
There are landscapes and riverscapes, both are part of the waterscape. 

 

Mullins Stream, a tributary of the Northwest Miramichi or Elmunokun in Mi’kmaq, 

which means ‘a beaver hole’. A very lovely river (photo: June, 2017). 
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ABSTRACT 

Landscapes and riverscapes are hydrologically interconnected through the four 

dimensions of space and time.  While we have some understanding of local scale processes 

and global scale cycles, at the landscape and riverscape scales we have yet to truly solidify 

an understanding of interconnectedness.  This dissertation examines the hydrological 

interconnectedness between landscapes and rivers using temperature as a tracer, and the 

spatial arrangement of aquatic habitats of rivers and wetlands.  It was found that geology 

and specifically bedrock transmissivity exerts an apparent primary control on hydrological 

processes and river thermal regimes across the New Brunswick region.  In areas with high 

conductance geology, topographic incisions (valleys) generated groundwater discharge 

which modified river flow and temperature.  Inversely, topographic incisions in low 

conductance geology lacked groundwater discharge, and river flow and temperatures were 

more tightly coupled to climate.  Upland wetlands on a high conductance geologic 

formation were associated with a lack of groundwater discharge and warm river 

temperatures, indicating potential recharge points.  Winter satellite imagery can accurately 

delineate groundwater discharges in frozen rivers.  Groundwater plume extent was 

observed to differentiate between summer and winter.   High-resolution aerial imagery (30 

cm) coupled with field calibration data was effective at modelling river bathymetry and 

hydraulics across a large catchment (> 1,000 km2).  Applying these data to a machine 

learning algorithm revealed that low flow, aquatic habitats in the Little Southwest 

Miramichi broadly follow pool-riffle-slack water sequences.  

Earth’s abiotic and biotic systems are tightly interwoven. Changes within each 

reverberate through space-time moving towards a dynamic equilibrium.  While some 
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changes occur at scales that override our ability to observe them, commonalities exist 

across Earth’s ecosystems, and these fuel adaptation and evolution.  My thesis illustrates 

the interconnectedness of landscapes, wetlands that lie upon them and rivers that flow 

through them.  I conclude by presenting a concept to guide future research direction, ‘the 

waterscape continuum concept’ (WCC).  The continuum unifies surface water, soil and 

rock moisture, and groundwater.  Applying the WCC, scientists, researchers, and 

practitioners are required to learn about climatic, geologic, and geomorphic processes - 

inherently leading to better experimental designs, and will reveal new findings of Earth 

system processes.  
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Chapter 1: Introduction 

1.1  General Introduction 

Landscape heterogeneity is characterized by geologic structures (the evolution of the 

landscape), geomorphic forms (the shape of the landscape), hydrographic features, such as 

rivers, streams, wetlands, lakes, soil / rock moisture, and groundwater, and the biota that 

have evolved to these physio-chemical features.  Geologic and geomorphic features 

provide the scaffolding for soil/ rock moisture, groundwater and surface water, and 

therefore, the foundation for flora and fauna, as water is the life of the biosphere (Ripl, 

2003; Cuthbert and Ashley, 2014).  Grouped together, these features define ecosystems.  

The pathways for the movement of water across and through Earth, or flow paths, are 

mostly defined by topography, and permeability of the geomaterial (Devito et al., 2005; 

McGuire et al., 2005).  Heterogeneities of the Earth’s geologic and geomorphic 

composition, coupled with evaporation, govern flow paths that follow surface, shallow 

subsurface, or deep subsurface path ways (Dunne, 1980; Winter et al., 1998).  These flow 

paths are also influenced by the Earth’s biota, mostly through transpiration (Condon et al., 

2019; Kirchner et al., 2020).  Forests are mass consumers of water (Núñez et al., 2006; 

D'Orangeville et al., 2018), while humans also consume enormous amounts of water, 

whether for drinking, agriculture energy, or industry (Gleeson et al., 2020).   Flow paths 

also determine the age of water, or the resident time, and hydrologic mixing processes 

across and in the landscape (Soulsby et al., 2000; McGuire et al., 2005).  While much 

knowledge has been gained about the hydrological processes that operate on Earth, much 

still remains unknown (e.g., Kirchner et al., 2010).  Understanding the movements and 
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behaviour of fresh water has implication for the thermal, chemical and nutrient regimes 

inherent in surface water, soil/ rock moisture and groundwater bodies, and this ultimately 

affects biota and landscape evolution (Hynes, 1970; Phillips, 2009).  

 

Temperature exerts a critical control on ecosystem processes.  Landscape thermal 

regimes affect microbial community assemblages (Erny et al., 2015), soil respiration (the 

production of carbon dioxide by soil biota - Carey et al., 2016), state changes of water 

(Arenson et al., 2002), geomorphic processes, such as gelifluction, landslides, and pingo 

development (Mackay, 1983), and geochemical processes (Sposito et al., 1999).  

Riverscape thermal regimes similarly alter physical processes, which affect the spatial and 

temporal distribution of aquatic denizens (Curry and Devito, 1996; Linnansaari and 

Cunjak, 2010).  Atlantic Salmon (Salmo salar) for instance, a cold-water ectotherm will 

seek cold-water source to offset temperature induced physiological stress during periods 

of elevated river temperatures (see Wilbur et al., 2020; Corey et al., 2019).  While the same 

processes drive thermal regimes of both landscapes and riverscape, i.e., radiation, 

convection, conduction, advection, the amplitude and period of temperature regimes differs 

between both.  This has implications for groundwater (attributed to landscapes) and 

surface-water thermal regimes (Kurylyk et al., 2013; Monk et al., 2013).  Groundwater, 

depending on the depth it flows from, will display a dampened signal in contrast to air 

temperature.  Conversely, surface water temperature, dependent on contribution from 

groundwater and influence by solar radiation, will display a thermal signal that is more 

aligned with air temperature - this is illustrated in Figure 1.1.  Here, a groundwater 

dominant river, sourced from a deep groundwater flow path, is shown to have a dampened 
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thermal signal over time in contrast to the air temperature, while the surface water thermal 

signal is shown to correspond with air temperature (note: No phase shift is displayed here 

as the purpose is only to illustrate the peak-to-peak amplitude - or ‘range’ - of thermal 

regimes only).  Atlantic Salmon seeking cold-water sources during extreme heat events 

underlies the importance of understanding the linkages of landscape and riverscape 

hydrological processes to protect and conserve these critical habitats.   

 

Figure 1-1  An illustration of the peak-to-peak amplitude (or ‘range’) of thermal 

signals (defined by range of temperature over time) of air temperature (red), surface-

water (black) and a groundwater dominant river (blue).  The figure illustrates a 

dampened signal of surface-water and groundwater in contrast to air temperature.  

Note: This figure does not consider phase shifts which will modify the time at which 

temperature changes occur in time for each signal. 

 

Rivers, streams, wetlands and lakes delimit the Earth’s surface water bodies.  These 

water bodies provide habitat for all of Earth’s freshwater biota, from bacteria to apex fishes, 
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mammals, and reptiles (Fausch et al., 2002; Verhougstraete et al., 2015).  These 

waterbodies are a function of past geologic, climatic and biological evolution (Šamonil et 

al., 2015; Pawlik et al., 2016), and are under a constant state of flux as time denudates and 

redistributes geologic and biotic material across the riverscape and its flood plain (Leopold 

et al., 1964; Junk, 1989).  Fluvial geomorphic structures within these water bodies define 

the habitat templates which govern aquatic species spatial distribution, persistence, 

extinction, adaptation and/or evolution (Cunjak and Green, 1983; Fausch, 1984).  As flow 

regimes flux, the spatial arrangement of fluvial geomorphic features, such as pools, riffles 

and runs, also flux (Gowan and Fausch, 2002; Wegscheider et al., 2020).  During high 

flows, for instance, a river’s depth and velocity regime may characterise it as a run; 

however, as flows recede the depth and velocity regime will also change.  As the depth 

decreases higher near-bed velocity gradients will ensue, transposing the run to a riffle 

(Newbury and Bates, 2017); hence, aquatic habitats are dynamic.  These fluvial 

geomorphic fluxes influence like history strategies for aquatic species.  Atlantic Salmon 

(Salmo salar) have been observed to select spawning sites that have particular ratios of 

depth and velocity, demarcated by Froude numbers – a non-dimensional unit described by 

gravity, velocity and depth (Moir et al., 1998). Large sea-run Brook Trout (Salvelinus 

fontinalis) under thermal stress have been noted to select thermal refugia defined not just 

by temperature, but also by certain depth characteristics (Wilbur et al., 2020).  

 

1.2 Objectives  

The goal of my dissertation was to develop an understanding of the hydrological 

interconnectedness of landscapes and rivers, and the spatial arrangement of riverine 
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hydraulic habitats in a northern temperate landscape.  To achieve this goal my objectives 

were: 1) investigate the influence of landscape features on river hydrological processes; 2) 

establish the applicability of spatial autocorrelation statistical models to predict river 

temperature in a post-glacially and tectonically complex landscape; 3) determine if 

groundwater discharge to river systems remains constant in summer and winter; 4) detail 

the spatial variability of hydraulic habitats.  To address these objectives the following 

studies were conducted:  

 landscape controls on the spatial variability of river temperature (Chapter 2) 

 effects of topographic resolution and geologic setting on spatial statistical river 

temperature models (Chapter 3) 

 thermal infrared (TIR) imagery and winter satellite imagery to map groundwater 

discharge along rivers (Chapter 4) 

 construction of high resolution quasi-2D hydraulic habitat maps at the catchment-scale 

(Chapter 5) 

1.3 Dissertation overview 

The primary focus of my dissertation is focused on increasing our understanding of 

hydrological interconnectedness of landscape and rivers including the  habitats they create.  

To address hydrological interconnectedness and examine the temporal variability of 

groundwater discharge along rivers, I utilised remote sensing and statistical analyses 

(Chapters 2-4).  I also looked at the spatial arrangement of hydraulic habitats using remote 

sensing and field data (Chapter 5).   

 

In CHAPTER 2 (published in CATENA (2019): 10.1016/j.catena.2019.02.006), I 

examined landscape and solar radiation controls on the spatial variability river temperature 
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in two distinct physiographic settings.  I used TIR, remotely sensed topographic 

derivatives, geologic, hydrographic and land use maps to predict and link river temperature 

to landscape structure and form.    

 

In CHAPTER 3 (published in Water Research Resources (2020): 

doi.org/10.1029/2020WR028122), I focused on the effects of topographic resolution and 

geologic setting on spatial statistical river temperature models.  Here, I used a high density 

of TIR derived river temperature measurements, coarse and high resolution topographic 

data, satellite and model derived land use and climate data, respectively, and hydrographic 

and geologic maps to predict river temperature using spatial statistical river network 

models.  I also examined the utility of developing high resolution river networks (>3 ha) 

to predict the occurrence of fine-scale groundwater inputs.  I hypothesized that spatial 

statistical river network models would outperform aspatial statistical models, and that the 

application of high resolution topographic data would increase model performance.   

 

In CHAPTER 4 (published in Hydrological Processes (2019): 10.1002/hyp.13557), 

I investigated if groundwater discharge could be delimited in river systems from satellite 

red-green-blue (RGB) imagery in systems that freeze (in winter).  I compared groundwater 

inputs identified in summer TIR to potential groundwater inputs demarcated in winter 

imagery.  I hypothesized that deeper groundwater sources whose thermal regime was 

relatively temporally stable, i.e., less influenced by intra and inter-seasonal climatic flux, 

would not freeze in the winter and thus are detectable in RGB imagery.  
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In CHAPTER 5 (published in Journal of Ecohydraulics (2020): 

10.1080/24705357.2020.1768600), I tested the applicability of developing bathymetric 

maps without field data, and thereafter the construction of habitat classification maps at the 

catchment-scale using simple hydraulic equations and a machine learning algorithm.  I 

used high resolution (0.3 m) 4-band imagery, and field collected depth measurements to 

test and developed models.  

 

In CHAPTER 6, I provide a synthesis of my findings into a general conceptual model 

linking the interconnectedness between landscapes and rivers from CHAPTERS 2-5.  I 

conclude by presenting future directions of research.  
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Chapter 2: The influence of landscape characteristics on the spatial 

variability of river temperatures1 

 

Abstract 

River temperature is well established as an important variable for aquatic denizens.  

Given its importance, researchers are attempting to disentangle complex interactions 

between landscapes and river temperatures.  We investigated how landscape variables of 

geomorphology, geology, and vegetation can explain a large portion of the spatial 

variations among tributary temperatures in the large, Miramichi watershed, New 

Brunswick.  We utilize thermal infrared imagery (TIR) to characterize river temperature 

and remote sensed data to delineate landscape variables.  Partial Least Squares regression 

(PLS) models indicated that variability in river temperature was associated with landscape 

attributes, but these differed with physiography.  For the Clearwater Brook and Burnthill 

Brook watersheds located on the Miramichi Highlands physiographic unit, solar radiation 

exposure, surficial geology deposit (comprising gravels, sands, and minor silt), geological 

contact zones, and maximum watershed slope were strongly and positively correlated with 

river temperature.  We stipulate that the interaction of slope steepness and geologic contact 

                                                 

1 O'Sullivan, A.M., Devito, K.J. and Curry, R.A., 2019. The influence of landscape 

characteristics on the spatial variability of river temperatures. CATENA, 177, pp.70-83. 

https://doi.org/10.1016/j.catena.2019.02.006  
 

https://doi.org/10.1016/j.catena.2019.02.006
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zones can produce complex local and larger groundwater interactions influencing river 

temperatures in this physiographic region.  In the lower elevation, and lower relief, Cains 

River watershed, located on the Maritime Plains physiographic unit, watershed elevation 

and wetlands were significant and positively correlated with river temperatures.  Here the 

mainstem was cooler in the downstream reaches, likely due to the semi-confined channel 

interaction with groundwater discharge originating from the surficial deposits and fractured 

underlying sandstone of the lowlands, and possibly hyporheic processes.  These findings 

illustrate how physiography and geomorphology influence thermal processes in flowing 

waters at both the landscape and local scales, and the resultant implications for 

management and conservation efforts both in terms of land use and climate change.   

 

Keywords: Geologic contacts; geomorphology/ physiography; river temperature; surface-

groundwater interactions; thermal infrared imagery; wetlands 

 

2.1 Introduction 

Water temperature is one of the driving factors for biological processes in river 

ecosystems (McCullough et al., 2009; Isaak et al., 2017) and often defines critical habitats 

for biota (Curry and Noakes, 1995; Malcom et al., 2004).  Aquatic habitats are facing 

threats from human-altered landscapes including impacts on river thermal regimes (Steel 

et al., 2017), and the increasing air temperatures and changes in precipitation patterns with 

a warming climate (Koirala et al., 2014).  For coldwater fishes in shallower rivers, warm 

summer temperatures increase physiological stress (Breau et al., 2011; Chadwick et al. 

2015) and in response, individuals will relocate to colder river sections if such are 
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accessible (Ebersole et al. 2003; Dugdale et al. 2016).  These summer refugia can also 

provide winter refugia when warmer groundwater discharges to rivers (Cunjak, 1996; 

French, 2014).  These findings highlight the ecological importance of thermal refugia 

(Fullerton et al. 2018), especially for the survival of coldwater species during elevated 

temperature events in summer at least, and thus the need to develop a better understanding 

of watershed scale processes governing river temperature (Kurylyk et al., 2013; Isaak et 

al., 2015).  

 

River flow and temperature regimes are a function myriad processes mostly 

governed by solar radiation, precipitation, and air temperature (Constantz, 1998; Soulsby 

et al., 2006), but modified by hydrogeology (Winter et al., 1998), geomorphology 

(Dugdale et al., 2015), and landscape features and changes (Tague and Grant, 2004; Detty 

and McGuire, 2010).  Natural landscape scale processes can also affect river temperatures, 

e.g., wildfires (Isaak et al., 2009).  Anthropogenic activities such as forest removal can also 

impact and alter surface and subsurface flows and effect river temperatures (Curry et al., 

2002; Moore et al., 2005).  The magnitude and scale of how these processes influence river 

temperature is derived from the geomorphology, geology, and climate of a region (Tague 

et al., 2007; Caissie et al., 2007).  A river’s tributaries are typically smaller and often cooler 

than mainstems (Goniea et al., 2006; Dugdale et al., 2015) because of smaller scale effects 

that can increase groundwater contributions to baseflow and where the interception of solar 

radiation by riparian canopy can be important (Caissie, 2006).  Smaller river systems are 

also responsive to thermal fluxes due to hyporheic exchange (Hatch et al., 2006; Westhoff 

et al., 2011).  The presence of lentic water bodies, such as ponds and wetlands, can increase 
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river temperature via direct solar radiation on open, standing water (Majerova et al., 2015) 

or decrease temperatures via groundwater exchange (Weber et al., 2017).   

 

Air temperature is traditionally used as an analogue for modelling of river 

temperature (e.g., Caissie et al., 2007), but it does not adequately predict the heterogeneity 

of river temperatures (e.g., Isaak et al. 2009).  This is most problematic at finer reach scales 

where the patchiness of temperature patterns can be pronounced (Kurylyk et al., 2013; 

Wawrzyniak et al., 2016).  Additionally, air temperature cannot account for subsurface 

advection processes that alter and modify the thermal properties of groundwater, which 

affects river temperature (Briggs et al., 2017; Johnson et al., 2017).  Groundwater flow 

paths are complicated by the heterogeneous composition of surficial geology and bedrock 

leading to variability in recharge and discharge through space and time (Soulsby et al., 

2006; Vidon and Smith, 2007).  These geologic structures and associated processes can 

influence river flow and thermal regimes (Constanz, 1998; Larocque et al., 2010), which 

in turn affect biological processes (McCullough et al., 2009; Fuhrman et al., 2018).  

However, researchers are just beginning to address these complexities across broader 

scales (Torgersen et al., 1999), such as the influence of valley morphology and river 

sinuosity (Dugdale et al., 2015), and geology (Briggs and Hare, 2018) on river temperature 

regimes.  Landscape frameworks acknowledging surficial geology and bedrock geology 

(Winter 2001; Devito et al., 2005) can be used to develop a more robust, conceptual 

understanding of hydrologic regimes at intra- and inter-watershed scales.  These become 

especially important for understanding the impact of warming climate scenarios where high 
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frequency, high magnitude weather events push flows and temperatures to extreme highs 

and lows in running waters (Warren et al., 2011; van Vliet et al., 2013).     

Until recently, analyzing the increasingly complex data sets describing spatial and 

temporal thermal structure of flowing waters has been beyond computing and 

programming abilities.  Contemporaneous advancements in technologies such as 

Geographical Information Systems (GIS), Light detection and Ranging (LiDAR), and 

thermal infrared imagery (TIR), and the development and application of robust multivariate 

statistical methods such as Partial Least Squared Regression (PLS; Wold et al., 1984) and 

Spatial Statistical River Network models (Ver Hoef and Peterson, 2010) are allowing 

researchers to disentangle these complexities across scales.  The result is an improvement 

of our understanding of a river’s thermal regime and its control of the biological 

components of the ecosystem (e.g., Petty et al., 2014; Steel et al., 2017), and the 

consolidation of associations amongst landscape variables across fine to coarse scales (e.g., 

Hrachowitz et al., 2010; Monk et al., 2013).   

Studies are emerging that identify summer coldwater patches and the link to 

geomorphic features (Dugdale et al., 2015; Wawrzyniak et al., 2016).  A next step is the 

investigation of the effects of physiography and geology at a range of scales on river 

temperature (Curry and Devito, 1996, Briggs et al., 2017).  Hydrogeologic studies have 

established the effect of geological structure on groundwater discharge regimes (James et 

al., 2000; Briggs et al., 2018).  Acknowledging the interconnectedness between the 

riverscape and the landscape (Hynes, 1975), we undertake an interdisciplinary study across 

hydrology, hydrogeology, forestry, geology, and geomorphology to examine the potential 

influence of landscape-to-reach scale variables on the spatial variability of surface water 
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temperatures in a river network.  In this study, we examine watershed scale, surface water 

temperatures in the Miramichi River, New Brunswick, Canada which is a large system 

spanning multiple geomorphologies (the surface features), physiographic zones (geology 

and its evolution), and vegetation cover, and which supports intensive forest harvesting.  

We extend upon studies by Monk et al. (2013) by comparing most probable landscape 

variables influencing river temperature in three watersheds in two physiographic units.  By 

continuing to incorporate more components at the scale of the hydrological landscape, e.g., 

adding physiography and geology to define fine scale hydrological units (HUs) that overlay 

broader, hydrological response areas (HRA; Devito et al., 2017) of the complete hydraulic 

system (Winter, 2001), our goal is to improve models that identify the regulating 

components of a river’s temperature  and simultaneously improve decision-making tools 

for managing land use and adapt to climate change to protect river ecosystems (Steel et al., 

2017; Johnson et al., 2017). 

 

2.2 Methods 

2.2.1 Study Area 

New Brunswick lies in the Atlantic Maritimes Ecozone.  It includes the Canadian 

Appalachians underlain by three tectonostratigraphic zones (Williams, 1979).    The 

region’s geological constituents are Pennsylvanian, Silurian, Ordovician, and 

Mississippian, and it experienced Quaternary glaciation, isostatic depression and rebound, 

and submergence and emergence (Rampton et al., 1984).  The surficial geology is 
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comprised of ablation and lodgment till, and associated sand and gravel deposited by Late 

Wisconsinian ice or with minor reworking by water (Rampton et al., 1984).  

 

The Miramichi River Watershed drains an area ≈ 14,000 km2 and encompasses two 

major physiographic units in New Brunswick - the Miramichi Highlands and the New 

Brunswick Lowlands (Maritime Plains) (Figure 2-1).  During the late Wisconsin glaciation, 

the entire watershed was covered with glacial ice (e.g., Curry, 2007), which advanced from 

the west and north creating hills from the Appalachian Mountains (Cunjak and Newbury, 

2005).  Following isostatic rebound and glacial retreat, meltwaters incised large 

meandering valleys into the landscape creating terraces and alluvium deposits commonly 

underlain by glaciofluvial, lacustrine and marine deposits (Rampton et al., 1884; Cunjak 

and Newbury, 2005).  Groundwater discharge to streams and rivers is common (Monk et 

al. 2013; Kurylyk et al., 2014).  Ninety percent of the watershed is covered by forest 

comprised mainly of softwoods with mixed hardwoods (State of the Environment Report 

for the Miramichi Watershed, 2007).  The dominant land use within the watershed is 

forestry and that includes a high density of roads. 
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Figure 2-1 Topography and physiographic units of New Brunswick, and (b) 

topography of the Miramichi watershed, where the Cains River watershed is 

contained within the Maritime Plains physiographic unit, and the Clearwater Brook 

and Burnthill Brook watersheds lie within the Miramichi Highlands physiographic 

unit. 

 

TIR data were collected for Burnthill Brook and the Cains River on the 23rd of July 

2008, whilst the Clearwater Brook TIR dataset was acquired during 29th of July 2009.  The 

accumulative precipitation (rain) in the Clearwater Brook and Burnthill Brook watershed’s 

(http://www1.gnb.ca/0079/FireWeather/FireWeatherHourly-e.asp?stn=Clearwater), 

between March to July 2008 was 359 mm, and between March to July 2009 was 579 mm, 

whilst the Cains River (Bantalor Meteorological Station, 

(http://www1.gnb.ca/0079/FireWeather/FireWeatherHourly-e.asp?stn=Bantalor) 

http://www1.gnb.ca/0079/FireWeather/FireWeatherHourly-e.asp?stn=Clearwater
http://www1.gnb.ca/0079/FireWeather/FireWeatherHourly-e.asp?stn=Bantalor
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experienced 389 mm rainfall between March to July 2008 (Table 2-1).  The climate 

characteristics of the area are presented in Table 2-2 (Energy and Resource Development, 

New Brunswick, 2016).  

 

Clearwater Brook and Burnthill Brook are 5th order rivers draining an area about 

325 km2 and 290 km2, respectively, and headwaters in the Miramichi Highlands (Figure 2-

1b).  Both watersheds have similar bedrock geology and surficial geology, but differ in 

spatial distribution (Table 2-1).  The watersheds are underlain by deep water clastic, mafic 

and felsic rock containing contact zones and faults throughout from tectontic movement 

and orogenic processes (Rampton et al., 1984).  The age of lithologies in this region ranges 

from Cambrian to Late Devonian (540 – 359 million years ago (Mya)), where older rocks 

are more fractured and weathered than younger rocks (Rampton et al., 1984).  The surficial 

geology comprises Late Wisconsinan (50,000 years before present (YBP)) loamy lodgment 

till, minor ablation till, hummocky, ribbed and rolling ablation moraines along with 

Wisconsinan sand, gravels and minor silts (Rampton et al., 1984).  The Cains River is a 

5th order river with a watershed about 1,400 km2.  It is the only major tributary of the 

Miramichi River located entirely within the Maritime Plains of the New Brunswick 

lowlands physiographic unit (Figure 2-1b; Table 2-1).  The Cains is underlain by fluviatile 

conglomerate and fractured sandstone sequences ranging from the Late Devonian to 

Carboniferous (372.2 – 299 Mya) (Rampton et al., 1984).  The watershed is blanketed with 

Late Wisconsinan sandy till in the upper watershed, and Wisconsinan sand, gravels and 

silts in the lower watershed.  There are bogs, fens, and swamps throughout, with the 

majority occurring in uplands areas (e.g. Rampton et al., 1984). 
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Table 2-1  Physical characteristics and total precipitation and mean air temperature 

prior to the TIR measurements for the Cains River and Burnthill Brook watersheds 

(March to July 2008), and  for the Clearwater Brook watershed (March to July 2009). 

A single meteorological station borders Burnthill and Clearwater Brook watersheds 

(Energy and Resource Development, 2016).  1Harvest occurred within the 7 years 

prior to TIR acquisition.  
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2.2.2 Geospatial Data 

TIR data (wavelength band: 8-9.5 μm) was collected by Quantum Spatial using a 

thermal camera (FLIR Systems SC3000 LWIR) mounted to a gyro-stabilized unit on the 

underside of a helicopter (Monk et al., 2013).  Approximately 30 km of Burnthill Brook 

were surveyed, and ≈ 52 km of the Cains River were surveyed in 2008, whilst ≈ 45 km of 

Clearwater Brook were surveyed in 2009.  Flight paths were flown longitudinal to the river 

channel, with the camera pointing towards nadir.  The flight altitude was chosen to optimise 

resolution while providing a ground footprint that encompassed both the active channel 

and immediate floodplain.  In-river thermographs (Onset, Hobo UA-002-64, pendant 

temperature loggers – accuracy 0.5 oC, housed in a white uPVC casing to shield solar 

radiation) were deployed throughout study areas, collecting data at 10-minute intervals, for 

calibration and verification of TIR accuracy (n=3 for the Cains – located at 52, 83, and 103 

km upstream of the mouth, n=2 for Burnthill Brook – located at 3.5 and 12 km upstream 

of the mouth, and n=2 for Clearwater Brook – located at 10km, and 25km upstream of the 

mouth;).  The Cains TIR computed radiant temperatures showed agreed with in-river 

thermographs (error of ±0.1 oC).  However, the furthest downstream thermograph 

displayed a discrepancy of 1.9 oC.  Upon inspection of the thermograph and TIR imagery, 

no source of error could be found.  Quantum Spatial (unpublished report) suggest variable 

weather conditions during the Cains River acquisition, and especially near the downstream 

reaches, may have contributed to the observed difference.  It should be noted that the in-

river thermographs were not calibrated prior to deployment, e.g., immersion in an ice bath.  

Therefore, it is possible the noted discrepancy between the computed radiant temperatures 

and the in-river thermograph, may be due to inherent inaccuracies in the thermograph itself, 
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or a combination of both weather conditions, and thermographs errors.  There was a 

discrepancy of ±0.1 oC between TIR and river-based loggers for the Burnthill Brook.  There 

was a divergence of -0.2 to 0.1 oC between TIR and river loggers for Clearwater Brook.  

Images were collected every second, resulting in an image overlap of 40 – 70 % (all flights).  

Individual frames were then manually geo-rectified by finding a minimum of 6 common 

ground control points (GCPs) between the image frames and the 1-m Softcopy Ortho-

photomap Data Base (SODB) imagery downloaded from GeoNB (Quantum Spatial, 

unpublished data).  The resultant TIR images had a pixel resolution of 60 cm.   

 

 To model temperature, we selected a subset of tributary watersheds within each 

main watershed, which were determined by the ability to detect water temperature at the 

mouth, e.g., limitations based on the TIR acquired data.  These tributary watersheds ranged 

in size from 2 to 96 km2.  At the confluence with the main river, but still within the tributary 

itself, water temperatures were quantified by querying pixel values (temperature) from the 

centre of the tributary channel and averaging the value of a 9-point sample to a GIS 

database (Quantum Spatial, unpublished data).  Temperatures were only sampled along 

what appeared to be, via inspection of 1 m resolution aerial imagery and 60 cm resolution 

TIR imagery, surface water flow.  Upstream sample distance was dependent on where the 

major temperature differential was noted between the tributary and mainstem.  Wilbur 

(2012) demonstrated that the studied reaches were well-mixed and the likelihood of 

thermal stratification was low, i.e., the TIR extracted temperatures represent the complete 

water column in these systems.  The dependent variable for the temperature models was 

the tributary’s median temperature and the final number of tributary watersheds sampled 
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were:  n=8 for Burnthill Brook; n=14 for Clearwater Brook; and n=13 for Cains River 

(Figure 2-2). 

 

Figure 2-2  Delineation of tributary watershed for (a) Clearwater Brook (n=13); (b) 

Burnthill Brook (n=8); and (c) Cains (n=14) watersheds, along with tributary 

temperature samples sites. 

 

To investigate the spatial variability of each rivers’ longitudinal temperature profile 

(LTP), the median temperature for each sample image was determined.  Similar to the 

tributary analysis, temperatures were only sampled along what appeared to be, via aerial 

image and TIR inspection, the main flow channel in the river.  This resulted in n=431 

median river temperature measurements for Clearwater Brook, n =392 for Burnthill Brook, 

and n=631 for the Cains River.  

 

Remotely sensed data were utilised to delineate model descriptors (the independent 

variables), e.g., fluvial geomorphologic features, terrestrial geomorphologic features, and 

forest inventory data.  Watershed drainages and river networks were delineated from a 10 

m digital elevation model (DEM), resampled from a 30 m DEM, and derived using ESRI’s 
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Arc Hydro toolset.  To define artificial river networks, the 10 m DEM was reconditioned 

with a suite of National Hydro Network (NHN) data (the Canadian inland surface waters 

GeoBase https://open.canada.ca/data/dataset/a4b190fe-e090-4e6d-881e-b87956c07977).  

Reconditioning involves adjusting the DEM by ‘burning’ the vector layer into the raster 

DEM.  This reconditioning helps mitigate any errors which may be inherent in the DEM 

by imposing NHN river networks on the DEM (Li, 2014).  Once reconditioned, a 1 km2 

flow accumulation area was applied to initiate a river (ESRI, 2018).  Watershed and river 

slopes were derived from the 10 m DEM using the Slope function in ArcMap (ESRI, 2018) 

– where a slope value for each 10 m pixel was calculated.  Geomorphic characteristics were 

computed using ArcMap (ESRI) zonal statistics and derived from the 10 m DEM, where 

minimum, maximum, and average of raster data, such as elevation or slope, are computed 

for an area of interest (Table 2-2).   For instance, we characterise watershed slope by 

minimum, maximum, range, and average slope within the watershed of interest.  We use 

the same method to calculate watershed elevation, aspect, solar radiation (see below), and 

river slope metrics. 

 

A solar radiation exposure model for each watershed was built using ESRI’s 

ArcGIS Area Solar Radiation tool, again using the 10 m re-sampled DEM (Table 2-2).  The 

10 m DEM was masked with the river network to produce a 10 m pixel size raster.  This 

new river network raster was then utilized to develop the solar radiation model.  The solar 

radiation analysis tool calculates insolation across a landscape based on methods from the 

hemispherical viewshed algorithm developed by Fu and Rich (2002).  The tool was set to 

https://open.canada.ca/data/dataset/a4b190fe-e090-4e6d-881e-b87956c07977
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collect total solar insolation on the day of TIR acquisition from 08:00 – 17:00, replicating 

solar azimuth and altitude on the day of TIR acquisition (Wh/m2).   

 

Wetlands (measured in km2) were delineated by visual inspection of aerial imagery 

and sourced from GeoNB (http://www.snb.ca/geonb1/e/index-E.asp).  River length 

migrating through wetlands was calculated by clipping the length of river network 

overlaying the wetland polygon (measured as km).  Lentic bodies (km2) were also extracted 

from the GeoNB data sets.  Sinuosity and gradient were derived from the DEM using Dilts 

(2015) Stream Gradient and Sinuosity Toolbox (SGT) for ArcGIS 

(https://www.arcgis.com/home/item.html?id=c8eb4ce1384e45258ccba1b33cd4e3cb).  

The method involves dividing the river network into 200 m river segments based on the 

spatial distribution of meanders, and then gradient and sinuosity for each segment was 

calculated both for the artificially derived river network and the DEM it was built from.  

Watershed total river gradient was measured in degrees (o) and total watercourse sinuosity 

was calculated as the ratio of river-line length to straight line length, where 1 is a straight 

river section and values >1 indicate greater sinuosity (dimensionless).  Zonal statistics were 

calculated for both gradient and sinuosity to obtain average river gradient and sinuosity 

upstream of the sampled TIR point.   

 

We used provincial datasets (http://www.snb.ca/geonb1/e/DC/catalogue-E.asp ) to 

examine and define the area’s geologic composition.  Amongst the three watersheds, there 

were seven bedrock geologies units (n=7), nine surficial geology units (n=9), and twenty-

three soil units (n=23; Table 2-2).  Surficial geology and soil type were delineated as the 

http://www.snb.ca/geonb1/e/index-E.asp
https://www.arcgis.com/home/item.html?id=c8eb4ce1384e45258ccba1b33cd4e3cb
http://www.snb.ca/geonb1/e/DC/catalogue-E.asp
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total area (km2) of the watershed.  Bedrock geology was measured in km2.  Faults and 

geological contacts were quantified by their length (km) passing through the watershed.  

The spread of geologic data, and therefore the range of geologic variables, differed across 

our 3 study sites due to spatially dissimilar depositional modes.   

 

Forest harvest data was obtained from the provincial dataset 

(http://www.snb.ca/geonb1/e/DC/catalogue-E.asp).  The state of forestry activity in a 

watershed was assessed based on the forestry applications in the seven (7) years prior to 

TIR acquisition in 2008/9 (measured in km2 harvested with no differentiation of harvest 

type; Table 2-3).  We used this time period because Alexander (2006) demonstrated that 

groundwater temperatures within a clear-cut with a buffer zone >15 m returned to pre-cut 

conditions after 7-8 years in the Little Southwest Miramichi watershed. 

 

 

 

 

 

 

 

 

Table 2-2 Landscape characteristics of the tributary watersheds representing the 

dependent variables in the tributary river temperature prediction models.  For 

bedrock geology, surficial geology, and soil classes, n total is the total number of 

classes – accumulated across all study sites. Lentic Waterbodies represent lakes, 

small ponds, and beaver ponds. 

http://www.snb.ca/geonb1/e/DC/catalogue-E.asp
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Landscape 

Characteristic 

Landscape 

Descriptor 
Metric Data Layer Data Source 

Fluvial Geomorphology 

Sinuosity 
Non-

dimensional 

Digital elevation 
model 

(resampled to 10 m, 

from 30 m) 

NASA Shuttle 
Radar Topography 

Mission 

(SRTM) 

Gradient Degrees (o)` 

Elevation Meters (m) 

Solar radiation Wh/m2 

Aspect Degrees (o) 

River order Strahler 

Terrestrial 

Geomorphology 

Watershed slope Degrees (o) 

Digital elevation 
model 

(resampled to 10 m, 

from 30 m) 

NASA Shuttle 
Radar Topography 

Mission 

(SRTM) 

Watershed elevation Meters (m) 

Aspect Degrees (o) 

Watershed drainage 

area 
km2 

Hydrography 

Wetlands km2 
New Brunswick 

Hydrographic 

Network 

GeoNB Lentic Waterbodies  km2 

Peatlands km2 

Geology 

Bedrock (ntotal = 7) km2 

Geological map GeoNB 

Surficial (ntotal = 9) km2 

Soil (ntotal = 23) km2 

Contact zones km 

Fault lines km 

Forest Harvest km2 Forest inventory  

Department of 

Natural Resources 

(NB) 

 

 

 

2.2.3 Statistical analysis 

Partial Least Square Regression (PLS) was selected for modelling because of its 

ability to handle challenges of smaller data sets, i.e., overfitting models, with highly 

correlated predictor parameters (e.g., Carrascal et al., 2009, Wold, 2001).  PLS combines 

features from Principal Component Analysis (PCA) and multiple linear regression (MLR) 
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to predict Y (an observation) from X (a descriptor) (Abdi, 2010), i.e., we predict the median 

river temperature of a tributary using landscape parameters from its watershed (see Table 

- 2).   PLS searches for a set of components (or latent vectors) that performs a simultaneous 

decomposition of X and Y applying the constraint that these latent vectors explain as much 

of the covariance between X and Y as possible (after Abdi, 2010; Eriksson et al., 1995).  

Monk et al. (2013) highlight that multicollinearity issues that are common in environmental 

data are overcome by reducing descriptors to latent vectors.  Resampling was performed 

to reduce the bias of estimators and evaluate the estimator’s variance.  A jackknife 

technique was chosen over bootstrapping, again owing to the size of the sample size (Chin, 

1998).  Jackknifing involves iteratively subsampling according to an ascribed deletion 

number, where n samples are deleted.  Pseudo-jackknife values (Ji) are calculated for each 

n subsample (see Chin, 1998).  Then, the mean of these pseudovalues is calculated along 

with standard deviation and standard error.  Finally, a t-statistic with n – 1 degrees of 

freedom is used to test if the original samples differs from the subsample. 

  

An excellent overview of both PLS and jackknifing techniques is given in Chin 

(1998).  In our analysis ≈ 21 – 25% of the observations in each tributary watershed model 

were randomly selected and the jackknife technique was applied (i.e., n=2 (25% of total 

observations) for Burnthill Brook; n=3 (21% of total observations for Clearwater Brook; 

and n=3 (23% of total observations) for the Cains River)).  

 

PLS performance is explained by the metrics ,  and , referring to a 

measure of global contribution of the components to the predictive quality of the model, a 

2

yQ
2

xR 2

yR
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measure of the explanatory power of the components for the dependent variables of the 

model, and a measure of the explanatory power of the components for the explanatory 

variables of the model, respectively.  Sharma and Kim (2012) used a Monte Carlo 

simulation to compare common PLS indices (coefficient of determination (R2) and 

goodness of fit (GoF), ), in selecting the best model and under differing conditions, e.g., 

sample size, data distribution.  Their results showed that utilisation of R2 and GoF criteria 

may lead to the selection of highly fitting models, but ones which are unnecessarily 

complex.  They concluded by recommending strongly the use of  - which emerged as 

an equally good selection criterion as Akaike information criterion, (AICu), and Bayesian 

information criterion (BIC).  We qualify model selection using both the more commonly 

found  and .   is set equal to (1 - 0.952) = 0.0975, where a latent vector is kept if 

its , corresponding to p < 0.05, (e.g. Eriksson et al., 1995; Wold et al., 2001, 

and Abdi, 2010).   

 

PLS also utilizes a Variables Importance for the Projection (VIP) that measures the 

importance of an explanatory variable for the building of components.  Eriksson et al. 

(1995) proposed that highly influential variables are VIP > 1 and moderately influential 

variables have a VIP > 0.7.  Our initial set of potential explanatory variables (where n is 

dependent on the watershed; see Table 2-2) was reduced by iteratively (minimum 10 

iterations) removing variables with p > 0.05, and then re-running until only significant 

variables are remaining.  We created a PLS model with 1 or 2 latent vectors for each of the 
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watersheds.  Data preparation was conducted in Microsoft Excel, and statistical analyses 

were run in XLStat – Base (XLStat, 2016). 

 

2.3  Results  

2.3.1 Burnthill Brook  

River Temperature Model 

The development and extraction of landscape variables for the Burnthill Brook 

tributary temperature model resulted in a total of n=49 descriptor variables for analysis.  

The penultimate tributary median temperature model contained one latent vector and 

produced a  = 0.635,  = 0.59, and  = 0.812.  The addition of a second orthogonal 

latent vector increased  to 0.703,  to 0.869, and  to 0.86.  The final model’s root-

mean-square-error (RMSE) was 0.301 oC, and the mean-square-error (MSE) was 0.091 oC.  

Four influential parameters for the tributary’s median river temperature were identified and 

all parameters were positively correlated with river temperature (Figure 2-3).  The mean 

river solar radiation and watershed maximum slope were predicted to be highly influential 

(VIP>1.0), while lentic water bodies and geological contact zones were significant (VIP > 

0.7).  
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Figure 2-3 (a) Variables of Importance (VIPs) and (b) standardized coefficients 

(±95% C.I.) for a Partial Least Squares (PLS) model with two latent vectors 

predicting tributary median surface water temperature within  the Burnthill Brook 

watershed.   ‘Solar Radiation (mean)’ is the mean calculated solar radiation value 

(Wh/m2) for each tributary, ‘WS Slope (max)’ is the maximum watershed slope 

calculated for each tributary watershed, Lentic refers to lentic water bodies (lakes 

and ponds),  and, ‘Geological Contacts’ are contact zones between differing bedrock 

lithologies. 
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Longitudinal Temperature Profile 

The mainstem, Longitudinal Temperature Profile (LTP) for Burnthill Brook was 

moderately spatially heterogeneous, with surface temperatures ranging from 15.4 – 17.8 

oC over ≈ 30km (Figure 2-4).  However, the variability in surface temperatures in the upper 

reach was as great as, or greater than variability over the entire mainstem of the river.  A 

total of 57 inflow seeps, springs, side channels, and unnamed tributaries and the majority 

of these were not included in the tributary PLS analyses due to DEM resolution -  were 

sampled along the mainstem of Burnthill Brook (Figure 2-4).  Assuming a linear 

relationship between temperature and distance downstream for simplicity, the inflows 

displayed a general positive trend in temperature in the downstream direction (r = 0.03; p 

< 0.05) (Figure 2-4a).  The majority of these inflows (41 of 57) occurred within 15 km of 

the headwaters.  The coolest inflow was 10.5 oC and occurred ≈ 1.25 km downstream of 

km 0 (headwaters), whilst the warmest inflow was 18.6 oC and occurred ≈ 4.2 km  

downstream from the headwater (Figure 2-4a).  The inflow of the South Branch of Burnthill 

Brook dropped the surface temperature of the mainstem river from 16.2 to 15.4 oC (km 

14.3).  Three warming reaches were observed at km 0.25, 1.1, and 2.5 and co-occurr with 

upland lentic bodies – we expand upon this in the discussion section.   
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Figure 2-4 (a) Burnthill Brook Longitudinal Temperature Profile (LTP) where km 0 

identifies the headwater reaches, and moving downstream and three warming 

reaches are identified between km 0.2 – 3.3.  The black line denotes the mainstem 

temperature profile, the blue dots indicate inflows, and the orange dashed line is the 

inflows trend line.  (b) The spatial extent of TIR data and Burnthill stream network 

and lentic bodies (in blue) imposed on the watershed slope of the Burnthill Brook.  
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2.3.2 Clearwater Brook  

River Temperature Model 

The extraction of landscape descriptors for the Clearwater Brook model predicting 

median tributary river temperatures resulted in n=51 variables for the PLS analysis.  The 

final model for Clearwater Brook median tributary temperatures identified six influential 

variables (Figure 2-5), all of which were positively correlated with river temperature.  The 

model contained two latent vectors and produced a = 0.843, = 0.718, and = 

0.955.  The model RMSE = 0.286 oC and MSE was 0.082 oC.  The maximum river solar 

radiation, the occurrence of a glaciofluvial deposit (GP3) generally >1.5 m thick 

(comprising gravels, sands, and silts), and the watershed’s maximum slope were highly 

influential VIPs.  The spatial arrangement of these highly influential variables is displayed 

in Figures 2-6 and 2-7.  Interestingly, named tributaries with the largest areas of the GP3 

deposit, also have the highest levels of solar radiation amongst examined tributaries (see 

Figure 2-7).  Lentic bodies, geological contacts, and current harvest were moderately 

influential VIPs.  The least significant variable was sinuosity, and had a negative 

correlation with median tributary temperature. 
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Figure 2-5 (a) VIPs and (b) standardized coefficients (±95% C.I.) for a PLS model 

with two latent vectors predicting the tributary watershed median surface water 

temperature within the Clearwater Brook watershed.  Where ‘Solar radiation (max)’ 

is the maximum calculated solar radiation value (Wh/m2) for each tributary; 

‘Surficial Geo (GP3)’ is a glaciofluvial plain deposit composed of gravels, sands and 

silts, and generally > 1.5 m thick; ‘WS slope (max)’ is the maximum tributary 

watershed slope, ‘Current harvest’ is harvested area in the 7 years prior to TIR 

acquisition, and ‘Sinuosity’ is river sinuosity.  
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Figure 2-6  Spatial position of glaciofluvial plain (GP3) deposit, generally >1.5 m and 

composed of gravel, sand, and minor silt, within the Clearwater Brook watershed, the 

accumulated solar radiation across the watershed, and the spatial position of lentic 

bodies (BK = brook).  
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Figure 2-7  (a) Clearwater Brook Longitudinal Temperature Profile (LTP) where km 

0 identifies the base of the headwater basin.  The black line denotes the mainstem 

temperature profile, the blue dots indicates inflows, and the orange dashed line is the 

inflows trend line.  (b) Lentic bodies – blue polygon, stream networks, and extent of 

TIR imposed on the slope within the Clearwater Brook’s watershed.   
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Longitudinal Temperature Profile 

The LTP for the mainstem of Clearwater Brook displayed spatial heterogeneity and 

a warming trend with downstream distance (Figure 2-7).  The coolest reach of the mainstem 

occurred in the headwaters (18.8 oC), whilst the warmest reach occurred ≈ 35 km 

downstream (21.1 oC).  In addition, 3 warming reaches were observed at km 4.9-7.5, 11.5 

– 13 and 27.5-34.5 (Figure 2-7a).  Sixty-nine inflows to the mainstem were sampled 

(including seeps, springs, side channels, and unnamed tributaries) and ranged from 13.2 – 

20.8 oC (Figure 2-7).  Similar to the mainstem, the temperatures of the smaller inflows 

displayed a general positive trend in the downstream direction (r = 0.02; p < 0.05).  Further, 

a trend of increasing watershed slope – in both the mainstem and tributaries – for the lower 

section of the watershed co-occurs with an increase in water temperatures (see Figure 2-

7b).  Additionally, an increase in river temperature (≈ 2.5 oC over a ≈ 4.8 km reach between 

≈ 28.5 – 35.3 km) occurs in the lower section of the watershed and overlays a bedrock 

geological contact (Figure 2-8).   
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Figure 2-8 Clearwater Brook mainstem temperature gradient, where (a) is a reach 

with inputs from tributaries with high solar radiation exposures and lentic bodies 

warming in a downstream direction and, (b) is a warming reach where the river 

crosses a geological bedrock contact (Middle Ordovician upstream – Middle 

Devonian downstream).  

 

2.3.3 Cains River 

River Temperature Model 

The extraction of landscape data for the Cains watershed tributary median 

temperature model lead to n = 43 landscape descriptors for the analysis.  The final model 

for the Cains Watershed had one latent vector, and identified four influential variables for 

the tributary’s river temperature (Figure 2-9).  The models produced a  = 0.787,  = 

0.674, and  = 0.830, with a model RMSE of 0.752 oC and MSE of 0.565 oC.  All VIP’s 

were positively correlated with river temperature, except for mean river slope, which was 

negatively correlated.  VIPs > 1 predicted to be highly influential were ‘Maximum Elev’ = 

the maximum watershed elevation in the sampled tributary; ‘% thru WL’ = the length of 

river running through a wetland complex, and ‘Wetlands’ = area of wetlands upstream of 

the observed temperature point, whilst ‘Stream Slope’ = the mean river slope in the 

sampled tributary, had a 1 < VIP > 0.7. 
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Figure 2-9 (a) VIPs; and (b) standardized coefficients (±95% C.I.) for a PLS model 

with 1 latent vector predicting the tributary median surface water temperature within 

the Cains River watershed.  Where ‘WS Elev (max)’ is the maximum watershed 

elevation in the sampled tributary; ‘Wetlands’ are area of wetlands upstream of the 

observed temperature point; ‘% thru WL’ is the length of river running through a 

wetland complex; and ‘Stream Slope (mean)’ is the mean river slope in the sampled 

tributary.  

 

Longitudinal Temperature Profile 

The LTP for the Cains River displayed spatial heterogeneity with temperature 

ranging from 18.6 – 20.8 oC over ≈ 52 km.   In contrast to the Highland watersheds, the 

coolest reach of the mainstem occurred farthest downstream at 52 km from the headwaters 

(Figure 2-10).  The warmer surface temperatures observed in the upper reaches of the 

mainstem were associated with larger percent coverage of wetland and wetlands adjacent 

river.  Similar to the mainstem temperatures, the 99 inflows (ranging from 9.6 – 20.6 oC) 
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entering the mainstem displayed a general negative trend in temperatures moving 

downstream (r = 0.134; p < 0.05).  

 

Figure 2-10  (a) Cains River LTP where km 0 identifies the headwater reaches, and 

moving downstream.  The black line denotes the mainstem temperature profile, the 

blue dots indicates inflows, and the orange trend line is the linear regression (LR) 

for inflows.  (b) displays TIR extent and wetland distribution imposed on the Cains 

River watershed’s elevation profile. 
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2.4 Discussion  

We assessed probable landscape variables for their potential as predictors of surface 

water temperatures for headwater tributaries in the Miramichi River, NB, Canada.  The 

variables, or characteristics, identified as significant for river temperatures were solar 

radiation, lentic and wetland water bodies, relief (slope), with suggestions of influence by 

overburden coarseness, bedrock permeability, and channel configuration in the 

landscape.  These characteristics show similarities to land surface form and geologic 

frameworks used to conceive generalized hydrologic landscapes in other geographic 

regions and climates (Winter, 2001; Cowood et al., 2017).  Further, these characteristics 

can be utilised to define finer scale hydrological units (HUs), such as areas of unique slope, 

soil, and vegetation, that overlie larger, hydrological response areas (HRA), defined by 

depth and texture of the geologic substrate to describe variations in surface and subsurface 

storage, transmissivity, and scale of flow path, for this region  - similar to that proposed by 

Devito et al., (2017).  In our study the Highland and Lowland physiographic units define 

regions that vary in the proportion and configuration of landscape characteristics (HUs and 

HRAs).  The use of such HUs and HRAs within the context of larger regional 

physiographic units and climate can help in understanding regional differences in water 

movement and aid in better management of water resources.     

 

Our analysis indicated 45 characteristics were not significant for Burnthill Brook 

median tributary temperatures; 44 characteristics were not significant for Clearwater Brook 

tributaries, and 39 characteristics were not significant in the Cains River tributaries.  The 
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role of these characteristics influence on river temperature in general cannot be fully 

assessed without increased synoptic surveys of more tributary catchments that expand the 

range in landscape characteristics and potential HUs and HRAs to investigate the effects 

represented by each characteristic through both space and time.  Eleven of the 

characteristics generated significant VIPs for the models predicting river temperatures and 

likely indicates the dominance of certain surface landforms and geology and their roles of 

influencing river temperatures in general within these two regional physiographic settings.  

These are discussed in the context of potential HUs and HRAs in these two physiographic 

regions.  

2.4.1 Miramichi Highland Watersheds 

In both watersheds, solar radiation was a significant positive variable (VIP > 1) in 

the model projections of river temperatures.  This response is predicted because, as Caissie 

(2006) describes, heat flux at the air-surface interface is a result of energy exchange mainly 

through solar radiation or net short-wave radiation, net long-wave radiation, evaporative 

heat flux (evaporation), and convective heat transfer.  The solar energy control of a river’s 

surface water temperatures is fundamental, but there are additional landscape-scale 

characteristics in the matrix of factors that control river temperatures (e.g., Johnson 2004; 

Garner et al., 2017; and Wawrzyniak et al., 2017)  

 

An additional landscape characteristic of significance for predicting temperatures 

in the highland tributaries was watershed slope, which was positively correlated with river 

temperature.  The steepest sections, and tributaries, of both studied watersheds occur in 

their lower reaches (see Figures 2-4 and 2-7).  In these sections, it is probable that shallow 
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surficial deposits exist, owing to their geomechanical composition and the reposing angle 

of the slope (Rampton et al., 1984).  These shallow surficial deposits have less storage 

potential (Winter et al., 1998) and potentially creates near surface flow paths (Dunne, 

1978).  Shallow flow paths inherently lead to water which is closer to the surface, and will 

be more susceptible to fluxes in surface air temperature – whether warming in the summer, 

or cooling in the winter (Kurylyk et al., 2014; Briggs et al., 2017).  This can be exasperated 

during drought conditions when shallow groundwater can disconnect from the river and 

surface water sources (Devito et al., 1996), thus, leading to river temperature increases.  

 

Coarse textured, glaciofluvial outwash material was also a positive, significant 

variable predicting temperature in the Clearwater Brook.  These deposits are permeable 

which is usually associated with groundwater discharge or hyporheic processes in rivers 

(e.g., Wondzell and Gooseff, 2013; Wawrzyniak et al., 2016) that typically moderate 

temperature effects in flowing waters (e.g., Curry and Devito, 1996, Kurylyk et al., 2013).  

The deposit occurs in tributary watersheds that receive the highest levels of solar radiation 

exposure and inputs from upland lentic waterbodies within Clearwater Brook (Figure 2-6).  

The permeability and valley position of these deposits also suggests an area of recharge 

concurrent with higher solar radiation and thus possible introduction of warmer water into 

shallow or local groundwater (Kurylyk et al., 2013) that appears to influence the river. 

 

Lentic waterbodies (lakes, ponds, and beaver ponds) were moderately significant 

and positively correlated with river temperatures in these highlands (1 > VIP > 0.7).  The 

waterbodies are likely shallow as they sit in the low order portions of these watersheds, 
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thus they absorb solar radiation and heat in summer and discharge warm water to the river 

(e.g., Collen and Gibson 2000).  However, beaver dams and ponds, can alter groundwater 

flow paths and stream hyporheic exchange creating complex effects in receiving rivers 

(e.g., Briggs et al., 2013; Weber et al., 2017). A better understanding of how landscape 

position of lentic body influences their role on river thermal regimes is required (Winter et 

al., 1998). 

 

Interestingly, geological contact zones were projected as moderately significant and 

positively correlated with river temperature in both Highland region watersheds.  The 

Miramichi Highlands are part of the Appalachian orogeny and its basement is 

heterogeneous with various discontinuities typical of mountainous regions (Caine and 

Tomusiak, 2003), comprising older and younger volcanic and sedimentary derived bedrock 

lithologies (Rampton et al., 1984).   At contact zones contrasting bedrock types and 

permeability can influence groundwater transit time and flow path depth and modify 

groundwater and river base flow (Hale and McDonnell, 2016; Pfister et al., 2017).  Older 

bedrock can be more fractured and  more permeable than younger bedrock (Jefferson et 

al., 2010) and thus the contact zones in this study may alter gaining and losing 

characteristics for groundwater and thus affect  the river’s thermal regime (e.g., Winter et 

al., 1998; Saar, 2011).  This process may explain the increase in river temperature noted 

along the mainstem of Clearwater Brook.  Here, the transition from a Middle Ordovician 

(≈ 465 million years ago (Mya)) granite deposit to a Middle Devonian (≈ 387.5 Mya) 

granite deposit underlies a 2.5 oC increase in river temperature along ≈ 5 km reach (Figure 

2-8).   
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Two characteristics of minor significance that influence river temperatures, and 

only in Clearwater Brook tributary watersheds, were percent coverage of recent harvesting 

and stream sinuosity.  Harvesting may be significant in the Clearwater Brook, because this 

was the watershed with the most harvesting and potentially experienced reductions in 

interception and transpiration.  Increased temperatures could be attributed to harvest 

activities in areas with shallow surface deposits that promote shallow water table depths 

and increases in temperatures of surface and subsurface water on route to the river 

(Alexander, 2006; Moore et al., 2005; Smerdon et al., 2009).  Also noteworthy is the lack 

of influence of river sinuosity (meanders) in this study as moderation of river temperatures 

- decrease in summer and increase in winter- have been associated with the frequency of  

meanders that protrude into groundwater flow fields or promote hyporheic exchange flows 

(HEF) in other studies (Dugdale et al., 2015; Wondzell and Gooseff, 2013).  Rivers in the 

two study physiographic units may vary little in sinuosity due partially to the depth and 

composition of both the bedrock and surficial geological materials that the river moves 

through (Langbein and Leopold, 1966).  Further exploration of the extent and processes 

explaining the relationship of river temperature and these metrics is the topic of future 

research. 

2.4.2 Maritime Lowland Watersheds 

In contrast to the Highlands watershed, for the physiographic setting of the Cains 

River maximum watershed elevation (‘Maximum Elev’), percent of river moving through 

wetland (‘% thru wetlands), and total area of wetlands (‘Wetlands’) were significant, 

positive variables, whilst river slope (‘Stream slope’) in the watershed was a negative 



 

48 

 

variable in projecting tributary river temperatures.  The warmer tributary temperatures at 

the headwaters of the Cains watershed is likely related to the extensive wetlands and 

associated advective processes in this low relief upland region with shallow surficial 

deposits.  Wetlands have high solar radiation exposure owing to the lack of solar 

interception, thus heat up in the summer – unless mitigated by groundwater (Winter et al., 

1998).  As these wetlands heat, they also increase the temperature of the receiving river.  

Additionally, this is a physiographic setting where groundwater development and flow are 

restricted, potentially resulting in upland and hillslope hydrological disconnection from 

rivers or wetlands source areas during the summer or drought periods (Devito and Hill, 

1999), and thereby, leading to increases in the receiving rivers’ temperature.  

 

River slope was the only variable negatively correlated with river temperature.  

Typically, steep slopes are indicative of shallow surficial deposits, with shallow 

groundwater flow paths, and are more regulated by air temperatures, and climatic variation 

(Johnson et al., 2017, Briggs et al., 2017); however steep river slopes also typically 

experience low solar radiation exposure (Johnson, 2004).   Nevertheless, the Cains Rivers’ 

underlying geology is permeable, highly fractured sandstone and fluviatile conglomerates 

(Rampton et al., 1984).  In this physiographic setting with permeable bedrock, we suggest 

that steep slopes in the mainstem and its tributaries intersect slower and deeper 

groundwater with cooler temperature discharging from the under-lying lithology (e.g., 

Winter et al., 1998; Hale and McDonnell, 2016).  In this setting, the potential for HEF also 

increases due to large hydraulic gradients and permeable substrate (Clark et al., 1999; 

Wondzell and Gooseff, 2013) and coupled with less solar radiation inputs cooler river 
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temperatures occur in steeper reaches of the Cain’s mainstem and its tributaries (Figure 2-

10). 

 

2.4.3 Interactions of Physiography and Catchment Characteristics 

Comparison of  the Highlands and Lowland LTP illustrates how the difference in 

physiography, the depth, structure and configuration of geologic materials (i.e. HRA), 

influence how smaller scale variables (HU) function to influence river temperatures across 

different physiographic (i.e management) units. For example, the substantial increase in 

temperature with migration through wetlands, and lentic water bodies was observed on all 

three rivers, but the magnitude of the influence differed with location along the river.  In 

both Highland rivers, cool temperatures in the mainstem and inflows were observed in the 

upstream semi-confined channel section, excluding wetland-derived inputs, and a warming 

trend was observed in the lower confined channel sections. The semi-confined channel 

sections on the headwaters are underlain by relatively deep coarse surficial deposits 

(Rampton et al., 1984) that promote groundwater flow and HEF which maintain cooler 

river temperatures.  Inversely, steep slopes and the underlying geology on the river and 

adjacent hill sides result in channel confinement at the lower sections of the rivers.  The 

confinement is associated with shallow surficial deposits and reduced groundwater storage, 

and HEF potential (Wondzell and Gooseff, 2013) and river temperatures are likely 

moderated by solar radiation and air temperature.  In contrast, the Maritime Lowland has 

a physiographic setting with lower relief and is underlain by homogeneous fractured 

sandstone and fluviatile conglomerates, with deeper surficial deposition in the lower 

reaches. The decrease in mainstem and inflow temperatures in a downstream direction of 
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the Cains River may be explained by: 1) the absence of wetlands and advective warming 

in the lower reaches; 2) deep groundwater inputs from the fractured bedrock geology, 3) 

greater surficial deposit depths in the downstream reaches leading to cooler groundwater 

inflow streams and seeps, and 4) river gradients increase in the lower sections leading to 

an increase in potential HEF processes (Wondzell and Gooseff, 2013).  

 

The temperature of the small inflows and seeps along the LTP follow a similar trend 

to the mainstem in both physiographic settings.  The ephemeral nature of inflows and seeps 

of the Highland rivers is apparent by the variability in number and spatial distribution in 

Burnthill Brook (Figure 2-4) and Clearwater Brook (Figure 2-7). The greater number of 

inflows observed in the Clearwater may be a function of inter-annual variability in 

precipitation, as the Clearwater was sampled during a wetter year (see Table 2-2).  The 

large number of small inflows and seeps on the Cains reflects deeper surficial deposits and 

permeable bedrock, and thus the temperatures are also more temporally stable than in the 

Highland watersheds. The ephemeral character of small inflows and seeps in steep, 

confined river valley sections, their role in mitigating increases in river temperature and 

persistence with climate change requires further research. 
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Chapter 3:  Effects of topographic resolution and geologic setting on 

spatial statistical river temperature models2 

 

Abstract 

River temperature exerts a critical control on habitat for aquatic biota.  As the climate 

warms in Eastern Canada, threats to habitats of cold-water species will increase, 

underpinning the necessity to develop an understanding of landscape-scale, thermal 

regimes of flowing waters.  We assessed the performance of spatial statistical network 

(SSN) models of river temperature using high resolution thermal infrared imagery (0.6 m) 

and LiDAR (1 m) compared to NASA’s Shuttle Radar Topography Mission (SRTM - 30 

m) topographic data, and interrogate LiDAR derived fine-scale models (3 ha) to describe 

groundwater connectivity to surface waters in catchments with shallow overburden and 

varied bedrock geology.  LiDAR improved model performance in a catchment underlain 

by a homogeneous, high hydraulic conductance bedrock (Cains River), but did not improve 

model performance in a catchment with heterogeneous bedrock and variable hydraulic 

conductance (North Pole Stream).  We hypothesize that differences in bedrock hydraulic 

conductance modified the control of topography on subsurface flows and discharge 

patterns to the rivers, and thus produced the mixed performance of the SSN models.  At 

                                                 

2 O’Sullivan, A.M., Devito, K.J., Ogilvie, J., Linnansaari, T., Pronk, T., Allard, S., and Curry, R.A. 2020. 

Effects of geological setting on spatial statistical network predictions of river temperatures.  Water 

Resources Research. https://doi.org/10.1029/2020WR028122  
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finer scales, river reaches in steep valleys incising high hydraulic conductance bedrock 

produced groundwater discharge which was absent in incised valleys with low hydraulic 

conductance bedrock.  These findings indicate that while topography exerts an important 

control on landscape-scale hydrological processes, geologic setting is a similarly important 

influence on hydrological processes.  We suggest the inclusion of a 3rd dimension of spatial 

autocorrelation, representative of the vertical plane, would broaden the geographic 

applicability of spatial statistical models for river temperature studies.   

 

Keywords:  bedrock geology, groundwater, LiDAR, spatial statistics, river temperatures, 

wetlands. 

 

3.1 Introduction 

Models of river temperature regimes based on spatial statistical networks have been 

applied with success in the northwestern United States, leading to the development of 

regional-scale temperature maps (e.g., Isaak et al., 2009, 2015).  These models exploit 

spatial autocorrelation to describe spatial variability in rivers, i.e., the similarity of one river 

segment to another in relation to space (e.g., Peterson and Ver Hoef, 2010; Isaak et al., 

2014).  Similar spatial models have been applied with some success in Scotland (Jackson 

et al., 2017; Jackson et al., 2018).  Cuthbert et al., (2019) illustrated that both northwestern 

United States and Scotland are largely defined by water table ratios (WTR) that are 

typically < 1, i.e., the relationship between climate and groundwater systems is uni-

directional, they are recharge controlled and the groundwater table is more disconnected 

from topography, e.g., Haitjema and Mitchell-Bruker (2005; Figure A-1) (but see Tague 
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and Grant, 2004; Jefferson et al., 2010).  While localised groundwater inflows can occur 

in these systems (Leach and Moore, 2011; MacDonald et al., 2014), there is evidence that 

the regional interactions between climate, groundwater and topography are uni-directional 

and the mode of interactions is mostly recharge controlled in both regions (Gleeson et al., 

2011; Cuthbert et al., 2019).  Both the northwestern United States and Scotland are also 

hydrologically defined by montane high elevation sub-catchments that are likely to be 

groundwater exporters (Schaller and Fan, 2009; Fan, 2019).  It can be hypothesized that 

regional river flows and thus thermal regimes in these regions are mostly driven by surface 

water processes and tightly coupled to climate (see Isaak et al., 2018; 2020).  Eastern 

Canada is a region with a complex tectonic and glacial past that has created heterogeneous 

bedrock geology, shallow surficial geology, and variable relief across its’ ancient highlands 

and expansive lowlands (Rampton et al., 1984) resulting in highly variable WTRs, both 

uni and bi-directional modes of interactions (Gleeson et al., 2011) – see Figure A-1.  Bi-

directional systems indicate a topographic control on groundwater table conditions and 

climatic interactions that can recharge and/or extract, via evapotranspiration, moisture from 

the groundwater table, if it is shallow (see Cuthbert et al., 2019).  In these systems, local, 

intermediate, and regional groundwater flows influence river thermal regimes (e.g., 

Kurylyk et al., 2014; O’Sullivan et al., 2019a) and spatial statistical network models of 

river temperatures have yet to be tested.  

The thermal regime of a river is controlled by heat energy transfers at the air-water 

and river-river bed interfaces (Jackman and Yotsukura, 1977; Caissie, 2006a).  At the 

surface, air-water interface fluxes in solar radiation (both short and longwave) and sensible 

and latent heat influence river temperatures (Webb et al. 2008; Dugdale et al., 2017).  
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These processes are spatio-temporally dynamic and can be modified by fluvial 

geomorphology (e.g., river width - Caissie et al., 2020) and vegetation (e.g., solar radiation 

exposure - Johnson, 2004).  At the river-river bed interface, advective and conductive heat 

transfers provide the primary path for heat energy exchanges (Kurylyk et al., 2016; Glose 

et al., 2017).  These processes also vary through space and time, and are modified by 

landscape features (Moore, 2005; Webb et al., 2008).  In addition, a river’s thermal regime 

can be influenced by groundwater discharge (Kurylyk, 2014; Brunner et al., 2017), 

hyporheic flow (Hannah et al., 2009; Cardenas, 2015), wetlands, lakes, reservoirs, and 

dams (Webb et al., 2008; O’Sullivan et al., 2019a), and inflows from sub-catchments 

(Jones and Schmidt, 2016; Johnson et al., 2017).  While there have been many studies that 

examine site-specific temperature variation in rivers (e.g., Kelleher et al., 2012) and others 

that use models to predict regional-scale temperature regimes (e.g., Isaak et al., 2009), 

understanding the complexity of temperature variability in rivers is far from resolved (e.g., 

Webb et al., 2008; Hrachowitz et al., 2010; Fullerton et al., 2015, Steel et al., 2017). 

Advances in remote sensing have facilitated the effective depiction of river 

networks by exploiting topographic data generated from various sensors, e.g., spaceborne 

radar and photogrammetric systems, such as NASA’s Shuttle Radar Topography Mission 

(SRTM), airborne light detection and ranging (LiDAR), and photogrammetry.  By 

combining these techniques, we are beginning to understand the complex spatial 

arrangement of Earth's water-ways at scales relevant to river networks (e.g., Allen and 

Pavelsky 2018).  Surface water flow paths can be built from topography-driven, flow 

accumulation models using digital elevation models (DEMs).  Such models have proven 

useful in hydrologic (e.g., O’Loughlin et al., 2016) and aquatic ecology studies (e.g., Isaak 
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et al., 2015).  Whilst these models and others, e.g., O’Loughlin et al., (2013) and Pavelsky 

et al.,(2014), are improving our understanding of the hydrologic structures and processes 

of river networks, limitations of the resolution persist and thus interpretations regarding 

river networks is limited (Murphy et al., 2008; Allen and Pavelsky, 2015).  Further, 

hydrologic networks derived from surface topography can fail to capture subsurface flow 

networks (Devito et al., 2005; Gleeson and Manning, 2008).   

Salmonids, such as Atlantic Salmon (Salmo salar) and Brook Trout (Salvelinus 

fontinalis), are coldwater species with narrow thermal tolerances (Hokanson et al., 1973; 

Elliot and Elliot, 2010).  During high temperature events, salmonids will seek out thermal 

refugia, i.e., colder water, to mitigate physiological stress (Wilbur et al., 2020; Corey et 

al., 2017).  These refugia are most often groundwater features (Curry and Devito 1996) 

and can vary from fine-scale, localised bank seeps (Wilbur, 2012) and hyporheic up-

wellings (Krause et al., 2011), to broader-scale, tributary inflows (Corey et al., 2019).  At 

the southern extent of Atlantic Salmon and Brook Trout ranges, increasing river 

temperature associated with climate change are beginning to have negative effects on both 

species (Dugdale et al., 2016; Corey et al., 2019).  Fisheries managers are quickly trying 

to understand the hydrological processes underpinning these mostly groundwater-derived, 

thermal refugia to best conserve river habitats and species (Dzara et al., 2019; Kirk et al., 

2020).   

 

Over the past few decades there has been an exponential growth in our ability to 

accurately map topography and river networks at high spatial resolutions (e.g., Murphy et 

al., 2008).  This is matched by gains in our capacity to accurately map surface water 
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temperatures at high-spatial resolutions (e.g., Torgersen et al., 1999; O’Sullivan et al., 

2019a) and regional-scales (Fullerton et al., 2015; Sass et al., 2014).  Coupled with an 

increase in computing capacity, these advances are facilitating the development of 

integrated hydrological modelling efforts (e.g., Gilbert and Maxwell, 2017; Condon et al., 

2020).  Even so, these models require high performance computers, and underpin the 

favour of statistical methods for regional and national-scale river temperature modelling 

studies (Jackson et al., 2017; Isaak et al., 2020).  Concomitantly, the advent of cutting edge 

spatial statistical models are providing unprecedented details on the spatial configuration 

of river temperatures at catchment to national-scales (Isaak et al., 2018; Jackson et al., 

2018).  Several issues with integrating these technological and statistical advances have 

emerged: 1) does river temperature model performance improve by increasing topographic 

resolution?; 2) how applicable are spatial statistical river networks models where the 

relationship between topography and groundwater varies at catchment and regional scales?, 

and 3) does high-resolution topographic data facilitate modelling the spatial, thermal 

variability of fine-scale inflows such as brooks and seeps that may represent thermal 

refugia for biota? 

 

In this study, we hypothesize that  spatial statistical river network models (SSNs - 

see Ver Hoef et al., 2006) and fine-scale LiDAR DEMs will improve river temperature 

model performance regardless of geologic setting, and both tools can facilitate high-

resolution temperature models of fine-scale inflows.  To test these hypotheses, we compare 

river temperature models constructed from coarse (SRTM) and high-resolution (LiDAR) 

topographic data in SSNs.  We also investigate the potential of LiDAR derived, high-
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resolution river networks to model the spatial thermal variability of fine-scale inflows 

associated with subsurface (groundwater) discharge, i.e., potential thermal refugia.  Our 

study area is the Miramichi River catchment, New Brunswick, Eastern Canada; an area 

characterised by complex local, intermediate and regional groundwater flow paths, which 

can be connected and disconnected from topography (Kurylyk, 2014; O’Sullivan et al., 

2019a). Our datasets include high-resolution thermal infrared imagery (TIR – pixel = 0.6 

m), SRTM (coarse resolution) and LiDAR (high resolution) topographic data, satellite, 

climate, and geological data.  

3.2 Methods 

3.2.1 Study sites 

New Brunswick is located in eastern Canada and is characterized by six major 

physiographic regions (Figure 3-1a and b).  The regions WTR is defined by areas which 

exhibit both groundwater connection and disconnection to/ from topography (Figure 3-1c).  

We focus on the Maritimes Plain - Cains River, and Miramichi Highlands - North Pole 

Stream (Figure 3-1b).   These areas are chosen as Cains River and the North Pole Stream 

have landscape characteristics to test hypotheses 3 and 4 respectively.  The climate of the 

Cains River is defined by average annual temperatures between 4.5 – 5.5 °C, and average 

annual precipitation = 950 - 1000 mm (Fortin and Dubreuil, 2020), and the North Pole 

Stream observes average annual temperature between 1.5 - 3 °C, and average annual 

precipitation = 1050 - 1150 mm (between 1981-2010, see Table A-1).  Both catchments 

are mostly Acadian forest, characterized by softwood and hardwood tree species, including 

red spruce, balsam fir, black spruce, yellow birch, eastern white pine, eastern white-cedar, 
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eastern hemlock and sugar maple and dominated by forestry activities with few other 

disturbances (Linke et al., 2017)
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Figure 3-1 Elevation map of New Brunswick (NB) superimposed with 

physiographic regions (a) and bedrock geology also illustrating physiographic 

regions (b), where the blue polygon is the Cains River catchment and the red 

polygon is the North Pole Stream catchment. Longitudinal profile of the Cains 

River mainstem (c) showing elevation and the underlying bedrock (Minto 

Formation). Longitudinal profile of the North Pole Stream mainstem (d) 

showing elevation and underlying bedrock (Chain of Rocks/Granite).
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Cains River catchment 

The Cains River catchment (Cains) is a 5th order tributary of the Miramichi River 

catchment (Figure 3-2a), and is located on the Maritime Plains physiographic unit, draining 

an area ≈ 1,400 km2 (Monk et al., 2013).  Elevation ranges from 11 – 188 m.a.s.l. (see 

Figure 3-1d and 3-2b) and it is characterized by gentle relief, with a high density of upland 

wetlands including peat bogs in the headwater reaches (Figure 3-2a), and steeply incised 

valleys in the mid and lower (downriver) sections (mean slope = 18 °; maximum slope = 

69 °). The catchment is underlain by homogeneous, Late Devonian to Carboniferous 

sandstone and fluviatile conglomerate deposits (372.2 - 299 Mya; Rast and Stringer, 1974) 

which constitute the Minto Formation that has a relatively high hydraulic conductance 

(Stapinsky et al., 2002). The catchment is overlain by predominantly shallow (0-5 m), 

sandy lodgment tills (50%), along with Late Wisconsinan (21 – 25 Ka) minor ablation and 

sandy / silty blanket deposits (Figure 3-2d; Rampton et al. 1984).  Riparian zones are 

characterised by wetland vegetation in the headwater sections, transitioning to conifers and 

deciduous vegetation in the mid to lower sections which co-occur with incised valleys and 

alluvial terraces (Figure A-2). 
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Figure 3-2 (a) The Cains River catchment, (b) a bare earth digital elevation model 

(DEM), (c) lithology, and (d) surficial geology.    

 

North Pole Stream catchment 

The North Pole Stream catchment (North Pole Stream) is a 4th order tributary of 

the Miramichi River and has a surface drainage of ≈ 214 km2 (Figure 3-3a).  The North 

Pole Stream is located entirely on the Miramichi Highlands with elevation ranging from 

206.5 – 730.5 m.a.s.l. (Figure 3-3b and see Figure 3-1).  The catchment is characterized by 

steeply incised channels in the headwaters most probably originating from glacial melt 

waters (mean slope = 11 °; maximum slope = 58 °), and transitions to hummocky relief in 
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the mid to lower reaches (Ganong, 1906; Rampton et al., 1984) (Figure 3-3b).  The 

underlying bedrock is high hydraulic conductance in the northwest headwaters and 

southeast, downriver sections - Cambrian-Ordovician deep water clastic (DWC) deposit 

(488 Mya) comprised of fine to medium grained lithic turbidites.  There is a low hydraulic 

conductance, Middle Ordovician, felsic intrusion (granite - 464 Mya) located in the 

headwaters of the northeast section of the catchment.  The remainder of catchment is 

underlain by an early Devonian, felsic intrusion (granite - 419 Mya) of low hydraulic 

conductance (Figure 3-3c, see also Figure 3-1d; Gleeson et al., 2011).  As a result, the 

mainstem of the river flows from a zone of high to low hydraulic conductance bedrock 

(Figure 3-3c).  The catchment is overlain by shallow surficial deposits (0-3 m) comprised 

of moraine and ablation tills and colluvium deposited heterogeneously of Late Wisconsin 

age (Figure 3-3d; Rampton et al., 1984).  Riparian zones across the catchment are 

characterised by a mixture of coniferous and deciduous tree species with wetlands in the 

upper (upriver) headwater sections which co-occur with incised valleys, transitioning to 

wetland vegetation in mid-catchment, and conifer and deciduous species in the lower-

catchment with incised valleys (Figure A-3).  
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Figure 3-3 The North Pole Stream catchment (a) boundary with wetlands, (b) a bare 

earth digital elevation model (DEM) where the black star denotes a steeply incised 

channel, (c) lithology where the black diamond overlays a headwater lake, and (d) 

surficial geology.    

 

3.2.2 River temperature data – airborne thermal infrared (TIR) 

Surface water temperatures for both study areas were measured with airborne 

thermal infrared imagery (TIR). For both TIR missions, a FLIR Systems SC3000 LWIR 

sensor (8-9.5µ) was mounted to the underside of a Bell Long Ranger helicopter (Monk et 
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al., 2013).  During 23 July 2008, ≈ 52 km of the mainstem of the Cains was flown (see 

O’Sullivan et al., 2019a for details; Figure 3-4a).  The total acquisition time was 51 

minutes, thus limiting possible effects of diurnal temperature fluxes.  The TIR image had 

a pixel resolution of 0.6 m2. On the 29 July 2009, ≈ 40 km of the mainstem of the North 

Pole Stream was surveyed (Figure 3-4b).  The total time for imagery acquisition was 22 

minutes, thus limiting the effects of diurnal variability.  Air temperatures on the day of 

acquisition ranged from 26.6 – 31.7 °C (measured at Miramichi, New Brunswick - 

Environment Canada, 2019).  Kinetic temperatures, measured by in-river thermographs 

housed in a white uPVC solar radiation shield (n=3), were utilized to calibrate radiant 

temperatures as measured by TIR (Torgersen et al., 1999).  The measured difference 

between kinetic and radiant temperatures ranged from -0.4 to 0.4 °C, (Quantum Spatial, 

unpublished report).  The TIR image also had a pixel resolution of 0.6 m2.   
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Figure 3-4  Longitudinal river temperature profiles derived from 

thermal infrared (TIR) surveys (see text) for the Cains River – July 

2008 (a) and North Pole Stream – July 2009 (b).  The inset figures 
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compare average daily river temperatures recorded by three and two 

in-stream temperature loggers (Cains and North Pole Strem, 

respectively - i to iii) between July 15 – August 31 2017 (see text) and 

the TIR survey river temperature measurements.  Solid black line is 

the in-stream, daily temperature (average); dashed line is the overall 

in-stream, average daily temperature; red solid line is the measured 

TIR temperature at the site.  An example illustrating the differences 

between hydrographic networks (HN) resolutions (1 km2 and 3 ha) and 

their corresponding random sampling points (circles) in the Cains 

River (c).  A fine-scale illustration of discrete inputs identified by the 3 

ha HN, where (i) is a groundwater seep and (ii) is an unmapped 

tributary (d).
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The Cains River is well-mixed, where temperature differences throughout the water 

column are < 1 °C (Wilbur, 2012), and thus the TIR imagery is representative of 

temperature throughout the water column (see also Wilbur et al., 2020).  In the North Pole 

Stream, catchment scale high-resolution (0.5 m pixel) bathymetric and hydraulic mapping 

during summer 2019 established Reynolds numbers (Re) averaging 92,280 ±  86,606 (mean 

± SD ) during low flows (O’Sullivan et al., 2020).  Laminar flows occur when Re < 2,300 

and can be suggestive of thermal stratification limiting the ability of TIR to represent 

temperature throughout the water column (Torgersen et al., 2001).  Re values in the North 

Pole Stream were > 2,300, hence it is most probable the North Pole Stream is thermally 

well-mixed.  

 

TIR data represent a point-in-time measurement.  We assessed the longer, in-season 

and the interannual temperatures in the modelled reaches of both rivers by deploying n = 5 

temperature loggers in the Cains (n = 3) and North Pole Stream (n = 2) TIR reaches between 

July 15 – August 31, 2017 (Figure 3-4 a and b, insets).  There was no statistical difference 

between TIR temperatures and the average instream temperature (t 0.05, 8 = 0.48; p = 0.65; 

instream temperature = 17.9 °C ± 1.6 °C (mean ± SD); TIR temperature = 18.4 °C ± 1.8 

°C).  We continue with the assumption our TIR data is representative of mean river 

temperature between July 15 and August 31.  

 

River temperature was extracted by overlaying the TIR image on the generated 

river networks (1 km2 and 3 ha).  Points were randomly selected within the spatial extent 
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of the TIR using the ‘create random points’ function in ArcMap (ESRI, 2019).  We then 

cross-examined the TIR imagery against 1 m2 resolution aerial imagery and when 

necessary, we adjusted the random point to lie in the mid-point of the mainstem or an 

inflow (when the latter was selected).  Surface water temperature at a point was quantified 

by querying and averaging pixel values in a 9-point sample (9 pixels) around the randomly 

selected temperature point as in O’Sullivan et al. (2019a).  Overlaying the 1 km2 river 

network on the Cains TIR imagery, we generated n = 102 random points and n = 229 for 

the 3 ha network (Figure 3-4).  In the North Pole Stream, the same procedure produced n 

= 103 points for the 1 km2 network and n = 231 points for the 3 ha network (Figure 3-4). 

 

3.2.3 Model workflow 

The general model predicts river temperature at points based on the characteristics 

of the catchment (area defined by topography) and river network upriver of the temperature 

observation (Figure 3-5). The catchment and network characteristics are derived from GIS 

analyses (ArcMap 10.5, ESRI, 2019) and are described in model parameters below.  

Steps 1 - 5: Catchment and river network data - Airborne thermal infrared (TIR), climatic, 

geological, wetlands, and land-use data were assembled into consistent scales, i.e., 

regardless of topographic resolution these characteristics had the same resolution for every 

model (Figure 3-5, Table 3-1).   

Step 6: Physical geography - We generated two DEMs from SRTM data (30 m2 resolution, 

Step 6.1) and LiDAR data (1 m2 resolution, Step 6.2; Figure 3-5, and A-).  We synchronized 

a national hydrographic network (NHN - Natural Resources Canada) to both DEM’s, where 
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a stream was initiated when flow accumulation = 1 km2 (Step 6.1a and 6.2a; Figure 3-5).  

To examine fine-scale inflows and their thermal regimes, we built 3 ha catchments for both 

study sites, where a flow accumulation of 3 ha initiates a stream (Step 6.2b; Figure 3-5).  

The 3 ha scale was chosen because it captured the occurrence of actual seepage locations 

along the river (A.M. O’Sullivan and R.A. Curry, unpublished data).    

Step 7 - River network temperature network – Sample points were randomly selected across 

the TIR data suite for the 1 km2 networks and these were used in both  SRTM and LiDAR 

derived models.  We then built the SSN and aspatial models and compared outputs (Steps 

7.1 and 7.2; Figure 3-5).  The same procedure was followed for the 3 ha catchment models 

(Step 7.3 - Figure 3-5).  
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Figure 3-5 An overview of the workflow undertaken to test models (see text for 

further explanation), where 7.3 denotes the test of predicting fine scale (3 ha) potential 

thermal refugia. 
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Table 3-1  Landscape-catchment scale parameters used in the river temperature 

models. Where $ indicates forest harvest was only consider during the 7 years prior 

to thermal infrared (TIR acquisition), as per findings of groundwater thermal fluxes 

in this region (see Alexander, 2006).  

 

Descriptor  Metric Inclusion rationale Data Source 

H
yd

ro
g
ra

p
h

y 

Stream 

Network 
 km 

We investigate if increasing the resolution 

of stream networks will identify differing 

stream network densities due to 

underlying geologic structure (Jefferson et 

al., 2010), and also identify fine-scale 

streams/ inflows, which can be critical 

thermal refugia. 

LiDAR (NB-ERD) (1 m2 

resolution)/ 

SRTM (NASA) (30 m2 

resolution)/ NHN NRCAN 

Wetlands  km2 

Wetlands can cool and heat rivers, 

dependent on surface area, depth, 

groundwater regime and solar radiation 

exposure (Winter et al.,1998; Monk et 

al.,2013) 

GeoNB 

(drainage areas in this study: 1 

km2 and 3 ha) 

Drainage area km2 

In this study region, drainage area has 

been found to be a good analogue for river 

discharge (Caissie, 2015).  The 

catchments in this study are remote and 

lack stream gauge data, therefore we use 

drainage area as a proxy for discharge. 

Lentic bodies km2 

Similar to wetlands, lentic bodies can 

modify river temperatures.  The rate of 

warming or cooling is  dependent on 

surface area, depth, and groundwater 

regimes (Winter and LaBaugh, 2003; 

Weber et al., 2017) 

C
li

m
a
te

 

Air 

Temperature 

Degree Celcius 

(°C) 
Climate is well established as a driver of 

river temperatures (Caissie, 2006) 

DAYMET 

(1 km resolution) 

Precipitation  mm 

Solar radiation 

Watt hours per Solar radiation is well established as a 

primary component of stream  

temperature (Johnson, 2004) 

LiDAR (NB-ERD) (1.5 m2 

resolution)/ 

metre squared 

(Wh/m2) 

SRTM (NASA) (30 m2 

resolution) 

P
h

y
si

ca
l 

G
e
o
g
ra

p
h

y 

Slope Degree  (°) 

Terrestrially, slope can modify solar 

radiation exposure (Johnson, 2004), and 

regulate groundwater potential (MCGuire 

and McDonnell, 2010).  In-river slope, 

when occurring with particular substrate 

conditions, can induce hyporheic flows 

(Wondzell and Gooseff, 2013) 
LiDAR (NB-ERD (1 m2 

resolution) / SRTM (NASA) (30 

m2 resolution) 

Elevation m 

Higher elevation rivers have been shown 

to be mostly controlled by air 

temperatures via adiabatic cooling (Isaak 

et al., 2018).  Schaller and Fan (2009) 

explain high elevation catchments tend to 

be groundwater exporters 
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Valley depth/ 

valley wall 

slope 

m/ degrees (°) 

Deeper valleys can promote incision into 

groundwater flow paths, further deep 

valleys can reduce air temperature and 

solar radiation effects (Johnson et 

al.,2017) 
  

Sinuosity Dimensionless 

More sinuous rivers can lead to intrusion 

into groundwater flow paths (Dunne, 

1980; Dugdale et al.,2015) 

G
e
o
lo

g
y
 

Bedrock 

Geology 
 km2 

Bedrock geology can modify river thermal 

regimes dependent on geological structure 

(Tague et al., 2008; Jefferson et al., 2010) 

Canadian Geological Survey/NB -

DERD 

(1:50,000) 

Faults and 

contact zones 
km 

Faults can create changes in flow and 

thermal regimes in rivers (Constantz, 

1998).  Contact zone can establish 

transitional points from gaining to loosing 

reaches (Winter, 1998; O'Sullivan et al. 

2019). 

Surficial 

Geology 
km2 

The depth, and composition, of surficial 

geology has been shown to be critical in 

determining thermal resilience of shallow 

groundwater aquifers to climate change 

(Kurylyk et al.,2014; Briggs et al.,2017) 

L
a
n

d
 U

se
 

Forest Harvest$ km2 

Forest harvesting can modify groundwater 

and surface water regimes which can 

impact river temperatures (Alexander, 

2006; Smerdon et al.,2009) 

Global Forest Change 

(30 m resolution) 

 

 

Model parameters – Hydrography  

The coarse resolution (1 km2) river network used the SRTM v3.0 Global 1-arc 

second DEM, or ‘SRTMGL1’ which provides 80 % global coverage at ≈ 30 m resolution 

and the National Hydrographic Network (NHN - Natural Resources Canada, 2019).  The 

DEM was downloaded from https://search.earthdata.nasa.gov.  We synchronized the NHN 

with the SRTM DEM by utilising a deterministic eight (D8) flow model in the ArcHydro 

toolbox (ESRI, 2019).  Prior to flow modelling, we hydroburned the SRTM DEM with the 

NHN feature using the ‘recondition’ tool - in ArcHydro (Li, 2014). Following 

hydroburning, we filled all sinks in the DEM using the ‘fill sinks’ module and ran both 

‘flow direction’ and ‘flow accumulation’ modules in the same toolbox to create rasters for 

flow direction and accumulation.  We then set a river definition boundary based on a flow 
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accumulation threshold of 1 km2 (Uuemaa et al., 2018), i.e., the number of raster cells from 

the flow accumulation raster required to define a river.  Next, the ‘stream segmentation’ 

module was run to develop a suite of unique identification numbers for each river reach.  

A catchment raster was then constructed using the stream segmentation and flow direction 

rasters, where each raster cell in the catchment raster has a value establishing which 

catchment the cell belongs to (ESRI, 2019).  This catchment raster was later transformed 

into a feature class.  Finally, a river network feature class was built using the stream 

segmentation and flow direction rasters as inputs.  The final output was a river network 

representative of the NHN conditioned to the SRTM DEM. We followed the same method 

to synchronize the NHN with the high resolution LiDAR DEM to facilitate comparison 

between models.  

A fine resolution river network was derived from a bare earth DEM developed from 

LiDAR data acquired for both study sites between 2015 and 2016 by the Province of New 

Brunswick (Department of Energy and Resource Development, NB-DERD) using a Riegl 

Q780i sensor, and was collected with a point density of 6 points metre-1 (vertical accuracy 

= 0.28 m in 2015, 0.12 m in 2016).  LiDAR was processed as described in Murphy et al. 

(2008).  To overcome computational constraints (processing time) inherent in 

hydrologically modelling 1 m resolution raster data at the catchment scale, we resampled 

the LiDAR bare earth DEM from 1 m to 2.5 m.  To exploit the vertical resolution inherent 

in the LiDAR derived DEM, we did not run the reconditioning tool.  Similar to the 1 km2 

river network delineation, we initially filled sinks in the bare earth DEM. Post sink filling, 

we ran the flow direction and accumulation modules.  Field work and a desktop study 

during summer 2018 established that 3 ha drainage areas can detail fine-scale inflows 
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(Figure 3-4 c and d). In order to examine fine scale hydrologic processes, we applied a 3 

ha (0.03 km2) river definition boundary condition.  We mirrored the workflow listed above 

to demarcate both the 3 ha catchment feature and the 3 ha HN feature class.   Wetlands and 

lentic bodies were delineated using the NB-DERD wetland and lentic bodies maps that are 

derived from aerial imagery (http://www.snb.ca/geonb1/e/index-E.asp). 

 

Model Parameters - Climate 

Climate data for both catchments was downloaded from the DAYMET website 

(https://daymet.ornl.gov/).  DAYMET provides predicted daily measurements of minimum 

and maximum temperatures, and precipitation at a spatial resolution of 1 km2 (Thorton et 

al., 2016).  Following our assumption that our TIR data is representative a mean river 

temperature between July 15 – August 31, we collated maximum and minimum daily 

temperatures between July 15 and August 31, 2008 for Cains River models, and July 15 – 

August 31, 2009 for the North Pole Stream models.  Average air temperature was 

calculated as the average of the maximum and minimum air temperatures using the raster 

calculator within ESRI’s ArcMap.  River discharge is an important parameter for river 

thermal regimes (Baker et al., 2018).  In the remote setting of this study river gauges are 

absent.  In an effort to account for discharge we use precipitation as a proxy.  We also 

examine if inter and intra-seasonal accumulative precipitation affects river temperatures 

across our study area.  The time periods considered for accumulative precipitation (total 

mm) were: (1) October 1, 2007/08 to August 31, 2008/09; (2) January 1 to August 31, 

2008/09; (3) March 1 to August 31, 2008/09; (4) June 1 to August 31, 2008/09; and (5) 

July 15 to August 31, 2008/09.  The 2007/08 time period is used for the Cains River models, 



 

87 

 

and the 2008/09 period is used the North Pole Stream models.  All precipitation data was 

downloaded from the DAYMET website ((https://daymet.ornl.gov/). 

 

 Solar radiation was calculated using the ‘Potential Incoming Solar Radiation’ 

module in SAGA GIS (System for Automated Geoscientific Analyses) and is measured in 

Watt hours per metre2 (Wh/m2; see Böhner and Antonić, 2009; Conard et al., 2015).  For 

the SRTM DEM, we calculated the accumulated direct solar radiation between July 15 to 

August 31, 2008/09; our modelled time-period.  We made an assumption of clear sky 

conditions as this period tends to be mostly dry in NB (Fortin and Dubreuil, 2020).  We 

then calculated the average daily solar radiation for the n=47 days.  Scale can impact solar 

radiation modelling efforts, but high-resolution LiDAR can improve the accuracy of 

regional-scale river temperature models (Loicq et al., 2018).  For our resolution models, a 

digital surface model (DSM) developed from first LiDAR returns, is used to generate solar 

radiation models.  An example of the point cloud density used for the LiDAR derived solar 

radiation models is given in Figure A-2 and A-3.  We resampled the DSM from 1 m to 1.5 

m pixel resolution using the ‘resampling’ tool in ArcMap (ESRI, 2019) to reduce 

computational constraints.  We applied the same model conditions as defined by the SRTM 

DEM solar radiation module above.  The resulting high resolution, solar radiation model 

is shown in Figure A-5. 

 

Model Parameters - Physical Geography 

Catchment averages for slope and elevation for both the SRTM and LiDAR DEMs were 

obtained using the ‘Zonal statistics’ function for means in ArcMap (see O’Sullivan et al., 

2019a).  Catchment slope was calculated by first running the ‘Slope’ function in ArcMap 

https://daymet.ornl.gov/
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for the DEM.  Then the ‘Zonal statistics’ function is applied where the catchment slope 

raster is the input for the upriver, areal extent defined by the temperature point, and average 

was extracted.  This was repeated for average catchment elevation.  River sinuosity 

(dimensionless) and gradient (degrees) were derived as per O’Sullivan et al., (2019a) and 

based on 30 m river sections for the river network, i.e., average sinuosity/gradient is based 

on the 30 m section measures upstream of a temperature point.  Valley depth, defined as 

the vertical distance to the river channel from the surrounding ridges, was calculated using 

the ‘Valley depth’ module in the terrain analyses suite of the SAGA (Conrad et al., 2015).  

To delineate valley wall slope, we used the valley depth raster as a filter using the ‘extract 

mask’ function in ArcMap, where the catchment slope raster was the input and the valley 

depth was the areal extent of the extraction.  We then ran zonal statistics for average valley 

depth and valley wall slope, where the statistics were calculated for the raster of interest, 

i.e., valley depth or valley wall slope, in the same manner as average catchment slope and 

elevation outlined above.  

 

Model parameters - Geology 

Bedrock and surficial geology maps were acquired from NB-DERD 

(http://www.snb.ca/geonb1/e/index-E.asp) and the Geological Survey of Canada 

(http://www.nrcan.gc.ca/earth-sciences/geography/topographic-information/free-data-

geogratis/11042), respectively (Table 3-1).  Bedrock and surficial geology were partitioned 

based on the topographically defined catchment upriver of a temperature point. Metrics for 

faults and contact zones (km) were extracted from the NB-DERD bedrock geological data 
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set and defined as the total linear distance in the topographic catchment upriver of the river 

temperature point (see O’Sullivan et al., 2019a).  

Land use 

Forest harvest data was extracted from a suite of satellite-derived forest inventory maps, or 

‘Hansen Maps’, with a 30 m pixel resolution (Hansen et al., 2013).   Hansen Maps present 

forest loss and gain for the entire planet at 30m resolution for a time period between 2000-

2016 (https://earthenginepartners.appspot.com/science-2013-global-forest).  Linke et al., 

(2017) found these satellite data can accurately define harvest year and area in the 

Miramichi, with accuracies of 85 and 88 % respectively.  We used the forest harvest data 

suite to describe land use disturbances in both catchments, where area disturbed is 

measured in km2.  Alexander (2006) found in a catchment lying on a transition zone 

between the Miramichi Highlands and the Maritime plains, groundwater and surface water 

conditions returned to those of pre-harvest seven years after a harvest event.  As such, we 

defined harvested forest as areas where harvest occurred in the seven years prior to the 

acquisition of TIR data.   

 

3.2.4 Spatial Statistical Stream Network Model 

We created spatial statistical stream network models (SSN) developed by Ver Hoef et al., 

(2006) which uses moving average constructions to build covariance structures.  The SSN 

model accounts for flow connectivity using ‘tail-up’ and ‘tail-down’ autocovariance 

models (e.g., Peterson et al., 2013).  Tail-up models restrict spatial autocorrelation to flow-

connected sections, i.e., sections where water flows from the upriver segment to the 
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downriver segment (Peterson and Ver Hoef, 2010).  Tail-down models permit spatial 

autocorrelation between flow connected and flow unconnected sections, i.e., sections 

which share a river network (see Isaak et al., 2014 for review).  Peterson et al., (2013) 

acknowledge the need to account for Euclidean patterns which may be inherent in rivers, 

e.g., intra and inter-sub-catchment movement of groundwater.  Attending to this, Ver Hoef 

and Peterson (2010) combine river-network models and autocorrelation models designed 

for Euclidean distances to produce a suite of mixed models based on variance components.  

The spatial linear model takes the form: 

 

  (1) 

where y is a vector of measured river temperature, X is a matrix of covariates, β is a 

parameter vector (parameters in Table 1), zTU, zTD and zE are vectors of zero-mean random 

variables with an autocorrelation structure based on tail-up (TU), tail-down (TD), and 

Euclidean (E) covariance functions, and ε is a vector of independent random errors 

(Peterson et al., 2013; Ver Hoef and Peterson, 2010; Isaak et al., 2014).  To measure 

dissimilarity between observations through space, the SSN model uses a ‘Torgegram’, 

which is a semi-variogram for a river network (Peterson and Ver Hoef, 2010).  Following 

examination of each Torgegram, we selected the SSN module was most appropriate for our 

data and model development (Ver Hoef and Peterson, 2010).  

 

All GIS, SSN processing was completed in ESRI’s ArcMap (version 10.5), using 

the STARS, Spatial Tools for the Analysis of River Systems, (version 2.0.6; Peterson and 

Ver Hoef, 2014); 
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https://www.fs.fed.us/rm/boise/AWAE/projects/SSN_STARS/software_data.html).  The 

SSN model was completed in RStudio (version 3.0.2 – R version 3.3), using the ‘SSN’ 

package (Ver Hoef, 2014).   

 

We compared the SSN models to a simple, aspatial, multiple linear regression 

model (MLR) in the form: 

 

�̂� =  𝑏0 + 𝑏1𝑋1 + 𝑏2𝑋2+ . . . . +𝑏𝑝𝑋𝑝  (2) 

 

where �̂�= predicted or expected value of the dependent variable, X1 through Xp are p 

distinct independent or predictor variables (parameters in Table 3-1), b0 is the value of �̂� 

when all independent variables equal zero, and b1 though bp are the estimated regression 

coefficients.   

To mitigate against issues associated with multicollinearity, we ran a variance 

inflation factor (VIF).  Parameters were iteratively removed, where VIF values > 10 were 

removed (as per Hair et al., 1995).  We kept certain parameters to test the hypotheses 

outlined earlier, such as bedrock geology, so long as no multi-collinearity existed.  The 

remaining parameters became the final set of descriptors for the models.  All VIF analyses 

were conducted in XLSTAT.  Descriptor reduction in the temperature models was derived 

from successive modelling iterations where statistically insignificant parameters (p>0.05) 

were removed until only significant descriptors remained.  Diagnostics of model 

performance followed a leave-one-out cross-validation, coefficient of determination (CV 
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R2- Isaak et al., 2017), Akaike information criterion (AIC- Akaike, 1974) and Root Mean 

Square Error (RMSE - Isaak et al., 2017).   

 

3.3 Results 

3.3.1 Spatial variability of river temperature  

The river temperature observed in the Cains River TIR ranged from 10.5 to 20.8 

°C.  The Cains River 1 km2 temperature models used n=102 river points and these 

temperatures ranged from 14.6 – 20.8 °C (average = 19.4 ± 1.0 SD °C; Figure 3-6a).  The 

Torgegram for the 1 km2 model illustrates a homogeneous, flow-connected temperature 

profile with little variance (Figure 3-6b). Dissimilarity of flow-unconnected branches 

increased with distance.  In general, the farthest reaches upriver in the mainstem were 

warmer than the downstream reaches (Figure 3-8 a and b), which mirrors the findings of 

semi-variance in Figure 3-6b.  The Cains River 3 ha temperature models used n=229 river 

points and these temperatures ranged from 13.1– 20.8 °C (average = 18.6 ±1.87 °C; Figure 

3-6a).  The Torgegram for the 3 ha river network model illustrates homogeneous flow-

connected sites with little variance, and flow unconnected sites display dissimilarly as 

distance increases (Figure 3-6c).  Similarly, this finding mirrors the spatial arrangement of 

temperatures (Figure 3-8a and b).  This suggests that positive spatial auto-correlation is 

inherent in the Cains River inflows, while the mainstem is relatively homogeneous and 

does not reveal a detectable trend. 
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Figure 3-6 (a) Frequency of observations made across a range of temperatures for the 

3 ha network (blue line), and the 1 km2 network (black line) across the Cains River.  

(b) Torgegram for the 1 km2  network across 35 km, where the blue dots are flow-

connected (mainstem) and green dots are flow-unconnected (inflows).  (c) Torgegram 
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for the 3 ha network across the same 35 km.  (d) Frequency of observations made 

across a range of temperatures for the 3 ha network, and the 1 km2 network across 

the North Pole Stream.  (e) Torgegram for the 1 km2  network across 30 km, where 

the blue dots are flow-connected and green dots are flow-unconnected.  (f) Torgegram 

for the 3 ha  network across the same 30 km, where the blue dots are flow-connected 

and green dots are flow-unconnected.  Across each panel, the size of the circles relates 

to the number of pairs of sites in each bin. 

 

The river temperatures observed in the North Pole Stream TIR ranged from 8.7 to 

18.8 °C. The North Pole Stream 1 km2 temperature model used n=103 points and these 

temperatures ranged from 12.9 – 18.8 °C (average = 15.9 ±1.3 °C; Figure 3-6d).  The 

Torgegram for the 1 km2 model in North Pole Stream reveals an increase of river 

temperature dissimilarity with distance for the mainstem and inflow temperature profiles, 

with both displaying a warming trend downriver (Figure 3-6e).  The variance structure is 

indicative of an exponential type curve (Figure 3-6e).  The North Pole Stream 3 ha 

temperature models used n=231 points and these temperatures ranged from 11.4 – 19 °C 

(average = 15.8 ±1.5 °C; Figure 3-6d).  The Torgegram for the 3 ha model sites illustrates 

semi-variance, and followed an exponential trend (Figure 3-6f).  Inflows followed the same 

trend as those identified in the 1 km2 river network, but at the catchment-scale followed the 

same trend of growing more dissimilar with distance (Figure 3-6f).  This highlights that 

spatial auto-correlation is inherent in the both inflows and the mainstem of the North Pole 

Stream.  
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3.3.2 VIF analyses  

Cains River 

A total of 18 descriptors were extracted for all models in the Cains River catchment.  

The suite of descriptors for the the Cains River 1 km2 SRTM model was reduced to 6 by 

the VIF analysis (see Table A-4).  The suite of descriptors for the Cains River 1 km2 LiDAR 

models was reduced to 5 by the VIF analysis (see Table A-4).  The suite of descriptors for 

the Cains River 3 ha LiDAR models was reduced to 5 descriptors by the VIF analysis (see 

Table A-4). 

North Pole Stream 

A total of 27 descriptors were extracted for all models in the North Pole Stream 

River catchment.  The suite of descriptors for the North Pole Stream 1 km2 SRTM models 

was reduced to 6 by a VIF analysis (see Table A-5).  The suite of descriptors for the North 

Pole Stream 1 km2 LiDAR models explained was reduced to 5 descriptors (see Table A-

5).  The suite of descriptors for the North Pole Stream 3 ha LiDAR models was reduced to 

8 descriptors (see Table A-5). 

 

3.3.3 River temperature model performance 

Cains River models 

Analysing the Torgegrams of the Cains River led to the selection of a Euclidean 

SSN model, based on the shortest distance between temperature data, and a Spherical SSN 

model to capture the temperature effects of flow-unconnected sites (e.g., Ver Hoef at al., 
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2006; Ver Hoef and Peterson, 2010).  For the 1 km2 SRTM model the best temperature 

predicting model was an Exponential Euclidean  SSN model (AIC = 152.9; CV R2 = 0.84; 

RMSE = 0.46 °C; Table 3-2).   The SSN models also had lower residuals when compared 

with the aspatial model (Figure A-6).  A Spherical (tail down) SSN model was selected as 

the best model for the 1 km2 LiDAR suite of models (AIC 157.3; CV R2 = 0.83; RMSE = 

0.48).  Examining the residuals in both SRTM and LiDAR models, the LiDAR model was 

also a better predictor of river temperature when compared to its SRTM counter-model 

(Figures A6 and A7).  There was little difference between the aspatial and spatial models 

for the 3 ha river temperature models.  An aspatial model was selected for the 3 ha model 

of fine-scale inflows based on AIC, as this metric illustrated the only discernable difference 

(AIC = 749.84; CV R2 = 0.6; RMSE = 1.21 °C – Table 3-2; Figure A-8). The 3 ha model 

was less accurate in contrast to the other 2 model resolutions. 

 

Table 3-2  The Cains River temperature models.  The aspatial model is a multiple 

linear regression model (MLR) and the spatial stream network models (SSN) are the 

Euclidean Exponential (E.E) and Spherical (S), TU = tail-up, TD = tail-down, n = 

number of river temperature observations; Coeff. = coefficient; Std. Error = standard 

error; p = p-values; AIC = Akaike information criterion; CV R2 = leave one out, cross-

validation; and RMSE = root mean squared error. 1the mean value of the metrics 

upriver contribution.  Selected model is highlighted grey. 
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Model Descriptor Coeff. Std. 

Error 

p-value AIC Δ 

AIC 

CV 

R 2 

RMSE 

C
a
in

s 
R

iv
er

 

1
 k

m
 2

 -
 S

R
T

M
 

(n
=

1
0
2
) 

Aspatial 

(MLR) 

(Intercept) 20.24 0.15 
<0.001 

200.6 47.7 0.76 0.7 
Wetlands 0.05 0.01 <0.001 

Valley 

wall 

slope1 

-0.91 0.06 

<0.001 

SSN 

Exponential 

(Euclidean) 

(Intercept) 18.05 1.30 <0.001 

152.9 2.4 0.84 0.46 
Wetlands 0.09 0.01 <0.001 

Valley 

wall 

slope1 

-0.33 0.08 

<0.001 

SSN - 

Spherical 

(Euclidean),  

Spherical 

(taildown) 

(Intercept) 18.71 0.54 <0.001 

161.0 0 0.81 0.51 
Wetlands 0.08 0.01 <0.001 

Valley 

wall slope1 -0.58 0.13 <0.001 

C
a
in

s 
R

iv
er

 

1
 k

m
 2

 -
 L

iD
A

R
 

(n
=

1
0
2
) 

Aspatial 

(MLR) 

(Intercept) 23.31 0.32 
<0.001 

190.1 32.8 0.77 0.6 Wetlands 0.07 0.01 <0.001 

Catchment 

slope1 -3.78 0.23 
<0.001 

SSN 

Exponential 

(Euclidean) 

(Intercept) 19.37 1.69 <0.001 

158.5 1.2 0.83 0.48 
Wetlands 0.09 0.01 <0.001 

Catchment 

slope1 -1.46 0.50 
<0.001 

SSN - 

Spherical 

(tail down) 

(Intercept) 19.42 2.60 
<0.001 

157.3 0 0.83 0.48 Wetlands 0.10 0.01 
<0.001 

Catchment 

slope1 -1.42 0.51 
<0.001 

C
a
in

s 
R

iv
er

 

3
 h

a
 -

 L
iD

A
R

 

(n
=

2
2

8
) 

Aspatial 

(MLR) 

(Intercept) 12.96 0.39 
<0.001 

749.4 0.0 0.6 1.21 Wetlands 0.11 0.01 
<0.001 

Elevation1 0.04 0.00 
<0.001 

SSN 

Exponential 

(Euclidean) 

(Intercept) 12.97 0.45 
<0.001 

752.7 3.3 0.58 1.21 Wetlands 0.11 0.01 <0.001 

Elevation1 0.04 0.00 
<0.001 

SSN - 

Spherical 

(tail down) 

(Intercept) 12.97 0.46 <0.001 

752.7 3.3 0.58 1.21 Wetlands 0.11 0.01 <0.001 

Elevation1 0.04 0.00 <0.001 
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North Pole Stream catchment models 

Inspection of the Torgegrams for the North Pole Stream led to the selection of a 

Euclidean SSN model, based on the shortest distance between temperature data, and a 

Spherical SSN model, to better capture the temperature effects of tributaries (e.g., Ver Hoef 

at al., 2006; Ver Hoef and Peterson, 2010); which is similar to the approach used for the 

Cains River catchment.  For the 1 km2 SRTM model suite an SSN model had the lowest 

AIC value (Table 3-3).  However, the model fit and associated residuals were higher and 

tighter, respectively, for the aspatial model (Figure A-9), leading to the selection of the 

aspatial model as the best model (AIC = 255.6; CV R2 = 0.69; RMSE = 0.8 °C; Table 3-3).  

For the North Pole Stream 1 km2 LiDAR a Euclidean Exponential SSN was selected as the 

best model (AIC = 262.48; CV R2 = 0.17; RMSE = 0.82 °C; Table 3-3; Figure A-10).  

Examining the RMSE, the SRTM model was a better predictor of river temperature when 

compared to its LiDAR counter-model (Table 3-3).  For the 3 ha North Pole Stream suite 

of models both AIC and RMSE was similar across the board (Table 3-3) and examination 

of model fits and residuals provided little additional insights (Figure A-11).  In such 

instances it is difficult to distinguish the best model by AIC alone (Burnham and Anderson, 

2004); hence, we selected the model with the highest CV R2.  An aspatial MLR model was 

selected for the 3 ha model of fine-scale inflows (AIC = 786.1.3; CV R2 = 0.35; RMSE = 

1.27 °C – Table 3-3).  Echoing the Cains River catchment 3 ha models, the North Pole 

Stream 3 ha’s was less accurate in contrast to the other two model resolutions. 
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Table 3-3  The North Pole Stream temperature models.  The aspatial model is a 

multiple linear regression model (MLR) and the spatial stream network models (SSN) 

are Euclidean Exponential (E.E), Spherical (S) and Spherical Exponential (S.E.), TU 

= tail-up, TD = tail-down, n = number of river temperature observations; Coeff. = 

coefficient; Std. Error = standard error; p = p-values; AIC = Akaike information 

criterion; CV R2 = leave one out, cross-validation; and RMSE = root mean squared 

error. 1the mean value of the metrics upriver contribution, 2mean air temperature 

between 15th July – 31 August, 2017.  Selected model is highlighted grey.  DWC = deep 

water clastic bedrock; Precip. = precipitation. 
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Model Descriptor Coeff. Std. 

Error 

p-

value 

AIC Δ 

AIC 

CV 

R 2 

RMSE 
N

o
rt

h
 P

o
le

 S
tr

ea
m

 

 1
 k

m
 2

 -
 S

R
T

M
 

(n
=

1
0
3
) 

Aspatial 

(MLR) 

(Intercept) 11.90 1.07 <0.001 

255.6 26.3 0.69 0.8 

DWC -0.08 0.02 <0.001 

Felsic 

(granite) 
0.02 0.00 

<0.001 

Valley 

depth1 0.25 0.04 
<0.001 

Valley wall 

slope1 -0.76 0.15 
<0.001 

SSN- 

Euclidean 

(Exponential) 

(Intercept) 13.69 1.40 <0.001 

230.3 1 0.37 0.7 

Felsic 

(granite) 
0.00 0.00 

0.03 

Sinuosity -2.01 0.81 0.015 

Valley 

depth1 0.24 0.04 
<0.001 

Valley wall 

slope1 -0.54 0.15 
<0.001 

SSN - 

Spherical 

(tail down) 

(Intercept) 13.64 1.14 <0.001 

229.3 0 0.37 0.69 

Felsic 

(granite) 
0.00 0.00 

0.019 

Sinuosity -2.12 0.83 0.012 

Valley 

depth1 0.23 0.04 
<0.001 

Valley wall 

slope1 -0.53 0.15 
<0.001 

N
o
rt

h
 P

o
le

 S
tr

ea
m

 

 1
 k

m
 2

 -
 L

iD
A

R
 

(n
=

1
0
3
) 

Aspatial 

(MLR) 

(Intercept) -4.73 5.56 0.4 

269.3

4 
6.86 0.62 0.86 

Air 

temperature2 1.24 0.34 0.001 

DWC -0.11 0.02 <0.001 

Felsic 

(granite) 
0.02 0.00 

<0.001 

SSN- 

Euclidean 

(Exponential) 

(Intercept) 12.71 1.72 <0.001 

262.4

8 
0 0.17 0.83 

DWC -0.09 0.03 <0.001 

Felsic 

(granite) 
0.02 0.00 

<0.001 

Valley 

depth1 0.24 0.08 0.003 

Catchment 

slope1  
-0.26 0.13 0.047 

SSN - 

Spherical  

(tail down) 

(Intercept) 12.51 1.54 <0.001 

263.3

5 
0.87 0.18 0.82 

DWC -0.10 0.03 <0.001 

Felsic 

(granite) 
0.02 0.00 

<0.001 

Valley 

depth1  
0.24 0.08 0.002 

Catchment 

slope1 
-0.27 0.13 0.04 
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N
o
rt

h
 P

o
le

 S
tr

ea
m

 

 3
 h

a
 -

 L
iD

A
R

 

(n
=

2
3
1
) 

Aspatial 

(MLR) 

(Intercept) 27.12 3.79 <0.001 

786.1 1.4 0.35 1.27 

DWC -0.09 0.02 <0.001 

Felsic 

(granite) 
0.02 0.00 

<0.001 

Precip. (Oct 

- July) 
-0.05 0.02 0.003 

Stream slope -0.09 0.03 0.007 

SSN- 

Euclidean 

(Exponential) 

(Intercept) 27.62 5.54 <0.001 

784.9 0.3 0.19 1.27 

DWC -0.10 0.02 <0.001 

Felsic 

(granite) 
0.02 0.00 

<0.001 

Precip. (Oct 

- July) 
-0.05 0.02 0.04 

Stream slope -0.08 0.03 0.02 

SSN - 

Spherical  

(tail down) 

(Intercept) 27.86 5.46 <0.001 

784.6 0 0.19 1.25 

DWC -0.10 0.02 <0.001 

Felsic 

(granite) 
0.02 0.00 

<0.001 

Precip. (Oct 

- July) 
-0.05 0.02 0.03 

Stream slope -0.08 0.03 0.02 

 

 

Model descriptors 

In the Cains, several descriptors were observed to be statistically significant across 

all model types and spatial resolutions (Table 3-2).  Wetlands were identified as a 

significant and positive descriptor for river temperature in all models (Table 3-2). An 

example of wetlands flanking a warm river section is shown in Figure 3-7a.  Valley wall 

slope was a negative significant descriptor all SRTM 1 km2 river temperature models 

(Table 3-2).  Catchment slope was a negative descriptor in all LiDAR 1 km2 (Table 3-2).  

Figure 3-7b shows the co-occurrence of steep slopes and groundwater inflows, and a 

decrease in inflow temperatures in sections with incised valleys is highlighted in Figures 

3-8a and b.  River elevation was a positive descriptor for river temperature in all 3 ha 

models (Table 3-2).   



 

102 

 

 

 

Figure 3-7  Examples of parameters of importance in the Cains River catchment 

models.  An upland wetland with no groundwater inflows and mainstem 

temperatures >20 °C (a) and incised valleys (> 70 ° - black arrows) with associated 

discrete groundwater inflows (13 – 14 oC) to the mainstem (blue arrows) (b).  An 

example of contrasting thermal regimes associated with underlying bedrock geology 

in the North Pole Stream catchment.  River temperature decreases by 3.9 °C over 1.6 

km (white arrows) due to diffuse groundwater inflows occurring in the high K 

sedimentary bedrock, with inflows of 8.7 °C (c).  An incised channel in the low K 

granite bedrock located in the lower sections of the catchment lacking groundwater 

inflows (d). 
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104 

 

Figure 3-8  An illustration of the mainstem, longitudinal elevations, river 

temperature profiles (inflows – blue dots; mainstem – black line; inflow trend 

– yellow dashed line), and bedrock hydraulic conductance (high and low K) for 

the Cains River (a and b) and North Pole Stream (b and d). The Cains River 

profile shows few groundwater inflows in the headwater, along with wetlands 

and a decrease of mainstem and inflow temperature downriver where valley 

incisions occur (b).  The North Pole Stream profile showing an ≈ 4 °C decrease 

in 1.6 km below a lake and increasing temperature of the mainstem and 

inflows downriver over the granite bedrock. 
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In the North Pole Stream, a deep water clastic (DWC) bedrock deposit was a 

negative significant descriptor in 1 of 3 SRTM 1 km 2, 3 of 3 LiDAR 1 km2 and 3 of 3 3 

ha models (Table 3-3).  Valley wall slope was a significant negative descriptor in all 3 

SRTM 1 km2 models, catchment slope was a significant negative descriptor in 2 of 3 

LiDAR 1 km2 models and stream slope was a significant negative descriptor in all 3 3 ha 

models (Table 3-3).  The coolest sections of the North Pole Stream catchment occur in the 

highest elevation areas, which have the steepest sections of the catchment, and are 

underlain by DWC bedrock deposit.  In this DWC section, TIR identified discrete 

groundwater discharge (8.7 – 10.9 °C) into the lake and diffuse groundwater discharge 

below the lake (Figure 3-7c).  This diffusive discharge reduced temperatures from 17.5 °C 

(lake-outflow) to 13.6 °C in ≈ 1.6 km (Figure 3-7c).  This change is also apparent in the 

mainstem temperature longitudinal profile in Figure 3-8c and d.  A felsic granite bedrock 

deposit was a positive significant descriptor in all models (Table 3-3).  Valley depth was a 

positive significant descriptor in all 3 SRTM 1 km2 models, and 2 of 3 LiDAR 1 km2 

models (Table 3-3).  A river reach lacking groundwater inflows in a deep, incised valley in 

the catchment’s lower section underlain by granite bedrock is illustrated in Figure 3-7d.  

Average air temperature (15th July – 31 August) was a significant positive descriptor in 1 

LiDAR 1 km2 and Precipitation between October and July was a positive significant 

descriptor in all 3 3 ha models (Table 3-3).   
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3.4 Discussion 

3.4.1  Spatial statistical river temperature models in complex geologic 

settings 

Spatial statistical river network models are emerging as a cutting-edge tools for riverine 

analyses (e.g., Isaak et al., 2009; Jackson et al., 2017).  These models are based on Tobler’s 

first law of geography “everything is related to everything else, but near things are more 

related than distant things.” (Tobler, 1970).  They have proven to be powerful tools in river 

temperature studies in high relief, montane regions (Steel et al., 2017; Jackson et al., 2018), 

and preliminary efforts to model aquatic biota populations are encouraging (Isaak et al., 

2017; Hocking et al., 2018).  In this study, we found mixed success and sometimes poor 

outcomes for the SSN models, and the reason appears to be a function of geology.  

Emerging from our current and past studies (Monk et al., 2013; O’Sullivan et al., 2019a) 

and relatively poor SSN performance in regions with similarly variable geology and 

topography  (e.g., Detenbeck et al., 2016 - New England, North Eastern U.S.A.) is a 

working hypothesis that spatial statistical river network models are effective in regions 

where the relationship between climate, groundwater and topography is regionally 

constant, i.e., uni-directional or bi-directional (Tóth, 1962; Gleeson and Manning, 2008).   

 

New Brunswick is characterised by a complex geologic and climatic past and we 

hypothesized that SSN models would increase model performance in this geologically 

complex settings; however, SSN models were found to have mixed success.  We 

hypothesize that the utility of current SSN models is defined by an area’s geology and 
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topography.  One line of support for our hypothesis is the Cains River which is underlain 

by homogeneous high conductance bedrock, where groundwater regimes are suggested to 

be constant throughout and tightly linked to topography (Rivard et al., 2008; Cuthbert et 

al., 2019). We suggest that in areas where the relationship between groundwater and 

topography is relatively uniform, regardless of connectivity, SSN models can effectively 

predict river temperature.  This is consistent with Isaak et al., (2017) and Jackson et al., 

(2018) who report strong SSN model fits and low RMSE in regions which have 

groundwater and topography relationships that are regionally consistent (Figure A-1).  The 

North Pole Stream is characterized by bedrock with high conductance in the headwater 

sections and low conductance bedrock in the middle to downriver sections (Figure 3-3).  

The catchment also has greater variability of topography in the headwaters than the 

downstream reaches, and thus we predict contrasting groundwater and topography 

interactions within the catchment between the headwater and lower sections (Haitjema and 

Mitchell-Bruker, 2005; Gleeson et al., 2011).  In such geological settings, we suggest SSN 

models in their current form are confounded by opposing groundwater and topography 

interactions, i.e., the apparent diffuse groundwater inflows in the headwater reaches and a 

lack of groundwater inflows in the downstream reaches (see Figure 3-7).  Schaller and Fan 

(2009) demonstrated that at regional to catchment-scales, underlying geologic structure can 

disrupt, weaken, and even reverse smooth hydrological transitions.  We hypothesis these 

processes can also disrupt spatial autocorrelation in the river networks (e.g., Grant et al., 

2017).  Detenbeck et al., (2016) working in a geologic setting similar region to NB, also 

reported SSN models with weaker fits and higher RMSEs than those of Isaak et al., (2017) 

and Jackson et al., (2018) (see Figure A-1).  The mixed successes of the SSN models for 
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river temperature networks appears to be associated with the degree and variability of 

connectivity between local/ intermediate/ regional groundwater and topography.    

 

Research is increasingly improving our understanding of local, intermediate and 

regional subsurface processes and thus the need to incorporate such processes into 

hydrological modelling (e.g., Jefferson et al., 2010; Schaller and Fan, 2009; Gleeson et al. 

2011; O’Sullivan et al., 2019a; Condon et al. 2020).  The inclusion of metrics that capture 

subsurface processes in SSN models may overcome complexities that appear to be arising 

from variable groundwater and topography relationships.  More broadly, we suggest 

geologic setting, coupled with climate and solar radiation, is a first order control of river 

thermal and flow regimes (e.g., Tague and Grant, 2004; Carlier et al., 2019) and thus a 

critical factor determining the utility and efficacy of spatial statistical river network models. 

It may be possible to add a 3rd dimension of spatial autocorrelation in a vertical plane that 

would capture a more holistic model of hydrological processes underpinning river 

temperatures.   

3.4.2 Effects of topographic resolution on river temperature models  

LiDAR continues to provide unprecedented insights into geomorphic and 

hydrological processes (e.g., Dietrich and Perron, 2006; Legleiter and Fosness, 2019; 

Murphy et al., 2008). In the Cains River we observed statistically significant differences 

between SRTM and LiDAR DEMs (Table A-3), and noted that SRTM DEMs measured 

forest canopy as opposed to bare earth (see Figure A-4).  We found high resolution LiDAR 

increased the accuracy of river temperature modelling in a geological setting where surface 
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and subsurface hydrological processes are likely tightly coupled, i.e., homogeneous 

conductance and subsurface flow paths that are replicas of topography (Haitjema and 

Mitchell-Bruker, 2005; Cuthbert et al., 2019).  The importance of high-resolution LiDAR 

is apparent when viewing incised valleys of the sub-catchments along the Cains River 

where discrete groundwater inflows appear and are most probably deeper, bedrock-origin 

subsurface flows (see Figure 3-8b; Rivard et al., 2008; Kurylyk, 2014).  We conclude that 

in regions where topographic controls on groundwater are spatially constant, SSN models 

will likely benefit from LiDAR’s robust quantification of topography.  

In the North Pole Stream we unexpectedly found no statistical difference between 

SRTM and LiDAR DEMs (Table A3).  However, similar to the Cains Rivers, the North 

Pole Stream SRTM DEM had a positive bias for vegetated areas, and a negative bias when 

measuring over waterbodies data (see Figure A-4), suggesting LiDAR is a more accurate 

representation of topographic structure, regardless.  In this setting high-resolution LiDAR 

did not improve the performance of river temperature models (Table 3-3).  The Torgegram 

(variogram) of the North Pole Stream reveals dissimilarities along the river (Figure 3-6).  

The upriver, headwaters have a conductive bedrock with steep topography which creates 

diffuse inflows that decrease river temperatures (by ≈ 4 °C over 1.6 km; Figure 3-7c). 

Contrastingly, a deeply incised valley with low conductance bedrock produced no apparent 

groundwater inflows to the river, i.e., groundwater and topography disconnection (Figure 

3-7d).  In such steep and confined, low conductance, shallow bedrock valleys, river 

temperatures can be warmed from heat gains by solar radiation (Caissie 2006a; Figure A-

4), shallow groundwater heating (Briggs et al., 2017), and fluid friction (O’Sullivan et al., 

2019b).  We suggest that LiDAR has limited ability to improve river temperature model 
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performance in areas defined by opposing groundwater and topography interactions 

(Schaller and Fan, 2009; Gleeson et al., 2011), unless the models also include parameters 

that address subsurface processes (Larocque and Broda, 2016). 

3.4.3 The influence of wetlands on river temperature  

In the catchment of lower relief and homogeneous bedrock composition, Cains 

River, wetlands and lentic bodies showed positive effects on river temperatures, regardless 

of topographic or river network resolution.  Monk et al., (2013) and O’Sullivan et al., 

(2019a) also linked wetland complexes to increases in tributary temperatures in the Cains 

River.  In the Cains River, wetlands and lentic bodies are mostly located in upland areas, 

generally shallow, and thus most probably have little groundwater influence (Euliss et al., 

2004) and experience heat gains from solar radiation and air temperature during summer 

resulting in warm water discharge to the river network (Hondzo and Stefan, 1993; Mooij 

et al., 2007).  In the Cains, we also hypothesize that wetlands and lentic bodies recharge 

the underlying sandstone aquifer (Rivard et al., 2008).  However, the effects of wetlands 

and lentic bodies on river thermal regimes will be largely dictated by groundwater 

connectivity (Winter, 1988; Winter and LaBaugh, 2003), and these interactions can vary 

through space and time as a function of climate (LaBaugh et al., 1998; Devito et al., 2017).  

Future work is required to establish the hydrologic function of wetlands for river thermal 

regimes.  
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3.4.4 Predicting fine-scale groundwater thermal refugia  

The importance of thermal refugia for coldwater species in rivers will continue to 

increase in a warming climate (Dugdale et al., 2016; Corey et al., 2019).  Modelling fine-

scale inflows is complicated because surface water and groundwater thermal regimes are 

governed by different thermo-mechanical processes and flux at different amplitudes and 

magnitudes (Anderson, 2005; Glose et al., 2017).  Some fine-scale inflows may also be 

ephemeral, further complicating modelling efforts (Leibowitz et al., 2008; Ebersole et al., 

2015).  Even so, the fine-scale models for the Cains River outperformed those in the North 

Pole Stream.  We extend our hypothesis that in areas where groundwater flows are 

replicated by topography (see Haitjema and Mitchell-Bruker, 2005), fine-scale 

groundwater inflows can be accurately modelled using high-resolution LiDAR (see Table 

3-2 – 3 ha model).  In geologic settings where groundwater and topography relationships 

are variable, such as the North Pole Stream, efforts to model fine-scale inflows will most 

likely produce weaker results (see Table 3-3 - 3 ha model).  This highlights the necessity 

of acquiring higher-resolution subsurface data.  

3.4.5 Limitations  

Adjacent to our findings, it is worth considering the limitations of our modelling 

approach. TIR presents a snapshot in time; while we investigated how representative these 

TIR data are of temporal means, hydroclimatic variability across years will undoubtedly 

influence hydrological processes.  Our remote sites lack discharge data, which is a critical 

component of river temperature energy budgets (Baker et al., 2018).  Land use in our study 

areas is dominated by forestry, and changes to the forest landscape have occurred between 
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2008/09 and 2017 (Linke et al., 2017); these changes can modify river flow and thermal 

regimes (Moore, 2005; Smerdon et al., 2009).  However, the true effect of harvest on river 

flows and temperature remains largely unresolved (Alexander, 2006; Kirchner et al., 2020).  

The climate data used in these models (DayMet) are limited in areas lacking meteorological 

stations, such as our study areas. By developing solar radiation models from high-

resolution LiDAR we have addressed concerns of spatial resolution (e.g., Loicq et al., 

2018).  However, these solar radiation models are temporally limited as we assumed a 

constant clear sky view.  The geologic data used in this study is 1:50,000 scale; at this 

scale, these data most likely only capture broad-scale hydrological processes, and do not 

account for important fine-scaler hydrological processes that modify river thermal regimes.  

Finally, ephemeral flows, which may not be account for in our modelling efforts, likely 

exists across both sites. 
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Chapter 4: Ice Cover Exists (ICE): A quick method to delineate 

groundwater inputs in running waters for cold and temperate regions3 

 

Abstract 

Groundwater can be important in regulating stream thermal regimes in cold, 

temperate regions and as such, it can be a significant factor for aquatic biota habits and 

habitats.  Groundwater typically remains at a relatively constant temperature through time, 

i.e., it is warmer than surface water in the winter and cooler in the summer.  Further, small 

tributaries are often dominated by groundwater during low flows of winter and summer.  

We exploit these thermal patterns to identify and delineate tributary/groundwater inputs 

along a frozen river (ice-on) using publicly available satellite data, and we tested the 

findings against airborne, thermal infrared (TIR) data.  We utilise a supervised maximum 

likelihood classification (sMLC) to identify possible groundwater inputs while the river is 

in a frozen state (kappa coefficient 96.77 when compared to visually delineated possible 

groundwater inputs).  We then compare sMLC identified possible groundwater inputs to 

TIR classified groundwater inputs which confirmed there was no statistical difference (2 

=0.78), i.e., confirming groundwater inputs can be delineated in north temperate river 

systems using available satellite imagery of the system’s frozen state.  Our results also 

                                                 

3 O'Sullivan, A.M., Linnansaari, T. and Curry, R.A., 2019. Ice cover exists: A quick 

method to delineate groundwater inputs in running waters for cold and temperate regions. 

Hydrological Processes, 33(26), pp.3297-3309. https://doi.org/10.1002/hyp.13557  
 

https://doi.org/10.1002/hyp.13557
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established the spatial extent and influence of possible groundwater inputs in two seasons.  

The thermal plumes were longer and narrower in winter; this is likely related to seasonal 

differences in dispersion regimes.  We hypothesize that differences between summer and 

winter is related to either (1) tributaries which are modulated by shading in the summer, or 

(2) aquifer disconnection from the river in the winter owing to frozen ground conditions 

and lack of aquifer recharge.  This method of establishing tributary/groundwater inputs and 

contributions to surface water thermal regimes is relatively simple, and can be useful for 

science and management as long as ‘ice cover exists’ (ICE), that is, the system can achieve 

a frozen state.  

 

Keywords:  Groundwater; ice; satellite imagery; thermal infrared; summer/ winter; 

maximum likelihood classification; thermal dispersion; thermal refugia 

 

4.1 Introduction  

Groundwater contributions to streams vary depending on development, storage 

capacity, residence times, and flow paths (see among many examples, Larocque and Broda, 

2016; Brunner et al., 2017), and these are functions of bedrock geology (O’Sullivan et al., 

2019), surficial geology (Vidon and Smith, 2007), topography (Johnson et al., 2017), 

vegetation (Groeneveld and Griepentrog, 1985), and climate (Kurylyk et al., 2014).  

Groundwater interactions with surface water occur at various scales through space and time 

(Winter, 1995; Callahan et al., 2015).  At broader spatial scales, groundwater contributions 

to surface waters can be sourced from groundwater-dominant tributaries (e.g., Winter 

2007), while at finer, reach scales, inputs can be localized, e.g., seepage along banks (e.g., 
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Kurylyk et al., 2013).  The discharge regime of groundwater is typically relatively constant 

through time (Constantz, 1998), but can flux depending the aquifer storage capacity (Tague 

et al., 2007) and the climate regime (Briggs et al., 2017).   

 

The thermal regime of groundwater is driven by thermal and hydraulic conductance 

characteristics (Arenson et al., 2002) and associated thermo-dynamic processes (Anderson, 

2005), and can be modified by natural (Isaak et al., 2009) and anthropogenic landscape 

disturbances (Moore et al., 2005) as well as climate (Briggs et al., 2018).  Owing to the 

relatively constant rate of discharge and temperature (e.g., Alexander and Caissie, 2003), 

groundwater contributions to flowing waters in north temperate regions are typically 

persistent and cooler than surface water in the summer (e.g., Kurylyk et al., 2014) and 

warmer in the winter (e.g., Linnansaari and Cunjak, 2010).   

 

The thermal and discharge characteristics of groundwater-based features in flowing 

waters can control fish habitats and therefore their behaviour (Curry and Devito, 1996).  

Fish use groundwater discharge directly for reproduction (Curry and Noakes, 1995; 

Malcolm et al., 2004) and indirectly, capitalizing on groundwater-dominated tributary 

discharge to larger rivers that provide thermal refugia in summer (Breau et al., 2011; 

Dugdale et al., 2016) and winter (Cunjak, 1996; Cunjak et al., 1998).  These habitats and 

their role as refugia are becoming increasingly critical for the management and 

conservation of coldwater species as our climate changes (Isaak et al., 2015).    
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Thermal infrared imagery (TIR) is being used to delineate river temperature at fine scales 

over large areas (e.g., Torgensen et al., 1999; Handcock et al., 2012), examine the physical 

processes which regulate stream temperature regimes (e.g., Monk et al., 2013), and 

investigate behavioural and physiological responses of coldwater species under extreme 

heat events (e.g., Petty et al., 2012; Dugdale et al., 2016).  While TIR has more than shown 

its novelty and efficacy in the fields of hydrology (e.g., Fullerton et al., 2015) and aquatic 

ecology (e.g., Wilbur 2012), it remains an expensive tool that presents a single, snap shot 

in time of a river’s temperature.  Satellite imagery can also detect and delineate the thermal 

properties of landscapes and possible groundwater discharge zones, e.g., Sass et al. (2014).  

However, the resolution of satellite-derived thermal images is coarse and limited for 

applications in stream and river ecosystem management and conservation (Briggs and 

Hare, 2018), specifically, Landsat Enhanced Thematic Mapper Plus (ETM+) Band 6 

(thermal band) has a ground resolution = 60 m resampled to 30 m 

(https://landsat.usgs.gov).   

 

There is however, the potential that temperature variances created by groundwater can be 

detected in flowing waters using satellite imagery by considering the thermal dynamics of 

discharging groundwater in running waters either directly, e.g., seepage zones or via the 

discharge zone of smaller groundwater-dominated tributaries in rivers.  When flowing 

waters become ice covered in winter, the zones of groundwater discharge and tributary 

confluences can be void of ice depending on their aquifer geometry and composition 

(Paznekas and Hayashi, 2016).  We examined an extensive network of TIR delineated 

summer temperatures in a river (see Monk et al. 2013; O’Sullivan et al., 2019) to identify 

https://landsat.usgs.gov/
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thermal anomalies and compared these with freely available, satellite imagery from the 

same locations collected in winter.  Our goal was to establish if such satellite imagery could 

be used as an effective method of demarcating potential groundwater sources along the 

river network.  The ice coverage images also allowed us an opportunity to consider the 

processes creating the geometry of groundwater and tributary plumes in summer and winter 

towards future quantification of the spatiotemporal contributions of groundwater in a river 

network.  

 

4.2 Methods 

4.2.1 Study Area 

Our study area extends across the Miramichi River catchment in central New 

Brunswick, Canada (known in Mi'kmaq as the "Lustagoocheehk" which translates to 

"goodly little river") (Figure 4-2).  The watershed is ≈ 14,000 km2 and encompasses two 

physiographic regions – the Maritime Plains and the Miramichi Highlands.  The Miramichi 

Highlands are a component of the Acadian Orogeny – the northern most unit of the 

Appalachian mountain range, while the Maritime Plains are a lowland area that has 

witnessed various geomorphic processes from oceanic to glacial (Rampton et al., 1984).  

The region has a typical north, temperate climate with cold winters (mean temperatures 

December to February ≈ -7 oC) and warm summers (mean temperatures in July ≈18.8 oC 

with highs to 30 oC; Cunjak and Newbury, 2005).  Rivers and streams are ice covered by 

late December and remain covered until mid-late April (Cunjak and Caissie, 1993).  

However, smaller streams that are groundwater dominated can remain ice free to varying 
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degrees (Figure 4-1, and Cunjak, 1998).  In summer, river temperatures can exceed 30 oC 

in the Miramichi (see Corey et al., 2019), while in the winter, river temperatures are 

typically 0 oC (Cunjak and Caissie, 1993).  Groundwater thermal regimes in the Miramichi 

vary with depth, and display a lagging behaviour in relation to seasonal air temperature 

fluxes.  Kurylyk et al., (2013), for instance, found lag times in the order 1.3 months between 

seasonal air temperatures and groundwater temperatures at a depth of  2 m (average 

monthly summer ≈ 11.2 oC, average monthly winter ≈ 3 oC), while groundwater 

temperatures at 8.75 m observed a lag time of ≈ 5.7 months with an average monthly 

summer ≈ 6 oC, and average monthly winter ≈ 7 oC, in Catamaran Brook (Alexander, 

2006).  Therefore, in the summer groundwater temperatures can be between 2-5 times 

cooler than ambient river temperatures, but in the winter groundwater temperatures can be 

up to 7 oC warmer than ambient river temperatures (depth and geologic material 

dependent).  
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Figure 4-1 Little Southwest Miramichi River, NB and its tributary Otter Brook, A – 

B (source: GeoNB).  A - The reach upstream of the outlet, March 9, 2017.  B – Outlet 

of Otter Brook discharging into the Little Southwest Miramichi River, March 9, 2017.  

C – The spatial extent of the likely Otter Brook plume along the south-eastern bank 

of the main river, March 9, 2017.  

 

The Miramichi River is noted for Atlantic Salmon (Salmo salar) and Brook Charr 

or Trout (Salvenius fontinalis) (Cunjak and Newbury, 2005).  These coldwater salmonids 

are highly prized and managed, but the threat of a changing climate has already impacted 

neighbouring populations to the south and is likely affecting the Miramichi River 

populations as well (e.g., Monk and Curry, 2009; Daigle et al. 2015).  Studies in the 

Miramichi River watershed are similarly demonstrating that salmon and charr have a 

dependence on summer thermal refugia created by zones of groundwater discharge or 

groundwater dominated tributaries, e.g., Breau et al., (2011), and Corey et al., (2019).  

Hence, the importance to managers of identifying groundwater inputs across broad scales 

to protect the thermal refugia necessary for these coldwater ecotherms (Kurylyk et al., 

2014).  Our study examines 208 km of river across 7 tributaries of the Miramichi River 

watershed (Figure 4-2).    
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Figure 4-2  The Miramichi River watershed, NB, Canada, and rivers studied, where: 

1 = North Branch of the Southwest Miramichi River; 2= McKiel Lake; 3 = Burnthill 

Brook; 4 = Clearwater Brook; 5 = Little Southwest Miramichi River; 6 = Southwest 

Miramichi River (and meteorological station), and 7 = Cains River.   

 

4.2.2 Thermal Infrared Imagery 

The TIR (8-9.5 µm) data were collected by a FLIR Systems SC3000 LWIR, 

mounted to a gyro-stablized unit attached to a helicopter (Bell Long Ranger).  One image 

was collected every second along with a geotag, resulting in an image over-lapped of 40-

70% (R. Faux, Quantum Spatial, unpublished data).  In-stream thermographs were 
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deployed to calibrate TIR data, where radiant temperatures are calibrated based on the 

ground truthed kinetic temperatures.  Post calibration, images were geo-referenced and 

orthorectified with a pixel resolution of 0.6m (see Table 1 - Monk et al., 2013).  The final 

TIR data are classified at 0.1 oC intervals.  TIR data was collected between 22 – 24 July 

2008 for Burnthill Brook (Bb), Cains River (Cr), Little Southwest Miramichi River - lower 

reach (LSw-L), McKiel Lake (McKiel), and the Southwest Miramichi River (Sw), while 

TIR for Clearwater Brook (Cb), Little Southwest Miramichi River – upper (LSw-U), and 

North Branch of the Southwest Miramichi River (NBSw) was acquired on the 29 July 2009 

(Figure 4-3).  

 

To delineate the spatial extent of thermal plumes in reaches examined, we used the 

raster math ‘condition’ function in ArcMap to identify pixels within the TIR data set with 

a > 0.5 oC (Torgersen et al., 2001) temperature differential compared to the main bulk 

temperature as determined by neighbouring pixels with the TIR data suite.  We visually 

classified the groundwater source as ‘tributary’ – inputs from a stream (Figure 4-3 A), 

‘alcoves’ - inputs from backwater channels (Figure 4-3 B), and ‘seeps’ – inputs coming 

directly from the river bank (Figure 4-3 C).  
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Figure 4-3  Three examples of detected groundwater contributing areas showing the 

aerial, red-green-blue (RGB) image, corresponding thermal infrared image (TIR), 

and winter satellite image (Satellite) with polygons delimiting the contributing areas.  

A is a tributary input, B is a backwater channel, or alcove, and C is a seepage zone.  

 

4.2.3 Satellite imagery  

Over the past few decades, the resolution (defined by pixel size) of commercial 

satellite imagery has increased exponentially (e.g., Legleiter and Overstreet, 2012).  The 

evolution of these high-resolution data is mostly confined to ≈ 0.4 – 2.3 µm range, i.e., not 

inclusive of the thermal range (≈ 8-14 µm), e.g., DigitalGlobe WorldView 3.  Pixel 
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resolution for panchromatic imagery is now available at <1 m scales, e.g., DigitalGlobe, 

WorldView – 4 captures images at ≈ 30 cm resolution and such are available for purchase.  

Further, Google Earth Pro hosts a suite of high-resolution imagery including historical 

images that are publicly available.  We utilised these publically available Google Earth Pro 

images for our analysis.  We selected images with the condition that ice conditions exist 

(ICE).  Herein we suggest ICE occurs during the ice-cover period, i.e., mid or late winter 

before the initiation of spring ice melt, and later we discuss the processes that lead to the 

ice conditions we capitalize upon.  We searched Google Earth Pro for ICE images that 

overlapped with our TIR images.  We identified ICE conditions on 3 April 2014 across all 

sites excluding the LSw–L which only had an image from 2 February 2017.  We 

georeferenced the satellite images in ArcMap with a resulting pixel resolution from 0.3 – 

1 m (Table 4-1).  In an effort to equalize the cell sizes for both TIR and satellite images, 

we resampled the satellite images at 0.6 m using the ArcMap ‘resampling’ tool, applying 

a ‘nearest’ resampling technique (ESRI, 2018).  Following resampling, we manually 

inspected the images for excessive shadowing and clipped the shadows from the satellite 

image in order to prevent misclassification in later steps.   

 

Table 4-1  River, date, and resolution of acquired image, along with resampled 

satellite image resolution (see text).  
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River 
Thermal infrared (TIR) 

Date/ Resolution (m2) 

Satellite (ICE) 

Date/ Resolution (m2) 

ICE resampled 

Resolution (m2) 

Bb 23 July 2008 / 0.6 3 April 2014 / 0.45-1.00 0.6 

Cr 23 July 2008 / 0.6 3 April 2014 / 0.30-0.85 0.6 

Cb 29 July 2009 / 0.6 3 April 2014 / 0.38-1.00 0.6 

LSw-L 23 July 2008 / 0.6 2 Feb 2017 / 0.42-0.90 0.6 

LSw-U 29 July 2009 / 0.6 3 April 2014 / 0.42-0.83 0.6 

McKiel  24 July 2008 / 0.6 3 April 2014 / 0.95 0.6 

NBSw  28 July 2009 / 0.6 3 April 2014 / 0.37 0.6 

Sw  23 July 2008 / 0.6 3 April 2014 / 0.42 0.6 

 

4.2.4 Maximum likelihood classification (MLC) 

To classify possible groundwater inputs and ice across the suite of the ICE 

(satellite) images, we executed a supervised maximum likelihood classification algorithm 

(sMLC) in ArcMap.  sMLC is a method utilised in land use classification (Townshend et 

al., 1987), forest classification (Brosofske et al., 2014), and water body classification 

(Verpoorter et al., 2012), and relies on Bayes theory (ESRI, 2018).  Sun et al., (2013) 

explain that a normal distribution is assumed for training samples.  During classification, 

unclassified pixels are subscribed a classification based on the likelihood of falling into the 

probability density function of a training category.  Our training dataset included 1,542 

pixels for groundwater and 137,094 for ice, where each pixel is 0.6 m and distributed 

randomly throughout our satellite data in an effort to capture all variability.   

 

We assessed the accuracy of the sMLC by calculating the model’s Kappa 

coefficient (k).  The k is utilised in image classification and follows the form: 

𝑘 =
𝑝𝑜−𝑝𝑒

1−𝑝𝑒
   (1) 
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Where po = observed proportional agreement, and pe = the expected agreement by change 

and, 

𝑝𝑜 =
1

𝑛
∑ 𝑓𝑖𝑖

𝑔
𝑖=1    (2) 

while, 

𝑝𝑒 =
1

𝑛2
∑ 𝑓𝑖+𝑓+𝑖

𝑔
𝑖=1   (3) 

 

where fi+ is the total for the ith row, and f+i is the total for the ith column.   

 

Jensen (1996) explains a k value > 0.8 is suggestive of strong agreement between 

the classified image and the reference data, such as ground control point or a manual 

inspected point.  A k value between 0.4 – 0.8 signifies moderate agreement between the 

classified image and the reference data, and a k value < 0.4 denotes a poor agreement 

between the classified image and the reference data.  

 

Considering no satellite image ground control points were available, we visually 

examined the ICE image for ice discontinuities, i.e., possible groundwater inputs, and ice 

cover to develop a validation dataset for the kappa coefficient analysis.  To execute this, 

we constructed points in ArcMap and manually assigned them a class dependent on the 

hydrological state they represent in the ICE image (free flowing or frozen – possible 

groundwater or ice) - a total of n=62 points: where n=30 were classified as possible 

groundwater, and n=32 were classified as ice-cover.  Using these points, we extracted 

classes from our sMLC classification.  This was completed by converting the sMLC layer 

from a polygon to a raster, and using the ‘extract values’ tool in ArcMap, to extract values 
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(or classifications) from the sMLC raster dataset to our validation points.  TIR inputs were 

visually inspected and possible groundwater inputs were classified as alcove, seep, or 

tributary.  To compare observations of groundwater inputs in both TIR (0.5 oC boundary 

condition derived) and ICE (sMLC derived), we conducted a Chi square test (χ 2) with an 

α = 0.05.  All statistical tests were performed in Microsoft Excel (2018).  A workflow of 

classification techniques for both TIR and ICE images in illustrated in Figure 4-4.  
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Figure 4-4  Illustration of the work flow for processing TIR (left) and Satellite (right) 

images.  TIR (1) is airborne-derived TIR image, TIR (2) is the delineated groundwater 

inputs based on a boundary condition of <0.5 oC from the mainstem, and TIR (3) 

displays the groundwater inputs (red) overlaid on the aerial image.  Satellite (1) is the 

satellite image where ICE is met.  Satellite (2) is ICE with shadows clipped.  Satellite 

(3) is the delineation of the training data (red) for a supervised, maximum likelihood 

classification (sMLC) of ice cover.  Satellite (4) is the sMLC-derived classification.  

Satellite (5) displays the predicted, groundwater inputs (blue) on the aerial image, 

where TIR (3) and ICE (5) are the same image. 

 

4.3 Results   

4.3.1 Supervised maximum likelihood classification (sMLC) 

An excellent relationship was observed between the sMLC derived classification for ice-

cover and possible groundwater inputs and the manually derived classifications in the ICE 

imagery – k =96.8.  Moreover, possible groundwater inputs were classified with 100% 

accuracy in the sMLC model – when compared to the manually determined classification; 

while the sMLC model classified ice-cover with 96.88 % accuracy.   

 

4.3.2 TIR and ICE input detections 

The TIR boundary condition (> 0.5 oC difference from mainstem) resulted in the 

identification of 45 assumed, groundwater inputs across the seven rivers (Figure 4-2), i.e., 
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tributaries (‘tribs’) n = 19, bank seepage zones (‘seep’) n = 17, and back-water zones 

(‘alcove’) n = 9 (Table 4-2).  The ICE sMLC analysis identified 48 assumed, groundwater-

derived sites across all the eight sampled areas: n = 17 tributaries (89% of TIR delineated 

sites), n = 21 bank seepage zones (100% plus 3 additional sites), and n = 10 alcoves (100% 

plus 1 additional site) (Table 4-2).  The χ2 analysis indicated that ICE detections of 

groundwater inputs matched the TIR detections (χ2 = 0.489, df = 2, p = 0.78).  At most 

locations, the area of the thermal plume was greater in the ICE image (Table 4-2).  As an 

example, Figure 4-5 shows a site on the Cains River where groundwater input from a valley 

bottom, alcove extends along a much longer zone in winter.   

 

Table 4-2  Summary of TIR and ICE inputs detected and the estimated, total areal 

extent of groundwater input zones among study sites (see text).  
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River Input 

TIR ICE 

Inputs 

detected 

Estimated area 

(m2) 

Inputs 

detected 

Estimated area 

(m2) 

Bb Trib 2 208 2 930 
 Seep 0 0 1 424 
 Alcove 0 0 1 484 
 

     

Cr Trib 10 2,042 10 4,235 
 Seep 7 207 8 1,014 
 Alcove 1 4,088 1 3,984 
      

Cb Trib 3 1,484 3 826 
 Seep 3 143 4 562 
 Alcove 6 1,196 6 5,906 
      

LSw-L Trib 0 --- --- --- 
 Seep 4 246 4 260 
 Alcove 1 603 1 931 
      

LSw-U Trib 2 667 2 1,129 
 Seep 2 58 3 68 
 Alcove 0 --- --- --- 
      

McKiel  Trib 1 256 0 0 
 Seep 0 --- --- --- 
 Alcove 0 --- --- --- 
      

NBSw Trib 1 454 0 0 
 Seep 0 --- --- --- 
 Alcove 1 336 1 445 
      

Sw Trib 0 --- --- --- 
 Seep 1 6 1 14 

  Alcove 0 --- --- --- 
      

 TOTAL 45 11,994 48 21,212 
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Figure 4-5  An example of the groundwater contributing area as delineated by TIR 

and ICE in the main Cains River (alcove-derived input).  (A) ICE image showing the 

extent of a thermal plume during ice cover (3rd April, 2014).  (B) TIR image showing 

the thermal plume during summer (23rd July, 2008).  (C) The comparison of the TIR 

(red) and ICE (blue) estimates of the groundwater input zones. 
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4.4 Discussion 

4.4.1 TIR and ICE groundwater detections 

It is evident that satellite images in winter, when ice conditions exist, ICE can 

accurately detect thermal anomalies that are consistent with groundwater inputs detected 

using mid-summer TIR data.  The sMLC model results give confidence that landscape 

scale classifications of possible groundwater inputs can be achieved using a relatively 

simple and time efficient, machine-learning technique, hence removing the laborious and 

time-consuming task of manually delimiting possible groundwater and ice-cover from ICE 

images.  That the ICE satellite images detected 89-100% of tributary, bank seepage, and 

alcove (backwater) sourced thermal anomalies, indicates that resource managers have an 

accessible tool to locate potential thermal habitats (e.g., Curry and Noakes, 1995) or refugia 

(Wilbur, 2012).  Another potential application of ICE images is aufeis, or naled, mapping 

with fine resolution satellite imagery.  Here, rather than identifying ‘ice free conditions’ in 

the winter, ICE images could be utilised to delimit ice ‘build-up’ along the river channel 

due to aufeis formations – formed by the freezing of groundwater overflow (Wanty et al., 

2007).  Work by Morse and Wolfe, (2015); Pavelsky and Zarnetske, (2017) detailed how 

coarse resolution (10-30 m pixel size) satellite imagery can be used to identify aufeis 

formations.  However, with fine resolution satellite imagery (e.g., WV-3, 30 cm pixels), it 

is likely possible to identify fine-scale localised aufeis build up, and thereby, discrete 

groundwater inputs. 
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The tool can be used simply to identify sites, but also has some potential to spatially 

quantify thermal habitats.  We demonstrated spatial differences of mapped inputs between 

the TIR and ICE methods.  The root of this differential is likely multifaceted.  There are 

temporal factors to consider: the TIR data was acquired in 2008/09, while the ICE images 

were collected in 2014 and 2017.  Inter-annual variability in aquifer conditions such as 

antecedent wetness are likely (Schneider, 1961), and Dugdale et al., (2013) highlighted the 

spatiotemporal variability in possible thermal refugia due to such annual variances.  

Further, it is well established that groundwater thermal regimes display lagging behaviour 

with seasonal air temperature variations; (see Alexander and Caissie, 2003; Kurylyk et al., 

2013). Solar radiation shading is known to reduce temperature in small tributaries 

(Johnson, 2004).  Therefore, it is also possible that the differences are related to tributaries 

cooled by solar radiation interception rather than groundwater inputs in the summer; thus, 

freeze in the winter (e.g., McKiel and NBSw – Table 4-2).  However, in-season ice 

conditions at a site are likely the more significant factor and these are a function of both 

base flow and surface air conditions.  Long, cold periods will grow surface ice as well as 

ice bridges over running waters, which can be further expanded by snowfall, or drifting, 

and thus minimizing the usefulness of satellite images in the temperate regions of eastern 

Canada where the Miramichi River lies, the best ICE conditions are predicted from late 

February to April.  Note however that in-season conditions vary amongst regions and even 

sites, as we demonstrated with the February satellite image for one site (LSw-U). 

 

We quantified the spatial variability of the thermal anomalies in summer and winter 

and the satellite images typically generated larger areas of thermal impacts at a site (Table 
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4-2).  The difference has important consequences for fish, as they behave differently in 

response to thermal habitats in winter and summer (e.g., Linnansaari and Cunjak, 2013; 

French et al., 2014).  In addition, we know very little about water that flows under ice in 

smaller rivers, and therefore the value of the winter thermal anomalies that are apparent in 

the ICE images as discussed in Cunjak (1996).  We are beginning to consider the 

hydrological processes leading to the occurrence and persistence of these winter anomalies 

to best inform both research and management of fish and other species during winter in 

rivers.   

 

These ice cover conditions can also tell us about the thermo-mechanical processes 

occurring in rivers.  It is well established that density differentials between cold 

groundwater inputs and ambient river temperatures in the summer can lead to thermal 

stratification, where warmer water sits on top of colder, denser water (Torgersen et al., 

1999).  This is a particular limitation of TIR, which only measures the top 1 cm of the water 

column (Handcock et al., 2012).  In some instances, this thermal stratification could explain 

the difference between thermal plume lengths in summer and winter (Table 4-2).  This also 

suggests that ICE defined thermal plumes may be a more valid representation of depth-

averaged temperature for groundwater inputs.  However, extensive field work by Wilbur 

(2012) established that Cains River TIR dataset represents a river which is vertically well 

mixed and that little, to no, thermal stratification existed (differences < 1 oC through the 

water column).  Therefore, we suggest this points towards a different mechanism 

underpinning thermal dispersion – at least in the Cains River - for discrete groundwater 

inputs.  We use Site 7 (Cains River reach) – Figure 4-5 - to demonstrate the potential 
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mechanism of how thermal conditions develop and persist (Figure 4-6, and 4-6B).  The 

state change of a river from free flowing to frozen leads to a change in its discharge regime, 

and its frictional regime – (see Newbury, 1968 for an overview).  As surface ice develops, 

an increase in friction occurs at the river/surface ice interface (Hoyt, 1913); coupling 

friction at the river/substrate interface, and a reduction of discharge to base flow levels, 

leads to a velocity decrease (Figure 4-6C).  The frozen state modifies the water’s viscosity 

(inverse relationship to temperature) and thus affects the turbulence regime of the river.  

The relationship between turbulence (or mixing) and velocity and viscosity can be simply 

explained by the Reynolds number (Re).  Here, low Re values relate to less turbulent flow 

regimes, and higher Re values identify more turbulent flow regimes (see Equation 4). 

 

𝑅𝑒 =
𝑢𝐿

𝜇
    (4) 

Where Re is the Reynolds number, u = velocity of the fluid (m/s), L is a linear dimension 

(m), and µ is the fluids viscosity (m2∙s-1).   

 

Additionally, Kurylyk et al., (2016) provided an excellent overview on the 

relationship between streambed heat advection, discharge and temperature, and therefore 

depth, cross-sectional width and velocity (in particular see equations 2 and 3 in Kurylyk et 

al., 2016).  Considering this relationship, it can be shown during base flows regimes, and 

under ice conditions, a fluids velocity (u) will decrease, while a reduction in a fluids 

temperature leads to an increase in a fluids viscosity (µ), thereby reducing Re, hence a less 

turbulent flow regime, and less dispersion.  In Figure 4-5 and 4-6, the longer thermal plume 

is likely driven by a less turbulent flow regime, thus, reducing dispersion, and resulting in 
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a longer zone of influence from the groundwater inputs in the winter (Figure 4-6D).  Further 

modifying the spatial extent of the thermal plume is heat gained by solar radiation 

absorption in the open plume (no ice cover) and the emissivity of open water.  The heat 

gained by solar radiation will mitigate, to some degree, heat loss via conduction and the 

cooler air preventing ice formation on the plume (Figure 4-6E).  The plume will also emit 

longwave radiation (Figure 4-6F), which also limits ice formation at the plume.  Ice 

formation develops on the plume when the magnitude of heat transfer by air conduction 

and evaporation overcomes heat gains, i.e., the length of the yellow arrow and dampening 

in a downstream direction in Figure 4-6G.  

 

 

Figure 4-6 (A) the spatial extent of a winter thermal plume (as shown in Figure 4-5).  

(B) a sample section to demonstrate thermo-mechanical processes occurring at the 

groundwater input/ river interface.  (C) shows the velocity distribution with depth 

considering friction at both the substrate and ice interface and a theoretical maximum 

velocity occurring at the mid-point between ice and substrate.  (D) shows advective 
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heat dispersion occurring only in the free flowing plume.  (E) shows solar radiation 

reflectance (green arrow) and absorption (red arrow), where more absorption occurs 

in the open plume (O.P.) leading to heat gains.  (F) shows shortwave absorption (green 

arrow) in the plume (but minimized on ice) and longwave emittance (black arrow) 

from the plume into the river ice and (G) shows heat gain from the groundwater input 

to the frozen river with the magnitude of heat gain illustrated by the size of the yellow 

arrow, where the length of the arrow denotes a greater heat transfer, dampening in a 

downstream direction with air conductance and evaporation. 

 

In the summer, the frictional regime of the river reverts to that of a free flowing 

system, i.e., friction at the substrate/ river interface and minimal friction at the water’s 

surface (Newbury, 1968), while discharge increases across the river (excluding drought 

conditions) (see Figure 4-7C).  Coupling the reduction of friction and an increase in 

discharge during summer, leads to an increase in the river’s velocity (Figure 4-7C), and the 

increase in air temperature leads to an increase in river temperature and a decrease in the 

rivers viscosity (Newbury 1968).  Once again examining equation (4) it can be shown that 

an increase in u with a decrease in µ leads to an increase in Re and is indicative of a more 

turbulent flow regime.  This increase in turbulence leads to a more dispersive environment, 

thus a higher rate of dispersion between the warm, free flowing water and the thermal 

plume (Kurylyk et al., 2016) -Figure 4-7D.  Inversely, heat gained by solar radiation in the 

summer limits the spatial extent of the thermal plume (Figure 4-7E) with further impedance 

by heat gains from longwave emittance from the free flowing river (Figure 4-7F).  Due to 

high turbulence regimes which persist in the free flowing river, the heat exchange between 
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the groundwater input and the mainstem leads to quicker dispersion of the thermal plume 

– Figure 4-7G. As a result, a shorter thermal plume seems most probable in the summer.  

 

 

Figure 4-7 (A) is the spatial extent of a summer thermal plume (as shown in Figure 4-

6).  (B) is a sample section to demonstrate thermo-mechanical processes occurring at 

the groundwater input/ river interface.  (C) shows the velocity distribution with depth 

considering friction at the substrate and a theoretical maximum velocity occurring at 

just below the water surface.  (D) shows advective heat dispersion occurring across 

the entire river.  (E) shows solar radiation reflectance (green arrow) and absorption 

(red arrow) leading to heat gains in both the free flowing river (F.F.) and O.P.  (F) 

shows shortwave absorption (green arrow) and longwave emittance (black arrow) 

across the entire river and (G) shows heat gain from the groundwater input to the 

F.F. river with the magnitude of heat gain illustrated by the size of the yellow arrow, 
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where the length of the arrow denotes a greater heat transfer, dampening in a 

downstream direction with air conductance and evaporation. 

4.4.2 Limitations  

ICE performs favourably at delimiting groundwater inputs, but turbulent flow 

reaches can also create ice-free zones in the satellite images.  Reaches with turbulent flow 

and thus frictional heating and heat loss (see for example Newbury, 1968), e.g., areas of 

steep banks and exposed bedrock or shallow unconsolidated overburden, flow conditions 

can limit ice cover (Woo, 2012).  As an example, in the North Pole Stream (Figure 4-8) no 

groundwater inputs are detected in the summer TIR image (Figure 4-8C) and the winter 

satellite image shows unfrozen sections along the mid-channel, which co-occurs with a 

confining, bedrock section (Figure 4-8D).  This is also highlighted in Figure 4-4, where the 

sMLC classified an open section as a potential groundwater input; however, this ice free 

section is almost certainly a function of fluid friction (personal communication Bob 

Newbury).  This situation reminds us that while remote sensing can be a useful tool of 

water resources managers, a good understanding of a region’s physiography and 

hydrological processes are required to ensure correct interpretation of image-based 

analyses (Pietroniro and Prowse, 2002).  Lastly, ICE also requires cloud free images.  
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Figure 4-8  (A) an aerial image of a steep confined bedrock channel (gold arrows) in 

the North Pole Stream – located on the Miramichi Highlands, (B) the slope map of 

the associated reach, (C) associated TIR imagery (29 July, 2009) draped over a high-

resolution hillshade model with a noted lack of groundwater inputs, and (D) ICE 

image (2 February, 2017) showing unfrozen sections (red arrows) which co-occur in 

the steep confined bedrock channel section.   
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It is worth noting, both ICE, and TIR methods, can be limited in their ability to 

identify groundwater inputs, as both methods represent a snapshot in time.  This limitation 

can be underpinned by aquifer dynamics, and may be especially important for shallow, 

localised aquifers (see Vidon and Smith, 2007; Dugdale et al., 2013), and that are 

responsive to contemporary air temperature fluxes (see Kurylyk et al., 2014; Brigg et al., 

2017).  However, for groundwater inputs originating from deeper flow paths, this limitation 

may be moot, as deeper flows are less responsive to contemporary climatic fluxes (e.g., 

Kurylyk et al., 2013).   
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Chapter 5: Catchment-scale, high-resolution, hydraulic models and 

habitat maps – a salmonid’s perspective4 

 

Abstract 

The advent of remotely-sensed high-resolution imagery has led to the development 

of methods to map river bathymetry. In this study, we utilized high-resolution imagery to 

map river depth and quantify hydraulic habitats at the catchment-scale (> 1000 km2) during 

low flows.  Using 0.3 m airborne multi-spectral imagery (resampled to 0.5 m), we mapped 

contiguous river depth (124 km) within a well-established Atlantic Salmon (Salmo salar) 

and Brook Trout (Salvelinus fontinalis) river – The Little Southwest Miramichi, New 

Brunswick, Canada. We built image-derived depth maps with and without field data 

calibration. The model without field calibration data (flow resistance equation‐based 

imaging of river depths) accurately described river depths (R2 = 72.7; RMSE = 0.167 m; n 

= 762); however, it overestimated shallow depths. The field-calibrated model removed 

shallow depth errors (R2 = 76.4; RMSE = 0.155 m; n = 762). We mapped velocity using a 

relationship between river geometry and discharge, and coalesced the field-calibrated depth 

and velocity maps to create Froude and Reynolds number maps. Finally, we performed an 

unsupervised classification model to delineate hydraulically relevant habitat units for 

                                                 

4 O’Sullivan, A.M., Wegscheider, B., Helminen, J., Cormier, J.G., Linnansaari, T., 

Wilson, D.A., Curry, R.A. (In press) Catchment-scale, high-resolution, hydraulic models 

and habitat maps – a salmonid’s perspective.  Journal of Ecohydraulics. 

10.1080/24705357.2020.1768600  
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salmonids. This approach provides an unprecedented view of catchment-scale hydraulic 

habitats that will advance both hydrological process research and river resources 

management. 

 

Keywords:  aerial imagery; Atlantic Salmon; Brook Trout; catchment-scale; FREEBIRD; 

habitat; remotely-sensed bathymetry 

 

5.1 Introduction 

The occurrence and persistence of aquatic biota is tightly coupled to their habitats 

(Southwood 1977) and thus, the broad-scale aquatic habitats of rivers are often described 

by fluvial geomorphic structures (Magilligan et al., 2016; Katopodis and Kemp, 2018), 

flow regimes (Poff and Allan, 1997; Monk et al., 2011), and thermal regimes (O’Sullivan 

et al., 2019a; Fullerton et al., 2018). These habitats are, however, defined by their more 

localized hydraulic and thermal properties. For example, fish have flow and temperature 

preferences (Corey et al. 2019; Wilbur et al. 2020) and they select reproductive habitats 

that can be defined by hydraulic characteristics (Curry and Noakes 1995; Moir et al., 2006). 

Strong associations with hydraulic parameters, defined by depth and velocity, also occur 

for benthic macroinvertebrates (Reid and Thomas, 2008; Shearer et al., 2015) and 

macrophytes (Riis and Biggs, 2003; Schoelynck et al., 2013). In spite of their importance, 

mapping these fine-scale processes at broad, catchment-scales has still largely eluded 

contemporary aquatic sciences (Hugue et al., 2016; Legleiter et al., 2009).   
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The development of high-resolution hydrodynamic models has facilitated flow 

simulations at reach-scales and across various flow conditions (Marzadri et al., 2013; 

Fleischmann et al., 2019). The next challenge is modelling flow-habitat relationships 

across the larger riverscape or catchment scales, e.g., drainage areas > 1,000 km2 (Hauer 

et al., 2009; Harby et al., 2017). With the exponential growth in computing power and 

high-resolution, broad-scale mapping of river depth, it is only a matter of time before high-

resolution, catchment-scale 3D hydrodynamic models are developed. Adjacent to 

hydrodynamic models, mesohabitat models offer a solution that is computationally less 

demanding and are based on physical and hydraulic attributes associated with flow such as 

velocity or discharge and water depth (Hauer et al., 2013; Dunbar et al., 2012). The 

mapping of meso-scale habitats can be broadly grouped into field-based, remote sensing, 

and hydrodynamic modelling approaches (Parasiewicz et al., 2013; Wilkes et al., 2015). 

The mesohabitat approaches are promising, but still require significant field data which 

restricts their upscaling, particularly in remote, large rivers.    

 

Image-derived depth maps have proven efficient in mapping both marine and 

freshwater systems (Weatherall et al., 2015; Marcus and Fonstad, 2008). The method relies 

on a relationship between spectral irradiance and water depth, where spectral signatures 

are correlated to water depth (Winterbottom and Gilvear, 1997; Legleiter et al., 2004). 

Using these methods, depth along river reaches (m) to sections (km) have been mapped 

(Kasvi et al., 2019; Hugue et al., 2016); however, these methods rely on the availability of 

field calibration data (Flener et al., 2012; Legleiter and Overstreet, 2012). Researchers have 

begun to test models which construct image-derived depth maps where field data are 

lacking or unavailable, e.g., hydraulically assisted bathymetry (HAB; Fonstad and Marcus 
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2005) and Flow REsistance Equation‐Based Imaging of River Depths (FREEBIRD; 

Legleiter 2015). The advent of high-resolution airborne LiDAR also presents an 

opportunity to delineate aquatic habitats (see Hauer et al., 2009). Such methods may 

provide novel pathways to unlock high-resolution, image-based depth maps of rivers and 

the creation of habitat maps at unprecedented scales (e.g., Marcus and Fonstad, 2010; 

Carbonneau et al., 2012).   

 

Delineating flowing water habitats is typically based on subjective criteria such as 

“deep” or “fast” water with uncertainty in repeatability and variation between different 

users (e.g., Eisner et al., 2005). Borsányi et al., (2004) defined mapping techniques and 

objective criteria or thresholds for slope, surface turbulence, velocity, and depth to 

delineate mesohabitats in Norwegian rivers. Supervised and unsupervised methods have 

been used to cluster areas with similar hydraulic properties (Legleiter and Goodchild, 2005; 

Boruah et al., 2008). Hauer et al., (2009) used 2D hydrodynamic modelling and hydraulic 

thresholds for flow velocity, water depth, and bottom shear stress to simulate and map 

hydro-morphologic units such as riffles and pools. The definition of hydraulic thresholds 

involves an inherent degree of subjectivity, and thus unsupervised clustering algorithms 

such as k-means (Farò et al., 2018) and fuzzy clustering (Wallis et al., 2012) have also 

been used to delineate habitat heterogeneity in ecohydraulic studies.  

 

Salmonids, such as Atlantic Salmon (Salmo salar) and Brook Trout (Salvelinus 

fontinalis), have evolved to optimize certain thermal and hydraulic habitats (Linnansaari 

and Cunjak, 2010; Curry and Devito, 1996). While many studies have focused on the 

effects of extreme temperatures on salmonids (Torgersen et al., 1995; Corey et al., 2017), 
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fewer studies have focused on hydraulic habitat use across age-classes through space and 

time during extreme low flows (Heggenes and Borgstrøm, 1991; Holm et al., 2001). Recent 

work by Wilbur et al., (2020) revealed that even during extreme temperature events, 

hydraulic parameters were important for characterising thermal refugia for both Atlantic 

Salmon and Brook Trout, which varied between and within species. Similarly, population 

modelling efforts typically rely on coarse data to represent habitats across life stages, which 

seldom, if ever, account for hydraulic controls (see Amiro, 1983; DFO, 2018). This 

limitation identifies a critical pitfall for population dynamic modelling and stock 

assessment (Chaput et al., 2016), particularly for declining Atlantic Salmon populations 

(DFO, 2018). An improved understanding of the composition of riverine thermal and 

hydraulic habitats is required, across all scales, to identify and preserve these critical 

habitats given the potential threat of a warming climate, and to aid management decisions. 

While thermal infrared imagery has proven highly efficient for mapping catchment-scale 

river temperatures (e.g., Torgersen et al., 1999; Dugdale et al., 2015), catchment-scale 

high-resolution hydraulic habitat maps remain absent from river habitat research. To 

address this knowledge gap, we examine the utility of coupling high-resolution airborne 

imagery (0.3 m), passive depth-mapping techniques (with or without field calibration data), 

hydraulic models, and unsupervised classification methods to spatially characterise and 

classify hydraulic habitat heterogeneity that is relevant for Atlantic Salmon and Brook 

Trout at the catchment-scale (> 1,000 km2).  
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5.2 Methods 

5.2.1 Area of study 

The Little Southwest Miramichi (LSW) River, known by local Mi’kmaq as 

Tuadook (“a difficult, dangerous river”), is a tributary of the Miramichi River located in 

central New Brunswick (Figure 5-1a and b).  The LSW drains an area ≈ 1,300 km2 and 

encompasses two physiographic regions, the Miramichi Highlands and the Maritime 

Plains.  The river is typical of a temperate, post glacial river, underlain by alluvium and 

shallow bedrock, and flanked by paleo-terraces (Ganong, 1906; Cunjak and Newbury, 

2005).  The headwaters of the LSW mainstem originate in a gentle relief upland located in 

the Miramichi Highlands, and are hydrologically characterised by lakes and wetlands 

(mean river width ≈ 20 - 30 m).  The North Pole Stream (or Kadunnatquegak – “Watching 

salmon in a pool”) is a headwater sub-catchment (Figure 5-1c), draining an area of 214 km 

2 and is also hydrologically defined by lakes and wetlands (mean river width ≈ 8- 20 m).  

The mid-sections of the LSW catchment are defined by a more confined channel (mean 

river width ≈ 60-80 m).  Moving downriver, into the Maritime Plains section, the river 

becomes more sinuous, wide and shallow (mean width = 60-100 m; Corey et al., 2019).  

Water clarity throughout the system during low flows is defined by little turbidity 

(O’Sullivan, unpublished data); hence, qualifying the catchment as an ideal candidate for 

image derived depth mapping (Legleiter et al., 2004).  The catchment has a northern 

temperate climate with annual precipitation ≈ 1,158 mm of which 300 mm falls as snow 

(Cunjak and Caissie, 1993).  The mean annual temperature is ≈ 4.1 oC (Cunjak and 

Newbury, 2005). River discharge (Q) ranges from 6.81 m3
s-1 (low flow) to 241 m3

s-1 (2-
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year flood) with a mean annual Q = 32.2 m3
s-1 (Caissie, 2006).  The catchment is well 

known for its Atlantic Salmon and sea-run Brook Trout (Cunjak and Newbury, 2005). 

Here, our modelling efforts are focused along 124 km of river, which encompass the 

mainstem LSW and the North Pole Stream (Figure 5-1).  A river gauge is located in the 

lower section of our study area and is the source of discharge data for our study (Figure 5-

1c; Environment Canada Hydrograph Station - 01BP001). 

 

Figure 5-1 (a) Eastern Canada, where New Brunswick is defined by the black polygon. 

(b) The Miramichi River Catchment (black polygon) and the Little Southwest 

Miramichi (LSW – red polygon). (c) The LSW (red polygon) and the North Pole 

Stream (green polygon) showing 124 km of the mapped, mainstem river (blue line),  

sites of the RTK dGPS (black bar), ADCP site (gold bar), the river gauge (black arrow  

Environment Canada Hydrograph Station - 01BP001). 
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5.2.2 Data 

High resolution imagery 

Four-band red (R - 0.64-0.67 µm), green (G - 0.53-0.59 µm), blue (B - 0.45-0.51 

µm), and near infrared (NIR - 0.76-0.9 µm), 0.3 m pixel resolution airborne-derived 

imagery was collected by the Province of New Brunswick Natural Resources and Energy 

Development (NB-NRED) on 1 October 2017.  These data were not atmospherically 

corrected.  All four-band imagery was resampled to 0.5 m resolution as up-sampling high-

resolution imagery has been found to reduce noise in the image due to inherent smoothing 

(Jordan and Fonstad, 2005).  Resampling was completed using a bilinear interpolation in 

ArcMap (ESRI, 2018).  Mean discharge on the day of image acquisition was Q = 9 m3
s-1 

(27.9 % of mean annual Q) at the river gauge (Figure 5-1c), and river stage was 1.18 m, 

which is a low flow period (Caissie, 2006). 

 

Field data 

Direct measures of water depth were collected during 19 August 2019, a day when 

daily discharge closely matched the discharge on day of image acquisition: Q = 7.3 m3
s-1, 

24.2 % of mean annual Q, and river stage = 1.14 m.  Sample sites were selected to capture 

the range of depth variability across the catchment, and were based on prior knowledge of 

the area.  These sites represented a range of depths from shallow (0.15 m) to deep (> 1 m) 

(Figure 5-1c).  Depth measurements were made with a Javad Triumph LS’s real time 

kinematic (RTK) dGPS at the upper, middle, and lower reaches of the study area in wadable 

sections (Figure 5-1c).  Elevation was measured at the edge of the wetted river and used as 

a reference point.  Transects were then taken across the channel at ≈ 1.5 m intervals, at ≈ 5 
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m centres along the river, and elevation was measured at each point.  These elevation 

measurements were subtracted from the reference point to calculate depth for each point.  

Additionally, a remote-controlled acoustic Doppler current profiler (ADCP) – ARCboat 

(HR Wallingford) measured depth in deeper sections of the study area (9,464 m2) sampled 

at 3 MHz (Figure 5-1).  In total, we collected n = 1,282 (n = 298 RTK GPS, n = 984 ADCP) 

unique depths in the study area, where the depths ranged from 0 to 2.69 m (Figure 5-2a). 

Upon removing shadows (screening) from the image n = 762 spatially unique depths 

remained for further analysis throughout our study site (n = 280, RTK GPS, n = 482 ADCP) 

(Figure 5-2b). 
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Figure 5-2 A histogram of field collected depth measurements (n = 1,282) via RTK 

dGPS and ADCP, n = 298 and n = 984, respectively; where the x-axis = observed 

depths, and the y-axis = number of observations, prior to screening for shadows in 

the images (a). Histogram for the same field observations post removing sites that co-

occur with shadows (n = 762; n = 280 - RTK GPS, n = 482-ADCP) (b). 
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5.3 Modelling Framework 

Our approach followed four steps: (1) Image filtering - we processed the images to 

extract the river from the image.  We then removed shadows and exposed boulders/dry 

gravel bars from the image leaving only the wetted river and thus, river width.  (2) Depth 

model – Initially, three spectral bands (R – band 1, G – band 2, B – band 3) were isolated 

and analyzed to select band(s) that best characterized the depth.  Using FREEBIRD and 

validation field data, we then selected a best-fit model to derive depth.  (3) Hydraulic 

characteristics – We used the image-derived depths, measured discharge, and river width 

to calculated velocity.  We then calculated the hydraulic variables, Froude number and 

Reynolds number.  (4) To mitigate against model overfitting, we applied a Principal 

Component Analysis (PCA) to reduce the number of hydraulic parameters.  Using the 

reduced suite of hydraulic parameters, we ran an unsupervised classification model that 

generated a map of potential Atlantic Salmon and Brook Trout habitat. 

 

(1) Image filtering  

The presence of shadows, dry gravel areas, boulders, and vegetation can reduce the 

accuracy of image-derived depth mapping (Legleiter et al., 2004).  We conducted a 

filtering analysis to remove these artifacts from the image.  First, we exploited all four (R, 

G, B and NIR) spectral bands and used a Normalized Difference Water Index (NDWI - 

McFeeters, 1996) to extract the approximate river from the image.  NDWI was conducted 

in ArcMap using the ‘band arithmetic’ function (Figures 5-3a and b).  To remove gravels 

and boulders from the NDWI defined water body and establish the wetted river, we visually 

inspected R, G, and B bands against the RGB image to ascertain which band best 
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characterised dry gravels and boulders.  Band 2 (green) was found to best define dry gravels 

and boulders.  We then manually queried the dry gravel and boulder digital numbers (DN), 

established DN > 100 characterised these features, and used a conditional function in 

‘raster calculator’ ArcMap 10.5 to remove gravels and boulders from the image (Figure 5-

3c).  We used the same technique to remove shadows from the image, i.e., band 1 (red) 

best delimited shadows (DN < 12).  The outputs from the two steps were merged to produce 

a final, ‘filtered’ image (Figure 5-3d).    

 

 

Figure 5-3 Example of the image processing steps in a selected reach. (a) Original, 

unprocessed image. (b) Normalized difference water index (NDWI) highlighting the 

river at the blue end of the colour gradient. (c) River polygon with wetted river 
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extracted – gravels and boulders removed. (d) The final filtered image with shadows, 

gravel bars and emergent boulders removed. 

 

(2) Depth Modelling  

FREEBIRD – channel aspect ratio (CAR) 

Legleiter’s (2015) FREEBIRD maps river depths from high-resolution imagery 

based on a linear relationship between the image and depth: 

𝑑 = 𝑏0 + 𝑏1𝑋   (1) 

where d = depth, X = a image-derived quantity and is further developed below, and b0 – 

intercept and b1 = slope, with the coefficient vector b = [b0 b1]’.   

 

Typically, b0 and b1 are regressed against in-situ field data.  However, one FREEBIRD 

module relies on the principles of open channel flow, i.e., continuity and flow resistance, 

to estimate b0 and b1 based on the ‘Channel Aspect Ratio’ (CAR).  We used CAR which 

develops a relationship between the image and water depth based on the principle of light 

attenuation within the water column (e.g., Marcus and Fonstad, 2005; Legleiter, 2012; 

Kasvi et al., 2019).  The first step in CAR is to develop an image-derived X quantity.  We 

chose to use a transform as per Lyzenga, (1981): 

 

𝑋 = ln (𝐷𝑁 − min(𝐷𝑁) + 1)   (2) 

 

where X is an image-derived quantity and DN = digital number of the band.   
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Visual inspection of our image revealed band 1 (red) gave the best representation of 

channel morphology (Legleiter, 2015) and was chosen for the image-derived quantity, X 

(Figure 5-4a and b).  The next step in CAR is to determine if the X image has a direct, or 

indirect relationship with depth.  This is established by taking a cross-section (XS) across 

the X image (Figure 5-4c).  A direct relationship exists if a XS of the X image follows the 

same geometry one would expect in a river channel: low X image values in shallow areas, 

high values in deeper areas (b1 > 0) and an indirect relationship denoted by an X image 

cross-section with high X image values in shallow areas and low values in deeper areas (b1 

< 0).  This relationship determines whether the model uses maximum or minimum X values 

to determine the b0 and b1 coefficients (Legleiter, 2015):  

𝑋0,𝑗 = {
max (𝑋𝑗) , 𝑖𝑓 𝑏1 < 0

min(𝑋𝑗) , 𝑖𝑓 𝑏1 > 0
 (3) 

 

where j indexes pixel values along the ith XS.  Combining equation (3) and equation (1) 

produces: 

  

𝑑0 = 𝑏0 + 𝑏1𝑋0,𝑖  (4) 

 

where d0 is the shallowest depth along a XS.   

 

The relationship between X and depth in our image was indirect (Figure 3d), therefore, we 

use maximum Xj.   
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The mean depth (di) for a XS can then be related to mean pixel value 𝑋�̅� along the XS, 

leading to: 

𝑑�̅� = 𝑏0 + 𝑏1𝑋�̅�  (5) 

Equations (4) and (5) are rearranged to form terms for the intercept, b0) and slope b1 

coefficients relative to the ith XS: 

𝑏0,𝑖 = 𝑑0 −
𝑑𝑖
̅̅ ̅−𝑑0

𝑋𝑖−̅̅ ̅̅ ̅𝑋0,𝑖
𝑋�̅�  (6) 

𝑏1,𝑖 =
𝑑𝑖
̅̅ ̅−𝑑0

𝑋𝑖̅̅ ̅−𝑋0,𝑖
   (7) 

 

CAR requires an initial estimate of the channel aspect ratio (A), which is width (w) 

/ average depth (�̅�).  Applying this relationship across a set of XS, A = 𝑤𝑖̅̅ ̅ / 𝑑�̅�.  Rearranging 

this relationship produces the average depth, �̅�, where the lack of subscript i indicates the 

average reach depth versus the XS averaged depth, i.e., the pooled average of the scenes w 

and d as determined by a suite of XS.  In the Miramichi River, work by Newbury (2015) 

estimated A = 44, and Legleiter (2015) found that CAR was not greatly influenced by 

misspecification of A.  We used A = 44 and derived w for XS’s at 10 m centres along the 

study area (n = 12,400).  

 

Width extraction from an image can be complicated by the persistence of shadows, 

where removal of shadows can lead to an under-estimate of actual width.  This has 

implications for CAR and for hydraulic models that utilise width as a parameter, e.g., 

velocity.  To account for these potential issues, we extracted river width on the image prior 

to filtering for shadows.  Then, for each location, we calculated river width by collapsing 
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the river polygon to a centre line.  We then used a smooth line function in ArcMap to 

remove sharp angles which are not representative of the river centre line.  Lastly, we 

constructed perpendicular lines at 10 m centres along the smoothed centre line and 

extracted river width along these XS’s.  Equations (6) and (7) are used to calculate 𝑏0,𝑖 and 

𝑏1,𝑖 for each XS. We assumed d0 = 0 and 𝑏0,𝑖 and 𝑏1,𝑖 are pooled to determine a coefficient 

specific to the study area: 𝑏0 and 𝑏1.  These coefficients are used as the slope and intercept 

parameters in equation (1) and produce a depth map of the area.  All processing took place 

in ESRI’s ArcMap 10.5 (2019).  A thorough review of these methods is detailed in 

Legleiter (2015).   

 

Table 5-1 Channel Aspect Ratio (CAR) parameters developed for this study (see 

Equations 1-7), where mean channel width (n = 12,400 cross-sections) and X mean 

and max represent the accumulated mean and maximum X values for n = 12,400 

cross-sections.  The river’s aspect ratio (A) is taken from Newbury (2015), �̅� = average 

reach depth, and do is shallowest depth set to 0 following Legleiter (2015).  

 

CAR Parameters 

Mean channel width (m)  42.8 

X mean 3.5 

X max 4.8 

A 44 

�̅� 0.97 

do 0 
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Figure 5-4  The process of establishing a relationship between the X image quantity 

and channel morphology from a filtered image (see text for explanation).  (a) Filtered 

image, where flow direction is defined by the blue arrow.  (b) Band 1 (red) illustrating 

a dark, pool-like feature with low digital number (DN).  (c) The X image derived from 

band 1, with a cross-section through a pool-like feature (red line).  (d) The X-values 

for the cross-section (0 = left bank viewing upriver) demonstrating the indirect 

relationship (b1 < 0) for the final depth calculations.    

 

Field-calibrated image-derived depth model 

A field-calibrated model requires the development of an X image.  Similar to the CAR 

method, the X image takes the form of equation (2) and uses the data described above.  We 
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also utilised band 1 to ensure consistency for comparing model outputs.  The X image was 

regressed against the observed depths (n = 762) to construct a relationship, (e.g., linear, 

logarithmic, exponential, etc.), to predict the depth across the entire study area. Finally, 

model selection was based on comparing coefficients of determination (R2) and root mean 

square errors (RMSE) for both models (Legleiter and Fosness, 2019).  All processing was 

completed in ArcMap 10.5 using the ‘raster calculator’. 

 

(3) Hydraulic characteristics 

A key hydraulic characteristic of river habitats is velocity (e.g., Riss and Biggs, 

2003; Wilbur et al., 2020).  Velocity can be calculated using the continuity relationship for 

a cross-sectional area (Hugue et al., 2016): 

𝑄 = 𝑉𝐴  (8) 

where Q = discharge (m3
s-1), V = velocity (ms-1) and A = cross-sectional area (m2). 

Rearranging equation (8) to calculate velocity produces: 

 

𝑉 =
𝑄

𝑤×𝑑
  (9) 

where w = width (m) of a cross-section and d = depth (m) at the cell of interest.  In this 

approach, d varies across the XS as defined by the image-derived depth map.  For each XS 

(10 m centres described above) we created a raster using the ‘polyline to raster’ function 

in ArcMap at 15 m pixel resolution.  Velocity was calculated for each cell by applying 

depth, width rasters, and Q in equation (9).  We assumed a constant Q = 9 m3
s-1 for the 

mainstem LSW which was Q on the day the image was acquired (river gauge, see Figure 

5-1).  For the North Pole Stream, we assumed a constant Q = 0.67 m3
s-1 which is derived 
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from Caissie, (2015 and D. Caissie, DFO, pers. com.). All calculations were completed 

using ArcMap’s raster calculator. 

 

Froude number (Fr) is a dimensionless hydraulic characteristic that has been 

applied to aquatic habitat modelling efforts with some success (e.g., Jowett et al., 1991; 

Moir et al., 1998):   

𝐹𝑟 =
𝑣

√𝑔𝑑
  (10) 

where v = raster cell velocity (ms-1), g = gravitational acceleration constant (9.81 ms-2), 

and d = depth at the cell of interest (m).   Depth and velocity rasters were used to construct 

a study-wide Fr map. 

 

Reynolds number (Re ) is a dimensionless unit that describes the state of a fluid in 

motion, i.e.,  laminar (Re < 2,300), transitional (2,300 < Re < 4,000), or turbulent (Re > 

4,000).  Recent work has emphasized the influence of turbulence on behaviour of fishes 

(e.g., Hockley et al., 2014):   

𝑅𝑒 =
𝑣𝑑

𝜇
  (11) 

where v = raster cell velocity (ms-1), d = depth at the cell of interest (m), and µ = kinematic 

viscosity of a fluid (ms-2) for water at 20 °C, η=1x10-6 m2
s-1.  Depth and velocity rasters 

were used to construct study-wide Re map. 

 

(4) Habitat classification  

Acknowledging that the suite of hydraulic parameters may be correlated we applied 

a Principal Component Analysis (PCA) to reduce parameters and protect against overfitting 
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(e.g., Wold et al., 1987).  We randomly created 21,000 sample points across our study area 

in ArcMap using the ‘create random points’ tool, where the bounding area was the filtered 

river polygon.  We then extracted depth, velocity, Froude and Reynolds values at each 

individual point.  We ran a PCA and from the first two significant components, selected 

two variables (see results for a description) for the classification model.  Statistical analyses 

were performed in Microsoft Excel (2016) using the XLSTAT extension (2019), and data 

were standardized prior to analysis.  

 

In habitat classification models, supervised approaches frequently rely on ‘expert 

opinion’ to elucidate boundary conditions that define habitat types, e.g., velocity thresholds 

(Borsányi et al., 2004); however, such results are undoubtedly biased by the experts’ 

opinions and beliefs (Hauer et al., 2009).  We applied a well-established, unsupervised, 

machine learning technique – ISODATA clustering (Jensen, 1996) to mitigate potential 

expert biases. ISODATA clustering is similar to k-means clustering where an arbitrary 

cluster vector is assigned initially.  Next, each pixel is classified to a nearby cluster and 

then the two steps are iterated until the difference between each iteration does not change 

or is negligible (Mather, 2004).  The analysis was performed in ArcMap’s Iso Cluster 

Unsupervised Classification toolbox (Calvert et al., 2015).   We selected four (4) classes 

to be created in the analysis, and this was based on established, generalized fish habitat 

types (e.g., Rosenfeld, 2003; Wyrick et al., 2014).  For the Iso Cluster Unsupervised 

classification run, we defined the minimum number of cells in a valid class = 20, to be 

sampled at an interval = 10.  
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5.4 Results 

5.4.1 Image-derived bathymetry 

The total area for river extraction across the 124 km study area was 6.17 km2 (the wetted 

area) of which 0.87 km2 (14 %) was removed due to shadowing.  The final areal extent of 

imagery analysed was 5.3 km2.  The CAR model (Table 5-2) had an R2 = 0.73 (RMSE = 

0.167 m) when regressed against the n = 762 field-measured depths (Figure 5-5a). The 

model produced a maximum, minimum, and mean depth of 3.27, -1.73, and 0.06 m 

respectively (Table 5-2).  An example section of the CAR derived depth map is presented 

in Figure 5-5b.  The field-calibration data was fitted with an exponential model (Table 5-

2): R2 = 0.76, RMSE = 0.155 m, n = 762, see Figure 5-5c).  The predicted maximum, 

minimum, and mean depth were 4.09, 0.05, and 0.41 m, respectively (Table 5-2).  An 

example section of the field calibrated model depth map is presented in Figure 5-5d.  The 

field-calibrated model performed best statistically and importantly, generated no negative 

depths; therefore, our habitat analyses were based on the field calibrated model.   

 

Table 5-2  Results for CAR and field-calibrated (FC) depth models.  The calibration 

form and associated parameters are shown, along with statistics for the calculated 

depth maps (n = 762). 
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    CAR1 FC1 

Calibration 
Form 

Linear: 

 d = b0 +b1X 

Exponential: 

d = b0eb1X
 

Calculated parameters b0 = 3.67; b1 = -0.98 b0 =13.48; b1 = -0.966 

Depth (m) 

Minimum -1.73 0.05 

Maximum 3.27 4.09 

Mean 0.06 0.41 

Std. Dev 0.50 0.30 

RMSE 0.17 0.16 

 

 

 

Figure 5-5 (a) CAR model of depths based on n = 762 field observations.  The black 

line is the model with confidence intervals (C.I., 95 %) for means (dashed lines) and 
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confidence intervals (C.I., 95 %) for observations (red lines).  An example reach 

illustrating the CAR depth map (b).  Field-calibrated exponential model (n = 762) (c).  

The black line is the model with confidence intervals (C.I., 95 %) for means (dashed 

lines) and confidence intervals (C.I., 95 %) for observations (red lines).  An example 

reach illustrating the field-calibrated, image-derived depth map (d).   

 

5.4.2 Hydraulic characteristics 

The derived velocities (equation 9) had a mean = 0.39 ms-1 and a maximum = 2.49 

ms-1 (Table 5-3).  An example reach illustrating an aerial image of a riffle-pool sequence 

and XS at 10 m centres is shown in Figure 6a, along with the resulting velocity map (Figure 

5-6b).  The mean Fr = 0.25, which is indicative of sub-critical flow state (Fr <1), and the 

maximum Fr = 1.19, which is representative of super-critical flow (Fr >1; see Table 5-3). 

Mean Re ≈ 135,000 and the minimum Re ≈ 15,990, suggestive of a turbulent flow state 

across the catchment (Re > 4,000; see Table 5-3).   
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Figure 5-6  (a) An example reach with riffles and pools showing the assessed cross-

sections at 10 m centres used as a parameter in the development of the velocity map 

(b). 

 

Table 5-3  Summary statistics for arising hydraulic characteristics.   

Hydraulic characteristic Statistics 

 

Velocity  

(ms-1) 

Minimum 0 

Maximum 2.49 

Mean 0.39 

Std. Dev. 0.29 

Froude number 

(non-dimensional) 

Minimum 0 

Maximum 1.19 

Mean 0.25 

Std. Dev. 0.19 

Reynolds number 

(non-dimensional) 

Minimum 15,990 

Maximum 1,115,195 

Mean 135,151 

Std. Dev. 66,743 

 

5.4.3 Hydraulic habitats  

The PCA explained 84.5 % of the variance with 65.3 and 19.2 % in the first and second 

components, respectively.  Depth was the only negative element in the first component. 

All variables were positive in the second component.  Depth and velocity had the highest 

factor loadings for both PCA components (factor loading for depth and velocity in the first 

component = -0.58 and 0.968, respectively; factor loading for depth and velocity in the 

second component = 0.769 and 0.152, respectively).  Therefore, we selected depth and 

velocity for the unsupervised classification to create four habitat classes as both are well-
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established key habitat features for Atlantic Salmon and Brook Trout (Figure 5-7a).  We 

defined the four classes as shallow-rapid (mean depth = 0.18 m, mean velocity = 1.55 ms-

1), shallow-fast (mean depth = 0.28 m, mean velocity = 0.5 ms-1), shallow-slow (mean 

depth = 0.32 m, mean velocity = 0.15 ms-1), and deep-slow (mean depth = 1.12 m, mean 

velocity = 0.08 ms-1; Table 5-4) habitats. Most of the study reach (124 km) was shallow-

fast (39%) which can also be described as ‘riffle-like’ and shallow-slow (34%) or ‘slack 

water-like’, with 17% deep-slow or ‘pool-like’ and 9% shallow-rapid or ‘riffle-like’ (Table 

5-4; Figure 5-7).   
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Figure 5-7  Kernel density plot depicting the relationship between depth (x-axis) and 

velocity (y-axis), and habitat classes as defined velocity and depth (n=21,000 points) 

(a). An example of a reach (b) and the classified habits (c).  

 

Table 5-4  Summary statistics for the four hydraulic habitat classes and totals for our 

study area. 

  Shallow rapid Shallow fast Shallow slow Deep slow 

Mean velocity 

(ms-1) 
1.55 0.5 0.15 0.08 

Mean velocity,         

1 Stand. Dev.  (ms-1) 
0.4 0.1 0.09 0.1 

Mean depth (m) 0.18 0.28 0.32 1.12 

Mean depth,  

1 Stand. Dev. (m) 
0.07 0.08 0.13 0.59 

Maximum velocity 

(ms-1) 
2.49 0.75 0.46 0.69 

Minimum velocity 

(ms-1) 
0.64 0.33 0.01 0 

Maximum depth (m) 0.87 0.68 1.24 4.09 

Minimum depth (m) 0.05 0.05 0.05 0.23 

Total area classified 

(km2)  
0.5 2.1 1.8 0.9 

Total area classified 

(% of total area) 
9.2 39.4 34.3 16.8 
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5.5 Discussion 

5.5.1 Image-derived depth maps 

High-resolution remotely sensed data are globally ubiquitous (e.g., Hugue et al., 

2016; O’Sullivan et al., 2019b).  This is creating global scale databases that are facilitating 

high-resolution analyses of hydrologic, geomorphic, and ecologic processes (e.g., Chen et 

al., 2013; Marcus and Fonstad, 2008; Legleiter and Goodchild, 2005).  In this study, we 

tested the efficacy of high-resolution, airborne, 4-band imagery to map river depth in a 

wide, shallow river using a method which does not require calibration data (CAR; 

Legleiter, 2015) and a second method that utilises field data for calibration.  We observed 

an R2 ≈ 0.73 for the CAR method when regressed against field data, but the CAR method 

produced negative depths in shallow areas.  While CAR shows promise under certain 

conditions (see Legleiter, 2015), in its current form it has limited utility for depth mapping 

for aquatic habitat assessment.  Similar to others, our field-calibrated image-derived depth 

model (actual depth data) was best explained with an exponential model (Hugue et al., 

2016; Legleiter and Fosness, 2019), and produced a strong regression, R2 ≈ 0.76.  This is 

likely underpinned by the exponential attenuation of light in water (Legleiter et al., 2004).  

Our conclusion is that high-resolution images can generate meaningful depth maps across 

riverscape-scales.  However, challenges remain due to shadow obstructions (Kasvi et al., 

2019), turbidity (Marcus and Fonstad, 2008), accuracy at depths (Legleiter and Overstreet, 

2012), chlorophyll (Legleiter et al., 2004), and logistics of acquiring field data to replicate 

conditions when the image was collected (Hugue et al., 2016).  Regardless, work continues 
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to overcome these limitations. For example, Legleiter and Fosness (2019) recently found 

hyperspectral imagery accurately mapped river depths > 9 m.  

 

5.5.2 Hydraulic characteristics 

The LSW is a post glacial river, underlain by alluvial deposits and shallow bedrock, 

and has been hydraulically classified as having pool-riffle-run type habitats (Chadwick, 

1995; Cunjak and Newbury, 2005). Not much is understood about the catchments’ 

hydraulic habitat composition during low flows (Swansburg et al., 2004). Our analysis 

suggests few if any run-type habitats exist during low flows, and instead the river is defined 

by pools, riffles, and slow-slack waters.  Rivers in the northern temperate zone experience 

seasonally dynamic flows (Monk and Curry, 2009; El-Jabi and Caissie, 2019), and their 

late summer low flows transpose deep to shallow-type habitats, i.e., runs to riffles.  

Viewing the spatial, and suggested temporal, characteristics of the hydraulic habitats in the 

LSW highlights potential fluxes in river connectivity that likely impact fishes.  As deep 

water runs transition to shallow water riffles, movements by fish are potentially more 

restricted.  In the LSW, summer low flow periods can also be defined by extreme water 

temperatures, sometimes > 30 °C (e.g., Corey et al., 2019).  Coalescing the flux of river 

connectivity with the extreme water temperatures in summer (Daigle et al., 2015), and 

observations of thermal refugia use in the LSW (Breau et al., 2007), illustrate river 

hydraulics control habitats for coldwater fish like salmonids.  While changes in river flow 

are predicted for the Miramichi River (Swanburg et al., 2004) it is interesting that the flux 

in hydraulic conditions in the LSW was reported >100 years ago when Ganong (1906) 

found paddling during late summer on the LSW was “a succession of boulder rips and 
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deadwater stretches, requiring wading, dragging and portaging of heavier equipment” – 

Rees (2016).   

 

5.5.3 Habitat classification  

Our hydraulic approach produced very detailed habitat characteristics to support both 

science and management of fishes.  For example, ~9 % of the 124 km study area is shallow-

rapid flowing water averaging 0.18 m deep and a 1.55 ms-1 velocity.  These velocity values 

are well outside of observed habitat selected by juvenile Atlantic Salmon and Brook Trout 

(e.g., Höjesjö et al., 2016; Wilbur et al., 2020).  The shallow-fast habitats had an average 

depth = 0.28 m and an average velocity = 0.5 ms-1 which are selected by Atlantic Salmon 

fry (0+ years) and parr (≥1+) (Gibson, 1978; Heggenes et al., 1999), but these velocities 

are outside the known preference for Brook Trout (Cunjak and Green, 1983; Wilbur et al., 

2020). Based on our improved habitat maps, 48 % of the study area is unsuitable for Brook 

Trout during summer low flows, a period also defined by high temperature and 

thermoregulation behaviour (Corey et al., 2019, Wilbur et al., 2020).  Another example is 

that 17 % of the area was denoted as deep-slow (average depth = 1.12 m and average 

velocity = 0.08 ms-1) habitats which are most probably representative of pools. Pools 

provide a niche for larger Atlantic Salmon parr (Heggenes et al., 1999; Linnansaari et al. 

2010), and pools are holding habitats for adults during upstream migrations (Bardonnet 

and Baglinière, 2000; Enders et al., 2009), as well as adult, migratory Brook Trout (Curry 

et al., 2006; Curry et al., 2010; Wilbur et al., 2020).  Low flows are characterised by periods 

of extreme temperature, whether summer or winter.  As such, low flow hydraulics may 
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likely define to some degree, winter habitats for these salmonids (Cunjak, 1988; 

Linnansaari and Cunjak, 2013). 

 

Early pioneering work by Amiro (1983) sought to quantify Atlantic Salmon habitat 

across the Miramichi River catchment using topographic maps and ortho-imagery.  River 

gradients were extracted from 1:50,000 (25 m resolution) topographic maps, and 

visually/qualitatively classified habitats using the 1:20,000 orthoimages (10 m resolution, 

collected 1974-77).  Amiro classified habitat by establishing if the water surface was 

broken or flat, and then coupled with gradients obtained from the topographic maps to 

develop a map of habitats.  These maps are still in use today by the Department of Fisheries 

and Oceans, Canada (e.g., DFO, 2018).  However, the scale is coarse and the images were 

collected across 3-years and likely are impacted by geomorphic variability over the time 

period in this catchment underlain by alluvial sediments.  They also do not account for 

spatio-temporal variation in fluvial geomorphology (45-42 years of geomorphic 

processes), and thereby changes in the spatial arrangement of contemporary habitats.  In 

addition, the quantification of hydraulic spatial heterogeneity was lacking in the Amiro 

study.  Therefore, these maps forego any consideration for hydraulic effects on habitat 

selection across life histories stages and strategies.  Our classification approach 

demonstrated how a closer approximation to hydraulic conditions and their resultant 

habitats can be obtained using contemporary remote sensing techniques.  The potential to 

advance both science and management with these new, detailed depth, hydraulic and 

habitat maps is immense. 
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5.5.4 Limitations 

These depth and hydraulic maps are not without limitations.  Images must meet the 

criteria of light attenuation (Marcus et al., 2003; Legleiter et al., 2004; Legleiter, 2015). 

This places limits on images related to several factors including a single interpretation of 

water level (a snap shot), image resolution, water clarity, and water depth.  Recent work 

by Legleiter and Fosness (2019) has illustrated that hyperspectral imagery may overcome 

these depth limitations.  Mapping is limited where shadows exists.  In this study shadows 

comprised ≈ 14 % of the river images, and similar issues are likely in deeply incised rivers. 

Additionally, these habitat models depend on knowing discharge in mapped reaches and 

then an extrapolation based on discharge and depth based on uniform flow.  Discharge data 

is rare and often unattainable in remote locations.  Our assumption of continuous discharge 

is most likely an over simplification of discharge in this catchment, which has many sub-

catchments and is known to have groundwater gaining and losing reaches.  Rivers rarely if 

ever exhibit uniform flow; they are hydraulically complex and create myriad hydraulic 

habitats for fishes and biota in general through space and time.  Although every effort was 

made to mitigate issues involving width extraction, errors may be inherent due to the 

presence of shadows. These width errors have implications for both depth mapping via 

CAR and hydraulic modelling.  Similarly, river thermal regimes are not spatio-temporally 

homogeneous (Fullerton et al., 2015; O’Sullivan et al., 2019a), and the assumption of a 

uniform kinematic viscosity potentially affects our hydraulic parameters.  These factors 

highlight the importance of adding actual field data (depth, velocity, cross-sectional area, 

temperature, and discharge) to ensure accurate calibration of models, i.e., “all models are 

wrong, some are useful” (Box, 1976).  While our unsupervised classification method 
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sought to mitigate expert biases, biases are still inherent, underpinned by sampling efforts, 

where more dominant habitat types are likely to be overly represented, along with biases 

driven by the number of classes we sought to define.  Northern temperate rivers are 

dynamic, ice can and does cause broad changes in fluvial geomorphic structure each 

season.  This is a particular limitation of calibrating depth-derived imagery with data 

collected outside of image acquisition.  Finally, while we applied a random sampling 

technique to select variables for classification modelling, spatial autocorrelation issues may 

persist (but see Grant et al., (2017)).  Even with these limitations, these hydraulic habitat 

maps provide an important next step for catchment-scale habitat mapping, and will have 

great interest for ecologists, biologists, river scientists, and land and river managers alike.  
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Chapter 6: Synthesis  

 

“By evaluating landscapes from a common conceptual framework, hydrologic processes 

common to some or all landscapes can be distinguished from hydrologic processes unique 

to specific landscapes.” – Thomas C. Winter (2001) 

6.1 Significance of dissertation 

The interconnectedness of hydrological processes across landscapes and riverscapes 

and the resonant effects on ecosystems – both terrestrial and freshwater – have been 

described eloquently (see Hynes, 1973; Winter et al., 1998); however, these interconnected 

structures and processes are abundantly complex.  While we somewhat understand that the 

composition of water in rivers, streams, lakes, wetlands, and groundwater systems 

comprises water sourced across myriad spatio-temporal scales (see Soulsby et al., 2000; 

McGuire and McDonnell, 2005; Kirchner et al., 2010; Harman, 2015), we are still far from 

resolving how landscapes modulate these intertwined processes (see for example Devito et 

al., 2005; Hokanson et al., 2019).  The landscape’s governance of these physical processes, 

along with biota, ultimately underlies the spatial and temporal arrangement of rivers, 

streams, lakes, and wetlands, their thermal, nutrient, and hydraulic regimes, and therefore 

influence the occurrence and persistence of biota from bacteria to animals to plants.   

 

My dissertation increased our understanding of the connections and interactions 

between landscapes and riverscapes.  The riverscape itself represents a cacophony of 

complexities associated with hydraulic, thermal, light, chemical, and nutrient regimes, all 
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of which influence dispersion and diffusion from molecules to organisms through an 

unending thread of feedbacks between the abiotic environment and its biotic denizens.  My 

dissertation offers evidence of (a) landscape controls on rivers as expressed in their thermal 

characteristics, (b) a quick method to delineate groundwater discharge in rivers, and (c) a 

high-resolution viewpoint of the longitudinal spatial variability of a riverscape’s hydraulic 

characteristics and the habitats they create.  In answer to the objectives I presented in 

Chapter 1:  

 

1) Physiographic setting exerts a primary control on the spatial variability of river 

temperatures via groundwater connectivity. 

2) Landscape control of river temperatures includes the vertical dimension of 

geology and as a consequence, surface spatial statistical models are confounded 

in areas with complex hydrogeological settings. 

3) Groundwater discharge along rivers can be delimited from winter imagery in 

regions that freeze. 

4) Aerial imagery can be utilised to develop high resolution, bathymetrical maps at 

the catchment-scale.  These maps can be interpreted in concert with discharge 

data to develop detailed hydraulic and habitat maps.  

 

Objective 1:  I established that the spatial variability of river temperature can be associated 

with its physiographic setting.  Geologic contact zones can demarcate points of hydrologic 

interfaces and in regions with shallow overburden, these interfaces can introduce 

groundwater to the river and modify the river’s thermal regimes.  Upland wetlands can act 
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as heat sources for rivers that migrate through them because they likely lack a groundwater 

influence and their heat budgets are largely driven by solar radiation and air temperature, 

accompanied by precipitation.  

 

Objective 2:  Spatial statistical models have grown in popularity in recent decades, 

especially in hydrology studies.  In regions where topography exerts a constant control on 

groundwater, whether connected or disconnected, surface spatial statistical river network 

models can offer an improvement over aspatial models for river temperature modelling.  In 

these settings, high resolution topographic data can further improve models.  However, in 

areas with complex geology where groundwater tables are both connected and 

disconnected from topography, surface spatial statistical models offer little to no 

improvement.  At finer hydrographic network resolution, e.g., 3 ha drainage networks, 

these issues are more prominent.  These findings established that geologic setting can 

confound spatial statistical autocorrelation and thus limit the utility of such models.  I also 

demonstrated that geology and slope steepness or valley incision play a role in river thermal 

regimes related to the hydraulic conductance of the underlying geology.  For example, deep 

valley incisions in hydraulically conductive bedrock, such as fractured sandstone, can 

create diffuse or discrete groundwater from bedrock discharges to the river.  Conversely, a 

deeply incised valley in uniform, low conductance bedrock limits groundwater emerging 

at its surface and thus not influence river temperatures, although discrete discharges can 

occur with fractures.  
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Objective 3:  In regions where winters temperatures lead to rivers freezing, groundwater 

discharge can be identified in wintertime via high resolution satellite imagery.  Summer 

and winter temperature regimes are not only defined by seasonal temperatures, but also by 

changes in groundwater plume extent in rivers.  In the winter, groundwater plumes are 

longer than summer plumes in some river reaches.  I suggest this is driven by 

thermodynamic and hydraulic processes that are initiated by changes in temperature that 

induce changes in turbulence regimes along with the physical control of flow paths by ice.  

These processes differ in summer creating higher mixing rates, driven again by temperature 

fluxes and associated state changes that result in shorter extents of groundwater plumes.  

 

Objective 4:  Aerial imagery can be utilised, in tandem with field data, to develop robust 

and accurate, sub-metre resolution, bathymetric maps at the catchment-scale.  These maps 

provide the framework for the development of high-resolution hydraulic maps, and 

thereby, an unprecedented insight into the spatial complexity of freshwater aquatic habitats.  

Such bathymetrical data may also facilitate the development of hydrodynamic models.  

These methods, when coupled with biotic data, such as fish or benthic macro-invertebrate 

distributions have a high probability of uncovering many new levels of abiotic and biotic 

interconnectedness.  

 

6.2 Synthisis and future directions 

My dissertation sheds some new light on the fact that landscapes and riverscapes 

are inherently and utterly interconnected in an unbounded continuum.  I believe Earth 

system research, whether abiotic or biotic, benefits when we acknowledge and incorporate 
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this interconnectedness into our thinking.  In an effort to start conversations and guide the 

future of interdisciplinary work, I present a concept named the “waterscape continuum 

concept”.  

6.2.1 Waterscape continuum concept 

The term hydrosphere defines a planets combined water mass, including water 

under, on and above the planet’s surface.  The Earth’s hydrosphere extends from the 

lithosphere (at a depth of 410-660 km) to the atmosphere (Figure 6-1a).  Generally, the 

processes which are most influential for Earth’s ecosystems operate between a few hundred 

metres below the Earth’s surface (the soil/ rock moisture and groundwater component), on 

the Earth’s surface (the surface water component) and in the atmosphere (the atmospheric 

water component), and are expressed  in the water cycle (Figure 6-1b).  On and within the 

Earth’s surface, a continuum of water exists and I term this a “waterscape continuum”.  The 

waterscape continuum unifies surface water, soil/ rock moisture, and groundwater, where 

surface water is simply the component that intercepts topography and the soil/ rock 

moisture and groundwater are the subsurface components.  The waterscape continuum 

extends across fine (sub-metre) to global scales (kilometres, e.g., Cuthbert et al., 2019), 

surfaces (Winter et al., 1998); depths of metres to kilometres (e.g., Fan, 2019), and time-

scales of seconds to millennia (e.g., Maxwell et al., 2016; Figure 6-1c).  The continuum is 

dynamic, and its spatial configuration varies temporally, expanding and contracting.  

Fluxes in the continuum vary with (1) climate, (2) geologic composition, (3) topography, 

(4) biota, and (5) the special case for biota, humans.  The waterscape continuum’s structure, 

that is its geology’s hydraulic conductance, landscape topography, and human activities 

will determine its flow paths including the age of water throughout the waterscape (e.g., 
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Tóth, 1962; Sprenger et al., 2019; Figure 6-1c).  The continuum is characterised by 

feedback loops, self-propagating throughout the waterscape.  

 

 

Figure 6-1  An illustration of the Earth’s structure (redrawn from USGS, 1999), 

highlighting the hydrosphere, a region extending from the 640 km in the mantle to 

Earth’s atmosphere (a). A simple representation of the Earth’s water cycle 

comprising atmospheric/ meteoric water, surface water, rock/soil moisture and 

groundwater, evaportranspiration, and water use by humans (c).  An illustration of a 

waterscape continuum, connecting landscape, flora, and water body (lentic or lotic) 

hydrological processes, and its associated flow paths and age of water as a function of 

hydraulic conductance and gradient. 
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My ultimate goal is to expand the waterscape continuum into a Framework.  This 

framework would be used to guide research towards maximizing successful outcomes in 

hydrology, ecology, and the breadth of interdiciplinarity inbetween.  The framework will 

direct researchers to take their questions through the waterscape continum’s principles and 

evolve their questions to improve relevance and thus, revealing mechanisms that will 

support meaningful conservation and preservation tools.   

 

EPILOGUE 

While the complexities are enormous, the future for interdisciplinary research, and 

the findings it may reveal, are truly incredible. 
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Appendix:  Effects of topographic resolution and geologic setting on spatial 

statistical river temperature models 

Introduction  

This supporting information provides additional details to those Chapter 3: Effects of 

topographic resolution and geologic setting on spatial statistical river temperature models.   

 

 

Figure A-1 Water table ratio values for North America, and the United Kingdom indicating 

regions denoting a region that has groundwater regimes that are both connected (WTR >1) 

and disconnected (WTR<1) from topography. Regions with strong connection of topography 

to groundwater represent areas where spatial statistical models show strong fits and low 

RMSPE’s as observed for spatial statistical river temperature models in  the Pacific 

Northwestern U.S. (Isaak et al., 2017) and Scotland (Jackson et al., 2017).  In comparison, 

lower spatial statistical river temperature model fits and higher RMSPE’s are observed 

where more heterogeneous WTR exist as observed in north eastern US (Detenbeck et al., 
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2016). Note, New Brunswick has heterogeneous geology and large regions predicted to have 

groundwater regimes that are both connected (WTR >1) and large areas that are 

disconnected from topography. WTR data from Cuthbert et al., (2019), accessed at 

https://figshare.com/authors/Mark_Cuthbert/3847054 

 

Catchment characteristics of the Cains River and North Pole Stream are presented in Table A-1.  

A detailed overview of catchment surficial geology for both catchments is provided in Table A-

2.   

Table A-1 Summary of catchment characteristics 

  Cains River  North Pole Stream  

Catchment area 

(km2) 
1,400 214 

Elevation 

(m.a.s.l.) 

(max; min; mean) 

188; 11; 101 730; 265; 437 

Catchment slope 

(degrees, °) 

(max; min; mean) 

60.8; 0; 2.5 57.5; 0; 6.3 

Surficial geology 

sandy lodgement till 

ablation and sandy/ 

silty blanket 

Moraine and ablation 

tills 

colluvium 

Bedrock geology 

Sandstone 

Fluviatile 

conglomerate 

Deep water clastic 

Granite (464 Mya) 

Granite (419 Mya) 

Air temperature 

(°C) 

(max; min; mean) 

10 to 11; 

-1 to -0.5; 

4.5 to 5.5 

7 to 8.5; 

-3.5 to -2.5; 

1.5 to 3 

Precipitation 

(mm) 
950 to 1000 1050 to 1150 

 

https://figshare.com/authors/Mark_Cuthbert/3847054
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Table A-2  Summary of surficial geologic units of the Cains River catchment and the North 

Pole Stream catchment. 

Deposit Description 

aMB2 
Blanket and veneer: loamy lodgment till, minor ablation till, silt, sand, gravel, rubble generally 0.5 

to 3 m thick 

aMB3 
Blanket loamy lodgement till, minor ablation till, silt, sand, gravel. 

Mainly stony till (more than 35% of clasts pebble-sized and larger) 

aMCB 

Morainal and colluvial sediments: loamy till and colluvium, regolith and weathered bedrock, and 

isolated boulder fields, undifferentiated; mixture of deposits formed directly from ice 

of unknown age and materials produced by weathering processes; generally greater than 1 m thick.  

Mainly stony deposits (more than 35% of clasts pebble-sized and larger)  

aMM3 
Hummocky, ribbed, and rolling ablation moraines: loamy ablation till, some lodgment till, minor 

silt, sand, gravel, and boulders; generally greater than 1.5 m thick 

Mainly stony till (more than 35% of clasts pebble-sized and larger); 

aMV3 
Veener loamy lodgement till, minor ablation till, silt, sand, gravel. 

Mainly stony till (more than 35% of clasts pebble-sized and larger) 

bMB3 
Blanket loamy lodgement till, minor ablation till, silt, sand, gravel. 

Mainly bouldery till (more than 25% of clasts boulder-sized) 

bMV3 
Veener loamy lodgement till, minor ablation till, silt, sand, gravel. 

Mainly bouldery till (more than 25% of clasts boulder-sized) 

GX3 
Morainal sediments: lodgment till, ablation till, and associated sand and gravel deposited directly 

by Late Wisconsinan ice or with minor reworking by water.  generally more than 2 m thick 

MCB 
Morainal and colluvial sediments: loamy till and colluvium, regolith and weathered bedrock, and 

isolated boulder fields, undifferentiated; mixture of deposits formed directly from ice of unknown 

age and materials produced by weathering processes; generally greater than 1 m thick.  

bMM3 Hummocky, ribbed, and rolling ablation moraines: loamy ablation till, some lodgment till, minor 

silt, sand, gravel, and boulders; generally greater than 1.5 m thick 

OP 
ORGANIC SEDIMENTS: bogs, fens, swamps: peat, muck, minor silt and fine sand; generally 1 to 

5 m thick; deposited in shallow basins and on poorly drained surfaces 

sMB3  
Blanket loamy lodgement till, minor ablation till, silt, sand, gravel. 

Mainly sandy till (sand content > 50%) 

WB Blankets and plains: sand, silt, some gravel and clay; generally 0.5 to 3 m thick 

 

 

A LiDAR point cloud was used to construct detailed solar radiation models for the 

LiDAR models in Chapter 3.  Figure A-2 and 3 illustrate examples of the riparian zone 

variability throughout the Cains River and North Pole Stream, respectively.   
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Figure A-2  An overview of riparian zones in the Cains River catchment.  (a) an example of 

the headwaters of the Cains River, where short wetland vegetation is dominant via inspection 

of a high density LiDAR point cloud, and (b) an example of the lower river section of the 

Cains, where a riparian zone flanks the river and an alluvial terrace is present in this lower 

river section, adjacent to tall (26 – 30 m) coniferous and deciduous trees. 
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Figure A-3  An overview of riparian zones in the North Pole Stream catchment.  An 

example of the headwaters of the North Pole Stream, illustrating streams with 

relatively tall vegetation via inspection of a high density LiDAR point cloud (a).  An 

example of a riparian zone defined by vegetation less than 5 m in height, which 



 

230 

 

occur in the headwaters and is representative of the wetland vegetation in the 

middle reaches (b).  An example of LiDAR point cloud detailing tall vegetation and 

a confined river section in the lower reaches of the catchment (c). 

 

In Chapter 3 I examined the effects of topographic resolution on spatial statistical 

river temperature models.  I used two digital elevation models (DEMs) to examine these 

effects: a coarse 30 m resolution satellite derived DEM, NASA’s Shuttle Radar 

Topography Mission (SRTM), and a high resolution (1 m) airborne LiDAR derived DEM.  

To highlight differences between each dataset I computed a DEM difference.  First, I 

applied a fishnet at a point density of 1 point/ 500 m across the study river catchments 

using the ‘Fishnet’ tool in ArcMap (ESRI, 2019).  We then extracted values for the SRTM 

DEM and LiDAR bare earth DEM to the fishnet points, using the ‘extract values to points’ 

tool in ArcMap.  Upon extraction, we conducted t-tests in XLSTAT (www.xlstat.com) to 

investigate is any significant difference exists between the elevations measured in each 

DEM.  Additionally, we also subtracted the LiDAR bare earth DEM from the SRTM DEM 

to produce a DEM of elevation differences.  Here, our objective was to compare observed 

elevation differences between the two DEMs on a cell by cell bases.   

 

Applying a 1 point 500 m-1 fishnet across the Cains River produced 5,279 points.  

The resulting two sample t-test (1 m bare earth LiDAR DEM; SRTM DEM) computed a 

p-value = 0.029 (α = 0.05), highlighting a statistically significant difference between 

elevations measured by SRTM and the LiDAR DEM (see Table A-3).  Subtracting the bare 

earth DEM from the SRTM DEM produced a DEM difference across the catchment, with 

http://www.xlstat.com/
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a mean = 2.56 m, a minimum = -15.18 m, a maximum = 33.23 m, a range = 48.41 m, and 

a STD = 2.7 m (see Table A-3).   

 

Applying the same point density to the North Pole Stream produced 846 points.  

The two sample t-test (1 m bare earth LiDAR DEM; SRTM DEM) computed a p-value = 

0.942 (α = 0.05), highlighting no statistically significant difference between elevations 

measured by SRTM and the LiDAR DEM (see Table A-3).  Subtracting the bare earth 

DEM from the SRTM DEM produced a DEM difference across the catchment, with a mean 

= 0.4 m, a minimum = -19.61 m, a maximum = 23.78 m, a range = 43.39 m, and a STD = 

3.28 m (see Table A-3).   

 

 

Table A-3  Two-sample t-tests comparing elevations measured by a LiDAR bare 

earth DEM, ‘LiDAR DEM’, and an SRTM DEM ‘SRTM’; and statistical outputs of 

a DEM difference calculated by subtracting the LiDAR DEM from the SRTM 

denoted by the head ‘DEM Diff.’ 

 

  Cains River North Pole Stream 

Metric LiDAR DEM SRTM DEM Diff. LiDAR DEM SRTM DEM Diff. 

n 5287 5287 Raster 846 846 Raster 

Min (m) 14.1 18.0 -15.2 270.9 271.0 -19.6 

Max (m) 184.7 190.0 33.2 726.8 724.0 23.8 

Mean (m) 107.8 110.3 2.6 464.2 464.6 0.4 

Std. Dev. (m) 34.2 34.4 2.7 101.4 100.5 3.3 

p-value (two-

tail) 0.0001 NA 0.942 NA 
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The DEM difference raster reveals the spatial variability of errors associated with 

the SRTM across both the Cains River and North Pole Stream, Figures A-4a and b, 

respectively. A potential tree-stand captured by the SRTM is denoted by red polygons in 

the Cains River and North Pole Stream, Figures A-4c and d, respectively, highlighting 

positive biases in the SRTM DEM.  While negative biases associated with a lake surface 

are found in the North Pole Stream (Figure A-4d).   

 

 

Figure A-4 The Cains River (a) and the North Pole Stream (b) DEM difference where 

the LiDAR DEM was subtracted from the SRTM DEM.  Areas of disagreement 

between the SRTM and LiDAR, defined by the black lines in (a and b), in the Cains 

(c) and the North Pole Stream (d) rather than bare earth, where the red and blue 

polygons highlight SRTM errors associated false measurements.  
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Solar radiation is well established as a driver of river temperature.  To examine the 

relationship between the longitudinal temperature profiles in the TIR data and solar 

radiation models I created a point comparison across the North Pole Stream.  The 

longitudinal temperature profile for the North Pole Stream is shown in Figure A-5a.  The 

Solar radiation temperature profile is shown in Figure A-5b, and the relationship between 

log (temperature) and log (solar radiation) is given in Figure A-5c.  A fine-scale example 

of a solar radiation modelled section is displayed in Figure A-5d.   

 

Figure A-5 The relationship between measured thermal infrared (TIR) river 

temperature on 29th July, 2009 in the North Pole Stream and stream distance, where 



 

234 

 

the red line denotes the mean temperature (a).  The relationship between modelled 

solar radiation (for a clear sky) at the same locations for the time of flight and stream 

distance, where the red line defines the mean solar radiation (b).  The relationship 

between log normal TIR temperature and log normal solar radiation where a weak 

relationship is shown between the 2 variables (c).  An example section of a solar 

radiation model for the Cains River over 1 day (23rd July, 2008 – clear sky conditions) 

(d).  

 

To prevent multicollinearity within the models developed in Chapter 3, I ran a 

variance inflation factor analysis (VIF).  The final model variables for both the Cains River 

and North Pole Stream are presented in Table A-4 and 5.   

 

Table A-4 Variance inflation factor (VIF) analysis of multicollinearity for final 

Cains River model variables 

 

Cains River 

1 km SRTM   1 km LiDAR   3 ha 
 R² VIF    R² VIF    R² VIF 

Wetlands 
0.4

7 

1.8

8 
  Wetlands 

0.3

7 

1.5

8   
Wetlands 

0.5

5 

2.2

0 

Valley wall 

slope1 

0.6

6 

2.9

1 
  

Valley wall 

slope1 

0.8

5 

6.7

7 
  

Stream 

slope 

0.3

3 

1.5

0 

Valley depth1 0.4

9 

1.9

5 
  

Solar 

radiation 

0.2

3 

1.3

0   

Solar 

radiation 

0.2

6 

1.3

5 

Stream slope 
0.3

2 

1.4

6 
  Sinuosity 

0.2

7 

1.3

8   
Elevation1 0.7

7 

4.3

3 

Precipitation 

(Oct-July) 

0.2

5 

1.3

4 
  

Catchment 

slope1 

0.8

7 

7.5

0 
  

Catchment 

slope1 

0.6

0 

2.5

1 
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Catchment 

slope1 

0.6

3 

2.6

8       
          

1 denotes average 

Table A-5 Variance inflation factor (VIF) analysis of multicollinearity for final 

North Pole Stream model variables 

  

North Pole Stream 

1 km SRTM   1 km LiDAR   3 ha 
 R² VIF    R² VIF    R² VIF 

Valley wall 

slope1 0.41 1.71 
  

Valley depth1 0.42 1.74 
  

Valley wall 

slope1 0.46 1.87 

Valley 

depth1 0.36 1.56   
Felsic 

(granite) 
0.77 4.38   Stream slope 0.19 1.24 

Solar  

radiation 
0.04 1.04 

  

Deep water 

clastic 
0.76 4.23 

  
Solar radiation 0.15 1.18 

sinuosity 0.10 1.11 
  

Catchment 

slope1 0.23 1.29 
  

sinuosity 0.15 1.18 

Felsic 

(granite) 
0.77 4.29 

  

Air 

temperature1 0.50 1.98 
  

Precipitation 

(Oct-July) 
0.47 1.88 

Deep water 

clastic 
0.76 4.21 

      
    

Felsic 

(granite) 
0.87 7.42 

      
      

    
Deep water 

clastic 
0.82 5.42 

                

Catchment 

slope1 0.48 1.91 

1 denotes average 

 

 

Prediction model outputs and Standard Errord (SE) for the models built in 

Chapter 3 are presented in Figures A6-11.  
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Figure A-6  Model plots for observed and predicted temperatures for the Cains River 

1 km2 STRM aspatial (a), spatial –SSN 1: Euclidean exponential (b) and spatial –SSN 

2: Spherical Euclidean; spherical tail-down (c) models.  The associated model 

predicted standard errors (SE) are presented adjacent to the corresponding models. 
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Figure A-7 Model plots for observed and predicted temperatures for the Cains River 

1 km2 LiDAR aspatial (a), spatial –SSN 1: Euclidean exponential (b) and spatial –SSN 

2: Spherical tail-down (c) models.  The associated model predicted standard errors 

(SE) are presented adjacent to the corresponding models. 
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Figure A-8 Model plots for observed and predicted temperatures for the Cains River 

3 ha aspatial (a), spatial –SSN 1: Euclidean exponential (b) and spatial –SSN 2: 

Spherical tail-down (c) models.  The associated model predicted standard errors (SE) 

are presented adjacent to the corresponding models. 
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Figure A-9 Model plots for observed and predicted temperatures for the North Pole 

Stream SRTM 1 km2 aspatial (a), spatial –SSN 1: Euclidean exponential (b) and 

spatial –SSN 2: Spherical tail-down (c) models.  The associated model predicted 

standard errors (SE) are presented adjacent to the corresponding models. 
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Figure A-10 Model plots for observed and predicted temperatures for the North Pole 

Stream 1 km2 LiDAR aspatial (a), spatial –SSN 1: Euclidean exponential (b) and 

spatial –SSN 2: Spherical tail-down (c) models. The associated model predicted 

standard errors (SE) are presented adjacent to the corresponding models. 
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Figure A-11 Model plots for observed and predicted temperatures for the North Pole 

Stream 3 ha aspatial (a), spatial –SSN 1: Euclidean exponential (b) and spatial –SSN 

2: Spherical tail-down (c) models.  The associated model predicted standard errors 

(SE) are presented adjacent to the corresponding models. 
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