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ABSTRACT 

Evaluating the Utility of Remotely Sensed Soil Moisture for the 
Characterization of Runoff Response over Canadian Watersheds 

Elené Ueckermann                                       Advisor:  A. Berg 
University of Guelph, 2017                              Committee Member: C. Champagne 

 

Remotely sensed soil moisture measurements from satellite platforms are 

increasingly reliable, cost-effective and widely available data sources where in situ 

measurements are unavailable. This research uses the Soil Moisture and Ocean Salinity 

mission (SMOS) satellite-derived soil moisture anomalies over a database of 65 

watersheds across Canada from 2011-2014 to analyze the soil moisture-runoff 

relationship. A spatial analysis of the variability and influences on the strength of this 

relationship revealed that 32% of catchments showed significant (1 tailed, p<0.05) 

correlations between the weekly antecedent soil moisture state of the catchment and the 

weekly runoff ratio. Regions of strongest correlation were related to the topographic 

variables of slope and elevation, followed by organic carbon and wetland percentage. 

These results support the use of coarse-scale satellite remote sensing as a valuable 

data source in hydrological studies, but recommend caution when applying the data to 

regions where the relationship may be weak or non-existent.  
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Chapter 1.0: Introduction  

1.1 Background 

In Canada, flooding is the most common and serious natural hazard affecting the 

economy, personal property and citizen life (Buttle et al., 2016; Davies, 2016). There is a 

great need to enhance the accuracy of future discharge predictions, yet the size and 

heterogeneity of the Canadian landscape make it difficult to develop a comprehensive 

understanding of the most important drivers of basin-scale runoff generation (Buttle et al., 

2016). This problem is increasing due to the impacts of global climate change, with 

extreme precipitation events increasing in frequency and many regions showing an 

increase in more serious flood events (Coulibaly and Burn, 2004; Burn et al., 2010; 

Pachauri et al., 2014; Buttle et al., 2016).  

 
Antecedent soil moisture is a key variable influencing runoff generation in a basin 

by controlling the partitioning of precipitation into infiltration and surface flow (Maurer and 

Lettenmaier, 2003; Meyles et al., 2003; James and Roulet, 2007; 2009). Thus, enhanced 

knowledge of the relationship between antecedent soil moisture and runoff over 

watersheds is a key area of research that needs to be undertaken in Canada. Although 

important, the collection of in situ measurements for soil moisture is often limited by 

access, high equipment costs and representativeness issues. This problem has driven 

the ongoing development of remote sensing platforms to detect soil moisture over large 

regions with relatively low cost and easy data access. Instruments such as the Soil 

Moisture and Ocean Salinity mission (SMOS) and Soil Moisture Active Passive (SMAP) 

satellites allow for high-resolution data acquisition over large spatial areas which is 
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greatly improving the accuracy of hydrological modeling (Scipal et al., 2005; Brocca et 

al., 2010; Fang and Lakshmi, 2013; Xu et al., 2015).  

The potential for these remotely sensed technologies to improve runoff predictions 

has not yet been extensively investigated in the Canadian context. There is a need to 

both establish the strength of the relationship between soil moisture and runoff over  

many large, variable Canadian watersheds, as well as analyze the characteristics of 

these basins that will affect the strength of this relationship. In addition to antecedent soil 

moisture, other factors controlling a basin’s hydrologic response broadly include climate, 

topography and land cover (Crow et al., 2012; Chang et al., 2014). Determining the 

relationship between these basin attributes and the strength of the antecedent soil 

moisture-runoff relationship may improve our understanding of the physical processes 

impacting runoff generation over poorly studied basins.  

 
This research will use soil moisture data from the SMOS L-band frequency 

radiometer to conduct an analysis of the soil moisture-runoff relationship over Canadian 

watersheds. The analysis will both improve hydrologic understanding of the controls on 

runoff in these basins and provide valuable information for flood forecasting applications. 

One of the key ways this will be accomplished is by developing a predictive model to 

identify regions where the assimilation of remotely sensed soil moisture will be most 

beneficial. This will also highlight the areas of particular concern for satellite soil moisture 

retrieval in this context.  
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1.2 Research Aim and Objectives 

The aim of this research is to evaluate the use of antecedent soil moisture data 

from the SMOS satellite in Canada as a predictor of runoff generation. This will be 

accomplished by addressing the following objectives: 

1) Determine the spatial patterns and controls on the runoff ratio over a selection of near-

natural, pristine watersheds across Canada. 

2) Assess and evaluate the relationship strength between the SMOS soil moisture 

product and the runoff ratio over these watersheds.  

3) Determine the basin characteristics which may explain the spatial trends in the soil 

moisture-runoff relationship. 

1.3 Thesis Outline  

 This thesis is structured in 5 chapters, with the following content: Chapter 2 

contains a literature review examining the importance and current state of knowledge of 

soil moisture in runoff prediction. It includes a discussion on the specific role of remotely 

sensed soil moisture as a data source and the influence of scale and landscape 

characteristics in controlling runoff generation. Chapter 3 presents a manuscript 

summarizing the research completed for this thesis, including the context, methods, data 

analysis and research findings. Final conclusions are presented in chapter 4, which 

summarizes these research efforts and highlights areas of future consideration.  
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Chapter 2.0: Literature Review  

2.1 Introduction 

The aim of this chapter is to summarize the current research literature on the 

relationship between soil moisture and runoff at the watershed scale. The review first 

briefly addresses the hydrological significance of soil moisture and its measurement 

methods. Next the role of soil moisture in determining basin response to precipitation is 

discussed, leading to further examination of the controls on basin-scale runoff 

generation. Lastly, the advantages and applications of remotely sensed soil moisture as 

a data source and its wider utility in hydrological model assimilation and flood forecasting 

are discussed to highlight the research need in this field.  

2.2 The Hydrological Significance of Soil Moisture 

Soil moisture is an important and widely studied parameter in many environmental 

processes within hydrology and climatology due to its direct control on surface flow 

partitioning and energy budget processes (Vereecken et al., 2008). Defined as water held 

in the vadose zone of the soil, soil moisture represents only ~0.001% of the total world 

water reservoirs (Shiklomanov and Sokolov, 1983). Nevertheless, it plays a key role in 

surface hydrology by controlling the partitioning of rainfall into infiltration and runoff; 

higher antecedent soil moisture will limit the infiltration capacity of the soil by reducing the 

time it takes for the water table to reach the surface (Horton, 1945). Additionally, water 

held as soil moisture has significant feedbacks with both temperature and precipitation 

processes. Through partitioning energy into either sensible or latent heat flux in water-

limited evaporative environments, it influences local patterns of precipitation and feeds 
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into larger climactic processes (Koster et al., 2004).  

2.3 Controls on Soil Moisture Variability 

 One of the most important considerations within soil moisture hydrology is the 

issue of scale, as soil moisture variability is controlled by different factors over different 

temporal and spatial scales of measurement (Famiglietti et al., 2008; Vereecken et al.,  

2014). Figure 2.1 summarizes the predominant controls on soil moisture at different 

spatial scales (Crow et al., 2012).  

 

 

 

 

 

 

 

 
Figure 2.1: The predominant controls on soil moisture at different spatial 

scales (Crow et al., 2012) 

At the field scale (0.01km2 to 1km2), heterogeneity in soil texture and structure 

results in significant differences in porosity and hydraulic conductivity between these 

soils, which impacts the way water moves through the soil layers (Famiglietti et al., 

1998). Loamy soils, for example, show the greatest variability in water budget at the field 

scale, while the variation in sandy soils is more correlated to rainfall patterns and thus 

evident at the watershed scale (Kim and Stricker, 1996). Microtopographic differences in 

surface roughness resulting from crop residue and agricultural practice also have a great 

various relationships emerging at different points during
wet-up and dry-down cycling [Panciera, 2009] and/or the
annual seasonal cycle [Western et al., 2003]. Nevertheless,
the above research can be generalized to produce a rough
conceptual model of various environmental factors inducing
surface soil moisture variability over a set of overlapping
scales [Jana, 2010]. This model, first proposed by Vinnikov
et al. [1996] and summarized in Figure 1, predicts that large-
scale soil moisture variability (observed at watershed to
continental scales) is generally dominated by meteorological
forcing (e.g., rainfall patterns) and land cover patterns with
topographic and soil factors gaining predominance at finer
spatial scales.

3. SCOPE OF THE SOIL MOISTURE UPSCALING
PROBLEM

[21] The interaction of environmental factors discussed in
section 2 produces complex spatial patterns in surface soil
moisture. The statistical properties of these patterns, in turn,
determine the magnitude of the soil moisture upscaling
problem. Using data sets gleaned from recent soil moisture
field experiments, this section reviews recent literature
describing the magnitude of multiscale soil moisture vari-
ability (section 3.1) and sampling requirements for obtaining
footprint-scale soil moisture averages with predefined
accuracies (section 3.2). When discussing the relationship
between soil moisture variability and scale we conform to
Western and Blöschl [1999] and use the term “support” to
refer to the area (or volume) integrated by an individual soil
moisture measurement, “extent” to refer to the overall area
within which individual soil moisture measurements are
sampled to estimate a spatial statistic, and “spacing” to refer
to the typical distance between samples. Note that the

apparent variability of soil moisture increases at larger extent
scales [Hills and Reynolds, 1969] and decreases at larger
support scales [Hawley et al., 1982]. Individual ground
observations will be treated as a point support sample,
although it should be noted that traditional ground-based
measurements at a “point” actually sample slightly different
soil volumes [Robinson et al., 2008].
[22] All “surface” soil moisture data sets referenced here

are assumed to possess vertical support equal to the !5 cm
penetration depth expected of L band soil moisture retrie-
vals. During field campaign and ground validation activities,
this 5 cm surface depth is commonly assumed to start at the
air/soil interface present after clearing of vegetation detritus
(T. J. Jackson, personal communication, 2012). The exact
elevation of this interface (and thus the bottom of the 5 cm
surface layer) can vary spatially due to microtopography. In
addition, note that a wide variety of ground instrumentation
can be applied to provide soil moisture measurements at
such depths. For data sets discussed here, the most common
techniques are gravimetric sampling (where soil samples are
oven-dried to determine soil water weight) and the use of
handheld time domain reflectivity sensors to measure the
soil dielectric constant. Note that both approaches require
additional ancillary information/assumptions in order to
convert their direct measurements into volumetric soil
moisture. A full description of these techniques and associ-
ated measurement errors is outside the scope of this review
but has been addressed extensively in previous reviews
[Walker et al., 2004; Evett et al., 2008; Robinson et al., 2008].

3.1. Observed Soil Moisture Spatial Variability
[23] Soil moisture spatial statistics are known to vary with

the spatial extent of sampling domain and mean soil mois-
ture [Western and Blöschl, 1999; Western et al., 2002].

Figure 1. Dominant physical controls on soil moisture spatial variability as a function of scale. The gray
shading of bars reflects the relative importance of each control at various scales with increasing intensity
according to importance. (Modified from Jana [2010].)

CROW ET AL.: UPSCALING SOIL MOISTURE RG2002RG2002

6 of 20
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impact on soil moisture variability at the field scale (Manns et al., 2014). 

 
At the watershed scale (10km2 to 100km2), topography is the main factor impacting 

the spatial variability of soil moisture. Though many authors report a relationship between 

topography and the soil moisture spatial distribution (Blume et al., 2007; Martinez et al., 

2013; Zucco et al., 2014), other studies also show that using certain terrain 

characteristics such as slope or elevation to predict soil moisture patterns yields poor 

results (Hawley et al., 1983; Western et al., 2004; Penna et al., 2009).  Western et al. 

(2004) found the relationship of topography to soil moisture patterns varied greatly 

depending on the season and climate of the basins studied in New Zealand, and 

indicated a much stronger association between soil moisture and topography during the 

wet season when precipitation exceeded potential evaporation.  Vegetation, or more 

generally, the land cover characteristics, is another factor that will directly impact the 

spatial patterns of soil moisture (Zucco et al., 2014). The presence of vegetation will act 

to intercept and delay precipitation directly and through absorption in the root zone, as 

well as contribute to moisture loss through transpiration (Famiglietti et al.,1998).		

At larger scales (>100km2), meteorological forcing increases in importance, 

accounting for the majority of the variation in soil moisture patterns along with land cover 

characteristics (Fig. 2.1). Famiglietti et al., (2008) analyzed over 36000 ground-based soil 

moisture measurements from extensive field campaigns conducted the US and found 

climatic variables such as the duration and intensity of precipitation inputs to be the main 

control on soil moisture variability. Using 30 years of archived data from four different 

countries, Entin et al. (2000) similarly found that atmospheric forcing, specifically 

precipitation and evaporation, accounted for the greatest large-scale variability in soil 
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moisture patterns. It is worth mentioning that while soil moisture variability is impacted by 

climate factors, soil moisture may in turn influence climate (Entekhabi et al., 1996). A 

significant work at this scale was presented by Koster et al. (2004), which explored global 

‘hot spots’ of connection between precipitation and soil moisture. The authors found 

several regions globally located in transition zones between wet and dry climates where 

soil moisture directly influences precipitation patterns through controlling evaporation 

rates.  

The temporal variability in soil moisture is a result of the interplay between 

different factors operating in different time scales, the most significant of which is 

seasonality and climate forcing. Wilson (2004), through analyzing different spatial and 

temporal data from five catchments in Australia and New Zealand over a two-year period, 

found that temporal variability was much more significant than spatial variability, 

especially for soils with large water storage capacities. Similar studies (Etin et al., 2000; 

Skøien et al., 2003; Zucco et al., 2014) have further highlighted the significant impacts of 

seasonality on soil moisture patterns. Other causes of long-term variability in soil 

moisture patterns may be related to climate indices such as the El Niño Southern 

Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO) (Berg and Mulroy, 2006). 

Both the PDO and ENSO have been shown to influence patterns of streamflow and 

precipitation, while ENSO in particular may be linked to periods of drought in Canada 

(Maurer and Lettenmaier, 2003; Shabbar and Skinner, 2004; Burn et al., 2010). 
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2.4 Acquisition of Soil Moisture Data  

2.4.1 In situ Data Collection  

Soil moisture data is collected in situ through various different measurement 

techniques. The most accurate but also time consuming and destructive of these is 

gravimetric sampling, where a soil sample of known depth and volume is oven dried for 

~24 hours. The difference in mass between the wet and dry is then related to volumetric 

water content. More commonly, soil moisture probes are used to measure the dielectric 

permittivity of the soil which is related to the moisture content (Topp et al.,1980). One of 

the initial dielectric sensors developed was a Time Domain Reflectometry (TDR) soil 

moisture probe, which has an accuracy of +- 0.02 m3 m-3 across various soil types (Topp 

et al.,1980). 

 These probes may be installed at a specific depth in a field to provide a time 

series of soil moisture at a point scale, or handheld probes can be used over larger areas 

to derive a spatial average of soil moisture (Campbell, 1990). Similarly, neutron probes 

are also used in situ, emitting radiation that moves through the soil at a speed 

proportional to volumetric water content (Chanasyk and Naeth,1996). Both impedance 

and neutron probes have a high cost per unit and require careful site-specific calibration 

(Rowlandson et al., 2013; Burns et al., 2014).  

 
The main challenges in collecting in situ measurements of soil moisture are the 

limited scale of data collection and the expense and labor involved in setting up and 

maintaining a large network long-term. In Canada, several large-scale sampling 

campaigns were conducted in recent years, among them the Canadian Experiment for 

Soil Moisture (CanEx-SM10, 2010, Magagi et al., 2013) and Soil Moisture Active Passive 
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Validation Experiment (SMAPVEX, 2012, 2016, McNarin et al., 2015) in Manitoba and 

Saskatchewan. While providing valuable information for the validation of geophysical 

satellite products, as well as many broader scientific studies, these campaigns are very 

time and resource intensive, and cannot be maintained permanently.  

2.4.2 Remote Sensing of Soil Moisture 

Remote sensing of soil moisture has been a rapidly growing area of research over 

the past two decades (Engman and Chauhan, 1995; Houser and Shuttleworth, 1998; 

Wagner et al., 2007; Fang and Lakshmi, 2014). Using satellites, aircraft or ground-based 

sensors operating in the microwave wavelength, these devices can detect and measure 

the electromagnetic energy that is emitted or backscattered from the ground (Jensen, 

2007). The physical property that these sensors use is the electrical permittivity of the 

surface, measured as the soil dielectric constant (Kerr et al., 2010). Remote sensing 

systems use several different wavelengths in the microwave portion of the 

electromagnetic spectrum, ranging from the L-band with low frequencies and long 

wavelengths, to the high frequency and small wavelength of the K-band (Figure 2.2).  

 
While early systems such as the Advanced Scatterometer (ASCAT) and Advanced 

Microwave Scanning Radiometer - Earth Observing System (AMSR-E) satellites used the 

X and C bands, modern systems dedicated specifically to soil moisture remote sensing 

mainly use the L-band region, where the signal is less impacted by atmospheric weather 

conditions and surface vegetation (Brocca et al., 2010). Early products had a very coarse 

radiometric and spatial resolution which made their use in research limited (Wagner et 

al., 2007). After the launch of the SMOS satellite, which was the first satellite mission 
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dedicated to the collection of soil moisture data at a high radiometric and spatial 

resolution, remotely sensed soil moisture has become a more accessible and reliable 

data source for research applications (Kerr et al., 2010). 

 

 

 

 

Figure 2.2: The microwave region of the electromagnetic spectrum (NASA 
Mission Science, 2015) 

2.4.3 Active Microwave Remote Sensing 

Active microwave remote sensing, known as RADAR (Radio Detection and 

Ranging) operate by transmitting a beam of microwave radiation that is then 

backscattered by the surface and detected by a sensor (Jenson, 2007). Unlike the 

emitted brightness temperature detected with radiometers, the active radar return signal 

is impacted by many properties of the atmosphere and surface, notably by the surface 

roughness and vegetation cover (Baghdadi et al., 2007). The surface roughness will have 

a large impact on the strength of the signal as a rougher surface will cause the 

backscatter to be more diffuse (Ulaby et al.,1996). The radar signal will also be impacted 

by the vegetation canopy, which limits the applicability of radar to soil moisture detection 

during the growing season or under dense vegetation canopies  (Walker et al., 2004). 

Radar is also widely used for mapping standing water bodies and detecting changes in 

freeze-thaw state (Ye et al., 2015).  
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2.4.4 Passive Microwave Remote Sensing 

Passive microwave sensors detect the emitted brightness temperature from the 

earth surface, which is impacted by the soil dielectric content and thus directly related to 

the volumetric water content of the surface (Kerr et al., 2010). Currently, there are two 

dedicated satellites with L-band microwave radiometers used for soil moisture remote 

sensing. The first and most widely used is the Soil Moisture and Ocean Salinity mission 

(SMOS), which was launched in 2009 by the European Space Agency (Kerr et al., 2010; 

Champagne et al., 2014). The Soil Moisture Active Passive (SMAP) satellite, launched in 

2015, is the most recent system, with an L-band radiometer acquiring data at ~30 km 

spatial resolution, and a global re-visit time of 1-3 days (Entekhabi et al., 2010).   

 
At the low frequencies of the L-band radiometer, the brightness temperature signal 

is sensitive to soil moisture in the top >5cm of the soil and the signal is less impacted by 

surface roughness. Furthermore, surface vegetation is more transparent at this 

radiometric frequency, allowing measurements to be taken through vegetation with water 

contents of up to 5kg/m2, which represents around 56% of the non-frozen soils on earth 

(Entekhabi et al., 2010). The 1.4GHz frequency that both the SMAP and SMOS 

radiometers use is also allocated specifically for the use of radio astronomy and passive 

radiometer sensing, so this band experiences minimal interference from other microwave 

transmissions (Entekhabi et al., 2010).  

 
   These relatively new systems have provided global soil moisture products with a 

variety of applications. In recent years many studies have evaluated these systems to 

assess their accuracy compared with extensive in situ field monitoring sites (Crow et al., 

2017). Over Canada, Champagne et al. (2016) evaluated the accuracy of the soil 
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moisture products by collecting in situ soil moisture measurements at several sites 

across Canada, and comparing them to the product produced by satellites. Their results 

reveal a good correspondence at sites in Canada, though there is a general trend of 

these satellites under-predicting the soil moisture. 

2.4.5 Challenges and Opportunities 

While providing a great many benefits, these remote sensing systems are still 

limited in their accuracy and scale compared to in situ monitoring. Errors in soil moisture 

retrieval occur from a variety of sources including the antennae noise and uncertainty in 

the backscatter and emission modeling (Entekhabi et al., 2010). Both the SMOS and 

SMAP missions have a goal of less than 0.04m3/m3 Root Mean Squared Error (RMSE) in 

their soil moisture retrieval accuracy, requiring correction for various factors such as 

standing water effects on the signal (Entekhabi et al., 2010; Kerr et al., 2010; Ye et al., 

2015). The soil moisture data is also limited to a more temperate climate, and cannot 

incorporate the effects of frozen soils and snow cover in more Northern latitudes (Kerr et 

al., 2016).  

 
Downscaling these coarse resolution products for applications at smaller scales 

have also been the subject of many recent studies (Miralles et al., 2010; Crow et al., 

2012; Fang and Lakshmi, 2013; Champagne et al., 2016).  Several downscaling 

algorithms and numerical disaggregation methods have been applied to downscale the 

coarse resolution (~30km) into the scale required for small-scale applications (~1km) 

(Fang and Lakshmi, 2013). However, though these downscaling approaches are 

relatively successful, there is still an increasing need for a higher resolution soil moisture 
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data product over certain regions. It is hoped that the SMAP satellite might be able to fill 

this gap by providing a higher resolution data product, if not through the original design of 

combined radar and radiometer data providing an 8km spatial resolution (the radar 

instrument on SMAP failed in June, 2015), then through the combination of the SMAP 

radiometer and another remote sensing data source.  

2.5 Soil Moisture and Runoff Generation  

Rainfall-runoff models are commonly used by hydrologists to predict the individual 

catchment response to precipitation inputs, which are particularly of interest to detect 

periods of extreme discharge or water stress. Soil moisture has long been viewed as a 

key determinant of runoff generation in a catchment due to its control on infiltration rates, 

which makes the relationship between soil moisture and runoff significant with regards to 

predicting the future catchment hydrological state and associated flood risk (Wanders et 

al., 2014).  

 
Due to the challenges in collecting in situ data, however, indirect measures of soil 

moisture over a catchment have historically been incorporated into these rainfall-runoff 

models. These methods all estimate the soil wetness based on empirical relationships 

between variables such as land use, soil type and precipitation, and are limited in 

assuming a homogenous environment across a catchment. They include Kohler and 

Linsley’s (1951) Antecedent Precipitation Index (API), the Antecedent Soil Wetness Index 

(Farrick and Branfireun, 2014), the Palmer Drought Severity Index (Palmer, 1965) and 

the widely applied Soil Conservation Service Curve Number model (USDA-SCS, 1972).  
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A key area of interest is the assimilation of soil moisture into rainfall runoff models 

within the field of flood forecasting.  In recent years there have been many studies that 

used remotely sensed soil moisture data inputs in flood forecasting models in Europe 

(Brocca et al., 2009), Australia (Bindlish et al., 2009) and the USA (Mahanama et al., 

2012). Specifically, an important body of work exists over basins in the Upper Tiber River 

in central Italy, and the Upper Danube catchment across the Alps, where a number of 

studies were conducted to test the usefulness of assimilating remotely sensed measures 

of the Soil Wetness Index (SWI) into rainfall-runoff models at different scales to improve 

flood forecasting (Brocca et al., 2007; 2009; 2010a; Wanders et al., 2014).  

The study by Wanders et al. (2014) was the first to analyze the impacts of soil 

moisture assimilation on flood forecasts at a large scale through multiple sensors. The 

authors found that including the SWI into the forecast model improved the accuracy of 

flood forecasts by up to 10% and significantly decreased the number of false flood alerts 

in the European Flood Awareness System’s LISFLOOD hydrological model. Some of the 

important contributions of these studies include a series of synthetic experiments which, 

through their consideration of errors in rainfall or other model parameters, showed how 

robust the improvements to model forecasts were even when significant errors are 

present in the data. While distributed or semi-distributed hydrological models are 

commonly used in soil moisture assimilation studies, even very simple adaptive 

hydrological models show an increase in their forecasting skill with the addition of 

remotely sensed soil moisture (Bindlish et al., 2009). 

The most well known of the rainfall-runoff models is the simple rational method, 

which measures the proportionality between the peak river discharge and the rainfall 

intensity (Pilgrim and Cordery, 1993, in Dingman, 2002, pg 443): 
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𝑞!" = 𝜀! ∙ 𝐶! ∙ 𝐴! ∙ 𝑝 ∗       [2.1] 

In the rational method, qpk is the peak discharge in (m3/s), CR is the runoff coefficient, 

p* is the rainfall intensity (mm h-1), AD is the area of the drainage basin (ha), and 𝜀R is the 

applied correction factor, to convert discharge to specific discharge per unit time (usually 

0.278). This relationship is commonly used in small to medium-sized basins (typically 

<1km2), and is often useful for urban runoff calculations. However, the method is based 

on the assumption that the rainfall, and thus the runoff ratio, is uniform over the basin 

(Young et al., 2009).   

The most basic metric of rainfall-runoff models is a simple ratio representing the 

amount of precipitation that is converted to surface runoff from a watershed, termed the 

runoff ratio. This ratio is a useful statistic that is often used to compare different 

catchments in order to understand the physical factors that influence the catchment 

response to precipitation (Blume et al., 2007). However, it is clear from the literature that 

there is a great deal of inconsistency in both the definition of the runoff ratio and in the 

different methods used to calculate it. As summarized by Blume et al. (2007), similar 

terms include Hewlett and Hibbert’s (1967) ‘response factor’ and the more frequently 

used ‘runoff coefficient’. In terms of methodologies, the runoff ratio is commonly 

calculated in two main ways: rainfall is divided by either the total river flow or the 

quickflow for a single event expressed as a fraction of the total flow (Blume et al., 2007). 

This lack of a universal term or calculation method makes it particularly challenging when 

comparing the results of different studies (Blume et al., 2007). 
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2.6 Runoff Variability and Controls 

In addition to antecedent soil moisture, runoff generation can be related to many 

landscape and climatic factors, and varies over different spatial and temporal scales. 

Both the physical processes and properties of a catchment are difficult to measure 

directly, which often makes it challenging to develop a thorough understanding of the 

dominant control on runoff generation (Kirchner, 2009).  

There are several studies that have aimed to characterize the main controls on the 

catchment runoff ratio. In a large spatial analysis of 1590 watersheds across the 

contiguous USA, Chang et al. (2014) used 350 geospatial basin characteristics to 

develop a predictive multiple regression equation to describe variability in average annual 

runoff ratio. The authors found the spatial patterns of runoff and runoff variability are most 

influenced by climatic variables, followed by the basin topography and geology. 

Specifically, average annual days of measurable precipitation was the most significant 

variable found, followed by snow percentage and minimum basin elevation (Chang et al., 

2014). Similarly, Sawicz et al. (2011) performed a cluster analysis on 280 basins in the 

eastern US according to the dominant controls on hydrologic catchment response, again 

asserting that climate variables exert a stronger control on differentiating between 

catchment classes than the topographic and geologic variables.  

 
Merz and Bloschl (2009) conducted a study of a similar scope over 459 Austrian 

catchments, and equally found the strongest correlations between runoff coefficients and 

mean annual precipitation and the wetness index (P/PE). Several smaller studies (<30 

catchments) other studies found some variability in the dominant runoff controls, but 

climate factors remained among the most significant. Variables such as the wetness 
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index (Berger and Entekhabi, 2001;Yadav et al., 2007) and the antecedent precipitation 

index (Jencso and McGlynn, 2011; Ali et al., 2012) commonly exerted the strongest 

influence on runoff generation and variability, while minimal explanatory power was  

attributed to land use or underlying soil types and geology (Ali et al., 2012; Sawicz et al., 

2011). 

None of these studies were able to incorporate direct measures of the soil 

moisture state of the catchment in their analysis. Due to the temporal and spatial scale of 

the studies involved, an annual average modeled or derived basin wetness (Chang et al., 

2014) or the SCS curve number (Merz and Bloschl, 2009), was commonly incorporated 

as a proxy (Ali et al., 2012).  

 In conclusion, there are many different factors that contribute to the strength of the 

relationship between soil moisture and the runoff ratio, as runoff generation is influenced 

by many factors apart from the antecedent soil moisture conditions. While a few studies 

have attempted to explain these relationships, none have been conducted on the 

Canadian landscape with the advantage of direct soil moisture measurements from 

remote sensing systems. There is a clear opportunity to improve the scientific 

understanding of the strength of the relationship between antecedent soil moisture and 

runoff, as well as the dominant physical processes influencing this relationship on a 

watershed scale. 
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Chapter 3.0: Characterizing the SMOS Soil Moisture-Runoff 
Relationship over Canadian Catchments 

  
Abstract 
 
Soil moisture plays a key role in runoff generation through its control on rainfall 

partitioning over a catchment. While many studies have shown the value of assimilating 

soil moisture into hydrological forecasting models over individual basins, a national-scale 

analysis of the strength and controls on the catchment soil moisture-runoff relationship 

has not been conducted in a Canadian context. The objective of this research was to 

evaluate the strength of this relationship over a series of heterogenous Canadian 

watersheds using macroscale estimates of soil moisture obtained with the Soil Moisture 

and Ocean Salinity mission (SMOS) satellite. Warm season (May to November) data 

from 2011 to 2014 was compared to the calculated runoff ratio from local discharge and 

climate gauge data through a regression analysis at various thresholds. To determine the 

relative importance of the antecedent soil moisture for runoff generation, the basins were 

further characterized according to a series of climate and topographical parameters used 

for a predictive model development. Results show a significant (1-tailed, p>0.05) positive 

correlation between soil moisture and runoff ratio over 32% of the catchments studied, as 

well as distinct spatial trends in these correlations. Basin location (latitude and longitude) 

and topographic characteristics such as slope and elevation have the strongest 

correlation with the strength of the soil moisture-runoff relationship, while land cover and 

climate variables appear to be minor influences.  
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3.1 Introduction  

Soil moisture plays a key role in hydrologic processes through partitioning rainfall 

into infiltration and surface runoff, thereby directly influencing the responsiveness of 

streams in a catchment (Dingman, 2002). In the last few decades there has been a 

marked increase in soil moisture assimilation into hydrological flood-forecast models to 

improve predictions of peak flow in catchments (Massari et al., 2014; Tayfur et al., 2014; 

Wanders et al., 2014). 

 
Soil moisture has largely been measured using in situ techniques (Susha Lekshmi 

et al., 2014; Walker et al., 2004). These methods, which include installing impedance and 

neutron probes, have the disadvantages of high cost and poor representativeness given 

that the measurements taken over a specific area may not be applicable for the 

catchment scale (Brocca et al., 2007; 2010; Famiglietti et al., 2008). Upscaling sparse 

ground-based soil moisture measurements is especially challenging over larger 

heterogeneous catchments (Teuling et al., 2006; Crow and Berg, 2012).  

 
Remote sensing offers data available over larger spatial extents needed across 

catchments. Recent satellites operating in the L-band frequency such as the Soil 

Moisture and Ocean Salinity mission (SMOS) and Soil Moisture Active Passive (SMAP) 

offer products that should be evaluated in this context. The L-band radiometer retrieves 

surface soil moisture content in the top ~5cm, providing a high radiometric resolution less 

impacted by atmospheric conditions and surface vegetation (Kerr et al., 2012). SMOS, 

launched by the ESA in 2009, introduced the first dedicated soil moisture satellite mission 

with a global 1-3 day coverage, spatial resolution of 40km and a 4% soil moisture 

retrieval accuracy (Kerr et al., 2012).  
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Two key areas of uncertainty must be taken into account with the use of these L-

band radiometer systems. Firstly, areas of dense vegetation cover interfere with the 

ability of the backscatter signal to accurately measure soil moisture content. In an 

assessment of SMAP performance since launch, large errors were associated with 

evergreen broadleaf-forested areas, attributed to the high vegetation water content in 

these areas (Chan et al., 2016). Similarly, a high error and bias for grasslands were 

observed which has not fully been explained (Chan et al., 2016). SMOS also gave very 

poor results over tundra environments (Kerr et al., 2016). Overall, after eight years in 

operation the SMOS algorithm performs well when correcting for the effects of surface 

vegetation cover. Signals showed low sensitivity to the Normalized Difference Vegetation 

Index (NDVI) and forest cover percentage, with good correlation results between in situ 

and satellite retrieved soil moisture in these areas (Kerr et al., 2016).   

 
Areas of high topography also significantly impact the signal. Since the retrieval of 

soil moisture uses angular signatures, a pixel taken over a rugged terrain with various 

slopes and azimuths will behave very differently from a horizontal surface (Kerr et al., 

2012; Pellarin et al., 2016). Interactions with the backscatter signal arise in these 

environments from the angles of incidence over complex terrain; mountainous areas may 

produce a mixing of vertical and horizontal polarizations as well as reflection by 

surrounding slopes (Pellarin et al., 2016). While the SMOS algorithm performs well in 

accounting for gentle topography, error increases for moderate topography, while very 

strong topography may render the retrieved signal unusable (Matzler and Standley, 2000; 

Kerr et al., 2004; Mailon et al., 2008).  
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Though the signal might perform slightly poorer in these environments, the SMOS 

satellite has an overall global mission accuracy well within the 4% guideline set as the 

mission target for soil moisture retrievals (Kerr et al., 2016). Champagne et al. (2016) 

evaluated the accuracy of the soil moisture products over several sites across Canada, 

further revealing a good correspondence between the SMOS and in situ data. Most 

importantly, the availability of these large-scale remotely sensed products make it 

possible to study the effects of antecedent soil moisture across a regional or national 

scale.  

While several studies have examined runoff generation in Canada, the studies 

aiming to directly relate antecedent soil moisture to the runoff ratio almost exclusively 

focus on a small, single catchment or series of small nested catchments instrumented 

with in situ soil moisture probes (Henninger et al., 1976; Meyles et al., 2003; James and 

Roulet, 2009; Penna et al., 2011; Tayfur et al., 2014; Lal et al., 2015; Morbidelli et al., 

2016). Recent studies relating coarse-resolution soil moisture estimates from the passive 

remote sensing to streamflow predictability and runoff generation have similarly focused 

on a single catchment (Scipal et al., 2005; Berg and Mulroy, 2006; Crow et al., 2008; 

2014; Wanders et al., 2014; Massari et al., 2015).  

A challenging aspect of the soil moisture-runoff relationship observed by several 

authors is the existence of soil moisture thresholds, where runoff cannot take place until 

a critical value in either the amount of precipitation or the soil moisture storage has been 

reached (Ali et al., 2015). Although the majority of studies have been carried out in 

temperate environments (Cammeraat, 2004; Tromp-Van Meerveld and McDonnell 2006 

a; 2006b), a growing body of work has shown arid, prairie, and high northern latitudes all 
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exhibit a threshold runoff generation response (Buttle et al., 2004; Uchida et al., 2005; 

Zehe et al., 2005; Detty and McGuire 2010; Penna et al., 2011; Ali et al., 2015).  Exact 

thresholds are often difficult to identify and may change over time (Ali et al., 2015). There 

is considerable variation in thresholds over individual catchments due to the interplay of 

soil type and depth (Tromp-Van Meerveld and McDonnell 2006 a,b), overlying vegetation 

type and density (McGlynn and McDonnell, 2003), local geology, snowmelt processes 

and subsurface flows and storage (Buttle et al., 2004; Ali et al., 2015). 

 
Understanding the relative importance of antecedent soil moisture on regional 

runoff generation would provide valuable information into the regions most sensitive to 

satellite derived estimates of soil moisture from satellites such as SMOS and SMAP. A 

recent study by Crow et al., (2017) was the first to explicitly look at the basin-scale 

correlation between pre-storm soil moisture and storm-scale runoff ratio across a series 

of 16 basins in the temperate south central US using three different remotely sensed data 

products (AMSR2, SMOS L2 and SMAP L2). Runoff ratio showed a statistically 

significant (2-tailed, 95% confidence) relationship with the 2-day antecedent soil moisture 

over a range of storm events of different sizes across the basins. The SMOS and SMAP 

L-band remote sensing products also significantly outperformed the older X-band 

frequency sensors (Crow et al., 2017).  

 
While hydrologic flood prediction models generally show an improvement of 10-

30% with the assimilation of soil moisture (Crow et al., 2005; Wanders et al., 2014; Tyfur 

et al., 2014) many studies have been unable to show a significant benefit in soil moisture 

assimilation (Francois et al.,  2003, Matgen et al.,  2006; Crow and Ryu, 2009; Parajka et 

al.,  2009). Others saw a weakening model performance for regions with a high snow 
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cover percentage, or very dry regions and mountainous areas (Cammeraat, 2004; 

Brocca et al., 2012). Elsewhere, authors have found reduced performance in very high 

flow events or certain times of year (seasonality impacts) (Corato et al., 2014; Laiolo et 

al., 2014). Matgen et al. (2012) and Massari et al. (2015) attributed much of this 

performance variability to poor data quality and errors in the soil moisture data from the 

sensor into the model. In recent years improvements in passive microwave soil moisture 

products such as SMOS have resulted in much lower error when compared with in situ 

measurements. After six years in operation, SMOS has achieved global soil moisture 

error well within the overall 0.04m3/m mission target, and showed marked improvement 

over earlier problematic areas such as forested and snow cover regions (Kerr et al., 

2016).  

 
In summary, there is a clear research opportunity in the Canadian context to 

establish the relationship between the basin runoff ratio and the measured soil moisture 

state over catchments using the newly available high-resolution soil moisture data from 

L-band radiometers. This research aims to determine the utility of remotely sensed soil 

moisture as a predictor of runoff ratios over a subset of Canadian watersheds. Using 

SMOS-derived antecedent soil moisture over a range of 65 catchments, this analysis will 

incorporate the major climatic, topographic and geologic basin characteristics to assess 

and explain this relationship and the more general patterns of runoff generation across 

Canada. This will present an opportunity to increase our understanding of the hydrology 

of these watersheds, and guide future applications of soil moisture modeling and 

assimilation (Shamir et al., 2005; Kirchner, 2009).  
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3.2 Methodology  

3.2.1 Watersheds and Geospatial Data 

The study area is composed of 65 gauging stations from the Canadian Reference 

Hydrologic Basin Network (RHBN) and their contributing watersheds, distributed 

throughout the West Coast, Prairie, Central and Atlantic regions of Canada south of 

latitude 60’ North (Figure 3.1) (Harvey et al.,1999; Water Survey of Canada, 2010). An 

exception was made for the province of Quebec, where discharge data beyond the year 

2001 has not been publicly released. The RHBN is a network of over 200 active stream 

gauges characterized by minimally modified conditions (ideally, less than 10% flow 

modification) and pristine, stable land-use conditions (<5% of the land surface modified) 

with a 20 year minimum data record. (Harvey et al.,1999). A more thorough description of 

the current state of the RHBN dataset may be found in Burn et al. (2010).  

 
A subset of 65 stations (Figure 3.1) were selected to ensure a range of geographic 

locations and watershed sizes. Screening basins for inclusion into this study was based 

on the satellite record length of SMOS (2009-present), the RHBN data (many sites end in 

2014), the availability of precipitation data (begins in 2011 as described below) and basin 

size (basins with less than 50km2 gross drainage area were excluded).  

 
The stations covered a range of 11 different ecozones with average annual 

precipitation ranging from 374to 1659 to mm/yr and contributing drainage areas of 57 to 

119000 km2. Table 3.1 contains an overview of the general geographic descriptions of 

these basins. The watershed boundaries were obtained from the HydroBASINS database 

corresponding to the gross drainage area as recorded by the RHBN station data records 

(Lehner and Grill, 2013). The HydroBASINS data are a series of different watershed 
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polygons developed on behalf of the World Wildlife Fund US using data from the Shuttle 

Radar Topography Mission, broken down into hierarchical sub-basins using the 

Pfafstetter (1989) coding system (Lehner and Grill, 2013). At 15 arc-second resolution, 

this dataset currently provides the highest resolution global coverage, an improvement 

over the USGS HYDRO1K dataset, which is available at 30 arc second resolution 

(USGS, 2000, Lehner and Grill, 2013).  

 

 

 

 

 

 

 

 

 

 

Figure 3.1 Location of the 65 RHBNN gauging stations included in the 
study 

Soil moisture data were derived from the SMOS satellite, which uses an L-band 

radiometer that is sensitive to the soil dielectric constant in the top 5cm of the soil layer.  

The SMOS weekly absolute (volumetric surface soil moisture water content) and weekly 

anomaly (difference from the five-year average) data used in this study was sourced from 

Agriculture and Agri-Food Canada (AAFC), available as a gridded product with 0.25 

degree or 15km resolution for North America (Champagne et al., 2014).  
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Precipitation data was sourced from the Canadian Precipitation Analysis (CaPA) 

dataset, (Fortin et al., 2015). CaPA combines precipitation information from different 

sources through a statistical interpolation technique to produce a gridded precipitation 

product for North America at a 10km resolution (Mahfouf et al., 2007). The study period 

ranged from 2011 to 2014 due to limitations on the data record length of both SMOS and 

CaPA data, which was not available using current model configuration before 2011. 

Within the Water Survey of Canada RHBN network, the numbers of stations with 

complete records including 2015 or 2016 were limited to only 18 basins, which further 

limited the end date of the analysis to 2014.  
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Table 3.1: Overview of the hydroclimatic, topographic and land cover basin 
properties used to characterize basins in this study.  

Basin Property  Min Max Mean St. Dev. 
Basin Location 

    
 Latitude 44.46 58.89 50.51 3.32 
 Longitude -132.21 -53.57 -90.65 22.20 

Hydroclimatic     
Gross Drainage Area (km2) 57 65000 4476 10179 
Drainage Density (km km-2) 0.02 27.83 1.32 3.74 
Pfafstetter Stream Order 4 12 8 2 
Average Annual Runoff Ratio 0.03 0.87 0.30 0.20 
Average Annual Days of Precipitation 131 267 199 34 
Average Annual Precipitation (mm) 376 1633 843 299 
Precipitation Seasonality Index 0.21 0.70 0.43 0.12 

Spring Snowcover     
April Snowcover (%) 0.00 100.00 65.89 31.36 
May Snowcover (%) 0.00 99.14 35.53 27.66 
June Snowcover (%) 0.00 63.14 2.55 8.80 

Basin Topography     
Minimum Basin Slope (Deg) 0.00 0.70 0.06 0.13 
Maximum Basin Slope (Deg) 0.33 34.89 7.20 9.25 
Mean Basin Slope (Deg) 0.04 13.15 2.25 3.62 
Basin Compactness Ratio 0.76 4.09 2.27 0.82 
Minimum Elevation (m) 1 1599 324 324 
Maximum Elevation (m) 131 3131 912 827 
Mean Elevation (m) 81 2182 586 513 

Land cover     
     % Settlements <0.01 23.1 1.60 3.70 
     % Water 0.01 23.2 8.00 6.83 
     % Forest 0.01 98.9 59.0 26.0 
     % Cropland <0.01 91.5 7.00 17.7 
     % Grassland <0.01 93.5 3.07 13.4 
     % Wetland 0.02 91.4 15.7 22.7 
     % Other land <0.01 51.4 4.30 10.9 

Soil Composition     
     % Silt <0.01 48.0 20.7 13.0 
     % Sand 6.08 85.0 44.0 17.7 
     % Clay 0.75 41.0 12.7 9.88 
     % Gravel 0.33 15.0 5.87 3.68 
     % Organic Carbon 0.12 30.7 3.67 5.95 
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3.2.2	Basin	Characteristics	Data	Selection	

 
  Hydrologic and topographic characteristics of the basins were extracted from the 

gauging station metadata and from various geospatial layers spatially averaged over the 

watershed outlines in ESRI ArcMap 10.2. When available, the basin features most 

commonly tied to runoff generation were included for analysis in this study following 

previous work by Berger and Entekhabi, (2001), Yadav et al. (2007), Merz and Bloschl, 

(2009), Jencso and McGlynn, (2011) and Chang et al. (2014). A total of 31 basin 

characteristics conceptually tied to runoff generation, which may be generally classified 

into physiographic or hydroclimatic attributes, were selected for inclusion.  

 
Physiographic features were location co-ordinates, slope, elevation, basin 

compactness, land cover type and soil data. Basin compactness was defined by Chang 

et al. (2014) as the basin area divided by the square of its perimeter, with higher numbers 

representing a more compact shape. Basin slope and elevation was extracted from the 

GeoGratis Canadian Digital Elevation Model (Natural Resources Canada, 2012). 

Percentage land cover type was determined using the 2010 Canadian Land Use data at 

a spatial resolution of 30m, available through Agriculture and Agri-Food Canada (2010).  

The overall dataset land cover classification accuracy is 92.7%, with land cover classified 

according to the descriptions in Table 3.2. For the purpose of this study, the certain land 

covers such as forests, wetlands and grasslands were grouped, as many of the more 

specific land cover types were scarce in the dataset. The grouped datasets are found in 

Table 3.2 
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Soil data from the Harmonized World Soil Database v1.2 was used, including soil 

type, texture and composition (FAO, 2012.). Hydroclimatic variables included the 

watershed drainage density, CaPA average annual and warm season precipitation, days 

of recorded precipitation, the calculated Precipitation Seasonality Index (PSI) and 

average basin snow cover percentage from April to June. Watershed drainage density 

was calculated from the hydroBASINS rivers database (Lehner and Grill, 2013). The daily 

CaPA precipitation data was spatially averaged as shown below (Figure 3.2) over each of 

the basins. The PSI was estimated following the Walsh and Lawler (1981) equation, 

where higher values correspond to high seasonality (Equation 3.1). R is the mean annual 

rainfall, and m is the mean monthly rainfall.  

𝑃𝑆𝐼 = !
!

𝓍! − !
!"

!!!"
!!!                

 

Land Cover Group AAFC Classification Description 
Settlements Settlement Built-up and urban 
Settlements Roads  Primary, secondary and tertiary 
Water Water  Natural and human-made 
Forest Forest  Treed areas >1 ha in size 
Wetland Forest Wetland  Wetland with forest cover 
Forest Trees  Treed areas <1 ha in size 
Wetland Treed Wetland  Wetland with tree cover 
Cropland Cropland Annual and perennial 
Wetland Wetland  Undifferentiated wetland 
Wetland Wetland Shrub  Wetland with shrub cover 
Wetland 
Grassland 
Grassland 

Wetland Grass 
Grassland Managed 
Grassland Unmanaged  

Wetland with grass cover 
Natural grass/shrubs for grazing 
Natural grass/shrubs 

Other land  Other  Rock, beaches, ice, barren land 

Table 3.2: Land cover classification in the Land Use, 2010 Data Product 
(Agriculture and Agri-Food Canada, 2010). 

 

[3.1] 
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Average snow cover percentage was determined from the TERRA MODIS Snow 

Cover Monthly Level 3 Global 0.05 Degree dataset (Hall et al., 2006). 

3.2.3	SMOS	and	CaPA	Processing		

 
Using the 10km gridded CaPA and 15km gridded SMOS data products, a spatially 

averaged value of the daily soil moisture anomaly and precipitation was extracted over 

each of the basins following a weighted spatial interpolation technique adapted from 

Koster et al. (2000) (Equation 3.2).   

  

 

Mean Soil Moisture or CaPA precipitation (S) in catchment b is computed where 

Abg is a fractional area of catchment b within grid cell g (Koster et al., 2000) Figure 3.2 

presents the conceptual data processing steps completed in ESRI ArcGIS 10.2. 

 

 

   

 

 

 

 
 

Figure 3.2: Conceptual ArcGIS SMOS and CaPA processing steps 

[3.2]	
Sn =

SgAbgg∑
Sgg∑
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3.2.4 Discharge Processing 

Discharge processing for all basins was carried out in Matlab R2015a. The runoff ratio 

was calculated on both an annual and weekly time period over each basin spanning the 

warm season from April to November. Winter runoff was not analyzed in this study in an 

effort to limit the influence of complicating snow and ice hydrology over these basins. To 

derive quickflow from each discharge timeseries recorded by the Water Survey of 

Canada gauging stations, a semi-automated baseflow separation technique was applied 

using a modified version of the linear Chapman baseflow filter (1999) (Equation 3.3).  

)(
2
1)1(

2
)( iQ

k
kiQ

k
kiQ bb −

−
+−

−
=         k = Q

Qo
⎛

⎝
⎜

⎞

⎠
⎟

1/t
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Qb(i) is baseflow at time i, k is the baseflow recession parameter, t is the lag time, Q is 

the total stream flow (Chapman, 1999). Final runoff ratios were calculated by dividing the 

daily quickflow (m3) (used as a proxy for surface runoff) by the basin size (m2) and 

precipitation (m) for the duration of the timeseries (Equation 3.4). In addition to the 

weekly runoff ratio calculation, the average annual runoff ratio for the water year (1 

October to 30 September) was also calculated over each basin. 

Runoff Ratio =     Quickflow Discharge (m3/day)              

               Precipitation(m/day) * Area (m2) 

3.2.5 Statistical Analysis 

3.2.5.1 Trends in Runoff Ratio  

All statistical analysis of variables was carried out using SAS 9.4 and ESRI 

ArcMap 10.2 software, and all statistical F tests were carried out at the 95% significance 

 [3.4] 
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level. The dependent variable (average annual runoff ratio) and independent variables 

(basin characteristics) were checked for normality with a Shapiro-Wilk test. Given the 

significant non-normal distribution of the independent variables, the Spearman rank 

correlation (rs) was used as a measure of correlation strength. The correlation coefficient 

was then calculated between the average annual runoff ratio and the corresponding 

basin features from Table 3.1. Following the calculation of these individual correlation 

coefficients, a multivariate regression analysis was carried out to determine which 

combinations of landscape variables could be most effectively used to predict the spatial 

distribution of average annual runoff ratio seen across the sampled basins.  

 
All possible independent variables (basin characteristics) were checked for 

variable collinearity and co-variance. While a limitation of the multivariate analysis is that 

only linear relationships are explored, the statistical significance and confidence levels of 

the model are easier to establish than with non-linear regression approaches (Berger and 

Entekhabi, 2001). 

 
To determine the best multiple regression model, combinations of stepwise, 

forward and backward regression models with varying parameters were built in SAS. This 

method has been applied to numerous similar analyses with success (Berger and 

Entekhabi, 2001 Yadav et al., 2007; Chang et al., 2014). An overall model condition 

index threshold of 30 and an individual variable VIF threshold of 5 was applied to all 

models to detect multicollinearity and individual variance inflation (Chang et al., 2014).  

 
To detect influential data points, Cook’s distance threshold was set at 0.5, which 

was only exceeded by 1 to 3 data points in the final models (Chang et al., 2014). The 
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final model selection was based on the best model adjusted R2, AICc, MSE, distribution 

of residuals and individual predictor significance (Chang et al., 2014). Finally, the two 

most parsimonious models for the dependent variable were selected (Table 3.3) 

3.2.5.2 Soil Moisture-Runoff Analysis  

The runoff-soil moisture correlation data was tested for normality and 

homoscedasticity with residual plots in SAS; data did not fit a normal distribution, 

violating the assumption of linearity for the Pearson distribution. Therefore, following 

Crow et al. (2017) the Spearman rank correlation was used as a non-linear measure of 

correlation strength in Matlab2015Ra. Initially, the SMOS anomaly and absolute weekly 

soil moisture values were used to compare the resulting strength of the correlations. 

Exploratory correlations were also calculated at lag times of 1-4 weeks, but these data 

were not included as the results did not show any improvement over the 1-week soil 

moisture data sets.  

Given the multiplicity problem (a higher likelihood of Type 1 errors for running 

independent tests), the Benjamini and Hochberg (1995) procedure was applied to all 

hypothesis testing of the correlation significance in Matlab. The False Discovery Rate 

(FDR) is a powerful and widely applied procedure that is less conservative than the 

Bonferroni (1936) correction, which may often result in the opposite problem of too many 

false negatives (Benjamini and Hochberg, 1995). For full calculation methods, see 

Benjamini and Hochberg (1995). 

To account for the existence of threshold precipitation events for runoff to occur 

over the basins (Farrick and Branfireun, 2014; Crow et al., 2017), the overall correlation 

strength was calculated at precipitation thresholds of 0-95% by incrementally removing a 
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percentage of the weeks with the lowest total precipitation from the analysis. This was 

done for each basin by ordering the 136 total weeks of data according to total weekly 

precipitation. The weeks with the lowest precipitation were then incrementally (0-95% of 

the weeks of data) excluded from the correlation analysis. 

 Figure 3.3 displays the percentage of basins with FDR corrected significant 

correlations (p<0.05, 1-tailed) at each of these percentage thresholds. The final 

precipitation threshold was selected as removing 20% of lowest precipitation weeks from 

the analysis. At this threshold, 32% of basins show significant correlations between the 

soil moisture anomaly and runoff ratio. This is the largest precipitation threshold before a 

drop-off in significance occurs, retaining the greatest number of weeks of data in the 

analysis while ensuring weeks with insignificant precipitation amounts were removed.  

Lastly, using the Global Moran I tool in ArcMap 10.2, the spatial pattern of the soil 

moisture-runoff relationship was described as significantly clustered (z=5.08, p<0.001). 

Distinct clusters were determined with the Anselin Local Moran's I tool, and can be seen 

in Figure 3.6. Once the soil moisture-runoff correlation was calculated for each basin, the 

relationship with basin characteristics was determined using a simple correlation and 

multivariate regression analysis. The same methods were followed as outlined in section 

3.2.5.1, with the soil-moisture runoff relationship as the dependent variable. The most 

parsimonious model was selected, presented in Table 3.5. The resulting model checked 

for clustering, spatial outliers and spatial autocorrelation using a Global Moran I and 

Anselin Local Moran's I (Table 3.5).  
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Figure 3.3: Percentage of basins with FDR corrected significant correlations 
(1 tailed, p<0.05) between the weekly runoff ratio and SMOS anomaly soil 

moisture data. The soil moisture-runoff correlation was calculated at 
different precipitation thresholds by incrementally removing a percentage of 

weeks with the lowest total precipitation from the analysis. 
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3.3 Results 

3.3.1 Spatial Analysis of Runoff  
 

 

 

 

 

 

 

 

Figure 3.4: Average annual runoff ratios calculated across all 65 basins. 

Figure 3.4 shows the average annual runoff ratios across the 65 basins. Spatial 

trends show generally low runoff ratios in the prairies consistent with research done by 

Dumanski et al. (2015) and Shook and Pomeroy (2012), while high runoff ratios occur in 

the East and West coasts. The greatest runoff ratios occur over the mountainous basins 

of the Canadian Rocky Mountains in Alberta and British Columbia, previously reported by 

Serreze and Barry, (2014). The high coastal runoff ratios may be attributed to the high 

annual precipitation over these basins, as Atlantic Canada and the Pacific Coast have up 

to three times the average annual precipitation of the central provinces.  A few 

anomalous results with moderately high runoff ratios occur in the prairies. The  
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watersheds in Ontario have a large range of runoff ratios, with most basins showing a 

moderate 0.2 to 0.3% average annual runoff ratio. 

 

 

Basin Characteristic  rs 
Basin Location   

 Latitude -0.43 
 Longitude 0.29 

Hydroclimatic 
Gross Drainage Area (Km2) -0.35 
Effective Drainage Area (Km2) -0.35 
Drainage Density -0.36 
Pfafstetter level 0.31 
Average  Annual Days of Precip  0.57 
Average Annual Precip (mm) 0.74 
Precipitation Seasonality Index  -0.41 

Spring Snowcover   
April Snowcover (%) -0.11 
May Snowcover (%) 0.05 
June Snowcover (%) 0.24 

Basin Topography   
Minimum Slope (deg) 0.41 
Maximum Slope (deg) 0.57 
Mean Slope (deg) 0.60 
Compactness Ratio 0.29 
Min Elevation (m)  -0.18 
Max Elevation (m)  0.16 
Mean Elevation (m)  0.02 

Land cover  
% Settlements 0.12 
% Water -0.01 
% Forest 0.26 
% Cropland -0.03 
% Grassland 0.09 
% Wetland -0.14 
% Other Land 0.38 

Soil Composition  
Silt (%) -0.06 
Sand (%) 0.13 
Clay (%) -0.22 
Gravel (%) -0.28 
Organic Carbon (%) 0.05 

Table 3.3: Spearman correlation coefficient (rs) between basin characteristics and 
average annual runoff ratio N=65, Values significant at the 95% are in boldface. 
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AAP=Average annual precipitation, Gravel=Percent gravel soil type, Mean Slope = Mean 
basin slope (deg), Pf= Pfafstetter basin level, Forest=Percentage treed wetland, Other= 
Other Land percentage (barren, ice)  
 
 

The results of the multi-variant analysis produced two models which best describe 

the distribution of runoff ratio across the sampled basins (best model R2 and AICc), 

shown in Table 3.3. Both these models show the variability in average annual runoff ratio 

to be a function of the average annual precipitation, basin order and gravel percentage, 

while Model 1 includes forest and other land cover percentage and Model 2 mean basin 

slope and basin location (latitude and longitude).  

 
Hydroclimatic variables show the strongest correlation with runoff ratio, followed 

by basin topography and, to a lesser extent, land cover and soil parameters. Out of the 

various climate descriptors, the greatest variability between basins may be explained 

using the average annual precipitation, following Chang et al. (2014). The Pfafstetter 

stream order functions as a measure of basin order within the larger drainage system, 

Model Equation estimate Adjusted R2 AICc MSE 

Runoff Ratio 
Model 1 

-0.36 + 0.022(Pf) + 0.013 
(Gravel) + 0.0037(AAP) + 
0.0011(Forest) + 0.0054 
(Other) 

 
0.62 

 
-264 

 
0.016 

Runoff Ratio 
Model 2 

-0.70 + 0.013(Lat) + 
0.0030(Long) + 0.027(Pf) + 
0.11(Gravel) +0.0033(AAP) + 
0.021(Mean Slope) 

0.61 -262 0.126 

Table 3.4: Multiple regression models showing relationships between the runoff 
ratio and basin characteristics. 
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with higher ordered basins corresponding to smaller sub-basins. 

3.3.2 Runoff Ratio Correlation with SMOS Soil Moisture 

 

 
 

 

 

 
 
 
 
 
 
 
 
 
 

Figure 3.5: Spearman correlation co-efficient (rs) calculated between the 
weekly SMOS soil moisture anomaly and basin runoff ratio.  

  

 

 

 

 

 

 

Figure 3.6: Cluster and outlier analysis of soil moisture-runoff spatial 
distribution across basins.   
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Figure 3.5 shows the spatial distribution of the correlation strengths between the 

SMOS soil moisture anomaly and the runoff ratio. The correlations vary between rs=-0.31 

and rs=0.56, with 32% of the basins showing significant correlations (1-tailed, p<0.05). 

The strongest correlations occur in the basins located in Ontario, and in the southern 

central regions, while greater negative correlations are found in the central prairie 

regions. The basins in the Canadian Rocky mountain regions did not show significant 

correlation results. The strength of the correlation is highly variable over the catchments, 

although some distinct spatial trends are visible. 

 
To explore the basin characteristics that might be related to these patterns of 

correlation strength, a Spearman rank correlation coefficient was calculated between 

each of the basin characteristics and the corresponding basin soil moisture-runoff 

correlation coefficient (Table 3.4).  

 
In contrast to the major controls on the basin average annual runoff ratio in Table 

3.2, the only hydroclimatic variable significantly correlated with the strength of the soil 

moisture-runoff correlation was average annual precipitation. The strongest controls on 

this relationship were basin location and topography, which is unsurprising given the high 

degree of correlation between the location and topographic variables. Sand percentage 

also showed a significant correlation with the relationship strength, as did both 

percentage water and other (barren or ice) land cover.  
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Basin Characteristic  rs 
Basin Location   

 Latitude -0.30 
 Longitude 0.43 

Hydroclimatic  
Gross Drainage Area (km2) 0.21 
Effective Drainage Area (km2) 0.20 
Drainage Density (km km-2) 0.22 
Pfafstetter Stream Order  -0.18 
Average  Annual Days of Precip  <0.01 
Average Annual Precip (mm) 0.29 
Precipitation Seasonality Index  -0.08 

Spring Snowcover  
 April Snowcover (%) -0.17 

May Snowcover (%) -0.20 
June Snowcover (%) -0.03 

Basin Topography  
 Minimum Slope (deg) -0.36 

Maximum Slope (deg) -0.41 
Mean Slope (deg) -0.43 
Compactness Ratio -0.20 
Min Elevation (m)  -0.26 
Max Elevation (m)  -0.47 
Mean Elevation (m)  -0.35 

Land cover  
% Settlement 0.21 
% Water 0.26 
% Forest <0.01 
% Cropland 0.10 
% Grassland -0.13 
% Wetland 0.22 
% Other Land -0.31 

Soil Composition 
 Silt (%) 0.01 

Sand (%) 0.28 
Clay (%) 0.12 
Gravel (%) -0.01 
Organic Carbon (%) 0.15 

Table 3.5: Spearman correlation coefficient (rs) between basin 
characteristics and soil moisture-runoff correlation N=65, Values significant 

at the 95% are in boldface. 
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Table 3.6: Multiple regression model showing the relationships between the soil 
moisture-runoff correlation and basin characteristics. 

	

Model Equation estimate Adjusted 
R2 

AICc MSE Moran’s I z-score Pattern 

Soil 
Moisture-
Runoff  

0.99 -0.02(Lat) -
0.00014(MeanElev) 

0.22 

 

-225 

 

0.03 0.022 2.39 
(p=0.02) 

Clustered 

 
Lat=Latitude, MeanElev=Mean basin elevation 
 
 

While a multivariate model was attempted (Table 3.6), the highest model adjusted 

R2 attained was 22% using only two variables; latitude and mean basin elevation. Given 

this poor model outcome, it is assumed that the current dataset is insufficient to create a 

predictive equation of the strength of the soil moisture-runoff correlation at this time. 

Future models may include more detailed geophysical basin characteristics and a larger 

dataset to improve on the current model performance. A greater number of basins with 

longer temporal resolution across Canada where these relationships may be tested will 

be crucial for future work. However, a spatial analysis of the regions of highest correlation 

and the simple spearman correlation did reveal several relationships of interest for SMOS 

soil moisture application.  

 

3.4 Discussion  

3.4.1 Impacts on runoff ratio 

The first objective of this research was to conduct a regional analysis of runoff ratios 

and their contributing factors across Canada. Runoff ratios over the 65 basins display 

distinct spatial trends related primarily to location, climate (specifically average annual 

precipitation) and basin topography, in agreement with previous studies (Berger and 
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Entekhabi, 2011; Chang et al., 2014).  A predictive model with an R2 of 0.62 was 

developed to estimate the runoff ratio over the sampled catchments. The model shows 

that that runoff is related mainly to average annual precipitation, basin elevation and 

other contributing factors such as basin stream order and spring snow cover percentage.	

Table 3.3 shows the results from the correlation between the various basin average 

annual runoff ratios and basin characteristics. As expected and shown in other studies by 

Chang et al. (2014) and Merz and Bloschl (2009), average annual runoff ratios over 

these Canadian basins were most highly correlated with climate variables, notably with 

average annual days of precipitation and average annual precipitation, while also being 

controlled to a lesser extent by the precipitation seasonality. Snow cover percentage, 

particularly June snow cover, was also significantly correlated to the runoff ratios. Next to 

climate, basin topography had the greatest influence on the runoff ratio, with basins with 

high maximum and mean slope correlating with high runoff ratios.  

A high precipitation seasonality index corresponded with lower runoff ratios, which 

may indicate that basins with consistent precipitation throughout the year maintained 

higher water tables, while basins marked by short, seasonal precipitation events 

experienced lower average runoff and higher infiltration. Several aspects of basin shape 

and topography were also related to the runoff ratio. High basin slope and compactness 

were both correlated with higher runoff, while conversely a high basin drainage area and 

drainage density was correlated to lower runoff.  

 
Soil texture has a significant impact on the infiltration capacity of the soil (Malik et al., 

1987). Both gravel percent soil composition were negatively correlated with runoff ratio. 

This finding agrees with previous studies that have found fine soils are more likely to 
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produce higher runoff ratios given their low infiltration rates (Pepper and Morrissey, 1995; 

Santos et al., 2003). However, fine textured soils also have a higher water storage 

capacity which in turn leads to a longer holding time for water in the soil (Malik et al., 

1987; Rawls et al., 1982; Saxton and Rawls, 2006).  

Lastly, both highly forested and barren landscapes were related to higher average 

annual runoff ratios, while no other land cover types were significantly correlated to the 

runoff ratio. The complexity in determining the relationship between forest cover and 

runoff generation was discussed in Sriwongsitanon and Taesombat (2011), showing that 

for small rainfall events of similar size, forested areas produced lower runoff ratios than 

grassland or agricultural regions due to their increased evapotranspiration and soil 

moisture retention. However, for larger rainfall events, the results were reversed as 

forested regions showed greater runoff ratios due to their deeper root-zone and soil 

saturation capacity. Similar results were found by López-Moreno et al., (2006) and 

Bathurst et al., (2011). Barren landscapes may be expected to correlate positively with 

runoff as these landscapes are marked by large impenetrable landscapes covered by ice 

or rock, which may prevent infiltration into the soil (Agriculture and Agri-food Canada, 

2010).  

3.4.2 Impacts on the soil moisture-runoff relationship  

 
This research provides a simple method to model the spatial distribution of runoff 

ratios and their relationship to SMOS-measured antecedent soil moisture across multiple 

Canadian watersheds. Given the possibility of error in the absolute SMOS data, 

especially over more remote regions where validation has not taken place, the SMOS 

weekly anomaly functions as a good relative measurement of the antecedent soil 
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moisture state (Champagne et al., 2016). Figure 3.3 illustrates the percentage of basins 

with statistically significant correlations between the runoff ratio and the SMOS soil 

moisture anomaly at different precipitation thresholds.   

 
The soil moisture-runoff relationship was determined over all catchments using a 

non-linear Spearman rank correlation co-efficient between the weekly SMOS soil 

moisture anomaly and runoff ratio (Crow et al., 2017). It was expected that the results 

would be influenced by the existence of soil moisture precipitation thresholds. Thus, the 

antecedent soil moisture state may have little influence on the amount of runoff 

generated until this threshold is exceeded. It is possible, therefore, that in certain 

catchments negative soil moisture anomalies kept the soil moisture below a threshold for 

the majority of the year, which could not be overcome by the positive anomalies later in 

the season. Ali et al., (2012; 2013; 2015) has extensively discussed the difficulties in 

determining this threshold over a basin, which is often dynamic and dependent on 

several hierarchal catchment properties. Non-linearity in the storage-discharge 

relationship can take many forms. In a literature review of several hydrologic studies, the 

author identified 4 common shapes of the storage-discharge relationship ranging from 

Step, Hockystick, Sigmoid and Dirac functions (Ali et al., 2013).  

 
In an effort to account for the existence of a threshold in the data, the analysis was 

conducted at incremental precipitation thresholds by removing the weeks with the lowest 

total precipitation. Figure 3.3 illustrates the changes in the number of basins with a 

significant correlation at various precipitation thresholds. It shows a large initial increase 

from the 0% threshold to the 5-20% thresholds, whereafter the relationship decreases 

dramatically as the sample size drops. While this paper used a standard precipitation 
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threshold of 20%, future work should determine the individual precipitation thresholds on 

a basin (Crow et al., 2017).  

 
32% of basins showed a significant (p>0.05, 1-tailed) correlation between the 1-week 

SMOS soil moisture anomaly and the basin runoff ratio at the chosen threshold. Distinct 

spatial patterns are evident in the data; the correlation strength is highest over the 

Ontario basins but weakens in northern latitudes and coastal areas. Several negative 

correlations between the SMOS soil moisture and runoff ratio were observed over the 

prairie and boreal forest regions in Manitoba and Saskatchewan. The complex hydrology 

of this region has a substantial impact on runoff generation in these environments 

(Pomoroy et al., 1999, 2011). The prairie landscape includes winter snow accumulation 

with large snow-melt events in the spring, and a summer rainfall regime marked by a few 

intense precipitation events in the form of storms. In between these infrequent 

precipitation events, very high evaporation rates often exceed precipitation inputs, 

resulting in surface water deficits  (van der Kamp et al., 2003; Pomeroy et al., 2005; Fang 

and Pomeroy, 2007).  

 
Over many of these basins, the lack of rainfall or discharge data for large parts of the 

season make it more difficult to draw conclusions about the strength of the soil moisture-

runoff relationship or use it as a basis for forecasting. Accordingly, the relationship 

between SMOS soil moisture and the runoff ratio looks different in the Prairie region 

compared to other regions in Canada. The spearman correlation analysis revealed a 

significant correlation between the strength of the SMOS soil moisture-runoff ratio 

relationship and the average annual precipitation over basins (rs=0.29), further supporting 
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the claim that drier regions are more problematic for the soil moisture-runoff relationship 

with poorer relationship strengths associated with low annual precipitation.  

Given these results, an important consideration for future use of SMOS soil moisture 

in Canada is the considerable variability in the strength of the correlation over individual 

basins.  Thus, caution should be taken when using SMOS antecedent soil moisture over 

certain regions as a predictor of runoff or assimilating it into streamflow/flood forecasting 

models. While some regions are highly suitable for these applications with strong overall 

correlations, many regions are expected to show little to no improvement with soil 

moisture assimilation into forecasting models at this coarse resolution.  

 
These spatial patterns were then examined further by characterizing the dominant 

basin features which may explain inter-basin variability. A simple Spearman regression 

was run to identify influential characteristics, whereafter a multiple regression equation 

was developed to predict regions of strong correlation. However, the multiple regression 

yielded poor results and was unable to explain more than 22% of the variability in the soil 

moisture-runoff relationship. Spearman correlations, however, revealed that topographic 

variables (slope, elevation) and latitude show the strongest controls on the relationship. 

There were no significant correlations in the Canadian Rocky Mountain basins or the far 

eastern coast, and stronger significant correlations over Ontario and southern Manitoba 

basins.  

 
The topographic variables may be explained by the impact of steep slopes on the soil 

moisture retrieval by the L-band radiometer. While the SMOS retrieval algorithm takes 

into account gentle topography, strong inclines such as those in the Canadian Rockies 
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have a severe impact on the signal strength and may render it useless (Kerr et al. 2012; 

Pellarin et al., 2016). Rocky outcrops and exposed rocky areas are similarly problematic 

for the signal, both of which may be present in this region. The signal is also impacted by 

highly mobile waterbodies (flooding along lake, river and coastal regions) and other 

temporally variable land areas such as sandy beaches, which may explain some of the 

variability in the East Coast and around the Hudson Bay area (Kerr et al., 2012).  

This impact is further captured by the significant correlations with the percentage of 

“other land” cover, where high percentages of other land are correlated with a much 

poorer performance of the soil moisture-runoff relationship. These other lands are 

commonly found in barren, rocky or ice-covered areas in mountainous or northern 

regions, where steep slopes may also be present (Agriculture and Agri-food Canada, 

2010.) Percentage of water cover had a low but significant correlation (rs=0.26) with the 

strength of the soil moisture-runoff relationship, indicating that the regions surrounding 

lakes and large rivers may be more sensitive to the soil moisture-runoff relationship.   

Lastly, another area of concern for the SMOS retrieval accuracy is winter snow 

cover (Kerr et al., 2012). While the winter months were eliminated from this analysis in an 

effort to reduce the impact of snow and frozen soils on the results, it is reasonable to 

assume that lingering snow cover in the spring and early summer months over much of 

the country will have an impact on both the runoff ratios attributed to spring snow-melt 

events and the SMOS soil moisture retrieval accuracy over these basins (Chan et al., 

2016; Kerr et al., 2016).  

The presence of several high runoff ratios (Figure 3.3) could plausibly be tied to 
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basins heavily influenced by persisting spring snow cover conditions given the strong 

correlation between April to June snow cover percentage and the runoff ratio. As seen in 

Table 3.2, the correlation between average annual runoff ratio and June snow cover 

percentage is significant (rs=0.24). However, there were no statistically significant 

correlations between the snow cover percentage and the strength of the soil moisture-

runoff relationship (Table 3.4).  A significant area of future work in the Canadian context 

will be to further isolate the impact of spring snow-melt events on the runoff ratio, and 

include a measure of snow water equivalence into the precipitation data.   

3.5 Conclusion 

While many studies have established the relationship between soil moisture and 

runoff locally, this analysis is the first to evaluate the soil moisture-runoff relationship over 

several regions of Canada. The goal of this research was to establish the strength of this 

relationship and identify the characteristics of the basins where SMOS soil moisture was 

most strongly correlated to the runoff ratio. Using relatively coarse resolution SMOS soil 

moisture anomaly data, ~30% of the 65 basins included in this analysis had statistically 

significant correlations between the weekly runoff ratio and antecedent soil moisture. 

Several problematic regions were identified which may be associated with either poor 

performance of the satellite retrievals (slopes, barren and rocky landscapes, dynamic 

water bodies and snow cover) or with the complexity of runoff generation (thresholds, 

frozen soils and dry prairie environments). Thus, it is recommended that caution should 

be used when using remotely sensed soil moisture estimates over problematic regions 

and those with unknown or complex terrain. 

The results of this analysis provide a starting point for future regional studies to 
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analyze the relationship with basin characteristics in greater depth. Soil moisture will 

increasingly be used as an important data source for hydrological and land-surface 

models in Canada as both technological capacities and access to high-resolution 

geospatial data expands. The strength and validity of these results will be improved with 

access to more complete data sets of stream gauge and precipitation data from 

Canadian watersheds to allow for further data validation. Future work may also look into 

repeating this analysis with the SMAP L-band data, as this sensor was shown by Crow et 

al. (2017) to perform slightly better than the SMOS sensor over the same areas.  
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Chapter 4.0: Summary and Conclusion 

The aim of this thesis was to evaluate the utility of coarse resolution antecedent 

soil moisture measurements captured by the SMOS satellite to characterize the basin 

scale runoff response. This analysis had not previously been conducted at this scale in 

the Canadian context, and provides greater understanding of unique landscape 

characteristics controlling the strength of the relationship between runoff ratio and soil 

moisture. Runoff ratios were calculated across 65 natural basins across Canada, 

showing distinct spatial trends with the highest average annual runoff strongly correlated 

to climate and basin topography. These spatial patterns were consistent with previous 

studies conducted across the US (Chang et al., 2014). After correcting for the multiplicity 

problem and precipitation thresholds, 32% of the basins showed a statistically significant 

correlation between the weekly runoff ratio and SMOS antecedent soil moisture anomaly. 

Further correlation and regression analysis then identified the regions and characteristics 

of basins with the strongest relationship.  

Several distinct attributes of the soil moisture-runoff relationship were identified. 

Firstly, the SMOS soil moisture anomaly data product dramatically outperformed the 

absolute data. This may be because of errors inherent in the absolute soil moisture 

retrievals over regions where validation has not taken place (Champagne et al., 2016). 

The SMOS soil moisture anomaly data is a reliable substitute for absolute soil moisture 

volume data, where positive anomalies correspond to wetter than average and negative 

anomalies with drier than average conditions. The strength of the soil moisture anomaly 

and the runoff ratio relationship over the catchment was also strongly dependent on the 

chosen precipitation threshold, with a clear improvement in the strength of the correlation 
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and the number of significant basins when a threshold was applied to the data. Future 

research efforts should expand on this work by calculating a basin specific precipitation-

runoff threshold where possible.  

This research was partly motivated by the data needs in the field of flood 

forecasting. Soil moisture is a key parameter in surface hydrology, with antecedent soil 

moisture controlling the partitioning of precipitation on a basin scale, and has increasingly 

been viewed as a crucial component of flood forecasting models due to this effect 

(Massari et al., 2014; Tayfur et al., 2014; Wanders et al., 2014). Within the context of a 

changing climate, flooding has become an increasingly damaging natural disaster in 

Canada, with large flood events becoming more frequent (Burn et al., 2016; Buttle et al., 

2016). As antecedent soil moisture is often included as a key input in flood forecasting 

models, the results of this analysis will be valuable to ongoing flood forecasting model 

development by identifying the regions where soil moisture data will be most useful for 

predictions.  

Specifically, this study has identified that several regions across Canada are not 

ideally suitable for remotely sensed soil moisture assimilation into models to improve 

runoff estimates. In environments with steep slopes such as rugged mountainous terrain, 

dynamic land cover along water-bodies, high spring snow cover, frozen soils and barren 

landscapes areas, a combination of interference in the satellite soil moisture retrieval and 

complex runoff generating processes make these landscapes unsuitable for this type of 

analysis. However, SMOS-derived soil moisture will be a valuable data source for models 

in more central, southern latitudes with gentle topography and a variety of land cover 

types. 
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This research was limited in the temporal resolution of the available data given the 

short timeline of the available SMOS satellite data products. Future research will benefit 

from a longer length of data availability and higher resolution retrievals. A promising area 

of future research is using finer-resolution remotely sensed measurements from the 

SMAP satellite. SMAP was launched by NASA in 2015 with a combined radar and 

radiometer which aimed to create a global soil moisture product at a greatly improved 

radiometric and spatial resolution (Entekhabi et al., 2010). However, the radar instrument 

failed in June of 2016, leaving only the radiometer operational. Crow et al. (2017) found 

an improvement in the relationship between runoff ratio and antecedent soil moisture 

when using SMAP. While SMOS provides a longer-running timeseries of soil moisture 

data, future missions with improved temporal and spatial resolution have the potential of 

providing greatly improved data for this type of analysis. Following Crow et al., expanding 

the analysis to a daily time-step may further improve results.  

A large limitation of this analysis was the limited number of stream and 

precipitation gauges and corresponding geospatial data available for much of Canada. 

One area of suggested future work would be to conduct an analysis of the regional 

differences in the soil moisture-runoff correlation for the different climate or landscape 

zones of Canada. Chang et al., (2014) performed a localized geographically weighted 

regression analysis in their study of runoff across the US, for example, allowing the 

different landscape variables to be weighted differently according to the region. While 

requiring greater data inputs, this type of analysis would provide further understanding of 

how the spatial relationships of runoff and SMOS soil-moisture vary between distinct 

regions.  
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In conclusion, coarse-resolution remote sensing soil moisture products provide 

valuable information to aid in the understanding of basin runoff response. Further 

research into the ability for the SMOS soil moisture product to correlate with runoff ratios 

is essential to further our understanding of local and watershed-scale hydrology, 

especially in light of climate and hydrological changes in response to global climate 

change. Enhancing our knowledge of this relationship will continue to improve the 

predictability of seasonal maximum flow events and, combined with other important 

variables, form part of larger flood prediction models. 
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Appendix A 
 
Average annual runoff ratio and soil moisture-runoff correlation for all 65 basins in study 
area.  

       

Station 
Code Station Name Prov Lat. Long. Ave. Annual 

Runoff Ratio 
Soil Moisture-
Runoff 
Correlation (rs) 

01AD002 
 
SAINT JOHN RIVER AT FORT 
KENT 

NB 47.26 -68.60 0.28 0.22 

01AD003 ST. FRANCIS RIVER AT OUTLET 
OF GLASIER LAKE NB 47.21 -68.96 0.26 0.27 

02AB008 NEEBING RIVER NEAR THUNDER 
BAY ON 48.38 -89.31 0.20 0.05 

02BF002 GOULAIS RIVER NEAR 
SEARCHMONT ON 46.86 -83.97 0.30 0.43 

02CF008 WHITSON RIVER AT VAL CARON ON 46.61 -81.03 0.19 0.16 

02EA005 NORTH MAGNETAWAN RIVER 
NEAR BURK'S FALLS ON 45.67 -79.38 0.34 0.26 

02EC002 BLACK RIVER NEAR WASHAGO ON 44.71 -79.28 0.28 0.28 

02FB007 SYDENHAM RIVER NEAR OWEN 
SOUND ON 44.52 -80.93 0.33 0.46 

02FC001 SAUGEEN RIVER NEAR PORT 
ELGIN ON 44.46 -81.33 0.29 0.44 

02HL004 SKOOTAMATTA RIVER NEAR 
ACTINOLITE ON 44.55 -77.33 0.19 0.32 

02JC008 BLANCHE RIVER ABOVE 
ENGLEHART ON 47.89 -79.88 0.25 0.28 

02KB001 PETAWAWA RIVER NEAR 
PETAWAWA ON 45.89 -77.32 0.21 0.09 

02LB007 SOUTH NATION RIVER AT 
SPENCERVILLE ON 44.84 -75.54 0.19 0.56 

02YJ001 HARRYS RIVER BELOW HIGHWAY 
BRIDGE NL 48.58 -58.36 0.70 -0.14 

02YL001 UPPER HUMBER RIVER NEAR 
REIDVILLE NL 49.24 -57.36 0.72 0.22 

02YN004 STAR BROOK ABOVE STAR LAKE NL 48.63 -57.31 0.81 0.17 
02YQ001 GANDER RIVER AT BIG CHUTE NL 49.02 -54.85 0.46 -0.10 
02YR001 MIDDLE BROOK NEAR GAMBO NL 48.81 -54.22 0.42 0.13 

02ZF001 BAY DU NORD RIVER AT BIG 
FALLS NL 47.75 -55.44 0.57 -0.04 

02ZG001 GARNISH RIVER NEAR GARNISH NL 47.22 -55.33 0.87 0.04 

02ZH001 PIPERS HOLE RIVER AT 
MOTHERS BROOK NL 47.95 -54.28 0.61 0.11 

02ZK001 ROCKY RIVER NEAR COLINET NL 47.23 -53.57 0.66 0.10 

03NF001 UGJOKTOK RIVER BELOW HARP 
LAKE NL 55.23 -61.30 0.33 0.06 

03QC001 EAGLE RIVER ABOVE FALLS NL 53.53 -57.49 0.38 0.23 

03QC002 ALEXIS RIVER NEAR PORT HOPE 
SIMPSON NL 52.65 -56.87 0.36 -0.05 

04AD002 GODS RIVER NEAR 
SHAMATTAWA MB 55.85 -92.09 0.07 0.05 
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Station 
Code Station Name Prov Lat. Long. Ave. Annual 

Runoff Ratio 
Soil Moisture-
Runoff 
Correlation (rs) 

04DA001 PIPESTONE RIVER AT KARL LAKE ON 52.58 -90.19 0.15 0.28 

04GA002 CAT RIVER BELOW WESLEYAN 
LAKE ON 51.17 -91.59 0.15 0.22 

04GB004 OGOKI RIVER ABOVE WHITECLAY 
LAKE ON 50.87 -88.93 0.22 0.31 

04JC002 NAGAGAMI RIVER AT HIGHWAY 
NO. 11 ON 49.77 -84.54 0.18 0.30 

04KA001 KWATABOAHEGAN RIVER NEAR 
THE MOUTH ON 51.16 -80.86 0.18 0.49 

04LJ001 MISSINAIBI RIVER AT MATTICE ON 49.61 -83.27 0.20 0.41 
04MF001 NORTH FRENCH RIVER ON 51.08 -80.76 0.24 0.27 

05AD005 BELLY RIVER NEAR MOUNTAIN 
VIEW AB 49.10 -113.70 0.49 

 
0.18 
 

05BA002 PIPESTONE RIVER NEAR LAKE 
LOUISE AB 51.43 -116.17 0.37 -0.03 

05DA009 NORTH SASKATCHEWAN RIVER 
AT WHIRLPOOL POINT AB 52.00 -116.47 0.49 0.06 

05HA003 BEAR CREEK NEAR PIAPOT SK 49.90 -109.11 0.12 0.11 
05HC005 ANTELOPE CREEK NEAR CABRI SK 53.26 -102.11 0.29 -0.06 

05HE001 SNAKEBITE CREEK NEAR 
BEECHY SK 53.14 -101.10 0.15 -0.12 

05LD003 OVERFLOWING RIVER NEAR 
HUDSON BAY SK 53.03 -102.32 0.18 -0.27 

05LE011 MALONECK CREEK NEAR PELLY SK 51.97 -101.91 0.15 0.05 
05LG004 NORTH DUCK RIVER AT COWAN MB 52.03 -100.65 0.27 0.14 
05LJ005 OCHRE RIVER AT OCHRE RIVER MB 51.05 -99.79 0.38 0.23 
05OF014 SHANNON CREEK NEAR MORRIS MB 49.35 -97.42 0.08 -0.11 

05PB014 TURTLE RIVER NEAR MINE 
CENTRE ON 48.85 -92.72 0.16 0.05 

05TD001 GRASS RIVER ABOVE STANDING 
STONE FALLS MB 55.74 -97.01 0.07 0.18 

05TG002 TAYLOR RIVER NEAR THOMPSON MB 55.49 -98.19 0.08 0.48 
05UH002 WEIR RIVER ABOVE THE MOUTH MB 57.02 -93.45 0.11 0.09 

06BD001 HAULTAIN RIVER ABOVE 
NORBERT RIVER SK 56.25 -106.56 0.08 0.06 

06DA004 GEIKIE RIVER BELOW WHEELER 
RIVER SK 57.58 -104.19 0.08 -0.09 

06FB002 LITTLE BEAVER RIVER NEAR THE 
MOUTH MB 57.65 -95.66 0.11 0.10 

06GD001 SEAL RIVER BELOW GREAT 
ISLAND MB 58.89 -96.28 0.12 -0.05 

08JB002 STELLAKO RIVER AT 
GLENANNAN BC 54.01 -125.01 0.17 0.13 

08JE001 STUART RIVER NEAR FORT ST. 
JAMES BC 54.42 -124.27 0.09 -0.04 

08LA001 CLEARWATER RIVER NEAR 
CLEARWATER STATION BC 51.65 -120.07 0.15 0.13 

08MG005 LILLOOET RIVER NEAR 
PEMBERTON BC 50.34 -122.80 0.38 -0.04 

08MH016 CHILLIWACK RIVER AT OUTLET 
OF CHILLIWACK LAKE BC 49.08 -121.46 0.45 0.01 

08ND013 ILLECILLEWAET RIVER AT 
GREELEY BC 51.01 -118.09 0.33 -0.12 

08NF001 KOOTENAY RIVER AT KOOTENAY 
CROSSING BC 50.89 -116.05 0.77 -0.08 
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Station 
Code Station Name Prov Lat. Long. Ave. Annual 

Runoff Ratio 
Soil Moisture-
Runoff 
Correlation (rs) 

       

08NH005 KASLO RIVER BELOW KEMP 
CREEK BC 49.91 -116.95 0.20 0.00 

08NH016 DUCK CREEK NEAR WYNNDEL BC 49.20 -116.53 0.55 -0.06 
08NH084 ARROW CREEK NEAR ERICKSON BC 49.16 -116.45 0.26 -0.19 

08NH130 FRY CREEK BELOW CARNEY 
CREEK BC 50.08 -116.78 0.44 -0.04 

08OA002 YAKOUN RIVER NEAR PORT 
CLEMENTS BC 53.61 -132.21 0.65 -0.21 

11AB075 LYONS CREEK AT 
INTERNATIONAL BOUNDARY SK 49.01 -109.23 0.03 -0.31 
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Station 
Code Latitude Longitude Settlements Forest Grassland Cropland Wetland Water Other 

Land  
01AD002 47.26 -68.60 2.84 88.17 0.01 5.75 0.67 2.52 0.04 
01AD003 47.21 -68.96 1.04 2.79 3.74 0.09 91.41 0.92 0.01 
02AB008 48.38 -89.31 23.06 70.04 0.00 4.12 1.77 1.00 0.00 
02BF002 46.86 -83.97 0.76 84.15 0.00 0.07 1.90 13.13 0.00 
02CF008 46.61 -81.03 14.86 52.74 0.00 13.68 9.07 2.54 7.11 
02EA005 45.67 -79.38 1.18 86.63 0.00 1.65 3.59 6.95 0.00 
02EC002 44.71 -79.28 1.88 66.98 0.00 5.86 12.60 12.58 0.10 
02FB007 44.52 -80.93 12.51 27.81 0.00 50.47 8.87 0.33 0.01 
02FC001 44.46 -81.33 4.48 17.08 0.00 51.03 4.84 22.57 0.01 
02HL004 44.55 -77.33 1.32 75.51 0.20 0.77 8.79 13.38 0.03 
02JC008 47.89 -79.88 2.39 87.01 0.01 1.15 2.79 6.60 0.04 
02KB001 45.89 -77.32 0.60 82.49 0.18 0.03 5.32 11.34 0.03 
02LB007 44.84 -75.54 6.24 48.38 0.49 35.10 8.40 1.28 0.12 
02YJ001 48.58 -58.36 1.23 79.61 0.02 0.11 11.70 7.02 0.30 
02YL001 49.24 -57.36 0.47 77.94 0.32 0.80 12.77 7.07 0.64 
02YN004 48.63 -57.31 0.08 48.72 0.94 0.00 26.05 21.66 2.54 
02YQ001 49.02 -54.85 0.62 70.81 0.93 0.00 18.25 9.26 0.14 
02YR001 48.81 -54.22 1.26 69.29 0.17 0.00 11.60 17.35 0.33 
02ZF001 47.75 -55.44 0.08 49.09 1.62 0.00 24.45 23.20 1.57 
02ZG001 47.22 -55.33 0.35 74.47 0.67 0.01 9.15 14.23 1.11 
02ZH001 47.95 -54.28 0.26 36.02 9.71 0.00 35.79 17.59 0.62 
02ZK001 47.23 -53.57 2.19 64.25 0.02 0.60 20.14 12.77 0.04 
03NF001 55.23 -61.30 0.00 34.91 0.59 0.00 4.45 13.57 46.49 
03QC001 53.53 -57.49 0.05 69.62 0.38 0.00 14.36 11.91 3.68 
03QC002 52.65 -56.87 0.00 81.45 0.00 0.00 12.09 3.42 3.04 
04AD002 55.85 -92.09 0.04 44.14 0.40 0.00 40.45 14.92 0.06 
04DA001 52.58 -90.19 0.08 63.56 2.71 0.00 19.41 14.21 0.02 
04GA002 51.17 -91.59 0.06 69.95 0.03 0.00 9.90 20.06 0.01 
04GB004 50.87 -88.93 0.04 73.43 1.43 0.00 11.96 13.13 0.00 
04JC002 49.77 -84.54 0.22 81.78 0.03 0.00 6.64 11.35 0.00 
04KA001 51.16 -80.86 0.00 6.54 0.63 0.00 87.48 5.31 0.04 
04LJ001 49.61 -83.27 0.59 85.94 0.02 0.78 10.53 2.14 0.00 
04MF001 51.08 -80.76 0.01 42.97 0.87 0.00 51.27 4.88 0.00 
05AD005 49.10 -113.70 1.93 47.51 5.48 38.35 1.28 5.17 0.29 
05BA002 51.43 -116.17 0.29 65.89 4.75 0.00 0.24 0.64 28.19 
05DA009 52.00 -116.47 0.24 43.00 2.28 0.00 0.74 2.33 51.42 
05HA003 49.90 -109.11 1.44 13.87 55.69 28.42 0.33 0.24 0.01 

Appendix B 

Land cover percentage for all 65 basins in the study area  
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Station 
Code Latitude Longitude Settlements Forest Grassland Cropland Wetland Water Other 

Land  
05HC005 53.26 -102.11 4.61 0.13 5.57 88.65 0.04 0.80 0.19 
05HE001 53.14 -101.10 2.10 0.04 29.17 65.31 0.32 3.01 0.06 
05LD003 53.03 -102.32 0.11 27.49 0.00 0.45 70.79 0.14 1.03 
05LE011 51.97 -101.91 2.16 21.51 0.00 72.14 2.80 1.38 0.00 
05LG004 52.03 -100.65 0.86 78.24 0.00 9.90 10.37 0.62 0.01 
05LJ005 51.05 -99.79 1.21 69.20 0.00 23.05 4.95 1.59 0.00 
05OF014 49.35 -97.42 3.52 3.73 0.00 91.46 0.07 1.12 0.10 
05PB014 48.85 -92.72 0.60 69.30 0.05 0.00 8.47 21.60 0.00 
05TD001 55.74 -97.01 0.40 51.71 0.04 0.00 33.83 14.01 0.02 
05TG002 55.49 -98.19 0.55 67.70 0.00 0.00 23.20 8.54 0.01 
05UH002 57.02 -93.45 0.05 28.95 0.12 0.00 62.57 8.14 0.17 
06BD001 56.25 -106.56 0.09 68.10 0.02 0.00 15.86 15.92 0.01 
06DA004 57.58 -104.19 0.00 44.49 0.09 0.00 40.98 14.45 0.00 
06FB002 57.65 -95.66 0.03 39.04 0.66 0.00 37.14 19.78 3.35 
06GD001 58.89 -96.28 0.02 81.30 4.91 0.00 5.02 3.16 5.58 
08JB002 54.01 -125.01 0.86 85.71 0.05 1.32 2.93 8.69 0.44 
08JE001 54.42 -124.27 0.25 85.31 0.24 0.22 3.95 9.05 0.98 
08LA001 51.65 -120.07 0.54 83.56 1.18 0.38 1.79 5.40 7.15 
08MG005 50.34 -122.80 0.23 53.07 0.61 1.08 0.48 1.30 43.22 
08MH016 49.08 -121.46 0.19 94.67 0.23 0.00 0.21 3.36 1.34 
08ND013 51.01 -118.09 0.97 74.37 0.98 0.00 0.09 0.75 22.84 
08NF001 50.89 -116.05 0.15 81.40 0.49 0.00 1.35 0.62 15.98 
08NH005 49.91 -116.95 0.42 0.98 0.83 0.01 89.01 0.44 8.31 
08NH016 49.20 -116.53 3.34 74.50 0.04 7.17 2.37 12.49 0.09 
08NH084 49.16 -116.45 0.94 98.91 0.00 0.12 0.02 0.01 0.00 
08NH130 50.08 -116.78 0.24 76.84 1.59 0.08 0.12 4.44 16.68 
08OA002 53.61 -132.21 0.00 86.97 0.01 0.00 7.22 1.93 3.87 
11AB075 49.01 -109.23 0.02 0.01 93.46 5.74 0.04 0.72 0.00 

 

 

 

 

 

 

 


