 soil moisture 
grid cell and location of precipitation monitoring station used in SHAW model; b) field sampling 

design used for in-situ sampling of soil moisture in studied fields during vegetated period 
(June/July 2012). 

 
 
4.2.2 Soil moisture from IEM modelling of RADARSAT-2 backscatter  

 RADARSAT-2 fine quad wide mode images were acquired over the study area on 7 dates 

in April and May, 2012 (Table 4.1). The acquisitions were at low incidence angles (20° – 30°), 
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which are favourable for soil moisture retrievals due to less sensitivity to surface roughness 

(Adams et al. 2013a). Pre-processing, orthorectification and backscatter modelling of 

RADARSAT-2 data was completed using the RADARSAT-2 Toolbox (RSTB) v.9.5.1 (Array 

Computing Systems Ltd.). A 5 x 5 boxcar filter was applied to the ingested raw imagery to 

reduce speckle. The filtered images were then converted to a 3 x 3 covariance matrix from which 

co-polarized linear backscatter intensities (σHH and σVV) were generated. The images were 

converted from slant to ground range using satellite ephemeris information and orthorectified 

using a digital elevation model. The processed RADARSAT-2 pixel resolution is approximately 

13 x 13 m.  

 
Table 4.1 RADARSAT-2 acquisitions during pre-vegetation period (April/May 2012). 

 
 
 

  

 

 

 

 The multipolarization (σHH and σVV) approach is used to estimate soil moisture for each 

pixel using a calibrated version of the IEM (for complete details, refer to McNairn et al. 2012). 

This approach uses the semi-empirical calibration technique introduced by Baghdadi et al. 

(2006) to reduce the dimensionality of soil surface roughness parameterization on modelled 

backscatter. Soil dielectric is determined through inversion of the calibrated IEM using a look up 

table. Dielectric to volumetric soil moisture conversion (m3m-3) is completed using the 

Hallikainen model (Hallikainen et al. 1985) based on Soils Landscape of Canada maps 

Date Beam Mode Nominal Incidence Angle Orbital Pass 
April 24, 2012 FQ 8W 27.8° Descending 
April 25, 2012 FQ 10W 30.0° Ascending 
May 03, 2012 FQ 6W 25.4° Ascending 
May 10, 2012 FQ 2W 20.9° Ascending 
May 12, 2012 FQ 3W 21.8° Descending 
May 20, 2012 FQ 10W 30.0° Ascending 
May 27, 2012 FQ 6W 25.4° Ascending 
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(http://sis.agr.gc.ca/cansis/nsdb/slc/index.html). RSTB masks out pixels that are beyond 

modelling thresholds, for example due to significant volume scattering. During the pre-/plant- 

period, volume scattering can be attributed to depolarization occurring from vegetation/residue 

present on the soil surface or voids of air beneath large soil clods (Adams et al. 2013a; 2013b). 

Soil moisture estimates for all unmasked pixels are averaged over each study field and these field 

means are compared throughout the analysis (hereafter referred to as VSMRADARSAT-2) (for a 

summary of soil moisture data, refer to Figure 4.2).  

 

Figure 4.2 Soil moisture from SMOS, RADARSAT-2 mapping (IEM model) and in-situ 
sampling over dates in pre-vegetation (April/May 2012) and vegetated periods (June/July 2012). 
Solid squares represent SMOS soil moisture value and box plots represent summary statistics of 
soil moisture means over 33 study fields within SMOS footprint from RSAT-2 mapping (IEM 
model) or in-situ sampling. Boxes represent 25th to 75th percentile of data, whiskers represent 

range, and horizontal line represents data median.  
 

 McNairn et al. (2012) conducted a validation of this retrieval approach over agricultural 

fields in Ontario and Manitoba, including this study area, also using RADARSAT-2 image data 
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and demonstrated the potential of this approach for providing field-scale soil moisture maps (in 

m3m-3). McNairn et al. (2012) report a mean absolute error of 0.075 m3m-3. Ground sampling 

was not conducted coincident with the RADARSAT-2 acquisitions in this study, but it is 

reasonable to assume that the fields were unvegetated based on site visits in early June at which 

point crops were beginning to emerge. However, it is expected that agricultural producers were 

conducting land-management practices during the time period when RADARSAT-2 images were 

acquired. This was verified by interviews with producers in the region confirming that fields 

were mainly seeded between April 17 and May 15, 2012 (Jarrett Powers, Personal 

Communication). It is acknowledged that soil surface conditions resulting from spring tillage and 

seed bed preparation (e.g. significant amounts of residue cover or multiple row directions) can 

degrade the accuracy of soil moisture estimates from backscatter modelling using this approach 

(McNairn et al. 2012).  

 

4.2.3 Soil Moisture Ocean Salinity (SMOS) Level 2 soil moisture product 

 SMOS L2 data were acquired from ESA using the level 5.5.1 v. soil moisture processor 

(for further details, refer to Kerr et al. 2012). Adams et al. (2015) and Champagne et al. (2014) 

conducted multi-year validations of SMOS L2 data over this region using soil moisture network 

datasets, reporting root mean square errors (RMSE) of 0.08 to 0.12 m3m-3 and consistent 

underestimation biases. Soil moisture values from a single DGG grid node representing a 15 x 15 

km spatial extent are examined over the study period on dates coincident to RADARSAT-2 and 

in-situ sampling (hereafter referred to as VSMSMOS)(Figure 4.2). Although the actual land-

surface area of influence to the determination of soil moisture in the SMOS L2 product likely 

extends beyond this extent given the much coarser radiometer measurements, this geographic 
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area is used because it is the approximate boundary represented by the DGG. The difference 

between the same-day SMOS and RADARSAT-2 acquisitions was less than 12 hours for all 

dates and ±3 hours on four of the dates. SMOS data were unavailable for 2 dates when in-situ 

sampling was conducted.  

 

4.2.4 In-situ sampled soil moisture over SMAPVEX12 

 In-situ soil moisture sampling was conducted in each of the 33 study fields over 14 dates 

between June 07 and July 19, 2012 as part of the Soil Moisture Active Passive Validation 

Experiment 2012 (SMAPVEX12) (McNairn et al. 2015)(Figure 4.2). Near-surface soil moisture 

(~0-6 cm) was sampled using portable impedance probes, which were calibrated using 

gravimetric samples to < 0.04 m3m-3 RMSE (Rowlandson et al. 2013). Replicate samples were 

obtained at 16 sampling points along two 525 m transects within the study fields (total of 48 

observations per field). These transect sampled soil moisture data were averaged to produce a 

field-mean soil moisture value on each sampling date (hereafter referred to as VSMIN-SITU). 

 

4.2.5 Simultaneous Heat and Water (SHAW) modelled soil moisture 

 SHAW is a physically based one-dimensional hydrological model (vertical) that requires 

site specific and meteorological parameterization using either physical measurements or 

estimated values (for complete model details, refer to Flerchinger et al. 2012; Flerchinger, 2000). 

SHAW accounts for climate and site specific factors, which include soil texture, 

microtopography and vegetation parameters. In several experiments, SHAW has been used to 

simulate soil moisture and soil freezing (Flerchinger and Saxton, 1989; Wang et al. 2010). Roy 

(2014) used SHAW to simulate soil moisture over fields in this study area at near-surface to 
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rooting zone depths. Roy (2014) found that SHAW simulated soil moisture with appreciable 

accuracy, however, the model was parameterized using a greater amount of site specific 

knowledge and spatially modelled precipitation data than is typically available over Canadian 

agricultural regions.  

 

 In this study, SHAW was used to simulate soil moisture for a 1.3 m soil column in each 

field that was discretized into nodes so that a soil moisture value was determined for the top 0-5 

cm of the soil column. It is noted that the purpose of SHAW modelling in this experiment is to 

provide an alternative dataset of soil moisture to compare with estimates from C-band SAR 

backscatter modelling and not to directly research the performance of hydrological models. 

SHAW is run over the entire study period and daily field-level soil moisture values (hereafter 

referred to as VSMSHAW) are extracted for analysis on dates of RADARSAT-2 image 

acquisitions and in-situ sampling. This is done using similar methodology as described in Roy 

(2014), however, only crude input data are ingested for this study to parameterize the model as 

detailed site specific information are unlikely to be available. Daily meteorological data 

(precipitation, maximum/minimum air temperature, dewpoint, windspeed) are obtained from the 

closest available weather station, denoted on Figure 4.1. The daily solar radiation is estimated 

according to Allen et al. (1998) due to unavailability of recorded values at the weather station in 

Figure 4.1. The field-specific soil properties (saturated hydraulic conductivity, pore size 

distribution, and porosity) are estimated for each field based on general soil properties available 

in Soils Landscape of Canada maps (http://sis.agr.gc.ca/cansis/nsdb/slc/index.html) and 

estimated ranges for soils supplied in standard literature sources, such as Campbell and Norman 
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(2000) and Rawls et al. (1982). Crop type is available annually for each in Canada from the 

AAFC annual crop inventory (Fisette et al. 2013).  

 

4.2.6 Data analysis 

 Temporal stability analysis is used to identify sampling locations that are most 

representative of a spatial mean over a given time period (Vanderlinden et al. 2012). In this 

study, temporal stability of VSMRADARSAT-2 is determined to identify field means that are most 

representative of the mean of all 33 fields in the SMOS pixel, according to Mean Relative 

Difference (MRD) Eq. 4.2: 

Eq. 4.1                           𝑀𝑀𝑀𝑀𝑀𝑀 =  1
𝑡𝑡
∑𝑗𝑗=1
𝑡𝑡  (𝑆𝑆𝑖𝑖,𝑗𝑗−�̅�𝑆𝑗𝑗)

�̅�𝑆𝑗𝑗
 

where Si,j is the jth sample at the ith observation of total observations and 𝑆𝑆̅j is the domain mean 

at a given time (Cosh et al. 2013). MRD calculates how much an individual field is greater or 

less than the domain mean with values nearest to zero indicating the most time stable fields. 

From this analysis of VSMRADARSAT-2, the 3 fields with MRD closest to zero are identified. Daily 

soil moisture observations from these fields are selected from VSMIN-SITU and compared to daily 

means to evaluate the skill of this information, which is determined from VSMRADARSAT-2 in the 

pre-vegetation period.  

 

 For each date of analysis, soil moisture values from VSMRADARSAT-2 or VSMIN-SITU are 

ranked on an index scale of 1 to 33 according to relative wetness. This is done by calculating the 

difference of each field-mean from the mean of all fields on a given date and sorting the 

observations by rank. The persistence of rank structure is identified visually using choropleth 

plots to illustrate the temporal evolution of rank structure over the sampling dates and 
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statistically by calculating the non-parametric Spearman rank correlation coefficient (rs), which 

determines the agreement in rank order between two sets of paired observations. rs values are 

calculated according to Eq. 4.2 (Zar, 1974):  

Eq. 4.2                           𝑟𝑟𝑠𝑠 = 1 −  6∑ 𝑑𝑑𝑖𝑖
2𝑛𝑛

𝑖𝑖=1
𝑛𝑛3−𝑛𝑛

 

where ∑ is sum and d is difference in ranks of xi and yi. rs values are calculated in a matrix 

between i to j observations. Spearman rank correlation coefficients provide a measure of the 

agreement in two rank structures.  

 

 Empirical downscaling relationships are determined between the VSMSMOS estimate and 

field-based estimate of soil moisture (from VSMRADARSAT-2 or VSMSHAW) on each date during 

the pre-vegetation period using Eq. 4.3: 

 

Eq. 4.3 y = m (VSMSMOS) + b 

where m is slope and b is intercept. The 33 unique field-based relationships are applied to each 

date during the vegetated period to assess downscaling accuracy against VSMIN-SITU using 

RMSE. In addition, the modelled VSMSHAW values for each field during the vegetated period are 

compared to in-situ data to assess RMSE’s. These data are independent of remote sensing data 

and can be used to compare to the RMSE from a downscaling relationship. 

 

4.3 Results  

4.3.1 Identification of representative sampling fields and persistence of inter-field rank 

structure 
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 Temporal stability analysis of VSMRADARSAT-2 identified that the 3 fields with MRD 

closest to zero are: 1,9,26. These fields are selected from the VSMIN-SITU dataset and compared to 

the daily means of VSMIN-SITU for each of the in-situ sampling dates. These 3 fields are first 

evaluated individually, resulting in accuracies of 0.06 to 0.17 m3m-3 RMSE in representing the 

domain means obtained from sampling all 33 fields. However, shown in Figure 4.3, averaging 

measurements from the 3 representative fields results in a RMSE of 0.04 m3m-3. This is a 

promising result considering the limited number of RADARSAT-2 acquisitions used in this 

study (n=7) to determine temporal stability. This suggests that 3 temporally stable sampling 

locations that are representative of the domain can be identified using C-band SAR backscatter 

modelling in the period prior to vegetation emergence.  

 

Figure 4.3 Plot showing representative fields (3) identified by time stability of RADARSAT-2 
soil moisture mapping in pre-vegetation period and tested using in-situ data during the vegetated 
period. Each data point represents agreement between the mean of 3 most representative fields 

and the mean of all 33 sampling fields on each in-situ sampling date. 

 

 The inter-field rank structure of the 33 study fields over sampling dates is illustrated in 

Figure 4.3. An interpretation of Figure 4.4a shows that, overall, there is disagreement between 
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the inter-field rank structure of soil moisture in the pre-vegetation period as identified from 

VSMRADARSAT-2 and vegetated period observed from VSMIN-SITU. This is confirmed by rs values 

in Figure 4.5a, which show that the strength of correlation between dates of VSMRADARSAT-2 and 

sampling dates from VSMIN-SITU are generally weak. In addition, Figure 4.5a shows only 

moderate strengths of correlation between dates in the pre-vegetation period as identified by 

VSMRADARSAT-2. Interpretation of both Figures 4.4a and 4.5a suggests that similarity is present in 

the rank structure among dates within either the pre-vegetation or vegetated period, but there is 

poor agreement between rank structures of dates compared across the pre-vegetation or vegetated  

periods. For example, some fields exhibit contradictory rank positions, such as fields 2, 7, 13, 21, 

25, 26, and 27 (Figure 4.4). Consequently, it is concluded from these results that a persistent 

inter-field rank structure cannot be identified using VSMRADARSAT-2 data obtained prior to 

vegetation emergence. In contrast, results in Figure 4.4b and 4.5b show that there is significantly 

greater similarity in the rank structures and stronger correlations between data observed from 

VSMSHAW and VSMIN-SITU. However, it is noted that spacing between sampling dates is uneven 

and some temporal autocorrelation is expected, particularly during the dry-down observed for the 

sampling dates between June 22-27 (Figure 4.2). The effect of temporal autocorrelation is most 

evident for results in Figure 4.5b. Recent precipitation affects the variability of soil moisture 

primarily due to landscape heterogeneity in soil hydraulic properties and vegetation affecting 

drying rates and this may affect the temporary displacement of ranks, for example, on July 08 

and 14 (Figure 4.2).   
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a) 

 

b) 

 

Figure 4.4 Inter-field soil moisture ranking of study fields over sampling dates from low/driest 
(green) to high/wettest (red): a) soil moisture modelled from RADARSAT-2 acquisitions and in-

situ sampling; b) soil moisture modelled from SHAW and in-situ sampling. 
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a) 

 

b) 

 

Figure 4.5 Non-parametric Spearman Rank correlation coefficients between soil moisture of study fields over sampling dates 
coloured from low/0.0 (green) to high/1.0 (red): a) soil moisture from inversion modelling of RADARSAT-2 backscatter and in-situ 

sampling; b) soil moisture modelled from SHAW and in-situ sampling. 
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 In addition, linear regression (R2) between inter-field rank structures and % sand and % 

clay texture fractions of each field are shown for the three soil moisture datasets used in this 

study (Table 4.2). These results show that inter-field soil moisture from both VSMIN-SITU and 

VSMSHAW are significantly (at ρ < 0.01) correlated to soil texture, whereas no significant 

correlations and low R2 values are found between soil texture and field ranks of VSMRADARSAT-2. 

The control of soil texture on inter-field soil moisture distribution in this study area is further 

supported by Manns and Berg (2014).  

 

Table 4.2  Simple linear regression (R2) between inter-field rank structure of soil moisture and 
soil texture (sand and clay) fractions of study fields. 

Sampling date % sand % clay 
SHAW Apr 24 (RSAT-2 Apr 24) 0.83* (0.08) 0.85* (0.08) 
SHAW Apr 25 (RSAT-2 Apr 25) 0.82* (0.01) 0.85* (0.01) 

SHAW May 03 (RSAT-2 May 03) 0.82* (0.08) 0.86* (0.01) 
SHAW May 10 (RSAT-2 May 10) 0.75* (0.01) 0.79* (0.01) 
SHAW May 12 (RSAT-2 May 12) 0.77* (0.05) 0.80* (0.06) 
SHAW May 20 (RSAT-2 May 20) 0.77* (0.06) 0.80* (0.10) 
SHAW May 27 (RSAT-2 May 27) 0.83* (0.08) 0.86* (0.06) 

In-situ June 07 0.50* 0.42* 
In-situ June 12 0.89* 0.84* 
In-situ June 15 0.53* 0.47* 
In-situ June 17 0.61* 0.57* 
In-situ June 22 0.70* 0.74* 
In-situ June 23 0.88* 0.81* 
In-situ June 25 0.88* 0.82* 
In-situ June 27 0.87* 0.80* 
In-situ July 05 0.61* 0.51* 
In-situ July 08 0.20 0.13 
In-situ July 10 0.60* 0.51* 
In-situ July 13 0.52* 0.42* 
In-situ July 14 0.33* 0.23 
In-situ July 17 0.57* 0.46* 

* significant at ρ < 0.05 
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4.3.2 Downscaled SMOS soil moisture using VSMRADARSAT-2 and VSMSHAW  

 The field-based downscaling relationships determined for VSMSMOS and VSMRADARSAT-2, 

or VSMSMOS and VSMSHAW, over the pre-vegetation period using Eq. 4.3 are evaluated over the 

vegetated period using VSMIN-SITU as a validation. In addition, SHAW modelled soil moisture 

for each field is also evaluated using VSMIN-SITU. Results in Figure 4.6 show that the 

downscaling relationships from VSMSHAW outperform those of VSMRADARSAT-2 for the majority 

of the study fields. The mean RMSE for VSMRADARSAT-2 is 0.11 m3m-3 and the mean RMSE for 

VSMSHAW is 0.07 m3m-3. In comparison to results illustrated in Figure 4.4 it is apparent that 

fields from VSMRADARSAT-2  with the highest RMSE’s shown in Figure 4.6 are those that have 

contradicting rank structure positions between pre-vegetation and vegetated periods. This is 

confirmed based on a significant correlation (ρ < 0.01, r = 0.84) between the mean differences in 

rank structure observed between the two study periods and the RMSE. Thus, fields with greater 

deviation in rank structure between pre-vegetation and vegetated periods in Figure 4.4 yield a 

higher downscaling RMSE shown in Figure 4.6. In contrast, the RMSE’s of VSMSHAW are 

significantly correlated with % clay texture fractions of each field (ρ < 0.01, r = 0.57). The field-

based RMSE’s in Figure 4.6 were also tested for significant correlation with distance of each 

field away from the SMOS grid node to identify a possible distance decay affect within the 

SMOS footprint but no significant (at ρ < 0.05) associations were found.  

 

 Results in Figure 4.6 also show a mean RMSE of 0.07 m3m-3 for SHAW modelled soil 

moisture (i.e. independent of remote sensing data). However, these RMSE’s have no significant 

(at ρ < 0.05) correlation with soil texture. 
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Figure 4.6 Results of field-level soil moisture over 14 sampling dates during vegetated period (June and July, 2012). Soil moisture 
root mean square error’s (RMSE) are evaluated using in-situ sampling.  
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4.4 Discussion 

 Given the increasing availability of soil moisture products at defined spatial resolutions 

from current and planned Earth Observation missions, it is necessary to research methods to take 

full advantage of these data for specific applications. For Canada, ~daily soil moisture 

observations, such as from SMOS or SMAP, are beneficial to identify regional hydrology trends 

over agricultural regions, such as those related to climate driven impacts (Champagne et al. 

2015; 2012). Gridded soil moisture products from global Earth Observation missions provide 

only a single soil moisture observation for the land-surface contained within the boundaries of a 

gridded footprint. This masked variability poses a major challenge for disaggregating a single 

observation, either for data assimilation into agricultural models, or for generating spatially 

meaningful soil moisture information at a higher resolution (e.g. field-scale). An important 

contribution of this research is in assessing potential synergies between data available at varying 

spatial and temporal resolutions to downscale soil moisture to the field-scale for application to 

supporting agricultural producers. 

 

 Reported stochastic methods to downscale soil moisture generally focus on characterizing 

soil moisture probability density functions and their evolution with changing land-surface 

conditions (e.g. Famiglietti 2008; Ryu and Famiglietti, 2006; 2005). Although these methods 

focus on establishing a correct statistical representation of variability within a coarse footprint 

they are indifferent to the spatial distribution of soil moisture. Downscaling soil moisture 

observations according to its physical spatial distribution is more difficult because it requires 

capturing soil moisture spatial organization with ancillary data or models. Many previous studies 

have proposed using multi-frequency data to downscale soil moisture, but these typically focus 
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on integrating SAR linear backscatter with coarser radiometer brightness temperature to improve 

the spatial resolution of modelled soil moisture (e.g. Das et al. 2011; Bindlish and Barros, 2002). 

The use of high resolution soil moisture mapping products from SAR image data to downscale 

independently coarse soil moisture observations has been explored in fewer examples.  

 

 One area that has received attention is temporal stability. Wagner et al. (2008) explored 

temporal stability of ENVISAT ASAR backscatter based on the assumption of soil moisture 

being the primary temporal influence affecting image data. The temporal stability analysis of 

VSMRADARSAT-2 in this study is based on only 7 images, yet 3 fields are identified as persistently 

representative of the mean during the vegetated period. This result is promising because it 

suggests that a small number of locations can be accurately (RMSE < 0.04 m3m-3) identified for 

in-situ validation (Vereecken et al. 2012). However, the limitation of a temporal stability study 

for scaling in this is that there is limited temporal persistence in rank structure identified 

VSMRADARSAT-2 despite persistence observed for VSMIN-SITU.  

  

 The use of SAR for generating a soil moisture wetness index based on relative values has 

been demonstrated in previous studies (e.g. Quesney et al. 2000). Yet, a contribution of this 

study is in assessing the identification of relative soil moisture rankings of fields through time, 

particularly in the context of leveraging this information for scaling during the growing season 

when C-band SAR is unreliable for soil moisture estimation. The results in Figures 4.5 and 4.6 

yield insights into the hydrologic character, and more importantly, the potential skill of SAR 

backscatter modelling for capturing these patterns. In the pre-vegetation period ranks of 

VSMRADARSAT-2 are variable between acquisitions and differ significantly from those observed 
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during the vegetated period, which is quantified by weak correlations in Figure 4.5. From these 

data, it is concluded that SAR soil moisture mapping in the pre-vegetation period does not 

capture a valid representation of inter-field spatial structure during the vegetated period. In 

contrast, modelled soil moisture (VSMSHAW) do provide a strong representation of inter-field 

spatial structure. In addition, the rank structure of VSMIN-SITU over dates in the vegetation period 

is consistent as indicated by the strengths of Spearman Rank correlation coefficients (Figure 4.5).  

 

 Table 4.2 showed that soil texture was an important control on inter-field soil moisture 

variability for VSMIN-SITU across dates and this was also observed for VSMSHAW in the pre-

vegetation period. This suggests an explanation for the similarity of inter-field rank structures 

between the pre-vegetation and vegetated periods for these two datasets. It is possible that the 

inter-field structure of VSMRADARSAT-2 are affected by land-management practices conducted 

during the pre-vegetation period. In contrast, a soil model, such as SHAW, is driven primarily 

according to soil physics and meteorological forcing, but will not account for specific short term 

changes to land-management unless this information is readily available to be ingested into the 

model. The ingested soil texture used in RSTB is the same database used for the SHAW model 

(http://sis.agr.gc.ca/cansis/nsdb/slc/index.html). The influence of land management practices 

during the pre-/seed period is such that soil surface and near-surface soil hydraulic properties are 

modified to encourage moisture retention on fields (Strudley et al. 2008). This is commonly 

practiced by agricultural producers in this study area (Jarrett Powers, personal communication) 

and will result in neighbouring fields of analogous soil texture to exhibit contrasting wet or dry 

soil conditions (Manns et al. 2014).  
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 It is noted that differences in the rank structures of VSMRADARSAT-2 and VSMIN-SITU may 

also arise due to the difference in soil sampling depth of C-band SAR microwaves (~0-2 cm) 

compared to in-situ sampling (~0-6 cm), or SHAW modelling (0-5 cm) especially for finer 

textured soils (Adams et al. 2015; 2013c). The deeper integration depth of in-situ measurements 

may contribute to greater persistence of soil moisture patterns as the soil layers nearest to the 

surface are most influenced by short term changes from evaporation due to solar radiation and 

wind.  

 

 In addition, many studies that are focused on downscaling over agricultural regions, 

propose and evaluate methods that disaggregate observations to a smaller sub-grid resolution 

(e.g. 1 x 1 km) based on the lowest available unit of observation as opposed to a practical spatial 

unit, such as a field-scale. In this study, inter-field soil moisture distribution is assessed based on 

the premise that persistence in organization is present between both the pre-vegetation and 

vegetated periods. Although soil texture is a dominant control on inter-field soil moisture 

variability, vegetation has also been shown to impart a control on soil moisture variability and 

may impact the utility of such an approach (Mohanty and Skaggs, 2002). For example, Adams et 

al. (refer to Chapter 2) show that changes in crop biophysical properties over this study period 

significantly contribute to inter-field soil moisture variability, in addition to soil texture.   

   

 It is asserted that soil moisture product data used in this study represents the current state 

of the art for C-band SAR and L-band passive microwave soil moisture retrievals over Canada. 

RADARSAT-2 is currently limited in temporal re-visit frequency and the number of acquisitions 

possible over Canadian agricultural regions in the period between snowmelt and vegetation 
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emergence is limited. For example, only 7 images were available for analysis in this study. 

However, the planned RADARSAT-Constellation (estimated launch in 2018) will provide daily 

access to C-band SAR data, which enables a much greater volume of information to be collected 

during this period. In context of the results presented in this paper, this has implications for 

generating more robust and advanced statistical relationships of use for downscaling, such as 

information on PDFs. It is also highlighted that results were obtained despite appreciable errors 

likely to exist in soil moisture data from RADARSAT-2 and SMOS (Adams et al. 2015; 

McNairn et al. 2012). On-going improvements to soil moisture products, such as those from 

SMOS, are being tested over Canada (Pacheco et al. In Press) and the performance accuracies of 

SMAP soil moisture products are not yet known. In addition, this research used RADARSAT-2 

soil moisture derived from the single image co-polarization IEM approach. In contrast, the 

hybrid IEM approach, which combines backscatter modelling from two images at contrasting 

incidence angles ±12 to 24 hours apart, is demonstrated to result in significantly improved 

accuracy (0.04 m3m-3 Mean Absolute Error) in soil moisture estimates compared to those 

obtained using single image approaches as in this research (0.07 m3m-3 Mean Absolute 

Error)(Merzouki and McNairn, In Press). It is anticipated that a hybrid approach may be feasible 

using RADARSAT-Constellation data (Merzouki and McNairn, In Press).  

 

 Given expected improvements in SAR retrieval model accuracy and vast improvements 

in temporal data availability with the RADARSAT-Constellation, this research suggests that 

further studies are warranted to exploit SAR mapping in pre-vegetation periods for downscaling 

SMOS or SMAP during the vegetation period. The skill of the SHAW to capture both the inter-

field distribution and to establish simple field-based downscaling relationships for SMOS 

117 
 



demonstrates merit for such an approach. However, further in-situ investigation may be required 

to confirm whether spatiotemporal conditions observed by SAR modelling in the pre-vegetation 

period are in fact attributed to land-management or modelling errors. Results also provide a 

baseline RMSE for a field-based soil moisture model that is used to estimate high resolution soil 

moisture instead of a remote sensing downscaling approach. Soil modelling provided only a 1% 

improvement in mean RMSE over the study fields in comparison to the downscaling from a 

coarse SMOS observation. Yet, the use of high resolution soil moisture modelling should not be 

discounted given the resources needed to implement remote sensing approaches.  

 

4.5 Conclusion 

 The main objective of this paper was to assess the potential for leveraging field-scale soil 

moisture estimates from IEM modelling of RADARSAT-2 over agricultural fields in the pre-

vegetation period to downscaling coarse gridded soil moisture data beyond vegetation 

emergence. This experiment was conducted using IEM modelling of 7 RADARSAT-2 

acquisitions over 33 fields prior to vegetation emergence (n=7) within a SMOS L2 grid cell. 

Observations are compared to in-situ sampling of these study fields at 12-14 dates following 

vegetation emergence. A hydrological model is also run to estimate soil moisture for each field.  

 

 Results demonstrated that using 7 RADARSAT-2 acquisitions it was possible to identify 

3 representative fields within the SMOS footprint at 0.04 m3m-3 RMSE. However, it was 

concluded, using data in this study, that the soil moisture data from RADARSAT-2 were unable 

to capture inter-field spatial structure beyond vegetation emergence. Performing the same 

analysis with soil moisture modelled using SHAW showed that strong agreement was present 
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between the pre-vegetation and vegetation periods. In addition, simple downscaling models 

using RADARSAT-2 soil moisture also suggested that higher field-based errors were present for 

fields with different rank positions from the vegetated period. Results obtained using the SHAW 

model in place of RADARSAT-2 mapped soil moisture suggested that further improvements in 

retrieval accuracy and data availability will increase the feasibility of such an approach. 

However, further study should also seek to investigate temporal persistence of soil moisture 

organization through different periods of the agricultural calendar.  
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Chapter 5 
 

Leveraging C-band SAR vegetation sensitivity during rapid crop growth for soil 
moisture estimation from L-band passive microwave brightness temperature 

 
This manuscript is prepared for submission to: Remote Sensing of Environment 
 
 
Modelling soil moisture from L-band brightness temperature over agricultural regions during the 
growing season requires realistic knowledge of vegetation conditions, especially vegetation 
water content (vwc), for parameterization of the tau-omega (τ-ω) model. This is often challenging 
given the spatial heterogeneity of crops, and varied development stages, within coarse 
spaceborne radiometer footprints and the rapid change of vegetation phenology and water 
content during the growing season. Research has explored synergies between L-band radar and 
radiometer observations, but few studies have directly assessed the interoperability of C-band 
radar and L-band radiometer data to resolve this issue. In this study, multi-temporal C-band SAR 
σ° from RADARSAT-2 and L-band radar and radiometer observations from the airborne PALS 
instrument are compared over corn, canola, and soybean fields. Results demonstrate that 
strongest relationships exist between σ° and Tb for corn and canola fields. The C-band co-
polarization linear intensity channels generally provide the best sensitivity to Tb for corn and 
canola but the C-band co-polarization ratios provide the strongest sensitivity to Tb for soybeans. 
A sensitivity analysis of C-band variables to LAI and VWC is performed, showing significant 
relationships are found with variables know to be sensitive to volume scattering, such as σ°HV. 
As well, results show that C-band RVI is highly sensitive to VWC for each crop type. However, 
regression analysis was only able to identify the influence of VWC on Tb for corn, and not canola 
or soybeans fields.  Next, errors of a PALS soil moisture product are evaluated relative to C-band 
radar backscatter and VWC. Results show that the largest RMSE is for corn, and strongest 
correlations between radar backscatter are found for corn fields. Implications of this study 
suggest that high-resolution C-band SAR datasets, which are operationally available from current 
and planned missions (e.g. RADARSAT-2, RADARSAT Constellation, Sentinel-1), may offer 
promise for use in characterizing vegetation water content in L-band radiometer based soil 
moisture retrieval algorithms and as a scaling tool for coarse L-band radiometer data.  

 

 
5.1 Introduction  

 Satellite based L-band radiometers, such as those used for the SMOS and SMAP 

missions, provide coarse spatial resolution (~10s of km) brightness temperature (Tb) observations 

every ~1-3 days (Kerr et al. 2010; Entekhabi et al. 2010). Over agricultural areas, Tb is sensitive 

to soil dielectric, which is proportional to liquid water content (i.e. soil moisture) within the top 

~0-5 cm of the soil surface. Gridded soil moisture products are derived from inversion of Tb 
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observations using radiative transfer equations (RTE) (Mladenova et al. 2014). However, L-band 

Tb is a complex function of land-surface and atmospheric properties and the accuracy of soil 

moisture estimates are dependent on realistic parameterization of these components in RTE’s 

(Mladenova et al. 2014).  

   

 In addition to soil dielectric, Tb originating from soil is influenced by the physical 

temperature of the emitting soil layers (e.g. 0-5 cm) and the soil surface roughness (Jackson, 

1993). Soil temperature is parameterized in RTE’s for SMOS using ancillary data from land-

surface schemes, which assimilate numerical weather modeling (e.g. ECMWF for SMOS or 

GMAO for SMAP). These soil temperature data represent horizontal and vertical dimensions 

analogous to a radiometer footprint and estimated soil emitting depth. Soil surface roughness 

(SSR) influences soil reflectivity and necessitates a correction factor in RTE’s (Choudhury et al. 

1979). SSR correction factors, such as those reported by Wang et al. (1983) are highly 

generalized over the coarse footprints of satellite radiometers. At a field-level, SSR is typically 

dynamic in the pre-/planting and post-harvest periods due to land-management activities, 

including tillage (Adams et al. 2013a; 2013b). Following vegetation emergence and throughout 

the growing season, soil surfaces remain static or become smoother due to precipitation (Zobeck 

and Onstad, 1987). Other soil surface components are needed in RTE’s, including soil texture, 

bulk density and topography. However, these components are static and can be accounted for 

using ancillary soil and topographic maps (Kerr et al. 2012; O’Neill et al. 2011). 

   

 In contrast, vegetation presents a greater challenge due to attenuation of L-band 

emissions originating from the underlying soil, and is an additional source of emitted radiation  
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(Jackson and Schmugge, 1991). Vegetation optical depth (τ) describes the opacity (i.e. 

transparency) of vegetation, which is primarily dependent on vegetation water content (VWC). VWC 

is defined as the amount of liquid water content held within plant tissues per unit area (Jackson, 

1993). The attenuation and emission from vegetation reduces the sensitivity of Tb to soil 

dielectric; therefore, impeding the accuracy of soil moisture estimates (Jackson and Schmugge, 

1991). For example, the SMAP and SMOS missions designate a soil moisture accuracy threshold 

of 0.04 m3m-3 root mean square error (RMSE) only when VWC is < 5 kg m-2 (Entekhabi et al. 

2010). The tau-omega (τ-ω) model, originally proposed by Mo et al. (1982), is the basis for soil 

moisture estimation (i.e. Tb forward modelling) over vegetated surfaces from SMOS and SMAP 

radiometer measurements (Kerr et al. 2010; Entekhabi et al. 2010) and is integral to each of the 

main RTE approaches described in the literature (e.g. Mladenova et al. 2014; Njoku and 

Entekhabi, 1996). In an agricultural context, τ is linearly related to VWC according to a b-

parameter and ω represents single scattering albedo, where at L-band ω is assumed to be zero for 

most crop types (Jackson and Schmugge, 1991). Ground-based radiometer experiments have 

demonstrated that the relationship between τ and VWC (i.e. b-parameter) is specific to crop type 

and also related to crop growth cycle (e.g. Jackson and O’Neill, 1990). For example, a corn field 

and a soybean field will differ in their planting densities and structural characteristics, such as 

total biomass, height, and leaf area index (LAI). Plants with a greater amount of biomass 

generally have a greater water holding capacity but this is also dependent on phenology as water 

holding capacity peaks during plant maturity and is related to how VWC is stored (e.g. stems or 

leaves), and decreases with plant senescence.  
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 Thus, representation of vegetation in RTE’s is challenging: spatially, due to the 

coarseness of spaceborne radiometer footprints relative to vegetation heterogeneity (crop type 

and health), and temporally, due to the rapid changes in vegetation phenology and VWC during the 

agricultural calendar. Higher resolution multi-sensor and/or multi-frequency remote sensing 

observations have been investigated as a way to resolve these issues. Much of this work has 

focused on multispectral sensor retrievals. The SMAP mission derives parameters for τ-ω 

modelling using 16-day MODIS 1 km normalized difference vegetation index (NDVI) product 

climatology (Chan et al. 2013). The premise of this approach is that VWC can be empirically 

derived from NDVI (Jackson et al. 2004; 1999). The purpose of the 16-day composite is to 

reduce the impact of clouds affecting images over a specific region an any individual day.  

However, the use of a composite over a 16-day period increases uncertainty of VWC vegetation 

parameterization in RTE’s. This is especially true during early stages of crop growth, when 

changes in biomass and VWC are rapid. In addition, optical remote sensing is ultimately limited 

to retrieval of crop spectral characteristics, which enables obtaining reliable estimates of NDVI, 

but limits directly obtaining VWC or more detailed crop structural information.  

 

 In contrast to optical data, synthetic aperture RADAR (SAR) backscatter (σ°) is directly 

sensitive to crop geometry and VWC and is mostly unaffected by cloud cover (Brisco and Brown, 

1998). The specific sensitivities of radar microwaves to crop features (e.g. biomass, LAI, VWC) is 

a function of frequency, polarization, incidence angle, as well as planting characteristics and 

stage in crop growth cycle (McNairn and Brisco, 2004). Researchers have primarily focused on 

studying the interoperability of higher resolution L-band radar and coarser resolution L-band 

radiometer observations in light of the dual operating capacity of SMAP. These studies have 
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compared σ° and Tb from aircraft-based L-band radiometers and spaceborne SARs (e.g. ALOS 

PALSAR) or same platform aircraft-based L-band radar/radiometer instruments (Colliander, 

2012a; Bindlish et al. 2008; Yueh et al. 2008; Bindlish and Barros, 2002). Several experiments 

have been specifically focused toward the goal of exploiting SMAP’s 3 km L-band radar 

observations to account for vegetation in radiometer-based soil moisture algorithms, for example 

those of Rowlandson and Berg (2015) and Kim et al. (2012).  

 

 A considerable amount of research has been conducted using C-band SAR 

multipolarization data to establish: i) sensitivities to crop features (biomass, LAI, VWC) (e.g. 

Wiseman et al. 2014; Jiao et al. 2011); ii) contributions to crop classifications (e.g. Jiao et al. 

2014; Skriver, 2012) and; iii) and skill in crop growth and productivity monitoring (e.g. Liu et al. 

2013; McNairn et al. 2012). In contrast to L-band microwaves (~21 cm), shorter C-band 

microwaves (~5.4 cm) have shallower penetration into crop canopies. Depending on specific 

crop and growth stage, there is generally less canopy penetration and two-way scattering from 

the soil-vegetation interaction at C-band than for longer wavelengths (McNairn and Brisco, 

2004). Additionally, high resolution (10s of m) C-band SAR image data are also relatively 

accessible from current and planned spaceborne missions over the next decade, including 

RADARSAT-2, RADARSAT-Constellation and Sentinel-1. However, few researchers have 

assessed potential synergies between the concurrent data availability from spaceborne C-band 

SARs and L-band radiometers. Rudiger et al. (2014) explored this concept by comparing C-band 

ASAR σ° and L-band aircraft-based radiometer Tb. Rudiger et al. (2014) reported promising 

relationships, but this was conducted over a dryland study area and not cropped agricultural 

fields.  
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 The objective of this study is to assess the potential for leveraging high resolution C-band 

SAR image data to account for the dynamic vegetation component affecting Tb over cropped  

agricultural fields during a rapid growth period. An improved understanding of the synergy 

between these datasets at the field-scale has implications toward developing scaling methods and 

improving retrievals of soil moisture from spaceborne L-band radiometers at much coarser 

resolutions, such as SMAP. In this study, spaceborne C-band SAR image data from 

RADARSAT-2 and aircraft-based L-band radiometer observations are compared over fields 

cropped for corn, canola and soybeans on dates during June and July, 2012. In-situ soil moisture 

and vegetation data are also sampled and a soil moisture product (using Single Channel 

Algorithm) is evaluated from the L-band radiometer data. This research has two sub-objectives:  

i) Identify field-based relationships between C-band radar backscatter and L-band radiometer 

brightness temperature and sensitivities to VWC; 

ii) Evaluate errors in L-band radiometer soil moisture relative to C-band radar backscatter and 

VWC.  

The following hypothesis is tested in this study: C-band SAR backscatter can explain a 

significant amount of temporal variability in Tb due to a sensitivity to dynamic vegetation water 

content during rapid crop growth.  

 

5.2 Materials and methods  

 This study was completed over agricultural fields in southern Manitoba, Canada, during 

the Soil Moisture Active Passive Experiment 2012 (SMAPVEX12) (Figure 5.1) (McNairn et al. 

2015). SMAPVEX12 was conducted over June 6 to July 19, 2012. For additional details of the 
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experiment and study area, refer to McNairn et al. (2015). This study analyzes four sources of 

near-coincidental data on 8 dates during SMAPVEX12: i) RADARSAT-2 fine quad wide mode 

image backscatter; ii) airborne PALS radiometer measured Tb (H.Pol and V.Pol); iii) soil moisture 

modelled from PALS radiometer Tb and; iv) in-situ sampled soil moisture and vegetation (Table 

5.1). The PALS data and in-situ sampling are obtained coincidentally (± 3 hours). On 6 of the 

dates the RADARSAT-2 and PALS data are acquired within 24 hours, and on 2 of the dates 

these data are acquired within 48 hours (Table 5.1). Data are analyzed from 12 sampled fields, 

each approximately 800 x 800 m (Figure 5.1). These fields were cropped for: corn (4), canola, 

(1), and soybeans (7). The selection of these fields is limited by the geographic coverage of the 

PALS instrument flight lines (at low altitude) and availability of coincident in-situ sampling 

(McNairn et al. 2015).  

  

 

 

 

 

 

 

 

 

 

Figure 5.1 SMAPVEX 12 study area and sampled fields according to crop type, b) in-situ 
sampling schematic: soil moisture sampled at all points and vegetation sampled at  

points 2, 7 and 11. 
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Table 5.1 Summary of PALS, in-situ and RADARSAT-2 datasets in this study. 

PALS/in-situ sampling 
Dates 

RADARSAT-2 
Image Dates 

RADARSAT-2 
Beam Mode (Incidence Angle) 

Difference 

June 12 June 12 FQ 8W (27.8°) ± 12 hours 
June 15 June 13 FQ 10W (30.0°) ± 48 hours 
June 22 June 20 FQ 6W (25.4°) ± 48 hours 
June 27 June 27 FQ 2W (20.9°) ± 12 hours 
June 29 June 29 FQ 3W (21.8°) ± 12 hours 
July 05 July 06 FQ 8W (27.8°) ± 12 hours 
July 08 July 07 FQ 10W (30.0°) ± 12 hours 
July 14 July 14 FQ 6W (25.4°) ± 12 hours 

 

5.2.1 RADARSAT-2 image data 

 Pre-processing and orthorectification of fine quad wide mode RADARSAT-2 data was 

completed using RADARSAT-2 polarimetric Toolbox (RSTB) v.9.5.1 (Array Computing 

Systems Ltd.). A 5 x 5 boxcar filter was applied to the raw images to reduce speckle and increase 

the number of effective looks in the data. The filtered images were converted to a 3 x 3 

covariance matrix from which co-polarized (σHH, σVV) and cross-polarized (σHV) linear 

backscatter intensities were generated. The images were converted from slant to ground range 

using satellite ephemeris information and orthorectified using a digital elevation model. The 

processed RADARSAT-2 pixel resolution is approximately 13 x 13 m. Digitized polygons of the 

study fields were overlaid on the orthorectified images to extract mean values of σHH, σVV, and 

σHV in power format and converted to dB. The incidence angles of the RADARSAT-2 images 

are approximately between 20° and 30°. It is acknowledged that incidence angle affects the 

sensitivity of C-band SAR linear backscatter to vegetation (McNairn and Brisco, 2004); 

however, acquiring the same incidence angle over such frequent sampling dates, and specifically 

over the SMAPVEX12 study period, was not possible. In addition to linear backscatter and co- 
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(σHH:σVV) and cross- (σHH:σHV, σHV:σVV) polarization ratios, the radar vegetation index (RVI) is 

calculated according to Kim et al. (2012), using Eq. 5.1:  

Eq. 5.1  RVI  = 8 σ𝐻𝐻𝐻𝐻
σ𝐻𝐻𝐻𝐻+σ𝐻𝐻𝐻𝐻+ 2 σ𝐻𝐻𝐻𝐻

 

where σHH, σVV, and σHV are elements of the radar cross section (in power format). RVI has been 

shown to be sensitive to VWC, and has been suggested as a parameter to identify VWC for use in 

passive microwave retrievals of soil moisture (Kim et al. 2012).  

 

5.2.2 PALS observations and modelled soil moisture  

 The PALS radiometer was based on a Twin Otter aircraft and sampled Tb along 4 north to 

south low-altitude (~1,200 m) flight lines and 8 north/west to south/east high altitude (~2,750 m) 

flight lines on SMAPVEX12 sampling dates (for further technical details of PALS flights over 

SMAPVEX12, refer to McNairn et al. 2015; Colliander et al. 2012b). Additional description of 

the PALS instrument specifications and use in previous research are found in Colliander et al. 

(2012c).  

 

 The raw horizontal (Tb H.pol) and vertical (Tb V.pol) brightness temperatures (in Kelvin) 

from the low altitude flight lines were acquired from the National Snow and Ice Data Center 

(NSIDC) (Colliander, 2013). These text data were converted into point level vector data in GIS 

software according to the geographic coordinates of each radiometer measurement and then 

interpolated into raster grid cells according to the approximate sampling footprints (600 x 600 m) 

(Colliander et al. 2012b). The PALS radiometer conducts continuous sampling of Tb along the 

aircraft flight lines. Therefore, arithmetic spatial averaging was completed for the point level 

flight line data that were geographically contained within the sampling fields.  
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 A soil moisture product (in m3m-3) is retrieved from the high altitude PALS Tb H.pol 

(where Tb V.pol is ignored) using an approach similar to the Single Channel Algorithm (SCA) (for 

additional details of the SCA, refer to Jackson, 1993). This is analogous to the baseline SMAP 

radiometer soil moisture algorithm for calibration and validation activities (i.e. SCA approach 

with Tb H.pol) (O’Neill et al. 2012). Colliander et al. (2015) report that the high altitude PALS Tb 

H.pol exhibit close agreement with coincident SMOS Tb, lending confidence to the airborne 

measured Tb used for generation of these soil moisture data. Similar to SMAP L2 passive soil 

moisture retrievals, the SCA approach requires ancillary information to parameterize τ, a soil 

texture dependent soil dielectric model, and a correction factor for surface roughness. The 1,500 

m PALS footprint generally contains 4 agricultural fields, which resulted in a mixed crop type in 

most cases and variability in the dominant soil texture in some cases. The soil moisture product 

(hereafter referred to as PALSVSM) is derived by optimizing a dominant soil texture value (% 

clay, % sand) and vegetation type for each 1,500 m grid cell based on ancillary information of 

this variability. The true sub-pixel crop variability was determined from field-scale Agriculture 

and Agri-food Canada crop maps (Fisette et al. 2013) and the sub-footprint soil texture 

variability was determined from Soil Landscape of Canada (SLC) soil texture maps 

(http://sis.agr.gc.ca/cansis/nsdb/slc/index.html). Daily VWC is interpolated from Rapid Eye and 

SPOT multispectral imagery acquired on June 07 and June 19, 2012, respectively (Cosh, 2014). 

A constant b-parameter is assigned for each crop type class using estimates obtained from PALS 

low altitude flights over homogenous cropped fields (Corn: 0.15, Canola: 0.12, Soybeans: 0.10) 

(Andreas Colliander, personal communication). τ is obtained by multiplying daily VWC of a field 

by the b-parameter for that crop class. During the SMAPVEX12 experiment SSR was measured 
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using a manually deployed pin board as described in McNairn et al. (2015). SSR was combined 

with a soil moisture dependent reflectivity correction determined using the low-altitude flights. 

Dielectric to soil moisture correction is done according to Mironov et al. (2009) using soil 

texture information from the SLC database. Srivastava et al. (2015) show that in a comparison of 

the most commonly reported dielectric models (Dobson et al. (1985), Wang and Schmugge 

(1980), Hallikainen et al. (1985), Mironov et al. (2009)), the Mironov et al. (2009) model 

provides the best performance for SMAP soil moisture estimates with the SCA (H.pol) approach.  

 

5.2.3 In-situ soil moisture and vegetation sampling 

 Coincident with the PALS flights (± 3 hours), near-surface soil moisture (~0-6 cm) was 

sampled in study fields using electronic soil water content sensors (McNairn et al. 2015; Adams 

et al., refer to Chapter 2). Replicate soil moisture samples were obtained at 16 points along two 

525 m transects spaced 200 m apart (~48 samples per field) (Figure 5.1b). The sampled soil 

moisture data were calibrated to < 0.04 m3m-3 RMSE using co-located gravimetric samples 

(Rowlandson et al. 2013). These data are averaged over each field for determination of the 

PALSVSM errors on each date, and this field-mean represents the best available in-situ estimate of 

soil moisture for the studied fields.  

 

 Crop LAI and VWC was sampled weekly over SMAVPEX12 at 3 locations in each field 

(Figure 5.1b) and averaged to obtain a field value on each sampling date (for further details, refer 

to McNairn et al. 2015; Wiseman et al. 2014). As vegetation sampling was only performed on 

each field once per week and not coincident with the PALS or RADARSAT-2 acquisitions, 
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linear interpolation was performed between each of the weekly sampling dates to obtain a daily 

in-situ value of LAI and VWC for assessment in this study (Figure 5.2).  

 

Figure 5.2 Summary of in-situ sampled vegetation water content (VWC) for each crop type on 
study dates coincident with PALS radiometer observations. Note: values for corn and soybeans 

are daily group averages for 4 and 7 fields, respectively, and canola represents a single field. 

 

5.2.4 Data analysis 

 Correlation coefficients (r-values) are used to describe strength of relationships between 

multi-temporal observations of σ° and Tb, including RVI, over RADARSAT-2 and PALS 

acquisition dates (Zar, 1974). Stronger and significant r-values indicate similarity in temporal 

responses between observations from radar or radiometer data over the cropped fields.  
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 Regression analysis is performed using C-band radar backscatter and in-situ sampled soil 

moisture as independent variables and either Tb V.pol or Tb H.pol as a dependent variable (Zar, 

1974). The purpose of this test is to determine the amount of variability in Tb accounted for by 

different independent variables. A stepwise multiple regression is performed for corn and 

soybeans using σ°HH, σ°VV, σ°HV, σ°HH:VV, σ°HH:HV, σ°HV:VV, RVI, and soil moisture as 

independent variables (sample size is too small for canola). LAI and VWC are not included in the 

stepwise models. In contrast to multiple regression, stepwise regression analysis accounts for 

multi-collinearity among radar and in-situ data by limiting redundant predictor variables. 

Independent variables are only retained as significant predictors to the regression model if their 

beta coefficient is significant (at ρ < 0.05) according to a 1-way t-test. Variance inflation factor 

(VIF) is used to determine multi-collinearity of independent variables according to Eq. 5.1: 

Eq. 5.1   𝑉𝑉𝑉𝑉𝑉𝑉𝑗𝑗 =  1
1−𝑟𝑟𝑗𝑗

2 

VIF defines whether independent variables are inflating a regression fit due to multi-collinearity. 

In addition, simple linear regression models are fitted between Tb and in-situ soil moisture or 

VWC.  

  

 An analysis of absolute PALSVSM errors is performed using in-situ soil moisture 

observations. The errors for each field are determined using Eq. 5.2 

Eq. 5.2  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑉𝑉𝑉𝑉𝑉𝑉 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑉𝑉𝑉𝑉𝑉𝑉 − 𝑖𝑖𝑖𝑖 𝑒𝑒𝑖𝑖𝑠𝑠𝑠𝑠 𝑒𝑒𝑒𝑒𝑖𝑖𝑠𝑠 𝑚𝑚𝑒𝑒𝑖𝑖𝑒𝑒𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒 

The sensitivity of C-band radar variables and in-situ measured LAI and VWC to PALSVSM errors 

are then evaluated by testing correlations.  

 

5.3 Results  
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5.3.1 Correlations between C-band σ° with L-band Tb  

 Results in Table 5.2 demonstrate that strongest relationships for corn are between co-

polarized linear backscatter and Tb V.pol and Tb H.pol. No significant correlations are found for the 

co-polarized ratio, but significant r-values are found for cross-polarized ratios, with strongest 

results for σ°HH:HV. For canola fields, significant relationships are also observed for co-polarized 

linear backscatter and Tb V.pol and Tb H.pol. There are significant relationships for the cross-

polarization ratios for canola, with σ°HH:HV also showing the strongest correlations. The 

relationships for corn and canola show Tb decreasing inversely with increasing σ°. For soybeans, 

significant correlations are only present between cross-polarization ratios and Tb V.pol and Tb H.pol 

with r-values between 0.43 and 0.33, and highest correlations for σ°HH:HV. RVI is most strongly 

correlated with Tb for canola, with significant relationships between Tb V.pol and Tb H.pol. 

Significant relationships are also observed for corn and soybeans, although, the strength of these 

correlations are low (r-values < 0.37). 
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Table 5.2 Correlation coefficients (r-values) between C-band RADARSAT-2 backscatter and 
PALS radiometer brightness temperature (RVI: Radar vegetation index). 

 

a) 
Corn 
n=28  

 
 

         Canola 
 b)    n=8 

  
   

 
        Tb V.Pol Tb H.Pol   Tb V.Pol Tb H.Pol 

 
σ°HH -0.67* -0.70*  σ°HH -0.69* -0.63* 

 
σ°VV -0.75* -0.74*  σ°VV -0.64* -0.56 

 
σ°HV 0.02 0.09  σ°HV 0.22 0.27 

 
σ°HH:VV 0.11 0.20  σ°HH:VV -0.23 -0.12 

 
σ°HH:HV 0.62* 0.70*  σ°HH:HV 0.90* 0.87* 

 
σ°HV:VV -0.51* -0.55*  σ°HV:VV -0.91* -0.86* 

 
RVI 0.32 0.37*  RVI 0.75* 0.75* 

c) 

 
 
Soybeans  
n=55  

  
 

  
 

  Tb V.Pol Tb H.Pol  

 
σ°HH -0.17 -0.12  

 
σ°VV -0.20 -0.16  

 
σ°HV 0.11 0.13  

 
σ°HH:VV -0.02 -0.04  

 
σ°HH:HV 0.40* 0.36*  

 
σ°HV:VV -0.43* -0.40*  

 
RVI 0.36* 0.35*  

 *significant at ρ < 0.05  
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5.3.2 Sensitivity of C-band σ° to LAI and VWC 

 Table 5.3 summarizes correlations between radar variables with LAI and VWC. Table 5.4 

shows that there are strong correlations between in-situ measurements of LAI and VWC, which 

results in similar sensitivities of the radar variables in Table 5.3. For corn, SAR variables most 

sensitive to LAI and VWC are σ°HV, σ°HH:HV and σ°HV:VV. For canola, σ°HV is significantly 

correlated to VWC and σ°HH:HV and σ°HV:VV are significantly correlated with LAI. For soybeans, 

significant correlations are present for each of the linear backscatter channels, with σ°HV showing 

the strongest relationship. Correlations for co-and cross-polarization ratios for soybeans show 

generally weak results, with significant relationships only between LAI and σ°HV:VV. For all three 

crops, significant relationships are found between RVI and both LAI and VWC.  
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Table 5.3 Correlation coefficients (r-values) between C-band RADARSAT-2 backscatter and 
RVI and in-situ sampled LAI and VWC (RVI: Radar vegetation index, LAI: Leaf area index, 
VWC: Vegetation Water Content).  
 

a) 
Corn 
n=28  

 
b) 

Canola 
n=8 

  
   

 
  LAI VWC   LAI VWC 

 
σ°HH 0.01 0.00  σ°HH -0.51 0.12 

 
σ°VV -0.15 -0.16  σ°VV -0.51 0.10 

 
σ°HV 0.52* 0.58*  σ°HV 0.54 0.83* 

 
σ°HH:VV -0.29 -0.33  σ°HH:VV -0.36 -0.02 

 
σ°HH:HV 0.53* -0.36*  σ°HH:HV 0.89* 0.51 

 
σ°HV:VV -0.51* -0.57*  σ°HV:VV -0.84* -0.44 

 
RVI 0.74* 0.79*  RVI 0.88* 0.75* 

c) 

 
 
Soybeans  
n=55  

  
 

  
 

  LAI VWC  

 
σ°HH 0.48* 0.44*  

 
σ°VV 0.46* 0.51*  

 
σ°HV 0.74* 0.61*  

 
σ°HH:VV -0.16 -0.11  

 
σ°HH:HV 0.09 -0.01  

 
σ°HV:VV -0.21 -0.01  

 
RVI 0.63* 0.44*  

 

*significant at ρ < 0.05 
 

 

 

 

Table 5.4 Correlation coefficients (r-values) between in-situ sampled vegetation parameters LAI 
and VWC (LAI: leaf area index, VWC: vegetation water content). 

 r-value 
Corn 0.92 

Canola 0.70 
Soybeans 0.78 
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 In Table 5.5a, stepwise regression models for Tb of corn and soybeans identify one radar 

variable (σ°VV for corn, σ°HV:VV for soybeans) and soil moisture as the most significant 

independent variables. Combining these variables accounts for 67-72% of the variability in Tb for 

corn fields and 59% of variability in Tb for soybean fields. Due to a small N, only one variable is 

retained for canola, with σ°HV:VV accounting for 78% of variability in Tb V.Pol and soil moisture 

yielding 78% of variability in Tb H.Pol. In comparison to coefficients of determination in Table 

5.5b, it is shown that the addition of a radar variable for corn and soybeans contributes an 

additional 21-31% of explained variability. In Table 5.5b, it is shown that VWC does not explain a 

significant amount of variability in Tb for any of the three crops. However, plotting these 

relationships (not shown) indicates that, for corn, there is evidence of a temporal control on the 

relationship between Tb and VWC. This is supported by a visual interpretation of Figure 5.2, which 

illustrates that VWC for corn rapidly increases for these dates. When only data are considered 

between June 12 and June 29, there are strong relationships between Tb and VWC, with R2 of 0.72 

for Tb H.Pol and R2 of 0.57 for Tb V.Pol. Data points for the remaining three study dates (July 05, 08,  

14) show no association because VWC increases but Tb remains relatively static.  
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Table 5.5 a) Results of stepwise multiple regression for L-band Tb V.Pol and Tb H.Pol, and b) simple 
regression where only soil moisture or VWC is used as an independent variable. Coefficient of 
multiple determination/Coefficient of determination (R2) represents the amount of variability 

accounted for by independent variable(s). 

 a)  b)  
 Significant independent 

variables using stepwise 
regression‡ 

 
 

R2 

Soil moisture  
 

R2 

VWC  
 

R2 
Corn     
Tb V.Pol σ°VV + soil moisture 0.67* 0.36* 0.30* 
Tb H.Pol σ°VV + soil moisture 0.72* 0.46* 0.30* 
Canola     
Tb V.Pol σ°HV:VV only 0.82* 0.64* 0.11 
Tb H.Pol soil moisture only 0.78* - 0.15 
Soybeans     
Tb V.Pol σ°HV:VV + soil moisture  0.59* 0.38* 0.12 
Tb H.Pol σ°HV:VV + soil moisture 0.59* 0.41* 0.14 

‡significant at ρ < 0.05, determined from 1-way t-test and variance inflation tolerance < 10 
*significant at ρ < 0.05, determined from 1-way F-test  

 

5.3.3 PALSVSM  error assessment 

 The RMSE of PALSVSM over all study fields is 0.14 m3m-3, with individual RMSE’s of 

0.19 m3m-3 for corn, 0.14 m3m-3 for canola, and 0.11 m3m-3 for soybeans. For corn and canola 

fields, there is generally a negative relationship between PALSVSM errors over the study period, 

with errors decreasing nearer to the end of the study period. PALSVSM errors are significantly 

correlated to LAI and VWC for corn and canola fields, but not over soybean fields (Table 5.6). For 

corn, co-polarized linear channels and cross-polarized ratios are significantly correlated with 

PALSVSM errors. For canola, only σ°HH:HV and RVI are significantly correlated with PALSVSM 

errors, and for soybeans, all three linear backscatter channels are significantly correlated with 

PALSVSM errors.  
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Table 5.6 Correlation coefficients (r-values) between C-band RADARSAT-2 backscatter and 
errors in PALS retreived soil moisture (PALSVSM errors) (RVI: Radar vegetation index, LAI: leaf 
area index, VWC: vegetation water content).  

a) 
 

Corn  
 

 

b)  
 

Canola  
 

 
      

 
σ°HH 0.61*  σ°HH 0.35 

 
σ°VV 0.68*  σ°VV 0.35 

 
σ°HV 0.05  σ°HV -0.37 

 
σ°HH:VV -0.06  σ°HH:VV 0.23 

 
σ°HH:HV -0.52*  σ°HH:HV -0.62* 

 
σ°HV:VV 0.46*  σ°HV:VV 0.58* 

 
RVI -0.27  RVI -0.65* 

 LAI -0.56*  LAI -0.91* 
 VWC 0.48*  VWC -0.43 
      
 
c) 
 

 
Soybeans 

 

 
    

      

 
σ°HH 0.40*    

 
σ°VV 0.53*    

 
σ°HV 0.44*    

 
σ°HH:VV 0.20    

 
σ°HH:HV -0.06    

 
σ°HV:VV 0.22    

 
RVI 0.28    

 LAI -0.27    
 VWC -0.37    

 * significant at ρ < 0.05 

 

5.4 Discussion 

 The backscatter response from an agricultural field is summarized using Eq. 5.3 

following Mo et al. (1984): 

Eq. 5.3: σ° = σ°s + σ°v + σ°sv  
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where s represents the influence of soil surface properties (dielectric/soil moisture and surface 

roughness), v represents the attenuation and scattering from a vegetation canopy, and sv represents 

scattering attributed to soil and vegetation interactions. It is generally assumed that the response 

of C-band SAR microwaves over vegetated agricultural fields during the growing season is 

dominated by sensitivity to vegetation, although this is also related to polarization, incidence 

angle, crop and development stage (McNairn and Brisco 2004). In a related study, Wiseman et 

al. (2014) conducted a sensitivity analysis of low incidence angle RADARSAT-2 image data 

(including scenes used in this research) to dry biomass content over SMAPVEX12. In their 

analysis, Wiseman et al. (2014) focused on multipolarization and polarimetric variables sensitive 

to volume and multiple scattering, but concluded that backscatter is dominated by sensitivity to 

vegetation features and no sensitivity was found for underlying SSR (rms height) or soil 

moisture.  

 

 Tb (V.Pol or H.Pol) over these conditions is summarized using Eq. 5.4 following Njoku and 

Entekhabi (1996):  

Eq. 5.4: Tb = 𝑒𝑒𝑝𝑝 𝑇𝑇𝑝𝑝 exp(−𝜏𝜏) + 𝑇𝑇𝑐𝑐 [1 − exp(−𝜏𝜏)][1 +  𝑒𝑒𝑝𝑝 exp(−𝜏𝜏)] 

where Tc represents vegetation temperature, Tc represents soil temperature, τ represents 

vegetation opacity, and ep and rp represent emissivity and reflectivity of the soil. It is assumed 

that changes in Tb over the study fields are primarily attributed to: i) dynamic soil moisture , and; 

ii) dynamic vegetation optical depth, which is a function of increasing VWC (Figure 5.2) (Njoku 

and Entekhabi, 1996). SSR was not repeatedly measured over SMAPVEX12; however, changes 

in SSR beyond vegetation emergence are assumed to be negligible, or soil surfaces may become 

smoother due to rainfall (McNairn et al. 2015).   
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 Figure 5.2 highlights the rapid change in VWC, particularly for corn and canola fields, in 

this study. For these crop types, the total biomass increases dramatically in a relatively short 

period between emergence and maturity (McNairn et al. 2015). In a general sense, τ changes in 

response to dynamic vwc, yet a constant b-parameter is usually considered for a crop type over 

an entire agricultural season. Given the SMAP mission plan to parameterize τ using 16-day 

MODIS composite based estimates, data in Figure 5.2 exemplify how ancillary information, such 

as from high resolution radar, are likely needed at much greater temporal frequency to identify τ 

during this rapid growth period.  

 

 Given the hypothesis of this research presented in Section 5.1, the significant temporal 

correlations between Tb and σ° (Table 5.2) suggest that there is similarity in the physical 

sensitivities of radar and radiometer data over cropped fields. Results demonstrate that promising 

relationships exist between radar variables and VWC (Table 5.3). The variables most sensitive to 

vegetation features (LAI and VWC) are those that indicate volume scattering and depolarization, 

such as σ°HV or cross polarization ratios and this is generally in agreement with previous research 

findings (McNairn and Brisco, 2004) and the general understanding of how these signals behave 

over cropped agricultural fields (Brisco and Brown, 1998; Jackson, 1993). Strong results are 

specifically found for RVI, which suggests that C-band multipolarization backscatter can 

contribute information on VWC for passive microwave soil moisture models or other purposes. 

The strong relationships reported between in-situ measurements of LAI and VWC (Table 5.4) are 

also of interest because many studies have been focused on methods to retrieve LAI using C-

band SAR image data (e.g. Jiao et al. 2011).  
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 Despite these promising relationships between σ° and VWC, results show that neither in-

situ sampled VWC, nor radar variables sensitive to VWC, account for a significant amount of 

variability in Tb when assessed over the entire study period. It was observed, however, that a 

sensitivity of Tb to VWC of corn exists until the June 29 study date. Results in Table 5.5 also show 

that the contribution of a radar variable, in addition to soil moisture, significantly improves the 

amount of variability accounted for in Tb but it is unclear from the available data what physical 

conditions these selected radar variables are sensitive to. For corn, σ°VV is sensitive to vertically 

oriented cylinders, such as corn stalks (McNairn and Brisco, 2004). As well, it is noted that corn 

exhibits the greatest sensitivity to VWC compared to canola or soybeans, while also being less 

sensitive to in-situ sampled soil moisture.  

 

 Soil moisture estimation from passive microwave Tb is a complex function of modelling 

components and parameterizations, as well as in-situ conditions, radiometer specifications and 

spatial resolution (Njoku and Entekhabi, 1996). Therefore, it should be cautioned that errors of 

the 1,500 m SCA soil moisture at H.Pol may be attributed to various factors and it is difficult to 

make conclusions on these factors from an error analysis alone. The three main components of 

the SCA model are soil roughness parameterization, vegetation parameterization (i.e. using τ-ω), 

and a dielectric model to infer volumetric soil moisture (Jackson, 1993). However, VWC was only 

significantly correlated to PALSVSM errors for corn. In addition, C-band radar variables shown to 

be most sensitive to VWC in Table 5.3, including σ°HV or RVI, are not significantly correlated to 

PALSVSM errors. Therefore, the potential for C-band radar to identify PALSVSM errors is not 

demonstrated. Manns et al. (2015) evaluated spatial errors in this soil moisture product and 
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attributed these (in part) to the use of the Mironov et al. (2009) dielectric model due to 

significant relationships between errors and in-situ sampled soil organic carbon.  

 

 It is noted that the incidence angles of radar and radiometer datasets in this study should 

be considered when interpreting results. The PALS L-band radiometer data are acquired at a 

constant ~40° incidence angle, which is analogous to the SMAP radiometer (Entekhabi et al. 

2010). However, the RADARSAT-2 images are acquired at a range of incidence angles listed in 

Table 5.2. The generally low incidence angles used in this study will have a significant impact on 

the sensitivity of the C-band microwaves with vegetation. Low incidence angles (i.e. steep) 

typically have greater penetration through a vegetation canopy, which results in increased within 

canopy scattering or multiple volume scattering due to a greater sensitivity to the underlying soil 

surface (McNairn and Brisco, 2004). In contrast, high (i.e. shallow) incidence angles (e.g. > 40°) 

generally enhance sensitivity to vegetation features. This analysis combines backscatter over a 

range of different incidence angles on each study date to determine multi-temporal relationships, 

which may increase variance in regression relationships, thus weakening results. In addition, 

RADARSAT-2 and PALS data acquisitions are not coincident on each study date (Table 5.2). 

The in-situ data are evaluated on the PALS acquisitions dates and in some instances there is up 

to a 48 hour difference between RADARSAT-2 acquisition. Of note, < 2 mm of precipitation 

was recorded between June 13 and 15 and ~10 mm of precipitation was recorded between June 

20 and 22 (at Environment Canada Carman monitoring station), which may influence VWC 

between these dates.   

 

5.5 Conclusion 
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 The purpose of this study was to test the hypothesis that C-band SAR backscatter could 

account for variability in Tb due to its sensitivity to changing vegetation water content in a rapid 

growth period. This research was conducted at the field-scale using spaceborne C-band SAR 

from RADARSAT-2 and aircraft-based L-band radiometer data. The C-band backscatter are 

compared to raw Tb and their sensitivities to VWC and LAI are assessed. In addition, soil moisture 

is estimated from the L-band radiometer measurements (at H.Pol) using the SCA approach. Results 

demonstrated that significant multi-temporal relationships exist between σ° and Tb, especially for 

corn and canola. The sensitivity analysis confirmed that some σ° variables, including those 

sensitive to volume scattering as well as the radar vegetation index, were sensitive to vegetation 

water content. However, it was shown that these variables sensitive VWC were not generally 

sensitive to Tb, or to errors in the radiometer derived soil moisture product. The best results are 

found throughout the analysis for corn, which may suggest this is because of the greater biomass 

in comparison to canola or soybeans. Although a relatively unique combination of remote 

sensing and in-situ data were assessed in this study, it would be beneficial to continue this work 

over a greater range of conditions, including more crop types (e.g. wheat) and to collect larger 

sample sizes for more detailed statistical analysis. For example, only 1 canola field was used in 

this research, which limits the findings for this crop.  

 

 The main contribution of this research is in assessing the potential for C-band radar to 

identify VWC, with implications for scaling and improving passive microwave retrievals. Despite 

the considerable research conducted for L-band radar and L-band radiometers, this study is 

unique in the comparison of spaceborne C-band SAR and L-band radiometer observations over a 

period of rapid vegetation growth. This research is of pragmatic interest given the on-going 
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availability of C-band SAR and L-band passive microwave data from Earth Observation 

missions and the need for improved ancillary datasets of VWC at frequent, and high spatial 

resolutions. In terms of Earth Observation datasets, spaceborne radiometers have a relatively 

coarse resolution. Therefore, this study is important because it is necessary to first understand 

potential synergies between these data over homogenous agricultural fields in order to 

understand these over larger scales.  

 

Acknowledgements 

The authors thank Matthew Williamson and William Woodley for assistance in processing the 

RADARSAT-2 image data used in this study. The authors also acknowledge the contributions of 

the entire SMAPVEX12 team, especially Tom Jackson (USDA-ARS) and Grant Wiseman 

(AAFC), in addition to the PALS aircraft operators. Funding for this research was provided by 

Agriculture and Agri-food Canada (AAFC), Canadian Space Agency (CSA) and Natural 

Sciences and Engineering Research Council (NSERC). Part of this work was carried out at Jet 

Propulsion Laboratory, California Institute of Technology, under contract with National 

Aeronautics and Space Administration.  

 

References 

Adams, J.R., Rowlandson, T.L., McKeown, S.J., Berg, A.A., McNairn, H., Sweeney, S.J., 2013a. 
Evaluating the Cloude-Pottier and Freeman-Durden scattering decompositions for distinguishing 
between unharvested and post-harvest agricultural fields. Can. J. Rem. Sens. 39(4), 1-10.  
doi: 10.5589/m13-040 
 
Adams, J.R., Berg, A.A., McNairn, H., Merzouki, A., 2013b. Sensitivity of C-band SAR 
polarimetric variables to unvegetated agricultural fields. Can. J. Rem. Sens. 39(1), 1-16. doi: 
10.5589/m13-003 
 

149 
 



Bindlish, R., Jackson, T., Cosh, M., Sun, R., Yueh, S., Dinardo, S., 2008. Combined Passive and 
active soil moisture observations during CLASIC. In: IGARSS 2008, Proceedings of the 
International Geoscience and Remote Sensing Symposium, 7-11 July 2008, Boston, United 
States. IEEE. pp. II237-II240. doi: 10.1109/IGARSS.2008.4778971 
 
Bindlish, R., Barros, A.P., 2002. Subpixel variability of remotely sensed soil moisture: an inter-
comparison study of SAR and ESTAR. IEEE Trans. Geosci. Remote Sens. 40(2), 326-337.  
doi: 10.1109/36.992792 
 
Brisco, B., Brown, R., 1998. Chapter 7: Agricultural applications with Radar. In: The Manual of 
Remote Sensing, 3rd ed, Principles and applications of imaging Radar. Ed. Ryerson, R.A., 
American Society for Photogrammetry and Remote Sensing, Bethesda, Md.  
 
Chan, S., Bindlish, R., Hunt, R., Jackson, T., Kimball, J., 2013. Soil Moisture Active Passive 
(SMAP) Ancillary Data Report: Vegetation Water Content. Pasadena, CA. NASA Jet Propulsion 
Laboratory (JPL). 18 p. 
 
Choudhury, B.J., Schmugge, T.J., Chang, A., Newton, R.W., 1979. Effect of surface roughness 
on the microwave emission from soils. J. Geophys. Res. 84(C9), 5699-5706.  
doi: 10.1029/JC084iC09p05699 
 
Colliander, A., Jackson, T., McNairn, H., Chazanoff, S., Dinardo, S., Lathan, B., O’Dwyer, I., 
Chun, W., Yueh, S., Njoku, E., 2015. Comparison of airborne passive and active L-band system 
(PALS) brightness temperature measurements to SMOS observations during the SMAP 
Validation Experiment 2012 (SMAPVEX12). IEEE Geosci. Remote Sens. Lett. 12(4), 801-805. 
doi: 10.1109/LGRS.2014.2362889 
 
Cosh, M.H., 2014. SMAPVEX12 Vegetation Water Content Map. National Snow and Ice Data 
Center (NSIDC). Boulder, Colorado, USA. 
http://nsidc.org/data/docs/daac/smap/smapvex12/sv12vwc/index.html 
 
Colliander, A., 2013. SMAPVEX12 PALS Brightness Temperature Data.  National Snow and 
Ice Data Center (NSIDC). Boulder, Colorado, USA. 
http://nsidc.org/data/docs/daac/smap/smapvex12/sv12pltb/index.html  
 
Colliander, A., 2012a. Analysis of coincident L-band radiometer and radar measurements with 
respect to soil and vegetation conditions. Eur. J. Remote Sens. 45, 111-120.  
doi: 10.5721/EuJRS20124511 
 
Colliander, A., Yueh, S., Chazanoff, S., Dinardo, S., O'Dwyer, I., Jackson, T., McNairn, H., 
Bullock, P., Wiseman, G., Berg, A.A., Magagi, R., Njoku, E., 2012b. Airborne active and 
passive L-band measurements using PALS instrument in SMAPVEX12 soil moisture field 
campaign. In: Proceedings of SPIE Asia-Pacific Remote Sensing, 29 October-01 November 
2012, Kyoto, Japan. International Society for Optics and Photonics. pp. 85240G-85240G.  
doi: 10.1117/12.977600 
 

150 
 



Colliander, A., Chan, S., Kim, S-, B., Das, N., Yueh, S., Cosh, M., Bindlish, R., Jackson, T., 
Njoku, N., 2012c. Long term analysis of PALS soil moisture campaign measurements for global 
soil moisture algorithm development. Remote Sens. Environ. 121, 309-322.  
doi:10.1016/j.rse.2012.02.002 
 
Dobson, M.C., Ulaby, F.T., Hallikainen, M.T., El-Rayes, M.A., 1985. Microwave dielectric 
behaviour of wet soil-Part II: dielectric mixing models. IEEE Trans. Geosci. Remote Sens. GE-
23(1), 35-46. doi: 10.1109/TGRS.1985.289498 
 
Entekhabi, D., Njoku, E., O‘Neill, P.E., Kellogg, K., Crow, W., Edelstein, W., Entin, J., 
Goodmand, S., Jackson, T., Johnson, J., Kimball, J., Peipmeier, J., Koster, R., Martin, 
N., McDonald, K., Moghaddam, M., Moran, S., Reichle, R., Shi, J., Spencer, M., 
Thurman, S., Tsang, L., van Zyl, J., 2010a. The soil moisture active passive SMAP 
mission. Proc. IEEE. 98 (5), 704–716. doi: 10.1109/jproc.2010.2043918 
 
Fisette, T., Rollin, P., Aly, Z., Campbell, L., Daneshfar, B., Filyer, P., Smith, A., Davidson, A., 
Shang, J., Jarvis, I., 2013. AAFC annual crop inventory: status and challenges. In: The Second 
International Conference on Agro-Geoinformatics 2013, 12–16 August 2013, Fairfax, VA, USA. 
IEEE. pp. 270-274. doi: 10.1109/Argo-Geoinformatics.2013.6621920 
 
Hallikainen, M.T., Ulaby, F.T., Dobson, M.C., El-Rayes, M.A., 1985. Microwave dielectric 
behaviour of wet soil-Part 1: Empirical models and experimental observations. IEEE Trans. 
Geosci. Remote Sens. GE-23(1), 25-34. doi: 10.1109/TGRS.1985.289497 
 
Jackson, T.J.,  Chen, D., Cosh, M., Li, F., Anderson, M., Walthall, C., Doriaswamy, P., Hunt, 
E.R., 2004. Vegetation water concent mapping using Landsat data derived normalized difference 
water index for corn and soybeans. Remote Sens. Env. 92(4), 475-482.  
doi: 10.1016/j.rse.2003.10.021 
 
Jackson, T.J., Le Vine, D.M., Hsu, A.Y., Oldak, A., Starks, P.J., Swift, C.T., Isham, J.D., Haken, 
M., 1999. Soil moisture mapping at regional scales using microwave radiometry: The Southern 
Great Plains Hydrology Experiment. IEEE Trans. Geosci. Remote Sens. 37(5), 2136-2151.  
doi: 10.1109/36.789610 
 
Jackson, T.J., 1993. Measuring surface soil moisture using passive microwave remote sensing. 
Hydrol. Process. 7, 139-152. doi: 10.1002/hyp.3360070205 
 
Jackson, T.J., Schmugge, T.J., 1991. Vegetation effects on the microwave emission of soils. 
Remote Sens. Env. 36(3), 203-212. doi: 10.1016/0034-4257(91)90057-D 
 
Jackson, T.J., O’Neill, P.E., 1990. Attenuation of soil microwave emission by corn and soybeans 
at 1.4 and 5 GHz. IEEE Trans. Geosci. Remote Sens. 28(5), 978-980.  
doi: 10.1109/36.58989 
 

151 
 



Jiao, X., Kovacs, J.M., Shang, J., McNairn, H., Walters, D., Ma, B., Geng, X., 2014. Object-
oriented crop mapping and monitoring using multi-temporal polarimetric RADARSAT-2 data. 
ISPRS J. Photogram. Remote Sens. 96, 38-46. doi: 10.1016/j.isprsjprs.2014.06.014 
 
Jiao, X., McNairn, H., Shang, J., Pattey, E., Liu, J., Champagne, C., 2011. The sensitivity of 
RADARSAT-2 polarimetric SAR data to corn and soybean leaf area index. Can. J. Remote  
Sens. 37(1), 69-89. doi: 10.5589/m11-023 
 
Kerr, Y.H, Waldteufel, P., Richaume, P., Wigneron, J.P., Ferrazzoli, P., Mahmoodi, A., Al Bitar 
A., Cabot, F., Gruhier, C., Juglea, S.E., Leroux, D., Mialon, A., Delwart, S., 2012. The SMOS 
soil moisture retrieval algorithm. IEEE Trans. Geosci. Remote Sens. 50, 1384–1403. doi: 
10.1109/TGRS.2012.2184548 
 
Kerr, Y.H., Waldteufel, P., Wigneron, J.P., Delwart, S., Cabot, F., Boutin, J., Escorihuela, M.J., 
Font, J., Reul, N., Gruhier, C., Enache Juglea, S., Drinkwater, M.R., Hahne, A.,Martín-Neira, 
M., Mecklenburg, S., 2010. The SMOS mission: new tool for monitoring key elements of the 
global water cycle. Proc. IEEE 98 (5), 666–687. doi: 10.1109/JPROC.2010.2043032 
 
Kim, Y., Jackson, T., Bindlish, R., Lee, H., Hong, S., 2012. Radar vegetation index for 
estimating the vegetation water content of rice and soybean. IEEE Geosci. Remote Sens. Lett. 
9(4), 564-568. doi: 10.1109/LGRS.2011.2174772 
 
Liu, C., Shang, J., Vachon, P.W., McNairn, H. 2013. Multiyear crop monitoring using  
polarimetric RADARSAT-2 data. IEEE Trans. Geosci. Remote Sens. 51(4), 2227-2240. doi: 
10.1109/TGRS.2012.2208649 
 
Manns, H.R., Berg, A.A., Colliander, A., 2015. Soil organic carbon as a factor in passive 
microwave retrievals soil water content over agricultural croplands. J. Hydrol. 528,  643-651. 
doi: 10.1016/j.jhydrol.2015.06.058 
 
McNairn, H., Jackson, T.J, Wiseman, G., Belair, S., Berg, A.A., Bullock, P., Colliander, A., 
Cosh, M.H., Kim, S.-B. Magagi, R., Moghaddam, M., Njoku, E., Adams, J.R., Homayouni, S., 
Ojo, E.R., Rowlandson, T.L., Shang, J., Goita, K., Hosseini, M., 2015. The Soil Moisture Active 
Passive Validation Experiment 2012 (SMAPVEX12): Pre-Launch Calibration and Validation of 
the SMAP soil moisture algorithms. IEEE Trans. Geosci. Remote Sens. 53(5), 2784-2801. doi: 
10.1109/TGRS.2014.2364913 
 
McNairn, H., Shang, J., Jiao, X., Deschamps, B., 2012. Establishing crop productivity using 
RADARSAT-2. In: International Archives of the Photogrammetry, Remote Sensing, and Spatial 
Information Sciences, 25 August – 01 September 2012, Melbourne, Australia. ISPRS. 39(B8), 
pp. 283-287.  
 
McNairn, H., Brisco, B., 2004. The application of C-band polarimetric SAR for agriculture: a 
review. Can. J. Remote Sens. 30(3), 525-542. doi: 10.5589/m03-069 
 

152 
 



Mironov, V.L., Kosolapova, L.G., Fomin, S.V., 2009. Physically and mineralogically based 
spectroscopic dielectric model for moisture soils. IEEE Trans. Geosci. Remote Sens. 47(7), 
2059-2070. doi: 10.1109/TGRS.2008.2011631 
 
Mladenova, I., Jackson, T.J., Njoku, E., Bindlish, R., Chan, S., Cosh, M.H., Holmes, T.R.H., de 
Jeu, R.A.M., Jones, L., Kimball, J., Paloscia, S., Santi, E., 2014. Remote monitoring of soil 
moisture using passive microwave-based techniques – theoretical basis and overview of selected 
algorithms for AMSR-E. Remote Sens. Env. 144, 197-213. doi: 10.1016/j.rse.2014.01.013 
 
Mo, T., Schmugge, T.J., Jackson, T.J., 1984. Calculations of radar backscattering coefficient of 
vegetation-covered soils. Remote Sens. Env. 15, 119-133. doi: 10.1016/0034-4257(84)90041-5 
 
Njoku, E.G, Entekhabi, D., 1996. Passive microwave remote sensing of soil moisture. J. Hydrol. 
184(1-2), 101-129. doi: 10.1016/0022-1694(95)02970-2 
 
O'Neill, P., Chan, S., Njoku, E., Jackson, T., Bindlish, R., 2012. Soil Moisture Active Passive 
(SMAP) Algorithm Theoretical Basis Document (ATBD). SMAP Level 2 & 3 Soil Moisture 
(Passive), (L2_SM_P, L3_SM_P). NASA Jet Propulsion Laboratory (JPL). 77 p. 
 
O’Neill, P.E., Podest, E., Njoku, E.G., 2011. Utilization of ancillary data sets for SMAP 
algorithm development and product generation. In: IGARSS 2011, Proceedings of the 
International Geoscience and Remote Sensing Symposium, July 24-29 2011, Vancouver, 
Canada. IEEE. pp. 3436-3439. doi: 10.1109/IGARSS.2011.6049703 
 
Rowlandson, T.L., Berg, A.A., Bullock, P.R., Ojo, E.R., McNairn, H., Wiseman, G., Cosh, 
M.H., 2013. Evaluation of Several Calibration Procedures for a Portable Soil Moisture Sensor. J. 
Hydrol. 498, 335-344. doi: 10.1016/j.jhydrol.2013.05.021 
 
Rowlandson, T.L., Berg, A.A., 2015. Errors associated with estimating vegetation water content 
from radar for use in passive microwave brightness temperature algorithms. Int. J. Remote Sens. 
36(3), 782-796. doi: 10.1080/01431161.2014.999384 
 
Rudiger, C., Doubkova, M., Larsen, J.R., Wagner, W., Walker, J.P., 2014. Similarities between 
spaceborne active and airborne passive microwave observations at 1 km resolution. IEEE 
Geosci. Remote Sens. Lett. 11, 2178-2182. doi: 10.1109/LGRS.2014.2323712 
 
Skriver, H., 2012. Crop classification by multitemporal C- and L-band single and dual-
polarization and fully polarimetric SAR. IEEE Trans. Geosci. Remote Sens. 50(6), 2138-2149. 
doi: 10.1109/TGRS.2011.2172994 
 
Wang, J.R., O’Neill, P.E., Jackson, T.J., Engman, E.T., 1983. Multifrequency measurements of 
the effects of soil moisture, soil texture, and surface roughness. IEEE Trans. Geosci. Remote 
Sens. GE-21 (1), 44-51. doi: 10.1109/TGRS.1983.350529 
 
Wang, J.R., Schmugge, T.J., 1980. An empirical model for the complex dielectric permittivity of 
soils as a function of water content. IEEE Trans. Geosci. Remote Sens. GE-18(4), 288-295. 

153 
 



doi: 10.1109/TGRS.1980.350304 
 
Wiseman, G., McNairn, H., Homayouni, S., Shang, J., 2014. RADARSAT-2 Polarimetric SAR 
response to crop biomass for agricultural production monitoring. IEEE J. Sel. Topics App. Earth 
Observ. Remote Sens. 7(11), 4461-4471. doi: 10.1109/JSTARS.2014.23222311 
 
Yueh, S., Dinardo, S., Chan, S., Njoku, E., Jackson, T., and Bindlish, R., 2008. Passive and 
active L-band system and observations during the 2007 CLASIC campaign. In: IGARSS 2008, 
Proceedings of the International Geoscience and Remote Sensing Symposium, 7-11 July 2008, 
Boston, United States. IEEE. pp. II241-II244. doi: 10.1109/IGARSS.2008.4778972 
 
Zar, J., 1974. Biostatistical analysis. Prentice Hall, Englewood Cliffs, NJ.  
 
Zobeck, T.M., Onstad, C.A., 1987. Tillage and rainfall effects on random roughness: a review. 
Soil Tillage Res. 9(1), 1-20. doi: 10.1016/0167-1987(87)90047-X 

154 
 



Chapter 6  

Conclusion 
 

 

 The objective of this thesis was to investigate methodological issues affecting the 

validation of satellite soil moisture and contribute to the development of approaches for scaling 

these data. This objective was completed through an analysis of extensive soils and vegetation, 

remote sensing, and modelling datasets collected over an agricultural study region in southern 

Manitoba, Canada. This thesis was guided by three central research questions, which are  

addressed over four experiments detailed in Chapters 2-5:  

 

1) What is the effectiveness of in-situ networks for representing soil moisture in satellite 

validation and scaling research? 

 

 Two methodological issues associated with the use of in-situ networks were examined in 

Chapters 2 and 3. Chapter 2 investigated the similarities and differences between a dense 

network of 31 stations and intensive field-sampling over the study area. Results of this chapter  

show that when up-scaled, using various techniques, both datasets provide a similar 

representation of mean  conditions at a coarse-scale (e.g. 362km2). However, analysis of these 

datasets demonstrated how data differ at a field-scale, and in the influences of landscape controls 

on spatial variability of these datasets. For example, network stations were only weakly 

representative of conditions in the field that they were sited in and exhibit differences in inter-

field variability patterns. The key implication of these findings is that dense networks are 

increasingly being used to supplant intensive field-sampling campaigns in soil moisture research. 
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Results show that although a dense network could effectively supplant field-sampling for the 

purposes of coarse resolution satellite soil moisture validation (e.g. from SMAP), it is 

emphasized that caution should be applied when relying on networks for soil moisture scaling 

research, or for inferring properties of spatial variability for a region.  

 

 In Chapter 3, the up-scaling of the permanent network was assessed using the datasets in 

Chapter 2, suggesting that it is suitable for satellite soil moisture validation. A unique design 

feature of this network is in the installation of soil moisture sensors measuring 3.5-6.5 and 0-5.7 

cm of the soil. These are compared over a 2-year period showing that a dry-bias exists for the 0-

5.7 cm measurements. Satellite soil moisture from SMOS is also validated over the network 

using the 2-year time series, showing that the in-situ measurement bias affects validation 

statistics, with better validation results found with the 0-5.7 cm data. The main implication of 

this finding is that validation networks for satellite soil moisture consistently use ~5 cm depth 

measurements, yet it is shown in this research that simple differences in instrument configuration 

can impart significant influence on validation statistics.  

   

2) How can inter-field soil moisture variability be identified using in-situ measurements, 

remote sensing or hydrological modelling?  

 

 The role of vegetation on inter-field soil moisture variability is studied in Chapters 2 and  

4. In Chapter 2 it was demonstrated that vegetation imparted a control on inter-field soil moisture 

variability from field-sampling, whereas no influence was detected for soil moisture measured 

from a dense network. Although the control of vegetation on inter-field soil moisture distribution 
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is generally understood over agricultural regions, this result is important because it highlights 

that soil moisture measured at network stations is unaffected by some landscape controls on soil 

moisture variability. In the context of this thesis, this finding is important because a considerable 

amount of research is dedicated to developing soil moisture scaling techniques (e.g. using remote 

sensing) according to controls on variability.  

 

 In Chapter 4, an approach was proposed and tested to downscale coarse soil moisture 

observations from SMOS. Field-scale soil moisture is mapped over 33 fields on dates in the pre-

/plant period using C-band synthetic aperture radar (SAR) and sampled in-situ on dates 

following vegetation emergence. The inter-field rankings of these fields are assessed over study 

dates to compare soil moisture rank structure between the two periods. In addition, a 

hydrological model was used to estimate soil moisture on these fields for comparison to the 

results obtained from SAR mapping. Data from in-situ sampling showed that inter-field soil 

moisture rankings are relatively persistent following vegetation emergence; however, the pre-

vegetation characterization using SAR soil moisture maps was dissimilar to these. In contrast, 

the inter-field soil moisture rankings estimated from a hydrological model were highly similar to 

the in-situ sampled rankings beyond vegetation emergence.   

 

3) How can C-band SAR be leveraged in support of downscaling soil moisture from passive 

L-band microwave sensors? 

 

 This research question is addressed in Chapters 4 and 5 and further supported by the 

research in Appendix A. The downscaling approach in Chapter 4 is designed to take advantage 
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of the availability of high resolution C-band SAR for soil moisture mapping at high resolutions 

and apply this information for disaggregating coarse soil moisture observations. In this study 

SMOS soil moisture, which is validated in Chapter 3, is downscaled using these data. This 

approach identifies how C-band SAR soil moisture mapping can identify inter-field patterns in 

the pre-vegetation period to be leveraged during the growing season (described above). In  

addition, this chapter tests empirical downscaling relationships between soil moisture mapping in 

the pre-vegetation period and SMOS over dates beyond vegetation emergence.  

 

 Chapter 5 assesses the inter-operability of raw C-band SAR and L-band radiometer data 

over the growing season to identify the potential for leveraging the sensitivity of C-band SAR to 

vegetation for improving and scaling retrievals of L-band passive microwave sensors. This study 

compared data from RADARSAT-2 and an aircraft based L-band radiometer over cropped fields 

in a period of rapid vegetation growth. A main contribution of this study was in determining the 

sensitivity of C-band SAR to vegetation water content for three crops. Frequent high resolution 

vegetation water content maps are needed to parameterize soil moisture estimation models from 

passive microwave sensors. Although results demonstrated promising sensitivities between C-

band SAR backscatter and vegetation water content, the findings did not show an ability to relate 

this information to the passive microwave measurements, or to a soil moisture product.    

 

 Overall, the research presented in this thesis contributes to the areas of land-surface 

hydrology and remote sensing. In particular, novel insights are given into the understanding of 

how soil moisture variability and scaling is characterized using in-situ, remote sensing and 

modelling over agricultural regions and the thesis identified previously undemonstrated sources 
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of error affecting scaling and validation research. This thesis also investigated the application of 

C-band SAR in scaling soil moisture and proposed techniques based on available Earth 

Observation datasets. Although these contributions are primarily methodological, the findings of 

this thesis contribute toward a broader goal of operationally monitoring soil moisture for 

applications in the agricultural sector. It is suggested that further research continues the work in 

this thesis to identify replication of results over different conditions and with additional datasets.   
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Appendix A 
 
Evaluating the Cloude-Pottier and Freeman-Durden scattering decompositions for 

distinguishing between unharvested and post-harvest agricultural fields 
 

This manuscript is published: Adams, J.R. et al., 2013. Canadian Journal of Remote Sensing,  
vol. 39, no. 4, pp. 1-10. doi: 10.5589/m13-040 
 
 
This study evaluates the utility of the Cloude-Pottier and Freeman-Durden scattering 
decompositions for providing agricultural land surface information during autumn months using 
C-band polarimetric RADARSAT-2 data. We applied these decompositions over 94 agricultural 
fields in southern Ontario, Canada, to characterize scattering mechanisms from unharvested 
senesced crops and harvested fields with three generalized soil tillage practices. The 
decompositions were applied to RADARSAT-2 images over six dates during October and 
November 2010 at high (49°) and low (23°) incidence angles. Agreement was found between the 
decompositions for the identification of primary (volume and rough surface scatter) scattering 
mechanisms for the senesced unharvested crops and the harvested fields. Significant statistical 
separability was observed between the strengths of decomposition parameters when comparing 
(i) senesced unharvested crops to post-harvest conventional tillage fields and (ii) post-harvest no 
tillage fields to post-harvest conventional tillage fields. These results suggest that high accuracy 
classifications may be possible with these data; however, weak separability was observed when 
comparing fields with conservation tillage. The strongest separability was observed with Entropy 
and α-angle of the Cloude-Pottier decomposition and the rough surface scattering component of 
the Freeman-Durden decomposition, suggesting sensitivity of these parameters to surface 
roughness and crop residue. Results also demonstrated that superior separability was found with 
the data at the higher 49° incidence angle in contrast to data acquired at the lower 23° incidence 
angle imagery. 
 
 
A.1 Introduction 

 Agricultural land surface conditions are frequently changing during the autumn period 

because of common management practices such as crop harvest and post-harvest soil tillage as 

well as seeding of winter wheat. It is well established that there is significant value in monitoring 

these land surface attributes for assessing risks associated with soil degradation due to erosion 

and for modelling land-atmosphere interactions (Duiker, 2011). This land surface information is 

also critical for the operational application of existing multipolarization-based soil moisture 

estimation models, which are currently limited to minimally vegetated agricultural fields 
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(Kornelsen and Coulibaly 2013). For example, this supplementary information can be used to 

assess soil moisture model estimation errors incurred due to the presence of vegetation or post-

harvest crop residue and surface roughness (McNairn et al. 2012; Gherboudj et al. 2011; 

Pierdicca et al. 2010). However, multi temporal image detection approaches are less feasible for 

agricultural monitoring during the autumn period when producers are actively tilling their fields 

in contrast to those proposed for use during the growing season (Shang et al. 2011). During the 

weeks between crop harvest and initial snowfall, producers may till fields several times in 

preparation for spring seeding (McNairn et al. 2012). Surface roughness, and possibly crop 

residue conditions, are dynamic during this period and expectedly vary between synthetic 

aperture radar (SAR) image acquisitions. The additional target scattering information available 

from quad-polarimetric SAR (e.g. RADARSAT-2) can potentially supplement data provided by 

multipolarization linear backscatter to achieve single image segmentation of agricultural fields 

according to unharvested vegetation cover and post-harvest tillage attributes.  

 

 Previous research has indicated that polarimetric scattering decompositions may improve 

agricultural monitoring because of the characterization of unique scattering mechanisms from 

soils and vegetation biomass. Specifically, the Cloude-Pottier (Cloude and Pottier, 1997) and 

Freeman-Durden (Freeman and Durden, 1998) decompositions are commonly cited and applied 

for agricultural applications. Empirical investigations have highlighted the sensitivities of these 

decomposition parameters to agricultural features including leaf area index (LAI), surface 

roughness (i.e., root mean square height) and crop residue cover (Jiao et al. 2011; Adams et al. 

2013). Other investigations have integrated parameters of these scattering decompositions with 

multipolarization-based soil moisture retrieval models, demonstrating improved soil moisture 
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estimation accuracy in the presence of vegetation (Trudel et al. 2012; Merzouki et al. 2010). 

Pacheco et al. (2009) observed that strengths of the individual Cloude-Pottier decomposition 

parameters vary by unharvested and harvested fields for specific vegetation types. Some studies 

have also reported that inclusion of these decompositions with in-season crop classifiers can 

improve overall classification accuracies (Hoekman et al. 2011; McNairn et al. 2009). However, 

these decompositions have not been evaluated for use in identifying land management practices 

during autumn months.  

 

 This research evaluates the potential of the Cloude-Pottier and Freeman-Durden 

decompositions for distinguishing between unharvested and harvested agricultural fields and 

between post-harvest soil tillage practices. Results provide insight into the physical interpretation 

of these decompositions over agricultural fields as a function of scattering mechanisms resulting 

from common land management conditions. Results from this study are of interest for future 

research applications that seek to directly monitor agricultural surfaces using polarimetric SAR 

data (e.g. tillage mapping) and also for improving the operational application of SAR-only soil 

moisture estimation models. 

 

A.2 Materials and methods 

A.2.1 Study sites 

 Roadside surveys were performed during October and November 2010 to monitor crop 

type and the timing of harvest and post-harvest land management practices on 94 agricultural 

fields. These study fields are located within Wellington and Waterloo Counties, southwestern 

Ontario, Canada, roughly centered by the town of Fergus (43°842’N, 80°822’W). The study 
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fields were cropped for corn (38 fields), soybeans (32 fields), and winter wheat and spring wheat 

(24 fields). During the October 2010 field surveys all corn and soybean fields underwent harvest, 

whereas the spring wheat fields had been harvested sometime prior to the study period. The 

winter wheat fields were harvested during summer 2010 and had mixed cover crops (e.g. alfalfa 

and clover) present during the October and November 2010 study period. The annual crop 

rotation in this area involved seeding winter wheat for the following year on the harvested 

soybean fields during the study period. Consequently, initial emergence of winter wheat could be 

seen on most of the harvested soybean fields toward the end of November 2010. The post-

harvest soil surfaces of the corn, soybean, and spring wheat fields were visually classified 

according to the land management practices being applied by agricultural producers. Three 

categories were used to define the postharvest soil surface conditions, broadly defined by the 

Ontario Ministry of Agriculture Food and Rural Affairs as conventional tillage, conservation 

tillage, and no tillage (Table A.1). It should be noted that specific definitions of tillage may vary 

but generally refer to the intensity and mechanism of ploughing and also the relative amount of 

residue left on the soil surface following harvest. The key distinction between the post-harvest 

land management categories used in this research is that the conservation tillage and no tillage 

fields were substantially covered by crop residue (>70%), whereas the conventional tillage fields 

were mostly without crop residue (< 30%), characterized as an exposed rough soil surface. 
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Table A.1 Description of post-harvest soil tillage classes. 

Conventional tillage Minimal crop residue cover (< 30%) or completely bare soils, ploughed 
with apparent row patterns resulting in rough soil surfaces and possible 
soil clods 

Conservation tillage Substantial residue cover (> 30%), limited soil ploughing apparent from 
soil and residue row patterns 

No tillage Soils are left undisturbed following harvest, no ploughing and substantial 
crop residue cover (> 30%) 

 

A.2.2 SAR data and image preprocessing 

 Fine quad-mode polarimetric data were acquired on six dates during the study period 

(Table A.2). These images have a post-processing pixel resolution of approximately 8 m x 8 m, 

with swaths of 25 km x 25 km. On each date, two successive scenes along an ascending or 

descending orbital pass were acquired (12 images total), enabling expanded north-south footprint 

coverage and a greater number of sample fields in the study area. Acquisitions were at nominal 

incidence angles of approximately 49° (high) and 23° (low) (Table A.2). Preprocessing of 

RADARSAT-2 data was completed using SAR Polarimetry Workstation (SPW), an add-on 

module of PCI Geomatica. A 5 x 5 Boxcar speckle filter was applied to the single-look complex 

data to reduce noise and increase the equivalent number of looks. The output covariance matrix 

was then converted to a symmetrized covariance matrix from which radar parameters were 

generated (similar to Adams et al. 2013; Goodenough et al. 2011; Jiao et al. 2011; Merzouki et 

al. 2010). The decompositions were computed using SPW algorithms, according to Cloude and 

Pottier (1997) and Freeman and Durden (1998). Each image was converted to ground range 

using satellite ephemeris information and orthorectified using approximately 25 ground control 

points from a georeferenced vector level national road network, resulting in a root-mean square 

error (RMSE) of less than two pixels. From the orthorectified image data, digitized polygons of 

the sample agricultural fields were overlaid and used to extract zonal statistics of the pixel 
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samples for each field. An inward spatial buffer of at least 8 m (one pixel) was applied to all 

polygons to avoid field edge effects in pixels near or overlapping polygon boundaries. 

 

Table A.2 Acquired RADARSAT-2 fine-quad mode images. 

Date Beam Mode Incidence Angle Orbital Pass 
2 Oct 2010 FQ 31 49° Ascending 
3 Oct 2010 FQ 5 23° Descending 
26 Oct 2010 FQ 31 49° Ascending 
27 Oct 2010 FQ 5 23° Descending 
19 Nov 2010 FQ 31 49° Ascending 
20 Nov 2010 FQ 5 23° Descending 

 

A.2.3 Data analysis 

 Research objectives were addressed through classification of study fields according to the 

Cloude-Pottier and Freeman-Durden decompositions for examination of scat-tering mechanisms 

as a function of fields (i) with unharvested crops versus fields with harvested crops and (ii) 

between three generalized post-harvest soil tillage classifications. In addition to identifying 

primary and secondary scattering contributions from these fields, a standard divergence test was 

applied to measure normalized separability between two data classes, using the M-statistic (Eq. 

A.1) (Swain and Davis, 1978): 

Eq. A.1. 𝑀𝑀 =  𝜇𝜇𝑖𝑖 − 𝜇𝜇𝑗𝑗
𝜎𝜎𝑖𝑖 + 𝜎𝜎𝑗𝑗

 

where m represents mean of class i and j, respectively, and s represents standard deviation of 

class i and j, respectively. The M-statistic quantifies the separation of two data classes by 

calculating a difference in means, normalized by the sum of the standard deviations. If poor 

separability is observed (M statistic < 1), then substantial overlap exists between the histograms 

of the two datasets and there is a greater probability of ‘‘confusion’’ if these data were used in a 

classifier (Kaufman and Remer, 1994). 
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A.3 Results 

A.3.1 Characterization of primary and secondary scattering mechanisms: Cloude-Pottier 

decomposition  

 The Cloude-Pottier decomposition computes the scattering matrix into three eigenvectors 

and eigenvalues, which can be interpreted according to parameters Entropy, α-angle, and 

Anisotropy to describe the intensity and type of scattering mechanism from a target (Cloude and 

Pottier 1997). The classification of observed Entropy/α-angle values within a nine-zone plane 

can be interpreted to determine the primary scattering contribution from a land surface target 

according to theoretical definitions described by Cloude and Pottier (1997). Figure A.1 

demonstrates that the Cloude-Pottier decomposition identifies volume or rough surface scatter as 

the primary scattering mechanism from the majority of study fields over the six image 

acquisitions. The rough surface scatter region within the Entropy/α-angle plot is delineated by α-

angle values between 0° and 40.0°, and the volume scatter region is between α-angle values of 

40.0° and 52.5°. However, for the 2 October image acquisition double bounce was identified as 

the primary scattering mechanism for some unharvested corn fields. The α-angle values for these 

fields were slightly greater than 52.5°. Classification of the agricultural fields within zones of the 

Entropy/a angle plane was in general agreement with the qualitative descriptions provided by 

Cloude and Pottier (1997). Most fields are classified in zone 5 (‘‘medium Entropy vegetation 

scatter’’), zone 6 (‘‘medium Entropy surface scatter’’), or zone 9 (‘‘low Entropy surface 

scatter’’). Relating these zonal classes to observations from actual land surface targets is 

important to establish the relevance of existing theoretical interpretations for agricultural 

applications. 
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Figure A.1 Study fields plotted according to the Entropy/α-angle plane for each RADARSAT-2 

acquisition. Zones are labeled according to Cloude and Pottier (1997): zone 1, high Entropy 
multiple scattering; zone 2, high Entropy vegetation scattering; zone 3, high entropy surface 

scatter; zone 4, medium Entropy multiple scattering; zone 5, medium entropy vegetation 
scattering; zone 6, medium Entropy surface scatter; zone 7, low entropy medium scattering 

events; zone 8, low Entropy dipole scattering; zone 9, low entropy surface scatter. 
 
 

 Several scattering mechanisms can contribute to back-scatter over distributed targets such 

as agricultural fields. Anisotropy assists in the interpretation of secondary scattering 
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contributions from within distributed targets by assessing the relative strengths of the second and 

third eigenvectors (Lee and Pottier, 2009). An anisotropy value of zero indicates equal 

contributions from the second and third eigenvalues, whereas larger values near 1.0 suggest that 

only a single secondary scattering mechanism is important (Alberga, 2007). Figure A.2 shows 

that over all image acquisitions ‘‘low’’ to ‘‘medium’’ (0.25 to 0.5) anisotropy values are 

observed, suggesting similarity between the relative strengths of secondary scattering 

contributions from within the studied agricultural fields. However, the interpretation of 

‘‘medium’’ anisotropy values can be ambiguous as it is less clear whether one or two secondary 

scattering contributions are important (McNairn et al. 2009). 
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Figure A.2 Results of the Cloude-Pottier scattering decomposition for each of the six 
RADARSAT-2 images: box plots summarizing Anisotropy values observed for each acquisition. 
Boxes represent the 25th to 75th percentile of Anisotropy values recorded over the study fields 

during each image acquisition and + represents data outliers 

 

A.3.2 Characterization of primary and secondary scattering mechanisms: Freeman-

Durden decomposition  

 The Freeman-Durden decomposition is a three-component physically based method that 

models the covariance matrix to represent the relative strengths of scattering contributions from a 

land surface target. The proportional (%) reporting of scattering contributions enables a more 

obvious interpretation between the strengths of primary and secondary scattering mechanisms 

compared to results from the Cloude-Pottier decomposition. According to Figure A.3, the 
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Freeman-Durden decomposition identifies either volume or rough surface scatter as the largest 

relative scattering contribution from the study fields over each of the six image acquisitions. 

Double-bounce scatter was generally reported as the weakest scattering contribution from the 

study fields, except for some unharvested corn fields in the 2 October acquisition. For the high 

incidence angle image acquisitions (49°), the proportion of volume scatter generally accounted 

for greater than 50% of the scattering contribution from the fields, thus dominating the return 

(Figure A.3). In contrast, for the low incidence angle image acquisitions (23°), the strength of the 

rough surface scatter component was much stronger and, thus, volume scatter was less dominant 

for the 3 October and 27 October image acquisitions. For the 20 November image acquisition 

rough surface scatter generally dominated the return from the study fields (Figure A.3).  
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Figure A.3 Results of the Freeman-Durden scattering decomposition for each of the six 
RADARSAT-2 images: study field ground classes plotted according to relative proportions (%) 

of scattering contributions. 
 

 

 

171 
 



A.3.3 Statistical separability between strengths of decomposition parameters: unharvested 

and harvested fields 

 Statistical separability between the strengths of Cloude-Pottier and Freeman-Durden 

decomposition parameters were compared between unharvested and harvested  corn and soybean 

fields with data collected during the October image acquisitions as most of the fields were 

harvested during the November image acquisitions. Results demonstrated that strong (M statistic 

> 1) separability was observed between strengths of decomposition parameters when comparing 

between unharvested and conventional tillage fields. Specifically, the greatest separability was 

found with Entropy and α-angle of the Cloude-Pottier decomposition and with the rough surface 

scatter component of the Freeman-Durden decomposition. Anisotropy provided no apparent 

statistical separability for any image acquisition. However, comparisons between unharvested 

fields to post-harvest fields with no tillage or conservation tillage generally provided weak 

statistical separability (M < 1) for both corn and soybeans. Results also suggested that superior 

statistical separability was consistently observed for the high incidence angle (49°) image 

acquisitions in contrast to the low incidence angle (23°) acquisitions. 

 

A.3.4 Statistical separability between strengths of decomposition parameters: post-harvest 

tillage practices  

 Statistical comparisons between strengths of Cloude-Pottier and Freeman-Durden 

parameters demonstrate that strongest separability (M statistic > 1) was observed between 

conventional and no tillage fields of corn, soybeans, and spring-winter wheat. It should be 

noted that separability was reduced for soybean fields in the 19 and 20 November image 

acquisitions. Strong separability was also found between comparisons involving conventional 
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tillage spring wheat fields with harvested winter wheat fields containing a cover crop. Similar 

to comparisons involving unharvested and post-harvest fields, strongest separability was 

consistently observed with Entropy and α-angle of the Cloude-Pottier decomposition and 

with the rough surface scatter component of the Freeman-Durden decomposition. However, 

weak statistical separability (M statistic < 1) was also found between conservation tillage and 

no tillage or conventional tillage. Greater statistical separability was again observed for the 

high incidence angle (49°) image acquisitions in contrast to the low incidence angle (23°) 

acquisitions.  

 

 Differences in the strengths of scattering mechanisms are expected from post-harvest 

fields due to overall variation in crop residue cover and surface  roughness associated with 

tillage practices. However, these results highlight the difficulty of distinguishing the 

scattering responses from fields classified as conservation tillage. This is likely attributed to 

the large variability in surface roughness observed within this tillage class due to differences 

in implementation, including depth of ploughing and number of passes (Strudley et al. 2008; 

Callens et al. 2006). Therefore, it is likely that in an operational classification confusion will 

result if using these parameters because of variable land cover properties associated with 

conservation tillage practices. In addition, for fields with harvested soybeans, there is 

relatively less crop residue on the soil surface compared with corn or wheat, regardless of 

tillage implementation. Following the annual crop rotation of southern Ontario, winter 

wheat was seeded during the weeks following the 2010 soybean harvest. Once seeding has 

occurred on these fields, finishing tools are commonly applied, resulting in a smoother soil 
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surface. This factor potentially accounts for the limited statistical separability of soybean 

fields during the 19 and 20 November image acquisitions.  

  

A.3.5 Interpretation of scattering contributions  

 General agreement was present between the results of the Cloude-Pottier and Freeman-

Durden scattering decompositions. Both decompositions identified similar primary scattering 

mechanisms from the studied agricultural fields based on the land surface classifications used in 

this research. It was evident that there is some temporal progression of primary scattering 

mechanisms over the study period, in which the contributions of double-bounce and volume 

scatter are minimized and the contribution of rough surface scatter increases later in the autumn 

season when farming activities have mostly finished. Previous research has demonstrated that 

unique scattering contributions are observed from corn, soybeans, and spring wheat fields over 

the vegetation growth cycle, which can be related to phenological characteristics and exploited 

for temporal crop mapping (Liu et al. 2013; Jiao et al. 2011). However, despite simple trends 

illustrated in Figures 6.1 and 6.3, it is uncertain whether a temporal approach is feasible for 

monitoring rapid post-harvest land cover changes due to the variability in soil management 

techniques that affect soil roughness and surface residue. For example, an agricultural producer 

may modify the surface cover of a field several times between RADARSAT-2 image 

acquisitions. In addition, this is also affected by unharvested plant and leaf moisture, soil 

moisture, and the moisture held by residue covering the soil surface (McNairn et al., 2001). Soil 

texture should also be considered as finer textured soils such as clay will result in a rougher 

surface because of the formation of soil aggregates. It is notable that the results of the Cloude-

Pottier decomposition showed a decrease in Entropy values over the study period, which likely 
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corresponds to soil surfaces becoming smoother from rainfall effects and due to secondary tillage 

operations (Callens et al. 2006).  

 

 Previous research has reported on the polarimetric responses of vegetated agricultural 

fields, primarily estimating contributions of scattering mechanisms from intensity of linear 

backscatter or measured with polarimetric variables (e.g. pedestal height). According to these 

reports, volume scatter (as identified by the two decompositions) is expected for the unharvested 

senesced corn and soybean crops. For example, Skriver et al. (1999) noted that volume scatter 

dominates the return of mature spring and winter crops and Jiao et al. (2011) explained that 

mature canopies typically result in greater contributions of volume scatter at C-band due to 

multiple interactions with the upper canopy as a result of randomly orientated plant stems and 

leaves. Double-bounce scattering was identified by both decompositions only for some  

unharvested corn fields in the 2 October image acquisition. Standing corn stalks are known to 

provide  the   structural conditions necessary for double-bounce scattering because of the 

presence of vertically oriented cylinders (Baronti et al. 1995). For these fields, the incident 

microwave signal experiences a corner reflector effect between vertically oriented stalks and the 

soil surface. Baronti et al. (1995) and de Matthaeis et al. (1992) noted that at a high incidence 

angle (i.e. 49°), standing corn plants with substantial leaves near the surface of the canopy will 

attenuate much of the incident microwave signal, consequently minimizing the contribution of 

double-bounce scatter. This likely explains the variability in primary scattering contributions 

observed over the unharvested corn fields. Figure 6.3 indicates that rough surface scatter 

provides an important contribution to the microwave response from the unharvested corn and 

soybean fields in the lower incidence angle (i.e. 23°) image acquisitions. This is due to an 
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increased sensitivity to the underlying soil surface, possibly related to soil moisture effects 

(Adams et al. 2013). Higher incidence angles experience greater sensitivity to the geometric 

features of a target such as soil roughness and biomass structure and one scattering mechanism 

typically dominates the backscatter.  

 

 In contrast to standing vegetation canopies, less has been established in the literature 

about the scattering contributions of post-harvest fields to relate to the findings in this study. 

Much of the understanding of scattering processes from tilled soils can be assumed from the 

individual contributions of surface roughness and crop residue cover, which primarily define the 

tillage classes used in this experiment (Table A.1). Surface scatter is understood to dominate the 

backscatter from smooth bare surfaces, but increased variability in soil structure, exceeding the 

wavelength of the microwaves, often results in depolarization of the return (Adams et al. 2013). 

Therefore, a rough field without crop biomass on the soil surface may exhibit volume scatter, 

particularly in the case of large soil clods where pockets of air are present at or beneath the soil 

surface (Rahman et al. 2008; Jackson et al. 1992). Depolarization also increases proportionally to 

the amount of crop residue cover, and fields with residue coverage have been shown to exhibit 

increased contributions of multiple volume scatter (McNairn et al. 2002). Results of the 

separability analysis demonstrated that Entropy and α-angle of the Cloude-Pottier decomposition 

and the rough surface scattering component of the Freeman-Durden decomposition provided the 

strongest overall results. This suggests that these parameters are sensitive to the changes in soil 

surface conditions associated with post-harvest tillage practices. Entropy is sensitive to changes 

in the depolarization of a land surface target (Cloude and Pottier 1997); therefore, changes in 

surface roughness or crop residue affecting the depolarization of the return should by captured by 
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Entropy values. The α-angle and rough surface scatter component values are expected due to the 

variation in scattering mechanism contributions of different agricultural targets due to the 

changing surface conditions. 

 

A.4 Conclusion 

 Results of this study demonstrate that general agreement was found between the 

characterization of scattering mechanisms from both the Cloude-Pottier and Freeman- 

Durden scattering decompositions. Volume scatter was identified as the primary scattering 

contribution from the majority of the fields during the October image acquisitions, but 

rough surface scatter general dominated the return later in the season during the November 

image acquisitions. Statistical separability testing demonstrated that many significant 

differences exist in the strength of decomposition parameters as a function of harvest and 

post-harvest land cover. This suggests that individually, specific decomposition parameters 

are sensitive to soil surface characteristics of harvested fields. The strongest separability 

involves comparisons between unharvested or no tillage fields with conventional tillage 

fields. This promising separability suggests that high classification accuracies would be 

found if these data were used in a classifier. However, our results indicated that confusion 

will arise when accounting for the fields with conservation tillage as these fields may be 

physically similar to both no tillage (due to the presence of biomass) or to conventional 

tillage (due to the surface roughness). Results also demonstrated that superior separability 

was observed for the high incidence angle (49°) acquisitions in contrast to the low 

incidence angle (23°) acquisitions. 
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 Our findings suggested that the Cloude-Pottier and Freeman-Durden decompositions 

may provide some utility for monitoring agricultural fields during autumn months, including 

harvest detection and distinguishing between post- harvest soil tillage treatments. However, 

these polarimetric decompositions may be better suited to providing supplementary 

information such as assisting in detailed land cover classification (e.g. McNairn et al., 2009). 

Further quantitative-based analysis should be performed to relate decomposition results to 

vegetation parameters such as height, LAI, and soil conditions (roughness, texture, and 

moisture content). This will provide a more in-depth understanding of the utility of these 

decompositions for specific agricultural applications, such as the integration with 

multipolarization based soil moisture retrieval models to correct for vegetation, and also for 

operational agricultural monitoring strategies. 
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