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ABSTRACT

EVALUATION OF AGRICULTURAL SOIL MOISTURE EXTREMES IN CANADA USING PASSIVE
MICROWAVE REMOTE SENSING

Catherine Champagne
University of Guelph, 2011

Advisor:
Professor A.A. Berg

This research examines the potential to use passive microwave remote sensing for measuring
soil moisture extremes that impact agricultural areas in Canada. A validation was made of three
passive microwave remote sensing soil moisture data sets, with weekly averaged values from
the Land Parameter Retrieval Model (LPRM) applied to AMSR‐E C/X‐Band data providing the
most accurate results (root mean squared error of 5 to 10%). A further evaluation of this data set
against a spatially distributed in situ soil moisture network in Alberta suggests that this data set
may be less accurate in regions where dense vegetation or open water is present, particularly on
the northern edges of the Canadian agricultural extent. A method to derive soil moisture
anomalies was developed that uses homogenous regions to spatially aggregate soil moisture
statistics to compensate for a short satellite data record. It was found that these anomalies can
be estimated with errors of less than 5% when these regions are 15 pixels or more over a seven
year time period. Surface soil moisture anomalies from LPRM showed weak but significant
relationships to precipitation based drought indices, suggesting promise for using these
anomalies for wider soil moisture extremes monitoring. Soil moisture anomalies from CLASS and
in situ networks showed inconsistencies with LPRM anomalies in how they capture soil moisture
conditions that are relevant to agricultural yield.. These data sets overall show that this
approach to quantifying extremes has potential, but improvement to soil moisture retrieval from
LPRM and CLASS, and an integration of the information they provide are needed to optimize
these data sets for agricultural monitoring.
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Chapter 1: Introduction
Soil moisture is a critical variable describing the state of the agri‐climatic
environment. Moisture stored in the soil directly drives plant physiological processes,
impacts latent heat fluxes controlling the microclimate for crop growth, determines the
rate of biogeochemical processes related to soil fertility and the growth cycle of many
agricultural pests. In semi‐arid regions such as the Canadian Prairies, moisture
availability is the key limiting factor determining crop productivity. Quantifying soil
moisture state in these areas is then a key component of providing a comprehensive
picture of the environmental factors influencing crop growth. It is often soil moisture
extremes, when the soil is too dry or too wet to support optimal agricultural production,
that are of greatest importance.
Quantifying soil moisture and soil moisture extremes is complicated by the
nature of soil moisture variability at different temporal and spatial scales. Soil moisture
varies with precipitation, evapotranspiration, lateral flow and drainage, which are in turn
impacted by soil properties, vegetation, landscape and land management techniques in
agricultural environments (Wilson et al. 2004). Direct measurement of soil moisture is
complicated by this variability, such that where in situ measurements exist, these are
not often representative of the larger area surrounding them (Cosh et al. 2008; Vinnikov
et al. 1999). As a result, methods to quantify soil moisture indirectly have been the focus
of most research.
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Soil moisture condition can be estimated through three primary methods: direct
in situ monitoring, process‐based models and remote sensing. In situ soil moisture
estimation provides data that is precise and representative over a depth profile, but is
point‐based, and not necessarily representative of larger spatial patterns (Cosh et al.
2004). The representativeness of these point‐scale measurements is particularly
problematic in heterogeneous environments, where differences in land cover,
topography and land management can produce differences in observed soil moisture
over small spatial scales (Krajewski et al. 2006). Networks that directly monitor soil
moisture are limited both globally and within Canada (Robock et al. 2000). Precipitation
and temperature measurements are more abundantly available from in situ stations and
are used widely to estimate soil moisture conditions indirectly through indicators of
water balance status, such as the Palmer Drought Severity Index (PDSI). While networks
that provide these measurements are more common, they remain inadequate in many
landscapes to capture spatial distribution of rainfall (Crow and Wood 1999).
Land surface models provide information on soil moisture state that is spatially
distributed and representative over a depth profile, but has accuracy that is limited by
uncertainty in the models. Land surface model uncertainty is related to spatial and
temporal scale, simplification of biogeochemical/physical processes and the data used to
parameterize and force these models (Berg et al. 2003; Duan et al. 2006; Entin et al.
1999). Land surface models are generally driven by meteorological inputs from in situ
stations or atmospheric models, and these sources often fail to capture spatial variability
in rainfall patterns that is reflected in modelled soil moisture outputs (Reichle et al.
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2004). Different land surface models driven by the same meteorological inputs have
been found to produce wide variations in the results, due to differences in how soil
hydraulic properties and biophysical properties are represented in each model (Entin et
al. 1999). The spatial heterogeneity of soils makes the estimation of parameters to
quantify soil hydraulic properties problematic, leading to erroneous model results when
these properties are unknown (Gutmann and Small 2007). The result is that most models
reproduce soil moisture conditions well on a relative basis and over longer time scales,
but short term variability and absolute accuracy of soil moisture estimates are not
always well‐approximated (Robock et al. 2003).
Microwave sensors can be used to estimate soil moisture indirectly though the
sensitivity of electromagnetic (EM) energy at these frequencies to soil dielectric
properties (Du et al. 2000). Passive microwave sensors measure naturally emitted
microwaves from the earth’s surface, and collect low‐spatial resolution data due to the
low signal strength of naturally emitted microwaves (Njoku and Kong 1977). As a result,
these sensors collect information that is spatially less detailed but with relatively
frequent temporal coverage. Synthetic Aperture Radar (SAR) sensors measure
backscattered microwave EM energy returned from an active signal generated by the
sensor. SAR sensors can provide data at finer spatial resolution since the generate their
own energy signal, but the confounding influence of surface roughness and vegetation
cover on both sent and received signals make estimating soil moisture from SAR sensors
more complex (McNairn and Brisco 2004; Moran et al. 2004). Emitted or backscattered
microwave energy is generally limited to the surface soil moisture layers, with the depth
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of this layer varying with EM frequency. Longer wavelength (shorter frequency) sensors
are optimal for soil moisture retrieval because these are less influenced by the
confounding impact of surface roughness and vegetation cover, and are sensitive to
information from a deeper layer at the soil surface (Jackson 1993). The accuracy of
passive microwave soil moisture data varies based on the radiative transfer models used
to convert brightness temperature information detected by the sensor into soil
moisture, particularly with how these models separate the impact of vegetation water
content from the soil moisture signal (Jackson et al. 2010; Wagner et al. 2007).
The difficulty in obtaining accurate soil moisture information makes the question
of how to translate this data into information on soil moisture extremes complicated,
since extreme events are, by definition, rare. Extreme dryness in the soil profile,
characteristic of drought conditions, is a slowly emerging, creeping disaster that results
from temporal persistence of dry conditions. Drought itself has various definitions, and
is often categorized into meteorological (abnormal precipitation), agricultural (soil
moisture deficiencies that impact plant growth) and hydrological (abnormal stream
flow). Agricultural drought is one of the most difficult to quantify, because soil moisture
deficiencies during critical crop development stages can appear and terminate rapidly
(Keyantash and Dracup 2002). Similarly, extreme wetness causes anoxic soil conditions
that can impact crops differently depending on the crop growth stage and their
temporal persistence (Rosenzweig et al. 2002). Soil moisture conditions at the surface
may not be indicative of the conditions at depth, with some evidence suggesting root
zone soil moisture becomes decoupled from surface soil moisture during times of
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extreme dryness (Capehart and Carlson 1997). Soil moisture at the surface may be more
indicative of precipitation anomalies, where root zone soil moisture may be more
indicative of extremes relevant to agriculture (Sheffield et al. 2004).

Defining a

climatological normal for soil moisture is complicated by the fact that remote sensing
and in situ networks generally have relatively short histories due to the changing nature
of the technology and the limited lifespan of satellite sensors. Methods to robustly
definine this climatology has found to be critical for quantifying extremes using
precipitation data sets (Guttman 1994; Wu et al. 2005).
In this context, the objective of this research is to evaluate methods to quantify
soil moisture and develop methods to translate this information into soil moisture
extremes relevant to agricultural environments. The potential to use passive microwave
information for monitoring soil moisture extremes over agricultural areas in Canada is
examined through three manuscripts. In the first manuscript, several passive microwave
soil moisture retrieval algorithms are validated against dense in situ networks to
determine the optimal retrieval model and input configuration needed to accurately
quantify soil moisture over agricultural regions in Canada. This work quantifies the
absolute errors in passive microwave soil moisture data sets over Canadian agricultural
regions. The second manuscript develops and evaluates a method to use this passive
microwave soil moisture data set to define soil moisture extremes, given the limitations
of the short satellite data record. Four methods to calculate soil moisture extremes are
examined in the context of how stable they are to missing data and how they capture
moisture extremes defined by existing precipitation‐based measures. Lastly, the final
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manuscript uses the methods developed for quantifying soil moisture extremes to
determine how passive microwave soil moisture extremes compare to modelled and in
situ soil moisture data sets for quantifying conditions that impact agricultural
production.
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Chapter 2:
Evaluation of Soil Moisture Derived from Passive Microwave
Remote Sensing over Agricultural Sites in Canada Using Ground‐
Based Soil Moisture Monitoring Networks
Catherine Champagne1,2, Aaron A. Berg1, Jon Belanger1, Heather McNairn2 and Richard
deJeu3
1

Department of Geography, University of Guelph, Guelph, ON, Canada
Research Branch, Agriculture and Agri‐Food Canada, Ottawa, ON, Canada
3
Department of Hydrology and GeoEnvironmental Sciences, Vrije Universiteit
Amsterdam, Amsterdam, the Netherlands
2

*This work was published in the International Journal of Remote Sensing 31(14):3669‐3690,
http://www.tandfonline.com

Abstract
Passive microwave soil moisture data sets can be used as an input to provide an
integrated assessment of climate variability as it relates to agricultural production. The
objective of this research was to examine three passive microwave‐derived soil moisture
data sets acquired over multiple growing seasons and in contrasting Canadian
agricultural environments. The absolute and relative soil moisture from two globally
available data sets from the AMSR‐E sensor using different retrieval algorithms were
evaluated, as well as relative a relative soil wetness at a weekly scale from the SSM/I
sensor. At a daily scale, the Land Parameter Retrieval Model (LPRM) provides a better
estimate of surface soil moisture conditions than the National Snow and Ice Data Center
(NSIDC) data set, with root mean squared errors ranging from 5 to 10 % for LPRM and 12
to 18% for NSIDC soil moisture when a temporal smoothing is applied to the data set.
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Both data sets provided better estimates of soil moisture over the temperate site near
Elora, Ontario than the prairie site near Davidson, Saskatchewan. The LPRM data set
tends to overestimate soil moisture conditions at both sites, where the NSIDC data set
tends to underestimate absolute soil moisture. These differences in retrieval methods
were independent of radiometric frequency used. At weekly scales, the LPRM data set
provides a better relative estimate of wetness conditions when compared to the NSIDC
and the Basist Wetness Index (BWI) from SSM/I data, but the SSM/I data set did provide
a reasonably good relative indicator of moisture conditions. The high variability in
accuracy of soil moisture estimation related to retrieval algorithms indicates that
consistency is needed in these data sets if they are to be integrated in long term studies
for yield estimation or data assimilation.

2.1. Introduction
Spatial information on soil moisture conditions is a critical agri‐environmental
variable and can be used in decision support as an integrated variable for quantifying
climate variability as it relates to agricultural production (McGinn and Shepherd 2003;
Odhiambo and Bomke 2007). Spatial estimation of soil moisture is hampered by the lack
of coordinated in situ networks, and the methodological difficulties in modelling soil
moisture from meteorological inputs (Entin et al. 1999). Remote sensing derived
information provides a method of quantifying spatial variability in soil moisture over
large areas. Regional and national scale estimations of surface soil moisture can be
obtained from passive microwave sensors operating at low electromagnetic frequencies.
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These coarse spatial estimates can be used to assess overall conditions on a daily or
weekly basis. Retrieval algorithms to derive soil moisture from passive microwave
brightness temperatures produce variable results depending on input radiometric
frequency and the reliance on ancillary data to estimate vegetation water content and
land surface temperature (Owe et al. 2008; Sahoo et al. 2008).
There is a need to characterize regional and temporal errors in these data sets to
contextualize their operational use and facilitate integration of these data sets into land
surface models. The Canadian Land Data Assimilation System (CaLDAS), and other similar
data assimilation systems,

use passive microwave soil moisture information to

characterize initial conditions for improving predictions of water and energy balances at
the surface, and could benefit from better characterization of errors in satellite data sets
(Balsamo et al. 2007). Data assimilation has been shown to improve soil moisture
estimates from models at both the surface and root zone with varying degrees of
success, with improvements greatest when model parameters and forcing data show
greater uncertainty (Calvet and Noilhan 2000; Calvet et al. 1998; Das et al. 2008; Li and
Islam 1999; Pan et al. 2008; Walker et al. 2001). The improvement in the assimilated
models has also been shown to vary with the accuracy of the retrieval algorithm used to
derive soil moisture (Balsamo et al. 2006; Crow and Wood 2003; Reichle et al. 2007).
Differences in climatology of soil moisture data sets have been discussed as a factor
contributing to the varying success of data assimilation schemes, with the lack of in situ
data to characterize soil moisture errors and bias complicating the problem of
deciphering these climatologies (Reichle and Koster 2004). The relatively short data
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record of most satellite sensors leads to a requirement for multi‐sensor historical data
assimilation schemes, necessitating knowledge of errors in space and time to scale
satellite soil moisture observations to a common climatology (Reichle et al. 2004). These
differences in climatology are sensor and retrieval algorithm dependent (Drusch et al.
2005). The launch of new missions focused on deriving satellite soil moisture, such as
the Soil Moisture and Ocean Salinity (SMOS) and the Soil Moisture Active‐Passive
(SMAP) missions will create a further need for quantifying errors and bias in soil
moisture data sets for long term studies (Balsamo et al. 2007).
Traditionally, assessment of soil moisture data derived from passive microwave
sensors have been organized around intensive field campaigns lasting for a relatively
short time frame (Bindlish et al. 2006; Jackson et al. 1999). These intensive campaigns
have provided data sets for development and validation of retrieval algorithms, but the
assessment of longer term changes in data accuracy are needed for modelling studies.
Validation over longer, multi‐season time scales provides the opportunity to assess
temporal shifts in data accuracy due to changes in general climatic conditions and
changes in surface vegetation. Longer term temporal studies have relied largely on a
small number of sensors to validate large areas (Draper et al. 2009; Wagner et al. 2007).
For these reasons, this study makes use of two agricultural soil moisture monitoring
networks established for long‐term assessments and validation at the passive microwave
scale.
The objective of this work is to evaluate the use of passive microwave derived
soil moisture data sets over agricultural sites in Canada using two in situ monitoring
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networks. Results will be used to determine optimal data sets for assessing soil moisture
conditions over Canadian agricultural sites, and assess the errors and biases in soil
moisture data sets over different landscapes and over time. This assessment will provide
guidance on the use of these data sets for monitoring applications in temperate
agricultural environments. Soil moisture data sets from the Advanced Microwave
Scanning Radiometer (AMSR‐E) sensor and the Special Sensor Microwave Imager (SSM/I)
sensor were evaluated over a two year period over two agricultural regions in Canada.

2.2 Data and Methods
Soil moisture was evaluated over two growing seasons at sites located near
Davidson, Saskatchewan (51°24’N, 106°28’W), and Elora, Ontario (43° 38’N, 80°24’W)
Canada. These two networks were selected to evaluate conditions over two different
hydrologic regimes. Previous passive microwave soil moisture field validation studies,
such as the Soil Moisture Experiment (SMEX02, 03, 04, 05); have focused on regions of
flat terrain and homogenous land cover. The Saskatchewan network is consistent with
this approach, while the Ontario network exhibits greater variability in land use/cover.
Data from each site were evaluated over a six month period in 2007 and 2008
from May to October, to capture growing season conditions and avoid periods where
surface temperatures are below zero and potentially snow covered. In situ data were
compared at daily and weekly time steps to absolute volumetric soil moisture derived
from two retrieval algorithms for data from the AMSR‐E sensor, and a relative soil
wetness index derived from the SSM/I.
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2.2.1 Monitoring Network Installation and Calibration
A network of in situ sensors was established over a 60 by 60 km area at two sites
in Canada. These sites consist of a network of soil moisture profiles installed to capture
the expected variability in the regions of study at the scale of passive microwave derived

Figure 2.1. Location of in‐situ networks for validation of passive microwave data sets. Inset background
outlines river networks for each local validation site.
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Table 2.1. Average, minimum, and maximum fractions of clay, silt, and sand within each network

Clay Fraction (%)
Silt fraction (%)
Sand fraction (%)

Avg
4.07
46.12
49.77

Ontario
Min
0.98
21.37
23.63

Max
16.41
71.07
77.4

Avg
3.58
55.82
40.59

Saskatchewan
Min
1.14
38.85
23.8

Max
4.96
72.41
61.68

soil moisture data sets. Each network consists of 16 sites with soil moisture monitoring
probes installed horizontally at depths of 5, 20 and 50 cm. For this analysis, surface soil
moisture from the 5 cm probe was used to evaluate the passive microwave soil moisture
products; however, it should be noted that the measurements from the sensors
represent an integration of the profile over 3 cm. As a result, a probe centred at 5 cm
provides an integrated measurement of soil moisture from 3.5‐6.5 cm. A geographic
information system‐based model was implemented to determine optimal location of the
16 sites within each network on the basis of representatively capturing the variability in
soil type and topography. A summary of soil textures within each network is provided in
Table 2.1. Crop type was not considered in the site selection model, as it varies from
year to year. Final site selection was limited to those areas where land permit was
granted by landowners, as illustrated in Figure 2.1.
Stevens Vitel Hydra Probe II soil water monitoring sensors were used, which have
a manufacturer’s reported accuracy of +/‐ 3% soil moisture prior to soil‐specific
calibration. These sensors operate by measuring the capacitive and conductive
properties of the soil medium at a frequency of 50 MHz (Bosch 2004). Voltages from the
sensors were converted to soil moisture values based on generic sand, silt or clay
algorithms provided by the manufacturer. In order to refine these estimates, a soil‐
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specific calibration technique based on soil type was employed. A known volume of soil
was extracted adjacent to each probe, oven dried at 85ºC for 48 hours and gradually
wetted to saturation over a period of 6 hours. During the wetting period, a sensor
recorded soil water content and real and imaginary dielectric constants, while a digital
scale recorded the change in mass. A third order polynomial was used to relate observed
and probe soil water content with the real dielectric constant to calibrate probe
estimates. A unique calibration curve was established for each sensor and the original
soil moisture values were input into the equation to obtain soil moisture measurements
to within an accuracy of +/‐ 1.5 to 2 %.
For each site, soil moisture was quality checked to remove unrealistically values.
This was assessed by plotting half hourly soil moisture data along with precipitation to
determine if rapid changes in moisture content over short time periods were realistic
given the climatic inputs. Daily average soil moisture was obtained for each site, and the
average of all operating stations was taken for the comparison with the satellite‐derived
soil moisture. Data were excluded from the analysis where very few in situ sensors were
operating to avoid average area values being driven by one or two stations which may
not necessarily represent average conditions. For assessment of differences in ascending
and descending orbits, moisture values were extracted at the time of the satellite
acquisition for ascending (afternoon) and descending (night) passes. For this purpose,
the exact time of the acquisition was obtained from the time flag over each site in the
AMSR‐E Level‐3 land parameter data set (Njoku 2004).
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Table 2.2. Summary of ground observation data used for validation

Site
Ont 2007
Ont 2008
Sask 2007
Sask 2008

Time Period(s) Available

Average Number
of Stations
Operating Each
Day

Total Number of
Observations
(Daily Averages of All
Stations)

May 15 ‐ October 17; October 24 – October 31
May 7 – July 8; July 11 – October 5;
July 2 – October 31
May 1 – June 23; August 15 – October 31

10
6
11
9

164
150
121
133

Data gaps exist in the time series due to probe malfunctions, instrument damage,
and periodic removal of data loggers for downloading data. The time series for the
Ontario network is relatively constant throughout the 2007 and 2008 growing seasons,
while that of the Saskatchewan network exhibits some gaps, as illustrated in Table 2.2.

2.2.2 Passive Microwave Soil Moisture Data Sets
Several soil moisture information products derived from passive microwave
remote sensing were evaluated for their potential use in assessing moisture conditions
over agricultural regions in Canada. Two retrieval algorithms used to derive absolute
volumetric soil moisture from AMSR‐E were evaluated for this study. AMSR‐E is on‐
board the NASA Aqua platform and was launched in May 2002. It collects naturally
emitted microwave energy for horizontal (H) and vertical (V) polarizations. Soil moisture
retrieval algorithms make use of the C‐ and X‐Band frequencies, which operate at 6.9
GHz and 10.7 GHz, respectively. There are numerous retrieval algorithms for deriving soil
moisture from passive microwave data, with these two selected based on the wide
availability of the data over sites in Canada, with minimal processing required by the
data users.
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The first data set was the Daily Level 3 EASE‐GRID soil moisture from the National
Snow and Ice Data Center (NSIDC), which was derived using the X‐Band frequency by the
data provider (Njoku 2004). This model uses a multi‐channel iterative forward‐model
optimization method to solve simultaneously for surface temperature, soil moisture, and
vegetation water content (Njoku et al. 2003). In the forward mode, the retrieval
algorithm iteratively adjusts values of the retrieval parameters using a Fresnel
reflectivity model adjusted for surface roughness and attenuation by vegetation cover
using time‐invariant parameters based on land cover type (Njoku and Chan 2006). The
modeled brightness temperature is then compared to the observed at‐sensor brightness
temperature until an iterative least‐squared minimized solution is obtained. Polarization
ratios are used instead of absolute brightness temperature since these minimize the
effects of surface temperature (Sahoo et al. 2008). The model uses the X‐Band frequency
to minimize the impact of radio frequency interference (RFI) on the at‐sensor brightness
temperature (Njoku et al. 2005). The final soil moisture data set is screened to remove
data over large water bodies, dense vegetation, snow and permanent ice. Level 3 NSIDC
soil moisture data is distributed in EASE–GRID format with a nominal grid spacing of 0.22
degrees.
The second AMSR‐E soil moisture data set was derived using the Land Parameter
Retrieval Model (LPRM) using both C‐ and X‐Band frequencies (Owe et al. 2008). In this
retrieval method, surface temperature is estimated from the Ka‐Band frequency at 37
GHz, and surface soil moisture and vegetation water content are determined
simultaneously using dual polarization C‐ and X‐Band frequencies using polarization
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ratios and an iterative optimization technique. The soil moisture data set uses the C‐
Band frequency for each pixel unless RFI is detected. RFI is detected in the data set using
an index of vertically polarized brightness temperature at C‐Band to X‐Band (Li et al.
2004). To facilitate comparison with the NSIDC soil moisture data set, data for 2007 was
obtained using the C‐ and X‐Band frequencies separately to evaluate the differences in
soil moisture retrieval resulting from differences in the algorithm independently of
differences in the frequency used for retrieval. The LPRM soil moisture data set is
screened by the data provider for large water bodies (percent of land in pixel less than
95%), frozen soils (surface temperature < 273 K) and dense vegetation (vegetation
optical depth greater than 0.8). The data are distributed in a rectangular grid with a pixel
spacing of 0.25 degrees. It should be noted that both AMSR‐E retrieval algorithms are
derived on global data and do not rely on calibration to local site conditions beyond
information that can be obtained from global data sets of land cover and soil properties.
A time series of soil moisture was obtained from each data set for each site,
covering an area representative of the effective resolution of the sensor at the C‐Band
frequency, which is nominally 56 km. For both data sets, soil moisture was extracted
from a 2 by 2 pixel window representing a geographic area of 50 by 50 km for the NSIDC
data, and 55 by 55 km for the LPRM data. For both data sets, soil moisture extracted
over a larger 3 by 3 window was examined, and the results were not found to vary
significantly from the smaller window (results not shown). Soil moisture values were
extracted from both ascending and descending passes. Data gaps in the daily time series
occurred every eight days for the Ontario site when the site was out of range of the daily
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orbit cycle. The Saskatchewan site had no orbital data gaps as a result its more northerly
latitude. The in situ measurements were initially compared to the both the raw (non‐
smoothed) and a temporally smoothed data set obtained by applying a five day moving
average filter to each data set. This was done to account for the impact of high
frequency noise in the satellite soil moisture time series. This noise has been attributed
to both instrument noise related to thermal fluctuations, and the gridding process used
to geolocate AMSR‐E satellite data (Draper et al. 2009). To facilitate comparison with the
SSM/I data, the AMSR‐E soil moisture data sets were also converted to weekly averages.
A relative soil wetness data set was also evaluated, derived from the SSM/I
sensor (Basist et al. 2001). The SSM/I sensor was first launched in 1987 on board the
Defence Meteorological Satellite Program (DMSP) series of platforms. It collects
naturally emitted microwave radiation at V and H polarizations at four frequencies. The
Basist Wetness Index (BWI) is calculated from the brightness temperature (Tb) from the
K‐Band operating at 19.3 GHz (Basist et al. 2001). The wetness index is calculated as the
ratio of the brightness temperature measured at K‐Band to the brightness temperature
of dry ground, which is fixed as the product of the sensor derived surface temperature
and the emissivity of dry ground. The soil wetness information is distributed
commercially providing weekly global estimates at a 28 km pixel resolution. This data
represents relative soil wetness, and is not a measure of volumetric soil moisture. The
soil wetness data were extracted over an area equivalent to the data extracted for the
AMSR‐E soil moisture data.
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2.2.3 Ancillary Data
Rainfall and air temperature information were used to evaluate the conditions
for each site and each time period and determine dates where measurements would be
erroneous as a result of frozen soils or snow cover that were not captured by the
screening process using the satellite data. Daily values of total precipitation and air
temperature were obtained from the Environment Canada National Climate and
Information Archive (EnvironmentCanada 2009). Records were obtained for 2007 and
2008 from the stations operating within the study site, which included the Fergus
Ministry of Environment site for the Ontario site, and the Davidson and Elbow stations
for the Saskatchewan site.

2.2.4 Evaluation and Validation of Soil Moisture Data Sets
Each soil moisture data set was evaluated on an absolute and relative basis to
observed in situ surface soil moisture measured at a 5 cm depth. Absolute comparisons
between satellite and in situ surface soil moisture were made using the root mean
squared error (RMSE) and mean bias for the two AMSR‐E retrieval algorithms. The RMSE
accounts for the absolute error in satellite estimated soil moisture. The bias was
calculated as the relative difference between observed in situ soil moisture and satellite
derived soil moisture, and accounts for systematic errors in the satellite‐derived data
set. Relative comparisons were made using multi‐temporal pairwise correlations
between satellite and in situ soil moisture. This gives a measure of the how well the
satellite derived soil moisture captures temporal patterns in the in situ data set that are
defined by wetting and drying cycles. Pairwise correlation values were reported as
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significant where the probability of obtaining different results is less than five percent
(p‐value). As a further measure of the relative errors in satellite‐derived soil moisture,
the RMSE was also calculated using soil moisture anomalies to account for differences in
climatology between satellite and in situ data sets (Crow et al. 2005). To calculate the
anomalies for each site, the average and standard deviation were calculated from the
full data record for each set of the in situ and satellite observation data sets, covering
two full growing seasons. Each observation (from in situ or satellite) was normalized to
the average and standard deviation of that data set, providing the anomaly for each
observation from a normalized distribution with a mean of zero and a standard deviation
of one, according to the method described by (Crow et al. 2005). This method accounts
for systematic differences in climatology between data sets by removing the impact of
differences in means and standard deviation between data sets that have differences in
statistical support, such as those related to differences in the depths within the soil
profile that satellite and in situ sensors measure.
A detailed assessment of the AMSR‐E soil moisture data sets was made to
evaluate differences in ascending and descending passes, retrieval algorithm and
retrieval electromagnetic frequency. This was done to provide guidelines on which data
sets are most useful for evaluating moisture conditions over the growing season in
Canada. Soil moisture was evaluated for all available time periods within the six month
growing season. Temporal fluctuations in soil moisture accuracy were evaluated by
considering three “seasons” within the growing season, consisting of the months of May
and June (denoted at MJ in tables), the months of July and August (denoted at JA in
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tables) and the months of September and October (denoted as SO in tables). These
represent the key time periods for changes in phenological growth, with snow off to
seeding to early vegetative growth occurring in MJ, peak vegetative growth and
reproduction occurring in JA, and senescence and harvest occurring in SO. This
breakdown of the analysis was done to highlight differences in the sensitivity of the
satellite data sets to in situ soil moisture that differ when examining the statistics for the
growing season as a whole.

2.3. Results and Discussion
The meteorological conditions for each site and each year of the study are given
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Figure 2.2. Meteorological conditions for the study period for a) Saskatchewan site in 2007, b)
Saskatchewan site in 2008, c) Ontario site in 2007 and d) Ontario site in 2008.
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in Figure 2.2. For the Ontario site, the 2007 growing season was considerably drier and
warmer than the 2008 season, with the study period temperature averaging 16°C with
274 mm of rain in 2007, and temperatures averaging 14°C with 608 mm of rain in 2008.
The Saskatchewan site was less variable between the two growing seasons, with
temperatures averaging 14°C and 217 mm of rain in 2007 and temperatures averaging
13°C and 191 mm of rain in 2008. The Saskatchewan site is climatologically much drier
than the Ontario site, with moisture availability being a critical limitation on crop growth
(Akinremi et al. 1996).

2.3.1 Evaluation of AMSR‐E Soil Moisture at Daily Time Step
The daily time series of soil moisture estimated from the LPRM and NSIDC
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Figure 2.3. Daily soil moisture from LPRM model (C/X soil moisture) and NSIDC (X‐Band soil moisture)
for a) Saskatchewan 2007, b) Saskatchewan 2008, c) Ontario 2007 and d) Ontario 2008. Both data
sets are from the descending pass. In‐situ soil moisture represents a daily average of all operating in‐
situ sensors at a 5 cm depth. Smoothed values were obtained using a moving 5 day average.
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retrieval algorithms are given in Figure 2.3. The daily values extracted from the satellite
derived soil moisture contained considerable noise which made the interpretation of the
soil moisture time series problematic. The raw data series was compared to data set
smoothed with a five day average filter, described in section 2.2.2 (Figure 2.3). The
smoothed data from both retrieval algorithms visually have much better agreement with
the in situ soil moisture measurements. Subsequent results are reported based on the
temporally smoothed data set only. An assessment of the unsmoothed data was also
made, and the relationships reported here were relatively consistent, but with higher
overall error and lower correlations with the satellite data products (results not shown).
This indicates that the use of a temporally smoothed data set is important for use of
these data sets.
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2.3.1.1. Comparison of Ascending and Descending Passes
Soil moisture data obtained from ascending and descending passes were
evaluated for both study sites. For the in situ data, there was an overall strong
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Figure 2.4.Comparison between soil moisture from ascending and descending passes for a)NSIDC (X‐Band
soil moisture), b)LPRM (C/X‐band soil moisture) and c) in‐situ data for Ontario and Saskatchewan sites in
2007 and 2008. Results from temporally smoothed data are shown.

correlation between soil moisture collected at both the times of the ascending and
descending passes (r = 0.99, significant at p<0.05), with some outlier points
corresponding to rainfall events that occurred between the two acquisition times (Figure
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2.4, lower left). For the satellite derived soil moisture data sets, there was also a strong
correlation between ascending and descending soil moisture, but with much greater
scatter in the data (r = 0.78 for the LPRM data, r = 0.91 for the NSIDC data, all significant
at p<0.05). The NSIDC data set has a poorer overall agreement with in situ data for both
ascending and descending passes, with weak correlations between satellite and in situ
soil moisture making it difficult to evaluate which pass better represents surface soil
moisture (Table 2.3). For both the Ontario and Saskatchewan sites, there was no
relationship between in situ soil moisture and the NSIDC soil moisture, The RMSE
between in situ and NSIDC soil moisture was slightly lower for the ascending pass at
both sites, with both ascending and descending passes yielding errors of greater than

Table 2.3. Pairwise correlation coefficient RMSE and bias between satellite and in‐situ soil moisture for
ascending and descending retrievals for NSIDC (X‐band) soil moisture and LPRM (C/X‐band soil moisture) for
2007 and 2008 seasons. Values in bold are significant at p<0.05. In‐situ measurements are taken from the
ground stations at the time of each ascending and descending pass. Results are given for satellite soil moisture
data set with a moving five day temporal average window applied.
LPRM C/X‐Band
Asc.
Des.

NSIDC X‐Band
Asc.
Des.

ONT
r
RMSE (%)
Bias (%)

0.39
8.2
‐2.1

0.56
6.9
0.1

‐0.16
13.6
‐11.2

‐0.03
14.5
‐12.5

0.00
7.5
4.8

0.09
13.1
7.4

0.09
10.2
‐12.1

0.01
14.8
‐13.9

SASK
r
RMSE (%)
Bias (%)

10% volumetric soil moisture.
For the LPRM model, the descending pass had a slightly better agreement with in
situ soil moisture at the Ontario site, with a higher correlation, lower RMSE and a bias
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close to zero (Table 2.3). There was no correlation between the LPRM soil moisture and
in situ soil moisture at the Saskatchewan site. Given these mixed results, it is
inconclusive whether the ascending or descending passes are preferable for soil
moisture estimation. The descending pass for AMSR‐E at a local time of approximately
1:30 AM can be complicated by the effects of surface dew, but is expected to give more
stable retrievals due to a more thermodynamically consistent surface temperature as
compared with the 1:30 PM ascending pass (de Jeu 2003). These results suggest that
both orbits provide reasonably stable estimates of surface soil moisture, with errors that
may vary with the study site in question. For the remainder of the analyses, results are
given for the descending pass, to be consistent with results reported elsewhere (Rudiger
et al. 2009; Wagner et al. 2007).
2.3.1.2. Comparison of NSIDC and LPRM AMSR‐E Soil Moisture Retrievals
The daily time series of soil moisture estimated from the LPRM and NSIDC
retrieval algorithms are given in Figure 2.3. Overall, the LPRM data set showed a better

Table 2.4. Comparison of soil moisture retrievals from the LPRM(C/X‐Band) and NSIDC (X‐Band) retrieval
algorithms with daily average in‐situ soil moisture at 5 cm depth for 2007 and 2008 growing seasons. R
values are pairwise correlation coefficients between satellite and in‐in‐situ values. RMSE and bias are given
in percent volumetric moisture. LPRM soil moisture was derived from the descending orbit for each day.
Values in bold are significant at p<0.05.
LPRM C/X‐Band

NSIDC X‐Band

Absolute
RMSE (%)

Bias (%)

ONT

r

All
MJ
JA
SO
SASK
All
MJ
JA
SO

0.56
0.76
0.74
0.68

6.9
6.0
5.2
9.5

0.1
‐4.4
‐1.5
7.3

0.00
0.68
‐0.18
0.19

9.5
4.8
8.6
10.6

7.4
3.8
6.7
9.7
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Absolute
RMSE (%)

Bias (%)

‐0.06
0.57
0.31
‐0.57

14.5
17.9
12.6
12.2

‐12.5
‐17.3
‐10.5
‐9.6

0.01
0.00
0.70
0.11

14.8
15.7
17.6
12.1

‐13.9
‐15.2
‐16.9
‐11.2

r

agreement with the in situ soil moisture for the Ontario site, with an overall correlation
coefficient of 0.56 (significant at p<0.05) and RMSE of 6.9% compared to r = ‐0.06 for the
NSIDC data set and an RMSE of 14.5% (Table 2.4). The NSIDC soil moisture
underestimated in situ measurements for this site, indicated by a negative bias of 12.4%,
compared to an overall seasonal bias of 0.1 for the LPRM data set. For the Saskatchewan
site, both the LPRM and NSIDC data sets had higher overall errors when compared to the
in situ data, and low correlation coefficients. For this site, the LPRM data set
overestimated surface soil moisture by 7.4% and the NSIDC data set underestimated soil
moisture by 13.9%. The poorer results for the Saskatchewan site could be related to
errors in the ground data set as well as poor estimation of soil hydraulic properties in the
satellite retrieval models. For this retrieval method, values were from a United Nations
Food and Agriculture Organization soil database that may not accurately represent local
soil hydrological properties. Future work will examine local calibration of these
parameters as well as examine ground data observatory variability to further understand
these errors.
Each data set was examined seasonally to determine if errors had a seasonal
component. Scatter plots of the data broken down into two month blocks indicated that
the slope of the linear relationship between observed and satellite modelled soil
moisture differed at different times of year (not shown). For the LPRM data set for both
sites, the correlation between satellite and in situ was, for the most part better for any
individual season that for all seasons combined. This indicates seasonality in the
relationship between the two data sets, with scatter around a linear trend higher
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between seasons than within (Table 2.4). For the May‐June period, the correlation
between LPRM and in situ was highest for both sites relative to the other seasons. Errors
for the July‐August period, during peak vegetative growth, were lower for the Ontario
site but higher for the Saskatchewan site, A poor correlation over this time period with a
low RMSE suggests that the soil moisture estimates from the satellite are less consistent
in capturing individual wetting and drying events during peak vegetative growth, but
overall are capturing mean soil moisture conditions reasonably well. The LPRM data set
overestimated soil moisture in the September‐October period, with a mean positive bias
of 9.5% and 10.6% for the Ontario and Saskatchewan sites, respectively The higher error
combined with a reasonably good correlation for September‐October at the Ontario site
could be a result of the impact of standing senescent vegetation. At this site, high
density crops such as corn are common, and these are typically left standing until
October, and sometimes through the winter. This would have the effect of intercepting
moisture before it reaches the surface throughout the fall, even though the vegetation
water content detected at the sensor remains low. Crops for the Saskatchewan site tend
to be lower density cereal and pulse crops, which are harvested earlier in the season
leaving only short stubble (less than 10cm in height) or bare fields. Overall, these results
indicate that there may be seasonality to the LPRM estimations of soil moisture that
could be accounted for with better local calibration of the model. The LPRM correlation
results for the Ontario site were markedly better than for the Saskatchewan site,
indicating this site needs further examination. For the NSIDC data set, seasonal trends
were not consistent between sites (Table 2. 4).
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Figure 2.5. Top: Relationship between satellite estimated soil moisture from LPRM and NSIDC X‐Band soil
moisture; Middle and Bottom: Relationship between in‐situ and satellite estimated soil moisture from X‐
band frequencies for LPRM and NSIDC retrieval algorithms, all for the 2007 data set. Charts on the left
represent absolute estimated volumetric soil moisture, where charts on the right represent soil moisture
anomalies calculated as standard normal deviates. Results are shown for temporally smoothed data set.
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2.3.1.3. Comparison of X‐Band Retrievals from AMSR‐E
The differences between the NSIDC and LPRM soil moisture estimates have
sometimes been attributed to differences in the frequencies used to derive the data set,
with the C‐Band retrievals used in LPRM expected to yield better results than X‐Band
from NSIDC due to the overall suitability of longer wavelengths for estimating surface
soil moisture (Reichle et al. 2007). To evaluate how differences between the two
retrieval algorithms are related to the different frequencies used by each data set, a
subset of the data was evaluated for both models using only the X‐Band frequency in the
retrieval. Comparing the two data sets directly, the LPRM X‐Band data set is consistently
higher than the NSIDC data set, with much higher changes in moisture for LPRM for a
given change in moisture for NSIDC (Figure 2.5, top left). The low sensitivity of the NSIDC
soil moisture on an absolute basis has been noted elsewhere (Choi et al. 2008; Rudiger
et al. 2009; Sahoo et al. 2008), so the comparisons between the two data sets were also
made both on a relative basis using normalized soil moisture anomalies (Figure 2.5, top
right). On a relative basis, the two data sets show a linear relationship with each other,
but with a great deal of scatter in the data, with correlation coefficients of 0.47 for the
Saskatchewan site and 0.41 for the Ontario site (both significant at p<0.05).
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In terms of estimation of soil moisture, the LPRM X‐Band also tends to
overestimate soil moisture, particularly at the Saskatchewan site (Figure 2.5, bottom
left). Conversely, the NSIDC data set tends to underestimate soil moisture at both sites
(Figure 2.5, middle left). For the Ontario LPRM X‐Band data set, there are two sets of
linear trends in the comparison of satellite and in situ values, with the May‐June data
fitting better to the 1:1 line, and a distinct linear trend for the September‐October data
set that is offset from the 1:1 line (not shown). On a relative basis, both data sets
showed a great deal of uncertainty in the estimation of soil moisture anomalies (Figure
2.5, middle and bottom right). As with the data for both growing seasons, over a single
growing season the NSIDC data set had no correlation (r = ‐0.19) with in situ soil
moisture over the growing season for the Ontario site (Table 2.5). The LPRM X‐Band

Table 2.5. Comparison of AMSR‐E soil moisture retrieval models for the 2007 growing season using X‐band
only retrievals, descending pass with satellite soil moisture values temporally smoothed. R values are
pairwise correlation coefficients between satellite‐ estimated and observed daily average in situ soil
moisture measured at the 5 cm depth. Anomalies represent standard normal deviates. Values in bold are
significant at p<0.05.
Volumetric Soil Moisture
LPRM
X‐Band
ONT
All
MJ
JA
SO
SASK
All
MJ
JA
SO

NSIDC
X‐Band
r

LPRM
X‐Band

NSIDC
X‐Band

LPRM
X‐Band

RMSE (%)

NSIDC X‐
Band

Soil Moisture
Anomalies
LPRM
NSIDC
X‐Band X‐Band

Bias (%)

RMSE

0.19
0.72
0.24
0.90

‐0.19
0.77
0.11
‐0.01

13.9
4.9
12.3
19.6

9.8
16.1
5.6
5.3

10.9
1.3
11.6
18.5

‐7.6
‐15.1
‐4.6
‐4.4

1.20
1.92
0.61
0.84

1.42
2.20
0.88
1.01

‐0.41
‐
‐0.31
‐0.42

‐0.46
‐
0.64
‐0.70

13.6
‐
10.7
16.1

16.6
‐
19.0
13.5

11.3
‐
8.4
14.5

‐15.5
‐
‐18.6
‐12.1

1.64
‐
1.66
1.61

1.64
‐
1.62
1.66
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model also had a low multi‐seasonal correlation with in situ soil moisture at the daily
scale, with a pairwise r = 0.19, significant at p<0.05 for both smoothed and non‐
smoothed data sets. The relationship between in situ soil moisture and the satellite
models improved when examined for individual seasons, with correlations of r = 0.72 for
the Ontario site in May‐June period, and R = 0.90 for the September‐October period, all
significant at p<0.05 (Table 2.5). The relative merits of each data set were similar when
comparing X‐Band retrievals using both models then when comparing the C/X‐Band
retrievals discussed previously.
This was confirmed through a relative comparison of each data set (Figure 2.5,
right). For both sites, the LPRM X‐Band data tended to overestimate soil moisture,
where the NSIDC data underestimated soil moisture. To evaluate these two models
without these climatology biases in the data set, the RMSE of soil moisture anomalies
was evaluated. Using the anomalies, the LPRM X‐Band model continued to show a
slightly better relationship overall with in situ soil moisture anomalies, with RMSE of
1.20 for LPRM X‐Band versus 1.42 for NSIDC at the Ontario site. The RMSE for soil
moisture anomalies was consistently lower for the LPRM X‐Band model than the NSIDC
for both sites and all seasonal time periods. This indicates that overall, the LPRM X‐Band
model provides a better depiction of soil moisture conditions over the growing season.
Overall, the relative merits of the two data sets were consistent when comparing
X‐Band only retrievals to C‐ and X‐Band retrievals from LPRM, indicating the differences
in the data set are more related to the retrieval methods themselves and not the
frequency used for the retrieval. This is consistent with results reported elsewhere
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(Draper et al. 2009; Reichle et al. 2007; Wagner et al. 2007). The poor results for the
Saskatchewan site warrants further investigation over a longer time period than
examined here. The relative merits of the LPRM over the NSIDC model suggest that the
assumptions and simplifications used in the NSIDC model that are not used in the LPRM
may have a significant impact, notably the independent estimation of surface
temperature used in LPRM, and the simplification of estimations of single scattering
albedo and other vegetation parameters in the NSIDC model (Sahoo et al. 2008). The
errors reported for these two sites were lower than those reported for sites in Spain, but
higher than those reported for sites in the United States and Australia (Choi et al. 2008;
Draper et al. 2009; Sahoo et al. 2008; Wagner et al. 2007).
2.3.1.4. Impact of Radiometric Frequency on Soil Moisture Retrieval
The impact of radiometric frequency on soil moisture retrievals were evaluated
by comparing the C‐Band only
60

retrievals using the LPRM data
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set for 2007 only (Figure 2.6).
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for the Saskatchewan site (both significant at p<0.05). The two satellite data sets had
somewhat weaker correlation with each other in the July‐August period than in the May‐
June and September‐October periods, with correlations of 0.82, 0.55 and 0.74 for MJ, JA
and SO periods, respectively (all significant at p<0.05, not shown), for the Ontario site,
and correlations of 0.95, 0.85 and 0.97 (all significant at p<0.05) for MJ, JA and SO
respectively for the Saskatchewan site. For both sites, X‐Band estimated soil moisture
was higher than C‐Band estimated soil moisture (Table 2.6). Microwaves emitted from
the surface at higher frequencies have greater attenuation by both soil and vegetation,
and as a result the X‐Band measured brightness temperature will be emitted from a
much thinner layer at the soil surface than the C‐Band brightness temperature. The
depth of the emitting layer varies with soil moisture content, but is, in
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estimated as a few tenths of the wavelength being measured, which would mean an
effective emitting depth of 3 cm for the C‐Band and less than 1 cm for the X‐Band (Raju
et al. 1995). Differences in C‐ and X‐Band derived soil moisture have been attributed to
climatological differences between these two emitting layers of different depths (Reichle
et al. 2007). The thin layer at the surface is expected to experience faster wetting and
drying cycles as a result of greater interaction with the evaporation processes from the
atmosphere. Given that soil moisture estimated from different frequencies of
microwave radiation have different climatologies, it is not surprising that C‐Band soil
moisture provides a better estimate of soil moisture measured at a 5 cm depth than X‐
Band soil moisture (Table 2.6). For the Ontario site in 2007, C‐Band soil moisture had an
RMSE error of 7.9 % versus 13.9 % for X‐Band, with errors consistently lower over the
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whole growing season. For the Ontario site, the C‐Band soil moisture also provided a
somewhat better relative measure of soil moisture, with a pairwise correlation of 0.30
for C‐Band versus 0.19 for X‐Band, both significant at p<0.05. Consistent with the results

Table 2.6. Comparison of C‐ and X‐Band soil moisture retrievals from the LPRM retrieval algorithm for
2007. R values are pairwise correlation coefficients between LPRM and in‐in‐situ daily averaged soil
moisture at 5 cm depth. RMSE, mean and standard deviation of soil moisture are given in percent
volumetric moisture. LPRM soil moisture was derived from the descending orbit for each day. Values in
bold are significant at p<0.05.
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discussed in the previous section, the overall multi‐season correlations for both sites
were lower than when seasons were examined individually (results not shown). These
differences in C‐ and X‐Band retrievals were not consistent with the results for the
Saskatchewan site for 2007, which is related to the poor overall correlation of satellite
soil moisture with the ground network at this site discussed previously (Table 2.6). The
mean soil moisture values for X‐Band soil moisture were higher for both sites, and the
variability in soil moisture (indicated by the standard deviation) also somewhat higher
for X‐Band soil moisture than C‐Band soil moisture. The improvement in using C‐Band
over X‐Band retrievals is more apparent for the Ontario study sites than results that have
been reported elsewhere (Draper et al. 2009; Wagner et al. 2007).
Passive microwave radiation measured at C‐Band is subject to contamination by
Radio Frequency Interference (RFI) caused by broadcasting by fixed and mobile devices
within the frequencies that the AMSR‐E sensor detects (Li et al. 2004). These sources of
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interference have geographic distributions related to population centres and protection
of individual frequencies by national regulatory agencies. RFI has been found to be a
significant contaminant to passive microwave remote sensing at C‐Band in the United
States, Japan and the Middle East, with some contamination in Europe (Njoku et al.
2005). The occurrence of RFI over the 2007 growing season was evaluated for the
Saskatchewan and Ontario sites. RFI was assessed using the method used to flag RFI
contaminated pixels for the LPRM soil moisture data set. The retrievals from C‐Band and
X‐Band only soil moisture were compared to the C/X‐Band soil moisture data set, with
discrepancies between these a result of RFI contamination. Over the six month growing
season in 2007, 25 % of the pixels in the study area for the Ontario site were found to
contain RFI, and less than 1% for the Saskatchewan site. The Ontario site is located in
close proximity to large urban centres in Canada and the United States. The Ontario site
is further north and the density of the urban centres in close proximity is much less.
Given the limited occurrence of RFI at both sites, the use of a combined C/X‐Band soil
moisture data set maximizes the benefits of using lower frequencies for soil moisture
retrieval, while removing contamination from RFI over sites close to sources of
background microwave information.

2.3.2 Evaluation of Relative Soil Moisture Data Sets at Weekly Scales
To evaluate the merits of the Basist Wetness Index in comparison to absolute soil
moisture from AMSR‐E, all data sets from the LPRM C/X‐Band, NSIDC and SSM/I‐BWI
models were compared at weekly scales for both sites in 2007 and 2008. For this
assessment, the NSIDC X‐Band only and LPRM C/X‐Band combined data set were
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evaluated from descending passes, along with the weekly estimates of soil wetness from
the BWI calculated from SSM/I data sets. The temporal evolution of each soil moisture
data set for each site is given in Figure 2.7. The SSM/I wetness is much more dynamic for
both sites and years than the AMSR‐E soil moisture or the in situ measurements. This is
likely due the higher frequency of the SSM/I measurements. The K‐Band is sensitive to
wetness in the column of land and atmosphere within the footprint of the sensor,
suggesting that this sensor is responding to atmospheric and surface wetness along with
soil moisture (Basist et al. 1998). The SSM/I‐BWI data set showed a stronger correlation
with in situ soil moisture for the Ontario site (pairwise r = 0.44, significant at p<0.05)
with no relationship at the Saskatchewan site (pairwise r of 0.02; Table 2.7). The high
fluctuation of the SSM/I data set indicates greater weekly fluctuation in soil moisture for
Saskatchewan than the in situ soil moisture measurements indicate (Figure 2.7). The
relatively good relationship between the SSM/I soil wetness index and in situ soil
moisture at the Ontario site indicates that this data set could be used on a relative basis
for agri‐environmental monitoring, which could be very useful given the long term,
uninterrupted availability of SSM/I data (available from 1987 to present), compared with
C‐ and X‐Band sensors such as AMSR‐E.
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Figure 2.7. Temporal evolution of soil moisture data sets for a) Saskatchewan in 2007, b) Saskatchewan in
2008, c) Ontario in 2007 and d) Ontario in 2008. Precipitation is from single meteorological station within
each site. In‐situ soil moisture is the weekly average of all available soil moisture stations within the study
area. The LPRM soil moisture is derived from C‐Band with X‐Band substituted where RFI is detected, the
NSIDC is derived from X‐Band only.

Table 2.7. Relationship between in‐situ and satellite derived soil moisture for 2007 and 2008 growing
seasons. In‐situ soil moisture is the weekly average of all available soil moisture stations within each study
area. The LPRM soil moisture is derived from C‐band with X‐band substituted where RFI is detected, the
NSIDC is derived from X‐band only. Anomalies represent standard normal deviates. Values in bold are
significant at p<0.05.
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As a relative indicator of soil moisture, the LPRM data set again showed a better
correlation, and the a better RMSE in terms of absolute soil moisture and anomaly soil
moisture than either the NSIDC or SSM/I data sets (Table 2.7). At the weekly scale, the
LPRM showed a better correlation with in situ soil moisture for all seasons for the
Ontario site, (r = 0.54 for the whole season and r = 0.80, 0.79 and 0.70 for MJ, JA and SO
periods, respectively, all significant at p<0.05). The relatively good performance of this
model at the weekly scale is positive for agricultural monitoring applications such as the
Canadian Drought Watch system and the United States Drought Monitor, both of which
provide climate conditions at weekly time scales (Hayes et al. 2005; O'Brien 2006). The
NSIDC showed a poorer correlation with in situ soil moisture, and was only significantly
positive for the July‐August period in Saskatchewan and the May‐June period in Ontario.

2.4. Conclusions
Three passive microwave soil moisture data sets were compared over
agricultural sites in Canada over two growing seasons using a validation network. A
detailed comparison was made between daily estimated soil moisture from the LPRM
and NSIDC methods for AMSR‐E data. The LPRM showed the best results overall,
particularly over the Ontario site. Both retrieval models had poor correlation over the
Saskatchewan site, with the LPRM having lower overall error than NSIDC. The
inconsistencies in the results for both sites suggest that longer term validation of these
data sets is essential to better characterize these errors. Based on this data set, the
LPRM data set has a tendency to overestimate surface soil moisture, whereas the NSIDC
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model tends to underestimate soil moisture. The NSIDC soil moisture data set showed a
low dynamic range over these study sites and did not capture soil moisture accurately
over these sites. The differences between these two retrieval methods were consistent
regardless of radiometric frequency used in the algorithm. From these results, it was
concluded that the LPRM C/X descending data provides the best estimator of surface soil
moisture in terms of error, but may require some local calibration to improve overall
estimates. Results at the daily scale are improved when a five day temporal smoothing
filter is applied, resulting in RMSE of 5 to 10% for the LPRM data set and 12 to 18% for
the NSIDC data set. The results indicate that the C‐Band soil moisture retrievals were
more accurate than the X‐Band retrievals, and radio frequency interference was minimal
over the Ontario site and non‐existent over the Saskatchewan site. This suggests that a
blended C‐ and X‐Band derived moisture is optimal for sites in Canada. No conclusive
difference between ascending and descending passes was found.
Results indicate that as a relative indicator of soil moisture at a weekly scale, the
AMSR‐E derived soil moisture from the LPRM data provides the best overall estimation
of surface soil moisture conditions. The SSM/I soil moisture provides a good relative
estimate of soil moisture conditions, but monitoring wetness will likely be improved by
using data sets that provide absolute soil moisture estimation from lower frequency
data.
The substantial differences found between retrieval methods for satellite surface
soil moisture suggests that retrieval methods require standardization if these data sets
are to be used for longer term, multi‐sensor applications. As the number of missions
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providing soil moisture information increases over the next several years, some
commonality in retrieval methods is needed to ensure long term evaluations of soil
moisture conditions are not model specific. The maintenance of validation networks
such as those described here is a crucial component in the continued evaluation of these
models.
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Abstract
Current methods to assess soil moisture extremes rely primarily on point‐based in situ
meteorological stations which typically provide precipitation and temperature rather
than direct measurements of soil moisture. Microwave remote sensing offers the
possibility of quantifying surface soil moisture conditions over large spatial extents.
Capturing soil moisture anomalies normally requires a long temporal record of data,
which most operating satellites do not have. This research examines the use of surface
soil moisture from the AMSR‐E passive microwave satellite to derive surface soil
moisture anomalies by exploiting spatial resolution to compensate for the shorter
temporal record of the satellite sensor. Four methods were used to spatially aggregate
information to develop a surface soil moisture anomaly (SMA). Two of these methods
used soil survey and climatological zones to define regions of homogeneity, based on the
Soil Landscapes of Canada (SLC) and the EcoDistrict nested hierarchy. The second two
methods (ObShp3 and ObShp5) used zones defined by a data driven segmentation of the
satellite soil moisture data. The level of sensitivity of the calculated SMA decreased as
the number of pixels used in the spatial aggregation increased, with the average error

42

reducing to less than 5% when more than 15 pixels are used. All methods of spatial
aggregation showed somewhat weak but consistent relationship to in situ soil moisture
anomalies and meteorological drought indices. The size of the regions used for
aggregation was more important than the method used to create the regions. Based on
the error and the relationship to the in situ and ancillary data sets, the EcoDistrict or
ObShp3 scale appears to provide the lowest error in calculating the SMA baseline. This
research demonstrates that the use of spatial aggregation can provide useful
information on soil moisture anomalies where satellite records of data are temporally
short.

3.1. Introduction
Soil moisture extremes in an agricultural context are conditions where too much
or too little water is present to support production. This can manifest itself as wet
extremes in areas where rainfall is excessive or soils have poor drainage characteristics,
and this can have an impact on soil physical structure and hasten anaerobic microbial
processes that reduce soil fertility (Ball et al. 1997). Poor soil moisture availability is
associated with dry spells and drought, and this can lead to crop losses when they occur
during key growth stages, soil and nutrient losses due to soil erosion, and the
proliferation of pests (McGinn and Shepherd 2003; Powell et al. 2007; Pruski and
Nearing 2002). Current methods to quantify these extreme events geospatially are
largely based on in situ meteorological data collected at weather stations and are limited
to the temperature and precipitation data that these typically provide. Moisture
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extremes can be difficult to monitor using in situ meteorological stations because
precipitation patterns are highly variable in space and time (Boken 2005). Soil moisture
contains “memory” of precipitation events, such that the wetness retained in the soil
after a rainfall event is temporally more persistent than the rainfall event itself (Koster
and Suarez 2001). For this reason, methods have emerged in recent years to quantify
soil moisture extremes (rather than precipitation) using information simulated from land
surface models, remote sensing measures and statistical learning methods to create
anomaly indices (Loew et al. 2009; Narasimhan and Srinivasan 2005; Sheffield et al.
2004) . While surface soil moisture estimates from satellites may not always be a good
indicator of conditions at depth (Capehart and Carlson 1997; Wilson et al. 2003), they
can provide an indication of the spatial variability of rainfall events that sparsely
distributed in situ stations networks cannot.
Passive microwave sensors capture surface soil moisture conditions at frequent
temporal time scales but at coarse spatial resolution. While satellite remote sensing of
soil moisture provides more spatially comprehensive data than can be provided by in
situ measurements, these sensors do not have the temporal history that meteorological
stations typically have, which often use a 30 year history or longer to establish baseline
conditions to define an extreme. Indices of extremes have been found to be particularly
sensitive to the record length of the meteorological stations used to calculate the
indices, making the definition of a baseline a critical step in quantifying extreme
conditions (Guttman 1994; Heim 2005; Wu et al. 2007). Satellite data have a spatial
density which most networks of in situ sensors lack, which can be exploited to increase
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the number of observations in a data record. This approach, which is a variation on
regional frequency analysis, uses data points pooled over a spatially homogenous area
to establish a normal or baseline for a particular area, providing a broader pool of data
from which to establish a probability distribution for the variable in question (Cooley et
al. 2007). This method has largely been used with in situ measurements for applications
such as flood forecasting (Cooley et al. 2007). To apply this technique to satellite surface
soil moisture, a method to define homogenous regions needs to be developed to exploit
this spatial density while maintaining the spatial detail that makes satellite data
advantageous.
This research describes an approach to calculate an indicator of soil moisture
extremes for application over agricultural regions in Canada. Extremes are defined as
anomalous moisture conditions that fall at the edges of the soil moisture dynamic range
for a given location and time of year, and are therefore anomalous for that place and
time. The indicator, based on passive microwave derived surface soil moisture data, was
calculated using two methods of defining homogenous regions, with various sizes of
regions used in the comparison. The resulting indicators were evaluated to determine
how stable these were in capturing anomalous soil moisture or extremes, how
representative they were of in situ soil moisture and agro‐meteorological conditions,
and which scale was most consistent with established methods to monitor moisture
extremes.
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Figure 3. 1. Flow chart of data processing for the calculation of soil moisture anomalies

3.2. Methods
A summary of the methodology is given in Figure 3.1 and is described in greater
detail in the following sections.
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3.2.1 Study Site
All analyses were conducted over the province of Alberta in the prairie region of
western Canada (Figure 3.2). This area was chosen due to the presence of an in situ
monitoring network that was established in 2002 and consists of 26 sites located within
the agricultural extent of the province. The Alberta Ground Drought Monitoring Network
(AGDMN) spans an area of approximately 900 km north to south and 600 km east to
west, with the northern‐most site located at 56°19’N, 119°45’W and the southern‐most
site located at 49°29’N and 111°29’W. The province generally has a continental climate
that is highly influenced by the orographic effects of the Rocky Mountains along the

Alberta

Canada

Study Area

Figure 3.2. Location of Alberta Drought Net study area in North America. Area in boundary shown in greater
detail in Figure 3.
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province’s western edge. The annual July temperature ranges from an average of 13°C in
the northern and mountainous regions to 18°C in the southern areas of the province,
with average summer precipitation ranging from 200 to 325 mm (Chetner and
Agroclimatic Atlas Working Group 2003). Dryland agriculture is the dominant land use,
with periodic drought effecting many of the areas for the time period studied (Bonsal
and Regier 2007).

3.2.2 Image Acquisition and Processing
A multi‐year soil moisture data set derived from the AMSR‐E passive microwave
sensor was used to develop the index. AMSR‐E is on‐board the NASA Aqua platform and
was launched in May 2002. It collects naturally emitted microwave energy for horizontal
(H) and vertical (V) polarizations. Soil moisture retrieval algorithms make use of the C‐
(6.9 GHz) and X‐Band (10.7 GHz) frequencies. Soil moisture was derived using the Land
Parameter Retrieval Model (LPRM) using both C‐ and X‐Band frequencies from the
descending pass (Owe et al. 2008). A previous study evaluated the LPRM data set against
other passive microwave soil moisture data sets, and using various configurations
(ascending/descending passes, C‐Band/X‐Band frequencies), and the LPRM‐C/X
descending pass was found to provide the most reliable data set over sites in Canada
(Champagne et al. 2010). In this retrieval method, surface temperature is estimated
from the Ka‐Band frequency at 37 GHz. Surface soil moisture and vegetation water
content are determined simultaneously using C‐ and X‐Band using polarization ratios and
an iterative optimization technique. The soil moisture data set uses the C‐Band
frequency for each pixel unless radio frequency interference (RFI) is detected. RFI is
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detected using an index of vertically polarized brightness temperature at C‐Band to X‐
Band (Li et al. 2004). The LPRM soil moisture data set is screened by the data provider
for large water bodies (percent of land in pixel < 95%), frozen soils (surface temperature
< 273 K) and dense vegetation (vegetation optical depth > 0.8). The data are distributed
in a rectangular grid with a pixel spacing of 0.25 degrees through the Vrije Universiteit
Amsterdam atmospheric data access for the geospatial user community (ADAGUC)
internet portal.
Surface soil moisture derived from LPRM was obtained for the May to October
period for 2003 to 2009. Data outside of this window were not considered, since surface
soil conditions from November through to April are largely snow covered or frozen.
Previous research found that the daily LPRM soil moisture values contain substantial
noise, but that this noise largely disappears when a moving average of five days is
applied or weekly averages are taken (Champagne et al. 2010). The use of weekly values
was retained for the analysis, since this is consistent with national drought monitoring
data used in Canada. The LPRM data set was further aggregated to monthly averages to
facilitate comparison with meteorological drought indices and the North American
Drought monitor ratings.

3.2.3 Calculation of the Soil Moisture Anomaly Index
Several methods for spatial aggregation of remotely sensed soil moisture data
were examined to determine the optimal methodology to capture anomalous soil
moisture conditions which represent local soil moisture extremes. Spatial aggregation
was used to “trade space for time” to establish soil moisture statistics over the period of
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record. This approach has been used to calculate anomalies for precipitation records
from both satellite and ground data records (Cooley et al. 2007; Curtis et al. 2007). In
this approach, ‘homogenous’ regions are defined in order to expand the number of
sample points available for developing a frequency distribution of the variable of
interest. Within each homogenous region, each pixel is treated as a single observed soil
moisture value, such that the number of values available for the calculation of soil
moisture statistics over the period of record is expanded as the geographic size of the
homogenous region increases. Ideally, the area used for spatial aggregation should be
sufficiently homogenous over time that the statistical distribution it produces is
representative of local conditions, but large enough that an adequate number of points
are available to quantify the soil moisture dynamic range. Homogeneity in this context is
related to spatial scale, with ‘homogenous’ regions displaying consistent soil moisture
patterns over time. Small regions may be homogenous in the sense that they have
common soil formation factors and larger regions may be homogenous due to
commonalities in climate.
Using regions to aggregate statistics over a larger area increases the number of
observations on which to quantify the soil moisture dynamic range. Examining soil
moisture statistics using a single pixel, the period of record for the LPRM data set would
include only eight observations (one for each week of each year from 2003 to 2009),
which may not be representative of the full range of soil moisture conditions that would
be expected at that location given a longer term data record. By expanding the number
of pixels used through spatial aggregation, a larger number of observations are available
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to define this distribution, with the trade‐off that the larger the area becomes, the less
likely it may be that it is sufficiently homogenous to capture spatially relevant soil
moisture conditions.
Four approaches were used for spatial aggregation. Two of the approaches were
based on zones of relatively homogenous soil characteristics and landscape, and two
based on the spatial dynamics of the LPRM data set itself (Figure 3.3). These were
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Figure 3.3. Geographic location and spatial extent of regions used for spatial aggregation of surface soil
moisture statistics: Soil Landscapes of Canada (SLC) top left; Eco‐Districts, top right; data derived object
shapes at scale factor 3, bottom left; and data derived object shapes at scale factor 5, bottom right.

compared to a soil moisture anomaly (SMA) derived using a single pixel, located
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consistent with the position of the AGDMN in situ stations. Two landscape areas were
used for the aggregation: a smaller area based on the Soil Landscapes of Canada (SLC)
polygons, and a larger area based on SLCs aggregated to the EcoDistrict level. These two
spatial areas are part of a larger hierarchical ecological framework that is used to define
soil and climate regions in Canada (Schut 1994). The SLC polygons are the basis of this
ecological hierarchy, and consist of a geographic layer that covers the full extent of
Canada, based on major soil characteristics. The SLCs were derived from existing soil
survey maps compiled at a 1:1 million scale, with each individual polygon representing a
distinct soil type and its associated landscape (i.e. drainage condition, depth to water
table, and slope position). For the study sites used in this analysis, the size of the SLC
objects ranged from two to 10 AMSR‐E pixels per site, with an average size of four pixels
for all 21 study sites (Table 3.1). The EcoDistrict layer of analysis consisted of the
aggregation of several SLCs to form regions of relatively homogenous biophysical and
climatic conditions. These areas were defined by regional landform, local surface form,
permafrost distribution, soil development, textural group, vegetation/land use, range of
annual precipitation and mean temperature (EcoRegions Working Group 1989), with a
minimum area of 100 000 hectares. For this analysis, the size of the EcoDistrict areas
ranged from six to 20 pixels, with an average size of 11 pixels for all 21 study sites (Table
3.1).
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Table 3.1. Number of AMSR‐E LPRM soil moisture pixels within each region used for spatial aggregation.
Site
Brocket
Andrew
Atmore
Champion
Cleardale
Dapp
Foremost
High Prairie
Hussar
Killiam
Mundare
Oliver
Oyen
Peoria
Rich Lake
Schuler
Smokey Lake
Stettler
Two Hills
Vermillion
Wrentham
Average

Pixel
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

SLC
3
4
3
4
3
3
10
6
2
2
2
6
4
2
5
5
6
2
3
3
10
4

EcoDistrict
9
9
12
6
21
3
20
14
6
5
9
13
10
8
12
8
6
8
15
15
20
11

ObShp3
21
6
6
14
5
15
16
1
14
13
13
15
9
2
6
21
7
12
8
10
16
11

ObShp5
35
24
11
35
21
15
38
6
35
21
21
15
28
21
11
57
24
17
21
23
38
25

These survey‐derived regions were compared to two regions created using a data
driven approach. The full LPRM data set aggregated to weekly scales and spanning the
May to October period from 2003 to 2009 was spatially segmented using the multi‐
resolution segmentation algorithm in Definiens (eCogniton) software. This algorithm
uses a series of input images to define the feature space statistics of each pixel. Using
this feature space definition and a compactness shape criteria, each pixel is merged in a
pairwise manner with adjacent pixels, and a cost function is used to quantify the
increase in heterogeneity that results from merging these pixels into a single feature
(Baatz and Schäpe 2000). The objective is to minimize the heterogeneity factor given a
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defined scale parameter for any given aggregation of adjacent pixels. The scale
parameter is defined such that a larger scale parameter will result in larger objects, and
therefore larger heterogeneity within the resultant segment (object), and a smaller scale
parameter will result in smaller, more homogenous objects. Scales are defined such that
each set of smaller objects is nested hierarchically within the larger objects. All layers
used in this analysis were weighted equally, with the default compactness and colour
(brightness) criteria used (0.5 and 0.9 respectively). These factors define how
heterogeneity is calculated, such that the compactness index describes the deviation
from the ideal compact form, and the colour defines the impact of spectral brightness of
each input channel (Baatz and Schäpe 2000). Two scales of objects were used in this
analysis. These scale factors were chosen based on trial and error to create objects that
were proportional in size to the SLC and EcoDistrict scales. The first was generated using
a scale factor of five (described as ObShp5 within this manuscript), which created
objects ranging in size from 6 to 57 AMSR‐E pixels, with an average size of 25 for all of
the study sites. The second set of objects was defined as nested within the first set of
objects, such that the size of these objects was always smaller and geographically
contained within the larger set of objects for any given site, using a scale factor of three
(described as ObShp3 within this manuscript). These objects ranged in size from one
pixel to 21 pixels, with an average size of 11 pixels for all study sites. The sizes of all of
the shape aggregations used in this study are summarized in Table 3.1.
Using single pixels, SLCs, EcoDistricts, ObShp3 and ObShp5 regions, the average,
minimum and maximum soil moisture as estimated from the AMSR‐E data was
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calculated for each geographic primitive for the 2003 to 2009 period. Data from 2002
was excluded since the collection of AMSR‐E data did not commence until mid‐way
through the growing season. Histograms of these baselines for each week and month of
the year were evaluated to ensure that the minimum and maximum values were
consistent with the rest of the data set, and not a result of outliers in the data. These
statistics were calculated for each week and month over this time period. The LPRM
statistics were then used to calculate a soil moisture anomaly (SMA), using the formula:
⎛ mv i ( t ) − mv min i ( t ) ⎞
⎟100
SMAi ( t ) = ⎜
⎜ mv
⎟
−
m
v min i ( t ) ⎠
⎝ max i ( t )

(3.2.1)

where mv is the AMSR‐E LPRM soil moisture value for location i at time (t), mvmin is the
minimum LPRM soil moisture value recorded for the full data record (2003 to 2009
within the spatial area used for aggregation) and mvmax is the maximum LPRM soil
moisture value recorded for the full data record. This anomaly calculation is consistent
with methods used to calculate satellite vegetation condition indices (Kogan 1997).
Two criteria were used to evaluate the suitability of the SMA for quantifying soil
moisture extremes. The first was to examine the stability of the anomaly index using
each level of spatial aggregation when part of the data record was left out of the overall
calculation of the index. This was used to determine how sensitive the SMA was to single
values present in the data record. The second criterion was to determine how well the
SMA represented extreme soil moisture conditions. Since there are no equivalent data
to compare the satellite SMA to, this was done through a comparison to measures that
represent different definitions of soil moisture extremes, including in situ SMA values,
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meteorological drought indices and the North American Drought Monitor (NADM)
ratings. While there is no data set to validate the index, a comparison to commonly used
indices was done to determine if the SMA was capturing consistent information related
to extremes.

3.2.4 Ground Data Collection and Processing
In situ surface soil moisture measurements were examined to evaluate the
AMSR‐E LPRM surface soil moisture and the LPRM soil moisture anomaly as an indicator
of soil moisture conditions. Each AGDMN station consists of a set of soil moisture probes
buried at permanent locations at depths of 5, 20, 50 and 100 cm (Walker 2003).
Volumetric soil moisture is measured using the Delta‐T theta probes, which have a
stated calibration accuracy of +/‐ 5% (Miller and Gaskin 1999). Station locations were
determined through regional considerations such as landform diversity and ecological
setting; soil and vegetation conditions using soil series and drainage maps and land use
information; and land owner suitability. All sites are placed on natural or cultivated
grasslands, and were located on one of four soil orders found in the region (Walker and
Howard 2003).
The in situ surface soil moisture measurements from the 5 cm probe were used
to provide an indicator of the accuracy of the LPRM soil moisture estimates, as well as
the derived the soil moisture anomaly index. Surface soil moisture measurements from a
subset of 21 sites were quality checked and temporally averaged to weekly and monthly
values match the time step of the satellite soil moisture. All of the soil moisture values
for each week or month were used rather than those collected only at the time of the
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satellite acquisition to evaluate the SMA as an indicator of overall soil condition. Only 21
of the 26 sites were used since these had the most complete data record for the 2003 to
2009 period. The locations of the sites are indicated in Figure 3.3. The quality checking
procedure was performed on the hourly soil moisture measurements, with the removal
of unrealistic values (sharp drops or increases in soil moisture that do not last beyond a
one hour time step and are not linked to changes in precipitation), and the filling of gaps
using a temporal averaging between available measurements. Temporal averaging was
only performed if the data gap was less than 10 hours and no precipitation was detected
at the station. Hourly soil moisture values were then averaged to daily, weekly and
monthly values to match the temporal time step of the LPRM satellite surface soil
moisture data. The SMA was calculated from the surface soil moisture data using
equation 3.2.1.

3.2.5 Meteorological Drought Indices and the North American Drought Monitor
In addition to the weekly in situ SMA values, the LPRM‐SMA at each level of
spatial aggregation was compared to standard drought monitoring data sets used in
Canada and calculated at monthly scales. This was done to assess the performance of
the LPRM‐SMA in capturing proxy measures of agricultural soil moisture extremes that
were calculated based on a longer historical record (in the case of meteorological station
indices) and expert knowledge (in the case of the NADM).
Two precipitation and temperature based indices of moisture extremes were
used in this analysis. The first was a modified Palmer Drought Severity Index (PDSI),
calculated using an approach described by (Akinremi et al. 1996). The PDSI uses a water
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balance model based on monthly precipitation, temperature and a theoretical soil layer
structure to quantify four actual and potential water balance terms (evaporation,
recharge, loss and runoff). The data record is then used to calculate normal conditions
for each location, and the departure from normal is calculated and adjusted using a
‘climate factor’ (K) so that values are comparable across different climate regimes
(known as the Palmer‐Z index). The final PDSI is calculated as a weighted index of
current conditions and conditions from the previous time step to account for the
increased severity of drought that occurs when dry periods are persistent over time
(Alley 1984). In the modified version of the PDSI used here, the Versatile Soil Moisture
Budget Model (VSBM) is used in place of the traditional Palmer water budget model, and
the climate factor K is adjusted for conditions on the Canadian prairies (Akinremi et al.
1996). The PDSI was calculated from meteorological stations that had been operating
with minimal data gaps for a period of at least 30 years, with the normal calculations
based on a 1971 to 2000 period of record.
The second meteorological index used was the Standardized Precipitation Index
(SPI). This index uses an historical record of precipitation for a given location, and a
probability distribution function is defined (McKee et al. 1993). The cumulative
probability of a specific event is then calculated, and an inverse normal function of the
cumulative probability is defined to obtain the SPI. The SPI for any given time step
represents the standard deviation from the long term climatological average. The SPI
can be calculated over a wide range of running time series ranging from 1 month to
several years. The SPI has been found to be sensitive to the period of record used to
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define the probability distribution function (Guttman 1994) and the probability
distribution model applied (Guttman 1999). For this analysis, SPI values were calculated
using a gamma distribution function applied to a 30 year record of precipitation values,
with time scales of 1, 2, 3, 6, 9, 12, 24, 36, 48 and 60 months. Shorter time scale SPI
values are associated with shorter term precipitation anomalies, whereas longer time
scales are associated with longer term precipitation anomalies, such that these indicate
long term drought conditions (Guttman 1998; Quiring and Papakryiakou 2003). For the
comparison with the LPRM‐SMA, the point values from the PDSI and SPI were averaged
over all available stations within the footprint of the area used for spatial aggregation.
The final data set that the LPRM‐SMA was compared to was the North American
Drought Monitor (NADM) ratings. This data set is a qualitative representation of drought
conditions based on expert interpretation of many drought indicator data sets, including
meteorological drought indicators, modelled soil moisture, satellite vegetation
condition, runoff, stream flow and surface temperature maps (Lawrimore et al. 2002;
Svoboda et al. 2002). These maps are further evaluated by regional experts to adjust
geographic boundaries of drought conditions based on local reporting. The Canadian
portion of the NADM is produced by the National Agri‐Climate Information Service
(Agriculture and Agri‐Food Canada 2011). Drought severity is quantified on a scale of D0
(abnormally dry) to D1 (Moderate Drought), to D2 (Severe Drought), to D3 (Extreme
Drought) and D4 (Exceptional Drought). These qualitative ratings were compared to the
LPRM‐SMA values at monthly scales for each level of spatial aggregation.
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All data sets were correlated to the LPRM‐SMA using a pairwise approach. To
evaluate the relative performance of the SMA at different levels of spatial aggregation,
an equality of correlations test was performed to compare statistical differences
between correlations. This method calculated a chi‐squared statistic (χ2) and a Fisher’s Z
transformation, such that

[ (n − 3)Z ]
= ∑ [(n − 3)Z ]− ∑
[∑ (n − 3)]

2

χ

2

i

2
i

i

i

where Z i = 0.5[ln (1 + ri ) − ln (1 − ri )]

(3.2.2)

i

and ni is the number of samples for correlation i, and ri is the correlation coefficient for
correlation i. This test evaluates the null hypothesis that all correlation coefficients are
equal (Snedecor and William 1989).

60

3.3. Results and Discussion
The AMSR‐E LPRM surface soil moisture was first compared to the in situ surface
soil moisture values at each station based on the single pixel extracted values (Figure
3.4). The root mean squared error (RMSE) ranged from an absolute value of 6% to 35%.
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Figure 3.4. Root mean squared error and pairwise correlation coefficients between LPRM satellite soil
moisture and surface soil moisture measured at in situ stations in Alberta. Stations are ordered from left to
right corresponding to their north to south geographic locations. All filled diamonds represented correlation
coefficients significant at p<0.05

Correlation coefficients were relatively high for some stations; for others the
correlations were low or insignificant and negative for others, indicating that there is no
relationship between the in situ soil moisture values and the pixel scale estimates from
AMSR‐E. In general, stations where estimated LPRM soil moisture had a low RMSE had a
higher positive and significant correlation with in situ soil moisture. The low correlations
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and high RMSE values suggest that either the in situ station is not representative of the
average conditions over the pixel, that the LPRM soil moisture is incorrect, or a
combination of both. A previous study conducted over Canadian sites found that the
errors in the LPRM data set were approximately 5 to 10% when validated against in situ
networks designed to represent pixel scale moisture (Champagne et al. 2010). The
agreement between in situ measurements and the satellite LPRM soil moisture values
appeared to have a geographic trend: stations located further north had higher RMSE
and lower/insignificant correlation coefficients, whereas stations located further south
had lower RMSE and higher and significant correlation coefficients. This may be a result
of the LPRM retrieval algorithm’s failure to fully account for vegetation water content
when the land cover is more diverse, since stations in the north may have a greater
abundance of forested land cover and open water bodies. Although all pixels used in the
analysis contained primarily agricultural land, the occurrence of trees and water bodies
within the 25 km pixel is more frequent in the more northerly regions of the province,
based on an assessment of satellite derived land cover. The lack of agreement between
satellite and in situ data needs to be evaluated further with the aid of more spatially
dense collection of in situ data to fully understand the limitations of both the sensor
network and the LPRM retrieval model.

3.3.1 Sensitivity of the Soil Moisture Anomaly Index to the Number of
Observations
An extremes index calculated on a larger data record is expected to exhibit less
sensitivity to individual values in the distribution. To illustrate this, a frequency
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distribution for each week of each year for the LPRM soil moisture was produced for
each level of spatial aggregation. The characteristics of these distributions for one study
site are given in Table 3.2. As the number of values in the distribution increased, the
distributions become less skewed, have lower kurtosis (indicating that less of the
variance is the result of infrequent extreme deviations) and more closely approximate a
normal distribution, according to the Shapiro‐Wilk test. The impact of having fewer
LPRM observations available from which to draw soil moisture statistics was expected to
result in more ‘volatile’ SMA values. This can be seen in the range of the SMA values for
all study sites (Figure 3.5). As the size of the area used for spatial aggregation increases,
the coefficient of variation of the SMA decreases from 67% at the single pixel scale to
36% at the ObShp 5 scale. This is because the number of observations of the SMA that
reach the maximum and minimum values (100% and 0%, respectively), increases as the
number of observations in the base period decreases.
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Table 3.2. Distribution characteristics for Andrew site for all weeks, where the skewness is the average
of the absolute value of the skewness for each week; the kurtosis is the average of the absolute value of
kurtosis for each week; the Shapiro‐Wilk statistic is the average value of the Shapiro‐Wilk statistic for
each week; the P‐Value is the average p‐value for the Shapiro Wilk statistic; and the % Weeks is the
percentage of weeks where the Shapiro‐Wilk statistic is significant at the 95% significance level.

Single Pixel
SLC
ObShp3
EcoDistrict
ObsShp5

Number of
Values/Week
7
28
42
63
168

Skewness Kurtosis Shapiro‐Wilk P‐Value % Weeks
0.67
0.49
0.51
0.64
0.27

1.47
0.71
0.86
0.84
0.39

0.90
0.94
0.95
0.95
0.98

0.402
0.305
0.218
0.106
0.210

3%
13%
24 %
58%
52 %

CV of Soil Moisture Anomaly (%)
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Figure 3.5. The coefficient of variation (CV) for the soil moisture anomaly for all study sites.

The volatility of the SMA was further tested by calculating the index by
sequentially leaving one year out of the overall calculation, and comparing this to the
SMA values using the full data record. The RMSE between the SMA calculated using the
full data record (7 year baseline) and the SMA calculated leaving out one year (6 year
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baseline) is given in Figure 3.6. The RMSE was calculated for all 21 study sites. For the
single pixel scale, the errors ranged from +/‐ 7 to 11 %, depending on which year was left
out of the calculation. These errors decreased as the size of the area used for spatial
aggregation increased. RMS errors ranged from +/‐ 4 to 8% at the SLC level of
aggregation, +/‐ 4 to 6 % at the EcoDistrict level, +/‐ 4 to 7% at the ObShp 3 level and +/‐
3 to 6% at the ObShape 5 level. For most levels of spatial aggregation, the calculation of
the SMA was most sensitive (indicated by a higher RMSE) when the year 2005 was left
out of the calculation, which for most stations was one of the wettest years on record
when examining both the in situ and LPRM soil moisture values. When the RMSE is
compared to the absolute number of pixels used in the spatial aggregation (Figure 3.7),
the error consistently drops to less than 10% once more than seven pixels are used in
the aggregation, and the average error drops to less than 5% once fifteen pixels are used
for the aggregation. This scale is most consistent with the EcoDistrict and ObShp3 size of
objects, which suggests that this level of spatial aggregation is needed to obtain an error
threshold of less than +/‐ 5 % error.
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Figure 3.6. Root mean squared errors comparing SMA calculated using a seven year baseline to SMA
calculated using a six year baseline, with each year systematically removed from the analysis.
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Figure 3.7. Relationship between the root mean squared error and the number of pixels used for spatial
aggregation. The RMSE was calculated using a seven year baseline with each year systematically removed
from the analysis, compared to an eight year baseline with all available years included.
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3.3.2 Evaluation of the Soil Moisture Anomaly as an Indicator of Moisture
Extremes
Evaluating the performance of the SMA is complicated by the fact that other
indicators of soil moisture or climate extremes are different in scale and definition to the
index proposed here. A comparison to these other indices is useful to determine if the
SMA contains information related to these other indicators, and to evaluate if one level
of spatial aggregation performs better than another, but does not provide a validation of
the approach. The LPRM‐SMA was compared to the in situ SMA, which provides an
indication of how well the satellite anomalies agree with the anomalies calculated using
in situ observations. The in situ SMA is limited by the short base period over which the
anomalies are calculated, making this ‘ground truth’ a flawed measure of long term
anomalies. Other potential indicators of soil moisture extremes, such as those based in
situ precipitation records are not equivalent to surface soil moisture in definition. These
measures were used not as a validation of the LPRM‐SMA, but instead to evaluate to
what extent the LPRM‐SMA is consistent with the extremes that these other measures
quantify.
To isolate the performance of the satellite SMA from the error in the LPRM soil
moisture estimates themselves, the agreement between LPRM‐SMA and other
indicators of moisture extremes were compared only for the stations with soil moisture
RMS error of less than 15%, and seasonal correlations higher than 0.5. This limited the
assessment to 9 stations: Oliver, Stettler, Hussar, Oyen, Champion, Schuler, Wrentham,
Foremost and Brocket. The pairwise correlations between LPRM‐SMA and various
indicators of climate extremes are provided in Table 3.3. All correlation coefficients were

67

Table 3.3. Pairwise correlation coefficient (r) between LPRM‐soil moisture anomaly (SMA) and in Situ
SMA, Palmer Drought Severity Index (PDSI), the Standardized Precipitation Index (SPI) temporally
aggregated at different scales, and the North American Drought Monitor (NADM) rankings. Correlation
coefficients significant at p<0.05 are indicated in bold.

In Situ SMA

Pixel
0.52

SLC
0.54

EcoDistrict
0.54

ObShp3
0.53

ObShp5
0.53

PDSI

0.27

0.37

0.51

0.49

0.67

SPI 1 Month

0.42

0.20

0.43

0.43

0.36

SPI 2 Month

0.48

0.27

0.50

0.49

0.47

SPI 3 Month

0.47

0.27

0.51

0.49

0.48

SPI 6 Month

0.45

0.26

0.46

0.44

0.49

SPI 9 Month

0.47

0.31

0.49

0.47

0.52

SPI 12 Month

0.40

0.23

0.42

0.39

0.47

SPI 24 Month

0.27

0.06

0.31

0.29

0.44

SPI 36 Month

0.23

0.10

0.25

0.29

0.45

SPI 48 Month

0.30

0.10

0.26

0.38

0.47

SPI 60 Month

0.22

‐0.11

0.15

0.28

0.32

NADM

‐0.19

‐0.19

‐0.22

‐0.29

‐0.08

calculated using a pairwise parametric approach. The indicators calculated at each scale
all had a significant relationship (at p<0.05) with the in situ SMA, with correlation
coefficients of approximately 0.5 for all levels of aggregation. This seasonal correlation is
consistent with the relationship between LPRM and in situ soil moisture, as well as the
correlation found between satellite and in situ soil moisture in a previous study
(Champagne et al. 2010). The correlations for each level of aggregation were compared
using an equality of correlations test, and it was found that these are not significantly
different from each other. The relatively low correlation is likely due to the short data
record of the point‐scale in situ observations, which leads to anomalies calculated on a
relatively short data record.
To assess the relationship between LPRM‐SMA and indicators of precipitation
extremes based on longer term normals, a correlation coefficient was calculated for
meteorological drought indicators and the North American Drought Monitor ratings at
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the monthly scale (Table 3.3). The PDSI showed a weak but significant (at p <0.05)
correlation coefficient for all scales of spatial aggregation. An equality of correlations
test indicated that the correlation for the ObShp5 (0.67) was higher than the SLC (0.37)
and Pixel (0.27), but that was not significantly higher than the correlation for the ObShp3
and EcoDistrict levels of aggregation.
For the SPI indicators, the correlations were moderate and significant at p<0.05
for most levels of temporal and spatial aggregation, with the exception of the SPI 24, 26,
48 and 60 month values for the SLC. This may be due to the small number of
meteorological stations that fell within an SLC footprint. For all levels of spatial
aggregation, the SPI with time steps of less than 9 months had the highest correlation
with the LPRM‐SMA, which may be indicative of the time scale of precipitation extremes
that the soil moisture anomalies are capturing. Equality of correlation tests showed that
the relationship at the ObShp5 level was somewhat higher for the SPI 24, 36 and 48
month scales, but that overall, there was no significant difference between the
correlations for each level of spatial aggregation. This indicates that all levels of spatial
aggregation are equally related to these meteorological indices.
These weak but significant relationships between meteorological indices suggest
that the LPRM‐SMA is related, but not directly, to precipitation anomalies calculated
over a longer base period. The weakness of these relationships is not unexpected given
the differences in definition between PDSI, SPI and surface soil moisture anomalies.
Compared with results from other studies, modelled soil moisture anomalies calculated
with longer base periods have found a slightly better relationship to PDSI and SPI. For
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example, (Narasimhan and Srinivasan 2005) used SWAT‐modelled soil moisture over a
100 year period, a drought indicator had a correlation of 0.6 with PDSI and correlations
ranging from 0.4 to 0.7 for SPI . In a study using a drought indicator based on the
Variable Infiltration Capacity (VIC) model, modelled soil moisture over a 50 year period,
PDSI was compared indirectly and a good visual correspondence was found between the
two indicators (Sheffield et al. 2004). This suggests that the LPRM‐SMA, while a
reasonable indicator of moisture extremes, would be more robust if a longer base
record were available.
The relationship with the NADM ratings was negative for all levels of spatial
aggregation. This is consistent with trajectories of both ranking systems, since the LPRM‐
SMA is high when conditions are wetter than usual, and the NADM is high when
conditions are drier than usual. The correlation between the NADM and the LPRM‐SMA
was significant at p<0.05 for all but the ObShp5 levels of spatial aggregation, with a
slightly higher correlation at the single pixel scale and a slightly lower correlation at the
ObShp5 scale. Overall, the relatively consistent relationship between the in situ SMA,
and the drought indicators suggests that all levels of spatial aggregation are capturing
some information about climatological extremes, and there is no obvious difference
between the various levels of spatial aggregation in capturing this information.
Due to the differences in definition that complicate a direct quantitative
comparison between drought indicators and LPRM‐SMA, a visual comparison was made
between monthly values of LPRM‐SMA, the NADM, the PDSI and the SPI (both at the
single pixel scale) for August 2009. This month was selected because the area of interest
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was climatologically under various levels of drought. The North American Drought
Monitor ratings for this month indicate that ‘Extreme Drought’ conditions are being
observed at the central part of the province (Oliver, Killiam, Oyen and Stettler stations)
and ‘Severe Drought’ (D02) conditions are being seen primarily to the north and west of
these areas (at the High Prairie, Atmore, Dapp, Smokey Lake, Andrew and Mundare
Stations; Figure 3.8, top left). No drought conditions are indicated in the southern areas
of the province (Champion, Schuler, Brocket, Wretham and Foremost stations). The PDSI
ratings show only the most extreme dry conditions also in the central areas of the
province (at only the Oliver and Mundare stations), with the 9 month SPI showing more
extreme dry conditions over a larger area in the central area of the province (Oliver,
Smokey Lake, Dapp, Atmore and Rich Lake stations). In general, the drought conditions
are most severe in the central areas of the province, with moderate drought in the
north, and normal conditions in the south.
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Figure 3.8. Maps depicting monthly soil moisture and meteorological conditions for August 2009.

At the single pixel scale, the LPRM‐SMA shows very little variability from site to
site, with almost all of the study sites showing an SMA of “0”, indicating the LPRM
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surface soil moisture conditions are consistent with the driest years on record for that
particular month (Figure 3.8, top left). At the SLC scale, the LPRM‐SMA shows much
more diversity in the values, with areas of lower than average soil moisture for the High
Prairie, Atmore, Dapp, Smokey Lake, Andrew and Mundare stations, with average to
above average moisture conditions at the Cleardale, Peoria, Brocket, Hussar, Schuler,
Wrentham and Foremost stations. This is more consistent with the NADM ratings than at
the single pixel scale, but the stations at Oliver, Killiam and Stettler appear to show less
severe drought conditions than the NADM would indicate. At the EcoDistrict scale, the
Stettler station is showing more abnormally dry conditions than at the SLC scale, and the
stations in the south are all showing much more normal soil moisture conditions,
consistent with the NADM. At the ObShp3 scale, the abnormally dry conditions around
the Atmore, Dapp, High Prairie and Mundare stations are being captured, and the
normal conditions in the south are being captured for some but not all of the stations.
Finally, at the ObShp5 scale, the conditions in the south of the province (around
Champion, Brocket and Hussar stations) are showing abnormally dry conditions that are
inconsistent with the NADM and PDSI ratings, and the incidence of extreme soil
moisture deficiencies (less than 10%) are not observed at any of the stations. Overall,
the visual interpretation indicates that the SLC, EcoDistrict and ObShp3 scales seem to
be capturing the generally agreed drought pattern for the province, with the most
severe conditions in the central part of the province and normal conditions in the
southern part of the province. The single pixel scale shows no variation in extremes
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across the province, and the ObShp5 level appears to underestimate the extremes in the
central area of the province.

3.4. Conclusions
A Soil Moisture Anomaly (SMA) index was developed using passive microwave
derived surface soil moisture to capture soil moisture extremes. To compensate for the
short temporal record of the satellite data, an approach that ‘trades space for time’ was
used to delineate homogenous regions to increase the number of observed soil moisture
values in the data record. To define homogenous regions, soil and climate zones (SLC
and EcoDistrict) were compared to zones derived directly from the satellite soil moisture
(ObShp3 and ObShp5).
Each method of defining a homogenous region was evaluated in terms of its
sensitivity to individual measures in the data record and its consistency with in situ soil
moisture anomalies and meteorological indices used to capture extreme conditions. The
level of sensitivity of the calculated SMA to individual values in the data record
decreased as the number of pixels used in the spatial aggregation increased, with the
average error reducing to less than 5% when more than 15 pixels were used. All scales of
spatial aggregation showed weak but consistent relationships to meteorological drought
indices and qualitative drought rankings. Further work is needed to examine if this weak
relationship is the result of errors in the LPRM soil moisture, the limitations of satellite
soil moisture to surface conditions or the shorter record length of the satellite data.
Based on the error and the relationship to the in situ and ancillary data sets, the
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EcoDistrict or ObShp3 scale appears to provide the lowest error in calculating the SMA
baseline, without sacrificing the representativeness of the SMA to moisture conditions.
Using satellite soil moisture and this approach a reasonably simple index of
surface soil moisture conditions can be calculated and used as an additional piece of
information to assess drought conditions, while providing the spatial detail that
meteorological indices lack. Further work is needed to evaluate the scale needed to
transfer this approach for calculating more robust anomalies on other satellite‐derived
environmental information, such as records of vegetation condition. Future work will
assess the approach on data sets with longer temporal records, such as modelled soil
moisture data sets, and the added value of using surface and root zone soil moisture
information for assessing soil moisture extremes in an agricultural context.
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Abstract
Soil moisture is a critical variable in determining crop productivity in the Canadian
Prairies. Methods to estimate and measure soil moisture extremes all have limitations
related to spatial coverage, data accuracy and temporal record length. Three soil
moisture data sets (in situ, satellite and modelled) were evaluated to determine how
well they capture extreme moisture conditions that impact crop productivity. The
limited temporal baseline of satellite data sets appears to provide a relatively robust
measure of normal conditions, with a bias shown in capturing drier than normal
conditions. In situ soil moisture measures showed few weeks with a significant
relationship to agricultural yield, suggesting that the spatial coverage and
representativeness of point data may not be adequate to model agricultural
productivity. Surface satellite and modelled soil moisture from the Canadian Land
Surface Scheme (CLASS) showed a somewhat more consistent relationship to yield than
modelled soil moisture at depth, indicating improvements in the CLASS soil hydrology is
needed, particularly at deeper soil layers. Overall, while models and satellite soil
moisture show promise for capturing crop yield variation, improvements are needed to
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both modelled and satellite soil moisture data accuracy for these to be used in routine
agricultural monitoring. The use of agricultural productivity as a means of evaluating
errors and limitations of soil moisture data sets provides an alternative to traditional
data validation that focuses on the application of the data rather than the absolute
accuracy.

4.1. Introduction
Soil moisture is a key indicator of water availability, which is often the limiting
factor in determining agricultural yields in the Canadian prairie provinces (McGinn and
Shepherd 2003). Direct measurements of soil moisture condition are geographically
sparse, and methods to estimate soil moisture are generally based on water balance
models using precipitation and temperature as inputs (Baier and Robertson 1996;
Robock et al. 2000). More recently, remote sensing methods have emerged to estimate
spatial distribution of surface soil moisture (Jackson 1993; Moran et al. 2004).
Microwave sensors provide the most promising means of estimating soil moisture using
remote sensing due to the sensitivity of electromagnetic energy at these frequencies to
soil dielectric properties.
There are strengths and limitations to each of the methods used to estimate soil
moisture. In situ networks provide accurate point scale estimates of surface and root
zone soil moisture, but lack the spatial distribution to capture conditions over larger
areas, and may not be representative of conditions even within small distances of the
network station due to the high variability of soil moisture and soil hydrological
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properties (Cosh et al. 2004; Krajewski et al. 2006). Land surface models provide soil
moisture that is spatially distributed at the surface and at depth, but has accuracy that is
limited by uncertainty in the models. This uncertainty stems from numerous sources,
including inaccuracies in the meteorological data used to force models, simplifications in
model physics, and lack of accurate data to parameterize model processes (Berg et al.
2003; Duan et al. 2006; Entin et al. 1999). Microwave remote sensing estimates provide
measured spatially distributed information, but are limited to surface soil moisture
conditions, and contain uncertainty related to the retrieval models used to relate
satellite measured information to soil moisture condition (Champagne et al. 2010;
Wagner et al. 2007). In addition, operating satellites typically have short temporal
records which can be problematic for calculating anomaly conditions (Champagne et al.
2011). Estimating the absolute accuracy of soil moisture data sets is complicated by the
difficulty in defining a ‘true’ data set for comparison (Loew and Schlenz 2011; Miralles et
al. 2010)
Soil moisture information, despite the difficulties in quantifying it, is essential for
monitoring agricultural landscapes. The impact of moisture stress on crop yield has been
examined at various scales and in response to various adaptations and agricultural
practices (Campbell et al. 1997; Champolivier and Merrien 1996; Cutforth et al. 2007;
Desjardins and Ouellet 1980). In general, moisture deficits in the root zone have the
greatest impact on agricultural productivity when they occur during reproduction and
seed development growth phases (Boken 2005). For this reason, agricultural drought is
defined as separate from meteorological drought in that extremes occur at critical
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periods during the agricultural growth cycle to impact crop yields negatively (Maybank
et al. 1995). If this definition is expanded to include wet extremes, this can range from
conditions that are too wet to allow for seeding and tillage operations in the spring and
harvest operations in the fall, to wet and dry extremes during the growth cycle which
negatively impact seed germination and reproduction. Spatially quantifying agricultural
soil moisture extremes therefore, requires reliable information on soil moisture
condition. In this context, the absolute accuracy of the soil moisture information may be
less important than how the data capture moisture anomalies relevant to extreme
conditions that impact agricultural productivity.
This study will examine three methods of quantifying soil moisture anomalies in
the context of how they quantify moisture conditions relevant to agricultural yield. The
differences in scope and definition of each estimation method will be evaluated in the
context of how well each data set captures relevant patterns related to crop
productivity. Several studies have looked at the relationship of climatic factors and
drought indices to yield production in the Canadian prairies (Kutcher et al. 2010; Qian et
al. 2009; Quiring and Papakryiakou 2003). This research will build on the knowledge of
the expected relationship between moisture stress and crop productivity to evaluate the
strengths and limitations of three soil moisture data sets for monitoring agricultural
environments.
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4.2. Material and Methods
Three soil moisture data sets were evaluated on the Canadian prairies: surface
soil moisture from a passive microwave satellite; a distributed soil moisture data set
simulated from a land surface model; and an in situ soil moisture data set based on
geographically sparse point locations. Data were evaluated using pairwise Pearson
correlation coefficients to examine how soil moisture and soil moisture anomalies at the
surface and at depth relate to each other and the agricultural yield of major crops with
well understood moisture stress behaviour.
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4.2.1 Study Area
All analyses were conducted over the agricultural regions of the Canadian Prairies
(Figure 4.1). This area is located in the northern regions of the North American Great
Plains, and is characterized by semi‐arid to sub humid climate and rich soils that support
agricultural production. This region is prone to drought conditions due to its location on
the leeward side of the Rocky Mountains, and its distance from the moderating
influence of large water bodies. The three prairie provinces (Alberta, Saskatchewan and
Manitoba) account for approximately 80% of Canada’s cropland area, making this a

Legend
AGDMN Stations
Census Sub Divisions
Brown Soil Zone
Dark Brown Soil Zone
Black Soil Zone
Dark Grey Soil Zone
Grey Soil Zone

Figure 4.1.Canadian prairie provinces study area. Grey polygons represent Census sub divisions used for
assessing soil moisture against agricultural yield values; black dots represent in situ soil moisture
monitoring stations available in the Alberta Ground Drought Monitoring Network (AGDMN). Inset:
Location of prairie provinces within Canada
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critical area for studying the impact of climate and water variability on crop production
(Kittson et al. 2007). The region is often divided by soil‐climatic zones, with a brown soil
zone in the arid regions in southeastern Alberta and southwestern Saskatchewan, a dark
brown soil zone surrounding the brown soil zone; a black soil zone surrounding this dark
brown zone covering southern Manitoba and mid‐latitude areas of Alberta and
Saskatchewan; and a gray and dark gray soil zone covering the northern areas of the
agricultural extent of all three provinces (Campbell et al. 2002).

4.2.2 Satellite Soil Moisture and Soil Moisture Anomalies
Satellite soil moisture was obtained from the AMSR‐E passive microwave sensor
on board the NASA Aqua platform. AMSR‐E was launched in 2002 and collects multi‐
frequency,

horizontal

and

vertically

polarized

naturally

emitted

microwave

electromagnetic radiation. The satellite has a repeat coverage of 2 – 3 days at the
equator, with more frequent temporal coverage over more northerly regions. The
spatial resolution is 56km at C‐Band. Brightness temperature values measured at the
sensor are modelled to produce surface soil moisture estimates using the Land
Parameter Retrieval Model (LPRM) using the descending pass (Owe et al. 2008). Briefly,
this model uses C‐ (6.9 GHz) and X‐ (10.7 GHz) band polarization ratios to solve for soil
moisture and vegetation water content, and the Ka‐ (37 GHz) band to solve for surface
temperature. Soil moisture derived from the C‐band data is used unless Radio Frequency
Interference (RFI) is detected, at which point X‐band derived soil moisture is used
instead (Li et al. 2004). Soil moisture derived from lower frequencies is preferable since
the signal is less influenced by confounding factors such as surface roughness and
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vegetation attenuation, and provides measurement from a deeper layer at the soil
profile (Jackson 1993).

There are numerous retrieval methods for estimating soil

moisture from passive microwave sensors; the LPRM method was chosen since it is a
widely available data set calculated on a global basis and showed the greatest accuracy
over agricultural sites in Canada (Champagne et al. 2010). Daily soil moisture obtained
from the model was masked for the presence of large water bodies, high vegetation
water content (optical depth greater than 0.8) and frozen soils (surface temperature
<273 K). Daily values were average to ISO standard week numbers to remove noise in
the daily data and make this consistent with other agricultural monitoring data sets in
Canada (Agriculture and Agri‐Food Canada 2011; Champagne et al. 2010). To avoid
periods where the ground is largely frozen or snow covered, only soil moisture from
week 18 (early May) to week 44 (late October) was used.
Weekly soil moisture estimates were used to calculate surface soil moisture
extremes based on EcoDistrict polygons (Champagne et al. 2011). In brief, this method
uses the sensor history averaged over relatively homogenous spatial regions to develop
a more robust set of statistics to relate current soil moisture conditions at a particular
location to the history of soil moisture conditions at a given point in time and location.
Minimum and maximum soil moisture values for each week of year for each EcoDistrict
in the three Prairie Provinces was calculated from 2003 to 2008. The EcoDistrict
framework is a Canadian reporting framework based on aggregated Soil Landscapes of
Canada (SLC) to form regions of relatively homogenous biophysical and climatic
conditions. These areas were defined by regional landform, local surface form,
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permafrost distribution, soil development, textural group, vegetation/land use, range of
annual precipitation and mean temperature (EcoRegions Working Group 1989). The
2003 to 2008 time period was chosen so that each week of the year had a consistent
number of measurements, and to correspond with the land surface model and in situ
network soil moisture data. The soil moisture anomaly (SMA) was calculated as:

⎛ mv i ( t ) − mv min i ( t ) ⎞
⎟100
SMAi ( t ) = ⎜
⎜ mv
⎟
m
−
v
max
i
(
t
)
min
i
(
t
)
⎝
⎠

(4.2.1)

where mv is the AMSR‐E LPRM soil moisture value for location i at time (t), mvmin is the
minimum LPRM soil moisture value recorded for the full data record (2003 to 2008
within the EcoDistrict) and mvmax is the maximum LPRM soil moisture value recorded for
the full data record. A previous study found these anomalies to be related to regional
scale drought indices (Champagne et al. 2011). To compare with yield values, soil
moisture and soil moisture extremes were extracted only from areas that were
predominantly cropland using a 30 m resolution land cover mask.

4.2.3 Modelled Soil Moisture
Surface and root zone soil moisture for the three prairie provinces was generated
using an open loop simulation using the Canadian Land Surface Scheme (CLASS) version
3.4 (Verseghy 1991, 2008). CLASS is a second generation land surface model that
simulates the water and energy balance and accounts for heterogeneous land surfaces.
The land surface fluxes and storage terms were evaluated as part of the Project for Inter‐
comparison of Land Surface Parameterization Schemes (PILPS), which found that it
realistically captures land surface processes in comparison to other model schemes
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(Koster and Milly 1997). The surface energy balance for each land type is solved
iteratively as a function of the surface temperature (based on the vegetation, snow pack
or soil, as appropriate), with separate modules to simulate the water and energy
balances for the snow, soil and vegetation systems. The soil was modelled with three
layers, with the surface representing an integration of soil moisture from 0‐10 cm, a
second layer from 10 to 35 cm and a third layer from 35 to 410 cm. The layer
temperatures and liquid and frozen moisture contents are treated as prognostic
variables, which are stepped forward in time on the basis of the energy and moisture
fluxes at the top and bottom of each layer. The energy fluxes are obtained in the course
of the solution of the surface energy balance; the moisture fluxes are calculated using
Darcy’s equation for drainage, and the Green‐Ampt method for infiltration. The soil
albedo and the soil thermal and hydrological properties vary according to soil texture
and moisture content. Vegetation processes are simulated by categorizing land cover
types into one of four categories: coniferous trees, deciduous trees, cropland and
grasses. Leaf area index, roughness length, areal mass and rooting depth are allowed to
vary distinctly for each land class over seasonal time scales.
This open loop simulation of CLASS was run over western Canada using bias
corrected North American Regional Reanalysis (NARR) atmospheric forcing data (Alavi et
al. 2011 in press). The extent of the modelling domain was

established for the

Mackenzie Global Energy and Water Cycle Experiment (GEWEX) Study (MacKay et al.
2003). This study region covers a large area of western North America that includes the
Canadian Prairies and north western US states. Over the region the NARR and observed
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data sets were interpolated to a 51 km grid using a modified bias correction method
(Alavi et al. 2011 in press; Berg et al. 2005). Briefly, the fields were scaled to match
observed datasets, with particular emphasis on temperature, precipitation and solar
radiation. The observed datasets used in this study were the Climate Research Branch
Historical Temperature and Precipitation Grids for Canada, The PREC/L precipitation
dataset (Chen et al. 2002) and the Surface Radiation Budget (SRB) dataset for shortwave
radiation (Gupta et al. 1999). Radiation data were obtained from the NASA Langley
Research Center Atmospheric Sciences Data Center NASA/GEWEX SRB Project. The bias
corrected meteorological fields were interpolated in time from every 3 hours to half
hourly and used to drive CLASS over the study period. A total of 4202 land grid cells with
soil profiles were considered.
Land cover, soils and topography information were adapted from those used for
the GEWEX study (MacKay et al. 2008). For land cover, this method uses a MODIS
derived land cover over Canada (Trishchenko et al. 2008) and the USGS North American
land cover information over the United States (Loveland et al. 1995). Soils information
including clay and sand fractions were derived from the Soil Landscapes of Canada and
the USGS soils data processed by the CONUS‐SOIL over the United States (Miller and
White 1998; Schut 1994). Topography of each cell was calculated as a simple average
from the GTOPO30 digital elevation model (Gesch et al. 1999).
Land surface models must be initialized before realistic values of the soil
moisture state can be extracted. For this study we preformed a simple initialization of
the CLASS model by running through the entire 30 years of forcing data (January 1st,
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1979 to December 31st, 2008). This approach has been found to be effective for
removing initialization bias (Rodell et al. 2005). Data from the second pass though the
forcing data is used for this analysis as the initialization errors have been reduced. Using
this method we would expect larger bias in the first year of simulation 1979. In this study
we only used the first year (1979) for the calculation of a 30 year climatology as
described below and do not perform analysis on this year of the data set.
Water and energy fluxes and balances were calculated at a 6 hour time step from
January 1979 to December 2008. Soil moisture values for three layers were averaged to
weekly values from May to October of each year to be consistent with the satellite soil
moisture data set. Soil moisture anomalies were calculated on an EcoDistrict basis using
the method described in section 4.2.2. Two sets of soil moisture anomalies were
calculated to convert soil moisture to a measure of soil moisture extremes. The first was
made using a six year baseline from 2003 to 2008 to compare with the satellite soil
moisture anomalies. The second was made using a thirty year baseline using the full
record of the CLASS simulation from 1979 to 2008 to examine the compromises in using
a shorter record data set (such as that from a satellite sensor) for calculating anomalies.

4.2.4. In Situ Soil Moisture
In situ soil moisture was taken from the Alberta Ground Drought Monitoring
Network (AGDMN). This network was established in 2002 and consists of 26 sites located
over an area of approximately 900km north to south and 600 km east to west covering
the agricultural extent of the province of Alberta (Figure 4.1). Each network station
continuously measures volumetric soil moisture at depths of 5, 20, 50 and 100 cm
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(Walker and Howard 2003). The network uses Delta‐T Theta soil moisture probes, which
measure soil dielectric and relate this to soil moisture using a dielectric mixing model
developed by the device manufacturer to an accuracy of +/‐5% where no soil specific
calibration is made (Miller and Gaskin 1999). Soil moisture values are recorded at an
hourly time step. Soil moisture values for the 2003 to 2008 period were quality checked
to remove anomalous values, with a linear average gap filling procedure used when
measurements were not available for periods of less than 10 hours and no precipitation
was detected at the station’s rain gauge. Hourly values were averaged to weekly values
for each station to be comparable with the modelled and satellite soil moisture data
sets. Soil moisture anomalies were calculated by normalizing each value to the average
over the period of study. This was done to normalize soil moisture for seasonal and
geographic variability when comparing to yield values.
In situ soil moisture values were compared to satellite and modelled soil
moisture data sets, as well as to relate directly to agricultural yield. Since the in situ
station soil moisture data set represents only point values of moisture condition, and
there are differences in sampling depths between the in situ, modelled and satellite data
sets, there is a great deal of error expected in using these data sets to obtain accuracy
statistics for the satellite and modelled soil moisture data sets with spatial resolutions of
56km and 51km, respectively. For this reason, the in situ data are used as a point of
comparison between the modelled and satellite data sets, and the absolute errors in the
data sets are evaluated with reference to results from previous research.
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4.2.5 Agricultural Yield Data
Agricultural yield data was obtained from a database of annual surveys of
producers in Canada. The survey is based on a list probability sample of all enumerated
farms in Canada, based on the most recent Census of Agriculture. This sample is
stratified into homogenous groups based on several Census characteristics, including
farm size, crop area and geographic boundaries (Statistics Canada 2008). Nationally,
approximately 30 000 producers are surveyed with an 85% response rate, and a
confidence interval in yield estimates for major crops ranging from 1 – 5% (Statistics
Canada 2008). Surveyed yield data is aggregated to the census sub division (CSD) level,
and data withheld for CSDs with too few reporting producers to ensure confidentiality.
For this analysis, two principle field crops were examined: spring wheat (triticum
aestivum and triticum durum varieties) and canola (brassica napus). These crops were
chosen since they represent the greatest land area field crops in this region (Kittson et
al. 2007). The yield data set consisted of annual yield estimates for each CSD from 1992
to 2009. Area weighted mean yield was evaluated for all CSDs where at least 10 years of
data were present in the record, and yield values were available for each of the years
covered by the in situ, satellite and modelled soil moisture data sets from 2003 to 2008.
This resulted in 150 CSDs for wheat and 71 CSDs for canola (Figure 4.1). The CSDs
selected cover a variety of areas within all of the soil‐climatic zones of the region. The
data were examined for linear trends in production over time, but no significant trend
was found. Absolute yield values, yield anomalies and yield percentiles were assessed
against soil moisture and anomaly data sets. Yield anomalies were calculated as the
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difference between the current year and the average from 1992 to 2009. Yield
percentiles were categorized as ‘high’ (top 25% from 1992 to 2009), ‘normal’ (middle
50% from 1992 to 2009) and ‘low’ (bottom 25% from 1992 to 2009). All comparisons
with soil moisture data sets were made using a pairwise Pearson’s correlation
coefficient.

4.3. Results and Discussion
4.3.1 Comparison of Soil Moisture Data Sets
Each soil moisture data set was evaluated against the AGDMN in situ data to
evaluate how differences in how the data sets represent soil moisture condition. This in
situ network cannot be used for absolute validation, since each station represents a
50
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Figure 4.2. Left: comparison of surface soil moisture values from satellite (LPRM) and land surface model
(CLASS) against in situ measured values for 2003 to 2008 period. Right: comparison of land surface
modelled soil moisture at depth (10‐35 cm from CLASS versus 20 cm in situ and 35‐410 cm from CLASS
versus 100 cm in situ).

single point and can not be expected to represent the soil moisture over the spatial area
represented from the satellite or modelled data. Moreover, there are differences in the
sampling depths between the in situ, modelled and satellite data sets. A detailed
assessment of sampling depths at the surface revealed that there are differences in
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absolute soil moisture between different sampling depths, but the soil moisture
between the layers is well correlated, with this correlation higher during wet conditions
than dry (Escorihuela et al. 2010). The errors in the LPRM surface soil moisture have
been discussed in previous publications (Champagne et al. 2010; Champagne et al.
2011). In brief, the LPRM AMSR‐E soil moisture tends to overestimate soil moisture in
this region, with this error higher at higher latitudes where pixels are more likely to
contain substantial numbers of trees or dense vegetation and larger numbers of open
water bodies. The CLASS surface soil moisture, by contrast, seems to underestimate soil
moisture relative to the in situ network, and this underestimation is greater at higher
soil moisture values, with a correlation coefficient of r = 0.5, significant at p<0.05 (Figure
4.2, left). Overall, the surface soil moisture from CLASS appears to be somewhat more
consistent with the range of soil moisture values found at the in situ stations than the
LPRM values, with no geographic bias in how the data compare to the in situ stations
(Figure 4.3). A previous study examining CLASS simulated soil moisture over the area
covered by this in situ network found a consistency in process controls between the in
situ data and the CLASS modelled soil moisture (Courtney 2009).
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Figure 4.3. Correlation coefficient between CLASS modelled soil moisture and in situ for each AGDMN
location. All correlations shown are significant at p<0.05. CLASS 0‐10 cm soil moisture is compared to the in
situ data collected at 5cm; CLASS 10‐35 cm soil moisture is compared to the in situ data collected at 20 cm.
Site locations are ordered from left to right in descending order of latitude.

At depth, the CLASS‐simulated soil moisture showed a weaker relationship with
the in situ data (Figure 4.2, right). This may be in part due to differences in scale and
definition of what the two measures represent: the CLASS soil moisture represents an
integration over depth (10 – 35 cm and 35 to 410 cm) whereas the in situ represents a
single depth at 20 cm and 100 cm. The CLASS 10‐35 cm layer had a correlation of 0.4
with the in situ 20 cm data, and the CLASS 35‐410 cm layer had a correlation of 0.5 with
the in situ 100 cm data. Geographically, the CLASS 10‐35 cm soil moisture has a much
lower correlation with the in situ 20 cm soil moisture at some sites than with others
(Figure 4.3). This range in correlation may be related to differences in soil texture
between sites (Courtney 2009).

Previous studies have noted that CLASS contains

significant errors in the partitioning of precipitation between surface runoff and storage
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Figure 4.4. Relationship between surface soil moisture and moisture at depth for in situ measurements
(left) and within CLASS modelled soil moisture (right)

(Arora and Boer 2002; Wen et al. 2007). This may explain some of the differences in how
surface layers and layers at depth correspond to the in situ measurements. This is
further illustrated in Figure 4.4. For the in situ values, the relationship between surface
soil moisture and moisture at depth is given on the left, showing a good agreement
between the measured values at 5 and 20 cm. This relationship between CLASS surface
soil moisture and moisture at depth shows somewhat more scatter, particularly at low
soil moisture values, with many values reaching the wilting point (Figure 4.4, right).
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4.3.2 Comparison of Soil Moisture Extremes
The soil moisture anomalies from CLASS and LPRM were compared to assess how
these two data sets relate when they are normalized to local data climatology. Overall,
the soil moisture anomalies at
the surface from CLASS showed

Table 4.1. Pairwise correlation coefficient between soil
moisture anomaly data sets. All values are significant at
p<0.05

the greatest correlation with the

Variable Pair
CLASS ‐ In Situ (Surface)
LPRM‐In Situ (Surface)
CLASS ‐ In Situ (Depth)
LPRM‐CLASS (Surface)

surface in situ anomalies, with
the

in

situ

soil

moisture

Pairwise r
0.47
0.39
0.24
0.32

anomalies from LPRM and in situ showing a slightly lower correlation (Table 4.1). The
soil moisture anomalies at depth showed the lowest correlation to the in situ data sets.
Broken down by site, the LPRM anomalies showed a similar geographic pattern to the
soil moisture – with higher correlation with the CLASS and in situ data sets at locations
geographically further south (Figure 4.5). The pattern of disagreement between the
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Figure 4.5. Correlation between surface soil moisture anomalies for CLASS and LPRM for each in situ
monitoring site in the AGDMN. All correlation coefficients shown are significant at p <0.05. Sites are
ordered from left to right in descending order of latitude.
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LPRM anomalies and CLASS soil moisture anomalies is largely driven by the relationship
of the LPRM data to the in situ measurements; with sites that have higher correlation
between LPRM and in situ soil moisture also have a high correlation between CLASS and
LPRM anomalies. Overall, the relatively low correlations between the anomalies
suggests that there are wide inconsistencies in how each data set is estimating soil
moisture condition, and that in some cases, there is a geographical pattern in the
consistency of the data sets. Improvements to the accuracy of satellite and modelled soil
moisture data sets are needed to estimate abnormal conditions more reliably.
Another source of error in the satellite anomaly data set is the short record of
the satellite sensor in which to determine local climatology.

To determine how

representative this short baseline is of longer term conditions, the minimum and
maximum values from CLASS for a comparable baseline to AMSR‐E was compared to
those calculated from a 30 year climatology using CLASS (Figure 4.6). Overall, the
minimum and maximum values from both baselines showed a good relationship, with
discrepancies 10% or less for most sites. The 6‐year baseline showed some bias in
capturing the minimum soil moisture values, with an overestimation of these in general,
and in some cases very large differences with the values estimated from the 30 year
baseline. This suggests that the soil moisture anomaly data set calculated over the
satellite record may be biased in favour of capturing abnormally wet conditions over
abnormally dry conditions.
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Figure 4.6. Comparison of length of the baseline used for soil moisture anomaly calculation using surface
soil moisture layers from CLASS; on left, maximum values from 6 year baseline of surface soil moisture
compared to maximum values from a 30 year baseline; on right minimum values from a 6 year baseline of
surface soil moisture compared to minimum values from a 30 year baseline. Note: integer values were
used in this assessment

4.3.3 Relationship to Agricultural Yield
The estimation of soil moisture condition using these three data sets was further
examined in the context of how extreme conditions expressed by each relates to
agricultural yield. While yield is influenced by many factors, including climate, land
management and seed varieties, moisture stress is a significant variable in determining
crop yield in the Prairie Provinces, and this has been well established by previous
research. Moisture stress has the greatest impact on canola yield during flowering,
corresponding to late June through to early July or weeks 24 to 28 in this region (Angadi
et al. 2000; Champolivier and Merrien 1996; Kutcher et al. 2010). For wheat, the
greatest sensitivity to moisture stress is during the period of jointing (or shot blade
development) to soft dough stage of seed development, which would correspond to late
June through July or week 25 to 30 for the Prairie region (Campbell 1968; Qian et al.
2009). To assess the whether the accuracy of these data sets is suitable for use in
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agricultural productivity monitoring, soil moisture data sets should show a similar
pattern in corresponding to canola and wheat yields.
The relationship between surface and root zone soil moisture extremes from
satellite, land surface models and in situ data sources to agricultural yield are given in
Figure 4.7. Only weeks where a significant relationship between soil moisture and yield
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Figure 4.7.Temporal evolution of the correlation coefficient between canola (left) and spring wheat (right)
yield anomalies for each week of year for modelled and satellite surface soil moisture extremes (SMA) (top),
modelled root zone soil moisture extremes (middle) and in situ soil moisture extremes (bottom). All
correlation coefficients shown are significant at p<0.05.
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are shown in the graphs. Overall the correlations were very low compared to univariate
assessments of moisture stress variables observed in other studies (Narasimhan and
Srinivasan 2005; Quiring and Papakryiakou 2003). This is likely due in part to the shorter
length of the data record. The correlation between soil moisture anomalies and yield
was similar to the relationship with yield anomalies, therefore the anomalies were used
for the assessment since these represent yield over a somewhat longer time period
(1992 – 2009). The surface soil moisture anomalies, as expected, show much more
variability over time in corresponding to yield variation. This is indicative of the higher
temporal variability of moisture and moisture anomalies at the surface. The surface soil
moisture varies with rainfall to a greater extent than moisture at depth, and is
influenced more by regular wetting and drying cycles. Soil moisture at depth is more
indicative of longer term soil moisture extremes that would impact changes in moisture
storage.
For both wheat and canola, the surface soil moisture anomalies showed a similar
pattern to yield, with a significant negative relationship found earlier in the growing
season, and a significant positive relationship found later in the growing season. A
negative relationship in this context indicates that a higher soil moisture anomaly is
associated with lower yield, or that wetter conditions are resulting in lower agricultural
production or drier conditions resulting in higher than normal yield. Conversely, the
positive relationship later in the season between anomalies and yield indicate that dryer
than normal conditions are resulting in lower yields, and wetter than normal conditions
in higher yields. The surface soil moisture data sets did not show a strong relationship
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with yield during the critical windows identified by previous research, suggesting that
the accuracy of these data sets is not sufficient for capturing these critical windows for
crop yield estimation.
At depth, a similar pattern was found for the relationship between yield and
CLASS simulated moisture at the 10 to 30 cm depth, with negative correlations found
early in the season, and positive correlations later in the season. Overall, the 10‐35 cm
layer showed a relationship more consistent with the physiological understanding of
how soil moisture impacts yield in this region than the 35 to 140 cm layer, which only
showed a negative relationship with yield at points early and in the middle of the
growing season. Both the 10 to 35 cm and 35 to 410 cm depths showed a weak
relationship to yield, indicating that the accuracy of these data is limited in indicating
yield patterns over the time period in this study.
For the in situ data, a significant positive relationship was found between
moisture anomalies at 5 and 20 cm for periods later in the growing season for both
wheat and canola, with the 100 cm depth only showing a significant relationship with
canola later in the growing season, and not during the critical weeks for physiological
development, as expected. Few points had significant relationship with yield, likely due
to the smaller number of samples points available for this assessment, given the limited
geographical extent of in situ networks. In general, where the relationship with yield was
significant, the in situ data showed a somewhat higher correlation with yield than the
modelled or satellite derived soil moisture anomalies. These relationships potentially
illustrate the value of an in situ soil moisture network for agricultural monitoring.
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Overall, the correlations between each soil moisture extreme data set and yield
was low, suggesting that each of these data sets has significant limitations as a tool for
monitoring soil moisture conditions as they relate to agriculture. The weak relationship
between yield and soil moisture at depth indicates that the accuracy of the root zone
soil moisture layers is insufficient for capturing moisture stress that impact yield over
the time period of this study. The soil moisture anomalies at the surface shows some
relationship with yield, which would be expected given the relationship between surface
soil moisture and precipitation. The relatively low correlations, however shows that
these soil moisture data sets may not adequate for quantifying yield anomalies, since
meteorological indices related to crop yields in this area have shown a better
relationship to yield than was found here (Campbell et al. 1997; Raddatz et al. 1994). The
in situ data did show some relatively high correlations to yield anomalies, but the spatial
limitations of the network means this cannot be assessed over a wider area.

4.4. Conclusions
Three soil moisture data sets were evaluated over agricultural regions of the
Canadian Prairies to determine how they capture soil moisture extremes and the impact
of these extremes on agricultural yield; measurements at the surface and at depth from
a point‐scale in situ network; surface estimates from a passive microwave satellite; and a
grid‐modelled surface and root zone soil moisture data set. The satellite soil moisture
data set overestimates absolute soil moisture, while the modelled data set
underestimates soil moisture, relative to the in situ network. The modelled soil moisture
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data set showed a more consistent dynamic range to the in situ data set, but showed
less consistency at depth than at the surface. This results in less consistency between
surface and root zone soil moisture than is found in the in situ observations. The shorter
historical record of the satellite soil moisture compared reasonably well with the longer
historical record of the modelled data set in capturing normal conditions, with some bias
in the shorter data record for capturing extreme dry conditions. As a result, the soil
moisture anomalies from modelled and satellite data showed reasonably good
correspondence to each other, with a lack of correspondence primarily related to errors
in the satellite soil moisture data set. Comparison between soil moisture anomalies and
yield anomalies showed that in general, surface soil moisture measurements, can
capture some information on crop physiological response to moisture stress, but that
there is significant errors in each of these data sets that limits their use in understanding
agricultural production differences over time. In situ networks lack the geographic
density to capture yield variability within the time period of this study.
Overall, this research highlights that different soil moisture data sets can show
wide inconsistencies in how they estimate moisture extremes relevant to agricultural
production. The incongruity between modelled, satellite and in situ data sets has been
highlighted elsewhere on a global scale, highlighting the need to scale data to a common
climatology (Reichle et al. 2004). This research builds on this, showing that at a regional
scale, quantifying these anomalies for agricultural monitoring requires improvements to
the land surface and satellite soil moisture retrieval models to obtain the accuracy
needed. Improvement to model physics and parameterization could lead to improved
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estimates, that when used in a data assimilation framework could provide better
estimates of yield variability (Bolten et al. 2010; Dumedah et al. 2011 in press). Using a
framework as has been described here to compare yield to soil moisture data sets to
determine their utility for agricultural monitoring could provide an alternative to
traditional data validation schemes. Future work will focus on improving soil moisture
retrievals from passive microwave data sets, and combining these with land surface
models to determine if higher accuracy soil moisture data sets can better capture
relevant patterns in soil moisture stress and crop yield.
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Chapter 5: Conclusions
The potential to use passive microwave soil moisture information for quantifying
soil moisture and soil moisture extremes over agricultural regions was examined. This
research contributes both the theoretical understanding of how satellite soil moisture
retrievals can be evaluated, but to the practical application of this data set for
monitoring agricultural regions. An assessment on passive microwave soil moisture data
accuracy was made through a comparison of several passive microwave soil moisture
data sets. A method to quantify soil moisture extremes using passive microwave satellite
data was developed and evaluated against existing precipitation‐based measures of
moisture extremes. This measure of soil moisture extremes was compared to extremes
derived from modelled, in situ and satellite data to evaluate how they capture
conditions that impact agricultural production.
When validated against a distributed in situ network, the Land Parameter
Retrieval Model (LPRM) applied to C‐Band AMSR‐E satellite data showed the highest soil
moisture accuracy, with root mean squared errors ranging from 5 to 10% for sites in
Saskatchewan and Ontario. There were some differences in the accuracy between the
two sites evaluated, and relatively poor temporal correlations, and future work should
examine these of these data sets over a longer temporal record, and potentially
incorporate methods to quantify soil moisture accuracy using data which itself contains
errors (Loew and Schlenz 2011). Passive microwave soil moisture derived from the NASA
algorithm and distributed through the National Snow and Ice Data Centre (NSIDC)
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contained higher root mean squared errors (12 – 18%), and showed limited dynamic
range over the time period evaluated. The Basist Wetness Index (BWI) derived from
SSM/I data showed a good relative relationship to soil moisture, but this data set does
not provided absolute soil moisture information. The impact of radio frequency
interference over the selected test sites in Canada was found to be minimal, but the use
of X‐Band derived soil moisture as a substitute where RFI is detected was found to be a
suitable alternative. Finally, the occurrence of noise in daily soil moisture data from
LPRM AMSR‐E data was found to be remedied by applying a 5‐day smoothing window or
by taking weekly average measurements instead.
A method to derive an index of local soil moisture extremes using soil moisture
anomalies (SMA) from the LPRM data was developed by using an approach that
aggregates soil moisture statistics over relatively homogenous spatial regions to
compensate for the short temporal record. Four approaches to spatial aggregation were
examined and compared to in situ soil moisture data and drought indices over the
agricultural extent of Alberta. Homogenous zones that contained at least 15 pixels over a
seven year period (or 105 pixels in the baseline) were found have a sensitivity of less
than 5% to the removal of years from the data record. Homogenous zones defined using
a data driven approach compared equally well to precipitation based drought indicators
as zones defined using a soil‐landscape‐climatic zone framework. A visual interpretation
of the results suggested that the definition of zones based on EcoDistrict were the most
spatially consistent with other drought information data sets. The relatively weak
relationship overall between the SMA developed here and the drought indicators
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suggests that future work should isolate errors related to the length of the statistical
baseline and errors in the input satellite soil moisture data set.
An EcoDistrict based SMA from LPRM AMSR‐E satellite soil moisture was
compared to soil moisture anomalies derived from the Canadian Land Surface Scheme
(CLASS) and in situ data to assess how each data set captures moisture extremes that
impact agricultural production. The CLASS modelled soil moisture was found to
underestimate soil moisture, with less consistency with the in situ network at depth than
at the surface. The LPRM soil moisture was found to overestimate soil moisture relative
to both CLASS and the in situ network, with less consistency at sites at more northerly
latitudes where dense forest vegetation and open water bodies may be having a greater
impact on the remote sensing signal. The inconsistencies between CLASS and LPRM soil
moisture anomalies were largely related to these errors in the LPRM data set, whereas
the CLASS soil moisture anomalies may have inconsistencies with in situ related to soil
texture. The surface soil moisture anomalies from CLASS and LPRM both showed weak
but significant relationships to agricultural yield data, with these surface soil moisture
measurements showing a better relationship to yield than CLASS modelled soil moisture
at depth. The in situ network showed fewer time periods with a significant relationship
to yield than the modelled and satellite data, likely due to the limited geographical
extent of the network. Where there was a significant relationship, these were relatively
good, with the surface and 20 cm layers showing the better relationship than the deeper
soil moisture layers. This suggests that when accurate soil moisture data is available, this
can provide information relevant for characterizing yield anomalies. Improvements to
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the characterization of soil moisture in CLASS, and methods to improve LPRM soil
moisture through improved parameterization of vegetation water content are needed to
optimally use these data sets for agricultural monitoring.
Overall, passive microwave was found to be a promising tool for climate scale
agricultural soil moisture monitoring in Canada, but with some limitations. The accuracy
of the satellite soil moisture retrieval algorithms must was relatively poor compared to
the targeted accuracy of dedicated soil moisture sensors. The accuracy of these data sets
should be examined both through more extensive validation in time and space, and
work to identify the sources of error in the satellite soil moisture to improve the
retrieval models themselves. Reduction in the errors in soil moisture estimates could
potentially be achieved through improvements to the parameterization of the retrieval
models through the use of regional soil properties, land cover and vegetation
information. Alternatively, approaches that apply data assimilation schemes can provide
improvements to both satellite surface and land surface modelled profile soil moisture
(Dumedah et al. 2011 in press). Soil moisture in situ networks need to be expanded in
order to gain a greater understanding of data accuracy improvements, and systematic
procedures for collecting, calibrating and assessing the quality of these data sets need to
be developed. The index of soil moisture extremes (SMA) developed for this research
shows promise, but must be evaluated over a longer time period to determine how it
captures local soil moisture extremes, and how the information this index measures can
be related qualitatively and quantitatively to agriculturally relevant extremes. This could
be accomplished through detailed comparison to other extremes data sets, and the
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establishment of thresholds of what constitutes relevant wet and dry extremes.
Evaluation of this method over a wider geographic range is critical to use this index
widely over agricultural regions in Canada. Finally, the comparison of soil moisture and
soil moisture extremes to agricultural yield provides a framework on how to assess the
relative merits of these data sets for applications, but this approach may be limited to
areas where moisture is a dominant variable in determining crop yield. This approach
would be less applicable over more temperature regions, where other factors may play a
greater role in determining annual variation in yield patterns.
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