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Abstract 
 

Forest-snow interactions were analyzed using fine-resolution mobile terrestrial LiDAR in four 

stands representing increasing forest maturity ranging from a recently replanted clearcut to a mature 

forest in the interior cedar – hemlock biogeoclimatic zone of the southern Selkirk Mountain range in 

British Columbia, Canada. LiDAR-derived models representing peak snow depth and daily ablation were 

used to assess the impact of sampling intensity on stand-level averages and to determine sampling 

distances required to capture between-stand differences and within-stand variability. The process of 

hydrological recovery, a term which describes the return of snow accumulation and ablation processes 

in regenerating forests to pre-disturbance conditions, was investigated at the scale of individual trees 

and for the full stand. Outcomes from this study better quantify the influence of tree growth on peak 

SWE and ablation rate at both the tree and stand level for north aspect mixed conifer stands. The 

process of negative ablation recovery in early juvenile stands reported in previous studies is herein 

clearly observed. The methods used increase transferability of outcomes to stands where canopy 

characteristics (i.e., height, crown cover, and heterogeneity) differ from the reference sites considered 

here. 
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CHAPTER 1: Introduction 
1.1 Introduction 

In many watersheds located in cold regions around the world, annual snow melt is the most 

significant hydrological event in the year and can account for as much as 80% of the total runoff (Ellis et 

al., 2011; Dixon et al., 2014). Accurate determination of snowpack properties, such as snow water 

equivalence (SWE) and timing of snowpack ablation are thus crucial for understanding and predicting 

annual water supplies (Varhola et al., 2010; Dong, 2018) and the potential for flood events (Ellis et al., 

2011; Dickerson‐Lange et al., 2017).  For instance, an early and rapid seasonal snowmelt in watersheds 

with high accumulation of SWE can result in large-scale flooding and can impact annual water storage 

within a watershed (Moore and Wondzell, 2005).  

 Forest canopies influence snow accumulation depths and ablation rates by intercepting falling 

snow and by controlling the balance between incoming shortwave and emitted long-wave radiation 

reaching the snow surface (Varhola et al., 2010, Ellis et al., 2010). Snow interception by the forest 

canopy acts as a significant control on the annual peak SWE of the underlying snowpack (Hudson, 2000; 

Varhola et al., 2010; Dickerson-Lange et al., 2017; Déry et al., 2014) resulting in accumulations that are 

up to 40% less than that measured in adjacent clearcuts (Winkler et al., 2005).  Decreased snow 

interception from reductions in forest cover has been shown to result in greater snow accumulation 

depths and peak SWE (Ellis et al., 2010; Hudson, 2000; Varhola et al., 2014; Boon, 2007). 

The net available energy reaching a snowpack is the primary driver of snow melt (Ellis et al., 

2011; Varhola et al., 2010). Forest canopies act to reduce incoming shortwave radiation, which 

effectively reduces the net energy available for driving snow melt processes (Ellis et al., 2011; Varhola et 

al., 2010; Hudson, 2000; Boon, 2007). In stands which have been altered by either logging or natural 

(pest or fire) disturbance, reduction in the percentage of canopy closure has been shown to lead to 

earlier and increased rates of snow melt (Hudson, 2000). These changes to the hydrological behavior of 

a watershed are most evident where a forest stand or watershed has experienced an extensive 

reduction in forest cover (Hudson, 2000; Winkler and Boon, 2015).  

As juvenile and replanted stands regenerate, their evolving forest structure increasingly affects 

snow accumulation and melt processes until hydrologically, they resemble a mature forest (Winkler and 

Boon, 2015; Hudson, 2000). This process is what is referred to as “hydrological recovery”, and is a 

measure used by forestry companies and resource planners to help determine the degree to which prior 
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and planned forest harvest may impact the hydrological behavior of a watershed (Winkler and Boon, 

2015; Green and Alila, 2012).  

While research has shown that forest structure influences snow accumulation and ablation 

(Varhola et al., 2010; Dickerson-Lange et al., 2017; Winkler et al., 2005), the degree of influence each of 

these variables play across climate zone boundaries is still poorly understood. Hydrological recovery 

models developed for recovering stands in British Columbia have focused on climate zones located in 

the southern coast (Hudson, 2003) where rainfall plays a large role in the annual hydrology, as well as in 

the southern interior where snowfall represents a larger percentage of the annual precipitation (Winkler 

and Boon, 2015).  

There is no simple model that defines the relationship between snow accumulation or melt 

processes and forest maturity across all regions. It is therefore crucial to develop a methodology 

whereby these relationships can be easily quantified at the forest stand and watershed levels to better 

model hydrological responses to forest removal for lumber and/or degradation from natural 

disturbances. 

Hydrological recovery models developed in British Columbia (Winkler and Boon, 2015; Hudson, 

2000) and Ontario (Buttle et al., 2005) have focused on estimations of stand-level SWE and ablation 

rates derived from point-sampling-based field surveys of snowpack depth and density. These samples 

are measured at points distributed at even intervals along either a linear snow course or grid within a 

study area (Winkler and Boon, 2015, Hudson, 2003; Hardy and Hansen-Bristow, 1990). Although 

informative, these methods often fail to accurately represent the spatial variability of the snowpack, 

particularly in areas with a high degree of topographic variability, or in areas which are difficult or unsafe 

to sample (Winkler et al., 2005; Deems et al., 2006). The inherent uncertainty in resulting estimations of 

stand-level SWE translate into uncertainty in the development of hydrological recovery models and in 

model outcomes.  

 Advancements in LiDAR technology have led to an increase in the use of aerial (Hopkinson et al., 

2012; Kostadinov et al., 2019; Deems et al., 2013; Zheng et al., 2016), terrestrial (Grunewald et al.,2010), 

or handheld LiDAR (Bauwens et al., 2016; Ryding et al., 2015) for creating high-precision surface 

elevation models and more accurate spatial estimations of snow depth and SWE. While Aerial platforms 

allow for LiDAR measurements of snowpack to be carried out across large areas, the prohibitive costs 

associated with operating these platforms often limits the frequency of repeated snowpack surveys 
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throughout the accumulation and ablation periods (Hopkinson et al., 2012; Deems et al., 2013; Zheng et 

al, 2016). Additionally, the potentially low ground point densities measured by aerial LiDAR under dense 

forest canopy can limit the ability to consider the relationship between individual trees on snowpack 

variability (Harpold et al., 2014).  

Recent developments in Simultaneous Localization and Mapping (SLAM) based mobile terrestrial 

LiDAR platforms offer an alternative to the high costs associated with aerial surveys (Ryding et al., 2015).  

Handheld SLAM systems have the potential to increase the precision of surface models in areas where 

high canopy closure may reduce the number of LiDAR returns measured from above the canopy 

(Bauwens et al.; Qian et al, 2016; Ryding et al., 2015). The applicability of SLAM LiDAR for estimating 

snowpack properties and variability, and for improving for our understanding of hydrological recovery 

has yet to be explored in British Columbia. 

 The purpose of this thesis research is to develop a methodology which utilizes SLAM-enabled 

mobile terrestrial LiDAR to quantify the process of hydrological recovery on peak SWE and ablation rates 

in forested, mountainous watersheds in the Interior Cedar-Hemlock (ICH) Biogeoclimatic Ecosystem 

Classification (BEC) zone of British Columbia (BC) (Figure 1-1). This methodological-focused research 

aims to provide information to improve hydrological recovery models used for resource planning 

purposes specific to climate zones, at a watershed scale.  

There are fourteen BEC zones in BC which identify regions with similar climate and vegetative 

characteristics (BC Ministry of Forests, 2016). The ICH BEC zone is a highly productive ecological zone 

which primarily lies at lower elevations in the foothills of the Columbia Mountains and is characterized 

by cool wet winters and warm dry summers (Ketchison et al., 1991). As much as 50% of the precipitation 

in the ICH falls as snow, making snow melt an important contributor to the hydrological regime of 

watersheds in this zone (Ketchison et al, 2016). The ICH has the greatest range of tree species out of all 

of the BEC zones and is the second most productive in BC for wood fiber production (BC Ministry of 

Forests, 2016). While the following research will only provide a snapshot of how recovering stands on 

mid-elevation slopes in the ICH BEC zone influence snow accumulation and ablation processes, this 

research will help to establish the efficacy of this methodology as a tool for determining the 

relationships between forest regeneration and hydrological recovery across aspects, elevations, and 

regions. 
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Figure 1-1 The Rover Creek watershed, located in the Bonnington Range of the southern Selkirk Mountains of British Columbia, 
Canada. Biogeoclimatic (BEC) zones in the Rover Creek watershed include the Engelmann spruce – subalpine fir (ESSF) BEC zone 
(teal) and the interior cedar – hemlock (ICH) BEC zone (orange) which encompasses the area in this study [study sites shown in 
blue, inset map]. 
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CHAPTER 2: Literature Review 

 The following literature review was undertaken to ascertain the existing body of research 

pertaining to two main themes: 1) Research relating to the current understanding of snow-forest 

interactions, and how these relate to hydrological recovery in snow-dominated watersheds; 2) 

Application of the emerging LiDAR technology to obtain snow depth and SWE across large areas. 

 

2.1 Forest-snow relationships and hydrological recovery 
 The relationships between forest cover and below-canopy snowpack accumulation/ablation 

have been investigated over the past century in a variety of forest types and geographic locations. The 

earliest documented publication included in this review was undertaken by C.A. Connaughton in 1935, 

who investigated differences in snow accumulation and melt between clearcut, replanted, and virgin 

forest stands in the Boise River Watershed (Connaghton, 1935). In the decades following this pioneering 

work, studies have investigated these relationships using similar comparisons between either forested 

areas and openings or between stands with differences in forest maturity (Troendle and Meiman, 1984; 

Winkler and Boon, 2015; Buttle et al., 2005; Hudson, 2000; Talbot and Plamondon, 2002; Jones, 2000, 

etc.).  

Although the above studies encompass a range of forest types and BEC zones, most are situated 

in southwestern Canada (Winkler and Moore; 2006; Winkler and Boon; 2015; Hudson, 2000) or in the 

northwestern of the United States (Dickerson-Lange et al., 2015; Hardy and Hansen-Bristow, 1990; Elder 

et al., 1991; Storck et al, 2002; Musselman et al, 2008; Troendle and Meiman, 1984). A handful of other 

studies have been carried out in other regions, including eastern Canada (Buttle et al., 2005; Talbot and 

Plamondon, 2002), Sweden (Odin and Degermark, 1990; Löfvenius et al., 2003), and Czechia (Hotovy 

and Jenicek, 2020).  

 Regardless of location, each of these studies focused on the specific topographic, climatic, and 

vegetation characteristics of their areas. Authors from several of these studies acknowledge that 

transferability of specific study outcomes to other climate regions, forest types, and to watersheds with 

different topographic characteristics should be done with caution (Winkler and Boon, 2015; (Musselman 

et al, 2008; Hudson, 2000). However, as outlined below, some general relationships between forests and 

below-canopy snowpack are consistent between the studies.  
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2.1.1 Forest-snow relationships 

 In snow-dominated watersheds, annual water supplies, stream flow magnitude and streamflow 

longevity are influenced by forest cover (Winkler and Boon, 2015; Varhola et al., 2010). In these 

watersheds, forest cover acts to control ground-level snow accumulation through canopy interception, 

whereby up to 60% of cumulative snowfall has been shown to be intercepted and up to 40% sublimated 

from the canopy (Hedstrom and Pomeroy, 1998). Forest cover also influences the timing and rate of 

snow melt through canopy shading (Winkler et al., 2005; Ellis et al., 2011). Forestry-related disturbances 

which reduce the canopy closure or stand heights can alter the hydrologic regime of the watershed 

(Hudson; 2000). Forest harvesting has been shown to lead to increased annual water yields and peak 

flows, as well as extend period of summer low flows (Moore and Wondzell, 2005; Hudson, 2000). These 

hydrological effects have been observed at the stand, hillslope, and watershed scales (Hudson, 2000; 

Moore and Wondzell, 2005). While the relationships between forest cover and snow 

accumulation/ablation have been confirmed by numerous studies, study outcomes highlight the 

complexity of these relationships and the high degree of variability between regions, stand types, and 

year (Varhola et al., 2010).  

It should be noted that ablation processes are generally considered in terms of changes in stand-

level SWE, rather than snow depth, as these measures quantify the loss of water volume (Winkler et al., 

2005; Ellis et al., 2011). SWE is calculated by multiplying snow depth by snow density, which is a better 

measure for comparisons of snowpack between areas with different or non-uniform snow densities. 

However, ripening of the snowpack prior to the onset of melt typically reduces the variability in snow 

density so that the major source in variation in SWE is directly related to the variation in snow depth 

(Elder et al., 1991). As such, studies investigating forest-snow ablation relationships use either SWE or 

depth, according to the study design or snow sampling methodologies used. 

Vegetation controls on snow accumulation 
 In general, canopy interception during the accumulation period results in reduced ground-level 

accumulation depths and associated SWE below the forest canopy compared to in the openings (Moore 

and Wondzell, 2005; Varhola et al., 2010; Troendle and Meiman, 1984; Buttle et al, 2005). In the 

northwest US and southwestern Canada, Moore and Wondzell summarized regional study outcomes 

which identified snow accumulation in cutblocks as having between 30% to 50% more snow than in the 

surrounding forested areas. Additionally, Hudson (2000) found that there was approximately twice as 
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much snow in young stands with canopy heights under 3.5m than there was in the surrounding old 

growth. 

As stands begin to regenerate and achieve juvenile height and canopy closure characteristics, 

the increasing interception capacity in these juvenile stands begins to influence ground-level 

accumulation. Winkler and Moore (2006) measured April 1 SWE in the Thompson Okanagan region of 

British Columbia in adjacent clearcut, juvenile, and mature stands and found that snow accumulation in 

the clearcut was 16% higher than in juvenile stand and 47% higher than in the mature forest.  

 Differences in canopy interception capacity are able to explain most of the difference in ground 

level accumulation between forested areas and clearcuts (Troendle and Meiman, 1984). However, when 

considering the variability of the snowpack between years, there are greater differences in below-

canopy snowpack depths observed in forested areas than in either clearcuts or natural openings 

(Winkler and Moore, 2006). In these forested areas, trees and low vegetation can act to trap snow, 

while preferential deposition controlled by the variability of the forest canopy can also influence 

differences in ground-level accumulation of the snowpack, resulting in greater between-year differences 

(Buttle et al., 2005; Troendle and Meiman, 1984).  

 

Vegetation controls on ablation 
 Snow ablation, which is the combined loss of the snowpack resulting from melt, sublimation, 

and evaporation, is driven by the net radiation reaching the surface (Ellis et al., 2010; Ellis et al., 2011). 

This net radiation includes the total balance of incoming and outgoing shortwave radiation (solar), the 

total incoming and outgoing longwave radiation (re-emitted) from the snowpack and surrounding 

vegetation, as well as sensible and latent heat fluxes (Ellis et al., 2010; Hotovy and Jenicek, 2000). In 

forested stands, the canopy acts to reduce incoming shortwave radiation (Varhola et al., 2010) while 

also increasing the incoming long-wave radiation re-emitted from the canopy to the snowpack surface 

(Ellis et al., 2010).  

Forest removal can result in an increase in incoming shortwave radiation while also causing 

increased outgoing longwave radiation leaving the snowpack (Ellis et al. 2010). The relative amount of 

incoming and outgoing shortwave and longwave radiation varies according to hillslope aspect, canopy 

cover, and to a lesser degree, vegetation height (Ellis et al., 2011; Hotovy and Jenicek, 2020; Davis et al. 

1997). Together, these variables control the net energy driving snowmelt rates and timing. According to 

a summary of study outcomes in the pacific northwest presented by Moore and Wondzell (2005), 
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snowmelt rates are typically 30% to 100% higher in openings compared to forested areas, as the 

increase in incoming shortwave radiation tends to outweigh longwave energy losses.  

 Many of the studies investigating forest-ablation relationships were conducted in study sites 

situated on flat terrain, where slope aspect was not considered (Stork et al., 2002; Hudson; 2000; 

Winkler and Boon; 2015). In these studies, Storck et al (2002) found that the combination of reduced 

snow accumulation through canopy interception, paired with increased longwave radiation from the 

canopy, resulted in earlier snow disappearance in forested stands than in the open sites. However, 

Löfvenius et al. (2003) observed earlier snow disappearance in clearcut stands compared to stands 

characterized by multilayered shelterwood due to a large increase in incoming solar radiation.  

 Studies which utilize flat references sites to investigate the relationship between forest cover 

and ablation are of course not representative watersheds in mountainous regions, where forested and 

disturbed stands are situated on slopes encompassing a range of aspects. Ellis et al (2011) considered 

the role of aspect plays in determining both the timing and rate of snow melt in the Marmot Creek 

Research Basin located in southwestern Alberta. This study showed that topographic shading on north 

aspects causes a reduction to total incoming shortwave radiation compared to south aspects. This study 

found that topographic reductions in incoming shortwave energy on north aspects was offset by 

increased longwave radiation emitted from the canopy. This was found to result in earlier snow melt in 

forested areas and delayed melt in the openings, where longwave energy loss resulted in an energy 

deficit (Ellis et al., 2011). On south aspects where there is no topographic shading, the reduction in 

shortwave energy is found only in forested areas, which causes a delayed and slower ablation rate in 

forested stands compared to openings (Ellis et al., 2011).  

 

Vegetation influence on within-stand variability 
 The majority of research investigating forest – snow relationships has focused on stand-level 

differences in measures of snow depth, SWE, or ablation rate between open, juvenile, or mature stands. 

However, within-stand variability of the snowpack may also be an important consideration, particularly 

when establishing the transferability of study outcomes from reference sites with known stand heights, 

tree spacing, and canopy cover to stands and geographic areas where snow accumulation and melt are 

influenced by microtopography or variable canopy cover (Winkler and Moore, 2006; Elder et al., 1991). 

As such, within-stand variability and tree-scale controls on below crown accumulation and ablation have 

been explored in studies which consider the snowpack surrounding individual trees (Musselman et al., 
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2008; Hardy et al., 1997), and in small (4m radius) survey plots located in stands with varying degrees of 

maturity (Winkler and Moore, 2006).  

 Although canopy interception in conifer forests has been shown to result in reduced sub-canopy 

accumulation at the scale of the stand (Buttle et al., 2005), individual tree crowns can also cause a 

localized, below-crown reduction adjacent to the tree bole, creating a feature known as a tree well 

(Mussleman et al., 2008). Snow depth in these tree wells increases nonlinearly with distance away from 

the individual tree boles to a distance equal to the radius of the individual tree crown (Musselman et al., 

2008; Winkler and Moore, 2006). Hardy et al. (1997) found that the snow depth adjacent to the tree 

bole was approximately 20% of the undisturbed surrounding snowpack. The distribution of individual 

trees and their respective tree wells within a stand can result in a spatially heterogenous snowpack 

(Hardy et al., 1997). This complexity is important when considering the relationship between stand 

maturity and snow accumulation, as increasing tree density in a stand may result in stand-scale 

reductions in snow accumulation. 

Ablation processes in both forested and recently replanted stands can also be complex, with 

differential melting causing increased within-stand variability of SWE as the melt season progresses 

(Hotovy and Jenicek, 2000; Löfvenius et al., 2003; Odin and Degermark, 1990). Hotovy and Jenicek 

(2000) investigated the impact of forest disturbance on the net energy balance at the snow surface in 

stands with different canopy structures using a CNR4 Net Radiometer established within each stand. 

They found that in recently replanted clearcuts characterised by smaller trees, longwave radiation from 

individual trees could be detected up to distances of approximately 5m. This longwave radiation can 

drive snowmelt near the tree base, exposing them to more incoming shortwave radiation both directly, 

and reflected from the surrounding snowpack (Odin and Degermark, 1990; Löfvenius et al., 2003). This 

process has the potential to accelerate the ablation rates adjacent to smaller trees and can result in 

stand-level melt rates which exceed those seen in unplanted clearcuts and natural openings (Löfvenius 

et al., 2003).   
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2.1.2 Hydrological recovery 
In snow-dominated watersheds, the recovery of SWE and ablation processes are collectively 

referred to as hydrological recovery; a term which describes the restoration of hydrological 

characteristics to pre-disturbance conditions (Winkler and Boon, 2015; Buttle et al., 2005; Hudson, 2000; 

Talbot and Plamondon, 2002; Jones, 2000). Hydrological recovery is expressed as a positive trend 

increasing from 0% for clearcut to 100% for a regenerated mature stand. Although numerous studies 

have investigated stand-level differences in snow accumulation and melt according to forest maturity 

(Buttle et al., 2000; Murray and Buttle, 2003; Winkler et al., 2005; Winkler and Moore, 2006; Varhola et 

al.,2010; Broxton et al., 2015; Konstantinos et al., 2018), few studies have specifically addressed the 

process by which disturbed and regenerating stands recover hydrologically (Winkler and Boon; 2015; 

Buttle et al., 2005; Hudson, 2000; Talbot and Plamondon, 2002).  

 To date, hydrological recovery for snowmelt dominated watersheds has primarily been studied 

in 5 geographic areas. These studies include the following: Hardy and Hansen-Bristow (1990) considered 

the recovery of peak snow accumulation and ablation according to canopy cover in the Gallatin National 

Forest of Montana (USA); Hudson (2000) investigated snowpack recovery of peak SWE and ablation in 

the coastal mountains of British Columbia (Canada); Talbot and Plamondon (2002) focused on the 

recovery of melt rates in Montmorency Forest in Quebec (Canada); Buttle et al (2005) focused on 

snowpack recovery of peak SWE and ablation in the boreal forest of northeastern Ontario (Canada); 

Buttle et al (2018) considered hydrological recovery in deciduous forest stands in the Boreal Shield 

Ecozone in the Algoma region of central Ontario; and Winkler and Boon (2015) created updated models 

of hydrological recovery of peak SWE and ablation in the Thompson-Okanagan region of British 

Columbia (Canada).  

 All of these studies rely on stand-averaged values of SWE or changing SWE derived from 

traditional snow-sampling methods at select points and averaging these measured values for the entire 

stand. These averaged values were measured for stands encompassing a range of forest maturity at the 

time of assumed (April 1st) peak SWE and at some point later in the melt season or at the time of snow-

disappearance. With the assignment of 0% recovery for clearcut stands and 100% for mature forest, the 

percentage of recovery in regenerating juvenile stands was determined according to stand height and 

canopy cover by comparing the percentage of change from the clearcut condition (Hudson, 2000; 

Winkler and Boon, 2015; Buttle et al., 2005).  

The resulting recovery values were plotted against either stand height or canopy cover to derive 

empirical models representing the process of recovery for each of these study areas (Hudson, 2000; 
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Winkler and Boon, 2015; Buttle et al., 2005). Hudson (2000) determined that using a Chapman-Richards 

curve fitted to data points representing recovery according to stand height resulted in the best 

representation of the process of hydrological recovery. This method of curve fitting was also used in the 

subsequent studies by Buttle et al (2005) and Winkler and Boon (2015).   

 Hydrological recovery begins when a regenerating stand is able to intercept snowfall and reduce 

incoming solar radiation (Winkler et al, 2015). The initiation of recovery and the rate at which it 

progresses differs between studies and geographic locations. Hardy and Hansen-Bristow (1990) found 

no measurable recovery for trees under 13 years in age.  The authors also determined that a 41% 

recovery of peak SWE and 48% recovery of ablation rate was reached once the stand was 10 to 14m tall. 

The rate of recovery was observed to differ depending on whether a stand was replanted or left to 

regenerate naturally. For instance, in Montana, hydrological recovery in replanted stands was 

determined to occur within approximately 35 years but would take 79 years in a naturally regenerating 

stand (Hardy and Hansen-Bristow, 1990).  

Hudson (2000) estimated that in coastal BC, 50% hydrological recovery was reached when 

stands were 4 m in height and had a canopy density of 20%; while full recovery was reached by the time 

the stand was 20 m and a canopy density of 95%. In Montmorency Quebec, Talbot and Plamondon 

(2002) determined that hydrological recovery reaches 50% when a stand is 4 m in height and full 

recovery at 10 m. The latter study considered paired stands (by maturity) on north versus south aspects 

and found that snow melt rates, and recovery, were not consistent across aspects. Buttle et al (2005) 

found that in Ontario, the recovery rate of peak SWE was faster than the recovery of ablation rate. 

Buttle found that when a stand is 15 years in age, peak SWE had recovered by 80% but had only reached 

an ablation recovery of 50%. Winkler and Boon (2015) determined that recovery of peak SWE and 

ablation in the Thompson-Okanagan region (BC) only began once the trees had grown to heights greater 

than 3 m. In Winkler and Boon (2015), recovery curves were developed according to stand height, 

showing that the hydrological recovery of the stand reaches 10% when a stand is 5 m, and over 80% 

when the stand has reached 15 m in height.  

In the studies of Winkler and Boon (2015) and Buttle et al. (2005), an initial period of increased 

melt rate in the clearcut condition was observed compared to adjacent small trees in very young stands. 

This observation suggested the likelihood of a period of negative recovery (Winkler and Boon; 2015; 

Buttle et al, 2005) for recently replanted stands. These studies considered hydrological recovery 
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averaged for the stand and thus lack the precision required to determine the process by which recovery 

transitions from negative to positive as a stand matures.  

The literature review above reveals that the processes and rates of hydrological recovery in 

snow-dominated watersheds vary by forest type, topography, and geographic region. While the current 

research does provide a methodological framework for deriving models of recovery in regenerating 

stands, it is clear that more research is needed to develop methods which can be more broadly applied, 

or which can be adjusted to account for the unique characteristics of individual watersheds (Hudson, 

2000; Moore and Wondzell, 2005; Winkler and Boon, 2015; Musselman et al, 2008). Advancement of 

hydrological recovery science will therefore depend on the acquisition of representative measures of 

snowpack depth and density which can effectively quantify the unique snowpack and forest stand 

characteristics of a watershed.  

  

2.2 Traditional and LiDAR-based snow surveys 
The ability to accurately quantify snow depth distributions within a watershed using traditional 

manual sampling methods is limited by challenges related to ease of access, the lengthy time involved in 

collecting a representative sample (Harder et al., 2020), and safety considerations (Deems et al., 2006; 

Harder et al., 2020). This is particularly true in mountainous terrain, where steep slopes and deep snow 

accumulations limit accessibility (Deems et al., 2006). As the variability of the snowpack can have a large 

influence on stand or watershed calculations of mean SWE, it is therefore critical to explore methods 

which may more effectively capture this variability (Dong, 2018). 

Increasingly, remote sensing using satellite or aerial platforms is being used to quantify the 

spatiotemporal distributions of snow depth to better estimate the snow water equivalence stored in a 

watershed, and to predict snow melt rates and timing (Painter et al., 2016; Zheng et al., 2018). While the 

presence or absence of snow can be determined for unvegetated areas using optical remote sensing 

platforms and satellite imagery, these remote sensing methods are not suited for observing the 

presence of snow beneath forest canopy and within vegetation (Kostadinov et al., 2019). 

Light detection and ranging (LiDAR) is an active remote sensing method which can effectively 

measure a continuous surface of snow or the bare terrain with a high degree of horizontal and vertical 

precision, even in forested areas (Hopkinson et al., 2004; Varhola et al., 2010; Dharmadasa et al., 2024; 

Musselman et al., 2008). LiDAR calculates distances based on the time elapsed between a transmitted 

and returned laser pulse (Kostadinov et al., 2019; Deems et al., 2006). As the laser pulse travels, it 
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interacts with vegetation, terrain, or snow and is reflected back to the sensor (Zheng et al., 2016). The 

measured returns result in a three-dimensional point cloud which can be used to produce fine-

resolution digital terrain and snow surface elevation models, which in turn can be used for the 

development of models representing snow depth (Hopkinson et al., 2012). Additionally, LiDAR point 

clouds can be used to derive tree or stand-level height and canopy cover measures representing the 

overlying vegetation which can be used to investigate forest-snow relationships (Hopkinson et al., 2012; 

Zheng et al., 2016). 

LiDAR is a relatively new tool in the snow survey toolkit. Some of the earliest work investigating 

the utility of LiDAR for quantifying measures of snow depth in a forested watershed were carried out by 

Hopkinson et al. (2001). In this early work, the authors investigated the utility of aerial LiDAR for 

mapping the distribution of snow depth in a variable forest stand. In the 2 decades following this early 

work, improvements to LiDAR sensors, and the introduction of more platform options for LiDAR surveys 

have led to its increased use.  

 

2.2.1 Traditional methods for quantifying snow depth and SWE  

In studies reviewed in Section 2.1.1 and 2.1.2, only a single value for stand-level snow 

depth/SWE or ablation was used to investigate the process of hydrological recovery or for comparing 

differences in snow accumulation or ablation according to stand age. The assigned value for the stand in 

each study was derived using traditional snow-survey methods. For instance, snow depth or density was 

recorded at only a single location within the stand in some studies. Single point snow depths can be 

measured using an optical snow-depth sensor (Dickerson-Lange et al., 2017) or with an acoustic depth 

sensor (Dickerson-Lange et al., 2015). Snowpack density or SWE can be measured using a snow pillow 

(Déry et al., 2014) or weighing lysimeter (Storck et al., 2002). These index locations are typically situated 

in flat, protected areas unaffected by wind, slope, or aspect (Grünewald and Lehning, 2015). In 

mountainous environments where variable topography and vegetation cover influence the distribution 

of snow accumulation and ablation processes (Ellis et al., 2011), these single point measures are unlikely 

to accurately represent the stand.  

Several studies have employed traditional point-based sampling methods using snow depth 

probes or snow tubes to collect measures of snowpack depth or density either along an equally spaced 

snow course or transect (Buttle et al., 2005; Dickerson-Lange, 2017; Hudson, 2000; Storck et al., 2002, 
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Löfvenius et al., 2003), or by using a sampling grid design with sampling points measured every 10m to 

20m (Winkler et al., 2005; Winkler and Boon, 2015; Dickerson-Lange et al., 2017; Hardy and Hansen-

Bristow, 1990; Talbot and Plamondon, 2002). The spacing of these sampling points and the sample sizes 

used are largely based on established snow-survey standards or on previous studies (Winkler and 

Spittlehouse, 1995 Hardy and Handsen-Bristow, 1990). For example, Winkler and Boon (2015) used a 

combination of data collected in grids spaced at 10 m and 15 m. These sampling distances were chosen 

according to outcomes from a power analysis undertaken by Spittlehouse and Winkler (1996) which was 

based on 3 years of SWE measurements collected from this study area. This power analysis determined 

the sampling intensity required to identify hydrologically significant differences in snow accumulation 

and ablation according to stand maturity. 

Single values of stand-level depth or SWE are typically determined by calculating the mean value 

from all samples measured in each snow course or grid-based snow survey (Dickerson-Lange, 2017; 

Dickerson-Lange et al., 2015; Buttle et al., 2005; Winkler and Moore, 2006; Winkler and Boon, 2015). 

These average values are used for identifying stand-level peak SWE, and also for determining ablation 

rates by calculating the average change in SWE across a date range (Winkler and Boon (2015).  

Accurately representing stand-level snow depth or SWE is crucial for limiting the uncertainty 

introduced to between-stand comparisons of snow accumulation and ablation, or for developing models 

representing the process of hydrological recovery. It should be noted that some uncertainties in these 

stand-level measures have been identified related to both sampling design and measurement error 

(Winkler and Spittlehouse, 1995). Perhaps one of the largest sources of uncertainty is related an inability 

of traditional point-sampling methods to accurately capture within-stand variability. As noted in section 

2.1.1 the distribution of trees in coniferous stands can influence stand-level averages by controlling the 

distribution and overlap (or not) of individual tree wells (Mussleman et al., 2008). Snow depth variability 

has been shown to be greater in forested areas than in the openings, due to these localized controls 

(Storck et al., 2002). Sampling distances of 10m to 20m are also unlikely to capture this within stand 

variability, as these sampling distances are often greater than tree well diameters, particularly in 

juvenile stands (Winkler and Moore, 2006).  

 Sampling methods which more effectively capture this within-stand variability in coniferous 

forests have the potential not only to more accurately predict seasonal snow water storage (Grünewald 

and Lehning, 2015) but may also aid the development of more accurate models of hydrological recovery 

(Winkler and Boon, 2015).  
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2.2.2 LiDAR platforms  

 The majority of LiDAR-based snow surveys have utilized aerial platforms to carry the LiDAR 

scanner, although sub-canopy LiDAR surveys have also been performed for smaller areas using either 

terrestrial laser scanners (TLS) or handheld mobile terrestrial LiDAR units. The platform-type chosen for 

these studies has depended on study objectives, the LiDAR technology available at the time of the study, 

and the detail of ground surface or overlying vegetation being considered. For large geographic areas 

such as a full watershed basin, aerial platforms are typically preferred, as they can cover the full basin 

area within a relatively small window of time (Kostadinov et al., 2019; Deems et al., 2013). However, the 

costs associated with operating aircraft can be prohibitive (Deems et al., 2013). For studies investigating 

sub-canopy snowpack and vegetation interactions at finer resolutions, TLS and handheld mobile 

terrestrial LiDAR platforms may be preferred, as these survey methods produce LiDAR point clouds with 

higher point densities, capturing a greater level of detail of the snowpack surface and surrounding 

vegetation (Bhardwaj et al., 2016; Harder et al., 2020).  

 

Aerial platforms (not including UAVs) 

Aerial LiDAR surveys have an advantage over other platform options due to the ability to cover 

large areas in a single day (Deems et al., 2013). In an aerial survey, the LiDAR sensor is mounted onto an 

airframe, such as a fixed wing aircraft (Deems et al., 2006; Hopkinson et al., 2001; Hopkinson et al., 

2012; Tinkham et al., 2011), helicopter (Varhola et al., 2010) or using high-altitude aircraft. High altitude 

LiDAR has primarily been collected either by the Airborne Snow Observatory (ASO) (Painter et al., 2016; 

Raleigh and Small, 2017) or by the National Center for Airborne Laser Mapping (NCALM) (Kostadinov et 

al., 2019; Kirchner, 2014; Zheng et al., 2016; Harpold et al., 2014). An inertial measurement unit (IMU) is 

integrated along with the LiDAR sensor to account for the movement of the airframe (roll, pitch, and 

yaw), and a global positioning system (GPS) is incorporated to geolocate the resulting pointcloud relative 

to global coordinate systems (Painter et al., 2016; Deems et al., 2013).   

Aerial LiDAR surveys are carried out by flying parallel and overlapping flightlines to ensure that a 

continuous ground surface is measured (Hopkinson et al., 2012). The point density of the resulting point 

cloud is controlled by a combination of factors relating to the survey design. LiDAR beams emitted from 

the sensor spread with distance through beam divergence (Deems et al., 2006). The height of the 

platform above the ground controls the spread (and density) between measured points. The flight 
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pattern used, along contour or perpendicular to the terrain slope, will also affect beam divergence and 

the resulting spread of LiDAR returns (Deems et al, 2013). Finally, the speed of the aircraft determines 

the number of emitted LiDAR pulses reaching the survey area (Sullivan et al., 2023).  

Although subject to the combined influences of survey design, aircraft altitude, and aircraft 

speed, LiDAR surveys are able to produce ground-measured point densities of between 2 and 20 

points/m2 (Tinkham et al., 2012; Harpold et al., 2014). Typical spatial resolutions of gridded digital 

elevation models (DEMs) representing bare ground or snow surface produced from aerial LiDAR are 

between 1 and 1.5 m, depending on the density of ground returns (Varhola et al., 2010; Deems et al, 

2006; Sullivan et al, 2023).  In forested areas, aerial LiDAR surveys have been shown to have accuracies 

up to 10 cm root mean squared error (Deems et al., 2013), while mean snow depths derived from these 

DEMs have been determined to be within 0.13 m of field-based measurements (Hopkinson et al., 2012).  

 

Unmanned aerial vehicles (UAVs) 
In recent years, the development of lightweight LiDAR sensors has allowed for their increased 

use on lower-cost unmanned aerial vehicles (UAVs) (Bhardwaj et al., 2016). Although UAV-based LiDAR 

surveys are limited in their ability to cover extensive areas, their lower flight altitudes and slower flight 

speeds produce higher-density point clouds between 10 and 100 times greater than is typical for aerial 

surveys (Dharmadasa et al., 2024; Sullivan et al., 2023; Harder et al. 2020). Lower flight altitudes also 

allow for greater canopy penetration, making UAV based snow surveys more effective for use in studies 

considering the variability of snowpack depth under forest canopies (Sullivan et al., 2023). The lower 

costs associated with UAV LiDAR surveys compared to other aerial LiDAR platforms also allows for the 

potential to conduct more frequent surveys throughout the ablation period. 

 

Terrestrial Laser Scanners (TLS) 
 Several snow surveys have relied on relatively low-cost terrestrial laser scanners (TLS) to 

conduct fine-resolution measures of snowpack variability or to investigate tree effects on below-canopy 

snow accumulation (Egli et al., 2012; Mendoza et al., 2020; Currier et al., 2019; Hancock et al., 2014; 

Revuelto et al., 2015). Although the LiDAR coverage area in TLS surveys can be limited due to the smaller 

range of the scanner (eg <500 m or <1500 m depending on the wavelength used) and the stationarity of 

the TLS platform (Deems et al., 2013), multiple scans can be carried out in a site from more than one 
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position, and subsequently tied together using common points established in the scan area prior to 

carrying out the survey (Bauwens et al., 2016). The accuracy of the measured snow surface or ground 

elevation is typically very high as positional errors are not introduced from a moving platform (Egli et al., 

2012; Deems et al., 2013). The close scanning range of these ground-level surveys produces point clouds 

with much larger point densities than in either aerial or UAV LiDAR surveys (Revuelto et al., 2015). 

 One of the potential limitations of the stationary survey design is the inability to scan the snow 

surface or surrounding vegetation from more than one direction (Bauwens et al., 2016). Single scan TLS 

surveys have little utility, as the resulting pointclouds lack completeness in their representation of the 

measured area (Bauwens et al., 2016; Egli et al., 2012). Topographic or vegetative occlusion prevents 

emitted laser pulses from “seeing” behind individual trees or topography. To compensate for this, 

multiple scans are set up throughout the study area, and the resulting pointclouds from the individual 

scans are tied together using common points (Revuelto et al., 2015; Deems et al., 2013). This process is 

time consuming compared to mobile platforms, but the resulting point clouds can be used to build snow 

depth models with an accuracy of within 0.05 m across a distance of 250 m (Egli et al., 2012).  

Mobile terrestrial LiDAR  
 Mobile terrestrial LiDAR platforms integrate a lightweight shorter-range (approximately 100 m) 

LiDAR unit with an inertial measurement unit (IMU) to allow for hand-held, portable, high-precision 

ground-level scans (Ryding et al., 2015; Bauwens et al., 2016). These platforms allow for the scan to be 

carried out from multiple directions during a single survey (Ryding et al., 2015). Resulting pointclouds 

have similar point densities and spatial accuracies to those created using TLS while also reducing 

occlusion-based signal loss (Ryding et al., 2015; Bauwens et al., 2016). 

 Recent developments in simultaneous localization and mapping (SLAM) technology have been 

incorporated into several mobile terrestrial LiDAR sensors (Qian et al., 2016). SLAM technology relies on 

combined distance and platform positions measured with the IMU paired with object recognition 

algorithms to produce three-dimensional point clouds with a high degree of internal accuracy (Qian et 

al., 2016; Bauwens et al., 2016). SLAM-integrated Mobile terrestrial LiDAR accuracies are greatest in 

complex environments, such as forested areas, where object recognition is able to utilize many common 

points within a scan (Qian et al., 2016). Internal accuracy of the resulting pointcloud is further improved 

by its lack of reliance on GPS positioning, which makes these platforms well suited to snow-surveys in 

forested areas where GPS signals may otherwise introduce positional error (Qian et al., 2016).  
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2.2.3 LiDAR-derived snow depths and error sources 

LiDAR-derived snow depth models are created by calculating the elevation difference between 

paired snow-on and snow-free (bare ground) digital elevation models (Helficht et al., 2012; Hopkinson et 

al., 2004, Kostadinov et al., 2019; Painter et al., 2016; Deems and Painter, 2006). The result is a 

continuous surface representing snow depth for the scanned area which is unbiased by errors 

associated with traditional manual sampling methods (Mendoza et al., 2020; Raleigh and Small, 2017). 

Although Sullivan et al. (2023) found that the mean difference between snow depths produced from 

UAV-LiDAR scans and in-situ point measures of snow depth was not significant, uncertainties in LiDAR-

derived snow depths can exist. These uncertainties result from issues related to the LiDAR platform 

being used, error introduced through the post-processing georectification of the resulting pointcloud, 

survey design, topography, vegetation, and through the process of creating the digital elevation models 

used to derive snow depths (Bhardwaj et al., 2016; Deems et al., 2013; Sullivan et al., 2023; Harder et 

al., 2020). 

Positional errors: platform and topographic considerations 

Positional error can be introduced to LiDAR pointclouds in a variety of ways, depending on the 

platform used to carry out the LiDAR survey. In aerial LiDAR surveys, positional errors can be attributed 

to poorly corrected positional data related to the inertial navigation system, which accounts for the 

movement of the airframe (roll, pitch, and yaw), or from boresight errors related to the position of the 

LiDAR sensor relative to integrated INS and GPS systems (Deems et al, 2013). Error in both aerial and 

ground-based (TLS and mobile terrestrial LiDAR) can also be introduced during post-processing 

georectification of the point cloud, which aims to align the pointcloud with global coordinate systems 

(Deems et al., 2013). One source of snow depth error which can be introduced regardless of the 

platform used results from poor co-registration of the snow on and snow free scans used to determine 

snow depth (Revuelto et al., 2015; Deems et al., 2013). This poor alignment can result from the 

positional errors listed above, but can also occur during post-processing co-registration, particularly for 

LiDAR scans conducted without integrated GPS systems (Revuelto et al., 2015).  

 

LiDAR surveys are typically designed to maintain scan angles relative to the topography which 

allow for evenly distributed and regularly spaced ground surface returns (Bater and Coops, 2009). For 

aerial LiDAR surveys in mountainous terrain with steep slopes, small positional errors in horizontal space 

can translate to large vertical errors (Hopkinson et al., 2012). These vertical errors can be amplified if the 
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topography causes spreading of the LiDAR footprint; a situation referred to as beam divergence 

(Kostandinov et al., 2019; Baltsavias, 1999). Beam divergence has been found to result in vertical errors 

of up to 50 cm (Baltsavias, 1999). These positional errors can be minimized by designing flight plans 

account for the influence of the topography (Evans et al., 2009; Helfricht et al., 2012; Kostadinov et al., 

2019). Flight plans which run parallel to elevation contours allow the LiDAR to scan the slope at a 

perpendicular angle, which ultimately reduces the influence of beam divergence (Deems and Painter, 

2006; Deems et al, 2013). Despite efforts to reduce vertical uncertainty in mountainous areas, some 

studies have simply masked out areas with steep slopes to avoid incorporating the resulting positional 

error into any further analysis (Kostadinov et al., 2013; Hopkinson et al., 2012; Zheng et al., 2016; 

Tinkham et al., 2012). Kostadinov et al. (2019) found that the uncertainty in elevation increased 

dramatically for areas where slope gradients were 30° or greater.  

Positional error using SLAM-enabled mobile terrestrial LiDAR platforms result either from poor 

georectification of the resulting pointcloud during post-processing, or from drift errors related to the 

integration of the LiDAR and inertial navigation system which increase throughout the duration of the 

scan (Ryding et al., 2015; Qian et al., 2016; Bauwens et al., 2016). These drift errors can be mitigated by 

performing the scan in a loop, where the starting and ending point of the scan are coincident (Bauwens 

et al., 2016).  

 

Vegetation impacts on LiDAR snow depths 

 Vegetation impacts the accuracy of LiDAR-derived snow depth models by intercepting the 

incoming LiDAR pulse, resulting in fewer LiDAR returns from the snow surface or bare ground 

(Hopkinson et al., 2012; Zheng et al., 2016; Harpold et al., 2014; Dharmadasa et al., 2024; Harder et al., 

2020). In aerial LiDAR surveys, this signal occlusion can result from dense overhead forest canopy or 

from the ground level vegetation (Dhamadasa et al., 2024; Zheng et al., 2016; Varhola et al., 2010). 

Snow depth models derived from aerial LiDAR scans have been shown to have uncertainties of 10 cm or 

more in forested areas compared to in openings (Harpold et al., 2014; Deems et al., 2013). Dense below-

canopy ground vegetation has also been shown to reduce the number of LiDAR returns resulting from 

ground-based TLS or mobile terrestrial LiDAR surveys (Dharmadasa et al., 2024; Currier et al., 2019). 

The degree of canopy penetration by LiDAR collected from an aerial platform depends largely on 

the canopy gap structure, but is also influenced by the signal strength, the scan angle, and the LiDAR 

pulse repetition frequency (Painter et al., 2016; Deems et al., 2013). Decreased canopy penetration 



23 
 

 
 

reduces the number of ground or snow surface points measured by the sensor, which can decrease the 

ability of LiDAR to accurately detect the natural variability of the surface below the vegetation (Painter 

et al., 2016). In a study by Harpold et al. (2014) which investigated the effects of canopy occlusion on 

sub-canopy snow detection using an aerial platform (twin-engine Piper PA-31 Chieftain), the authors 

found that up to 23% of the study area represented by dense canopy cover lacked any LiDAR returns 

from the underlying snow surface. 

Low-lying vegetation such as lower tree branches and shrubs also introduce error into snow 

depth measurements by artificially elevating the apparent elevation of the snow surface by intercepting 

falling snow and preventing it from reaching the ground surface (Hopkinson et al., 2012; Painter et al., 

2016). Low-lying vegetation can be difficult to distinguish from the surface of the snow using standard 

point cloud ground classification algorithms (Mendoza et al., 2020; Kostadinov et al., 2019). 

Seasonal changes in vegetation, most notably the resurgence of low shrubs or seasonal grasses in spring 

and summer may prevent ground points from the underlying terrain to be well represented in the digital 

terrain model representing the snow-free surface (Kostadinov et al., 2019). This summer vegetation 

affects the accuracy of the digital surface model used to establish the depth of snow above the ground 

from DSMs produced at the time of peak snow accumulation (Kostadinov et al. 2019).  

 One approach for addressing these potential errors includes masking out areas where low 

vegetation and lower-lying branches might introduce elevation error, or where branches can be 

confused for snow surface during times of peak accumulation (Kostadinov et al., 2019; Painter et al., 

2016; Zheng et al., 2016). However, masking these areas requires a greater degree of interpolation 

between the remaining points, which effectively replaces one source of uncertainty with another 

(Painter et al., 2016).  

A more proactive approach to addressing these potential errors is to increase the number of 

ground or snow points measured from the surface (Deems et al., 2013; Harder et al., 2020). For aerial 

LiDAR surveys, this can be accomplished by reducing the scan angle, increasing the laser pulse rate 

(Evans et al., 2009), decreasing the speed and/or altitude of the aerial platform, or increasing the 

overlap of individual flight lines (Deems and Painter, 2006; Currier et al., 2019; Kostadinov et al., 2019; 

Deems et al.; 2013; Sullivan et al., 2023; Harder et al., 2020). TLS and mobile terrestrial LiDAR systems 

allow for a higher density of sub-canopy points to be recorded at the ground or snow surface by 

eliminating signal loss related to canopy occlusion (Bauwens et al., 2016). Handheld mobile terrestrial 

LiDAR surveys can be designed to minimize vegetation-related signal loss by establishing a walking path 

which enables scanning the area of interest from multiple angles (Ryding et al., 2015). As the platform 
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speed is controlled by the walking pace of user, point densities in mobile terrestrial LiDAR scans can be 

increased by walking more slowly (Ryding et al., 2015).   

 

Digital Elevation Model: ground classification and interpolation 

 Uncertainty in LiDAR-derived snow depths are often related to elevation errors contained within 

the two DEMs used to create the snow depth model (Guo et al., 2010; Deems et al., 2006; Bater and 

Coops, 2009, Dharmadasa et al., 2024). Elevation errors in these DEMs can result from either poor-

quality ground/snow surface classification outcomes (Evans and Hudak, 2007) or from interpolation 

methods used to create a continue surface between sparse ground or snow points (Guo et al., 2010; 

Sullivan et al., 2023).   

 Ground classification is applied to LiDAR pointclouds in an effort to differentiate LiDAR returns 

which represent the ground surface from those representing the overlying vegetation (Silva et al., 2018; 

Sithole and Vosselman, 2004; Tinkham et al., 2011 Pingle et al., 2013). There are several ground 

classification algorithms available which utilize a variety of methodologies (Silva et al., 2018). The choice 

of ground classifier used can depend on operational costs of the software (proprietary vs open-source), 

processing efficiency, the ability of a classifier to effectively identify topographic complexity or slope 

angle, and the ability to account for inherent point density characteristics (Silva et al., 2018). Ground 

classification algorithms have been specifically developed for use with aerial LiDAR datasets (Sithole and 

Vosselman, 2004) which typically have lower ground point densities than from ground-based TLS or 

mobile terrestrial LiDAR surveys. To date, there are no studies which have investigated the performance 

outputs of available ground classifiers on higher-density sub canopy LiDAR.  

The elevation uncertainty resulting from interpolation between ground or snow points to create a 

continuous surface model relates to the interpolation method used, as well as to the distance between 

individual points (Bater and Coops, 2009; Guo et al., 2010; Sullivan et al., 2023; Hopkinson et al., 2012; 

Deems et al., 2013). Many studies have relied on triangular irregular network (TIN) or nearest neighbor 

interpolation methods as these methods are efficient and retain the point position integrity of the 

original data (Guo et al., 2010; Hopkinson et al., 2012). However, in areas with steep terrain, or where 

ground vegetation may greatly influence the distribution of ground returns, more complex interpolation 

methods may be used such as kriging (Kirchner, 2014, Deems et al., 2006; Dharmadasa et al., 2024), 

inverse distance weighting (IDW), or spline-based interpolation (Guo et al., 2010; Deems et al., 2006; 

Bater and Coops, 2009, Dharmadasa et al., 2024). While spline and IDW interpolation have been found 
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to retain more complex topography between points, these interpolation methods have also been found 

to introduce artificial smoothing to the original dataset (Bater and Coops, 2009). While it is important to 

consider the potential errors introduced through interpolation, there is a general consensus that when 

the distances between ground or snow surface points are consistently small, the interpolation method 

used is unlikely to have a large impact on the accuracy of the resulting DEM (Dharmadasa et al., 2024; 

Guo et al., 2010).  
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CHAPTER 3: Research Statement and Thesis Organization 
 

3.1 Research needs 

Studies which have endeavoured to quantify the process of hydrological recovery in snow-

dominated watersheds have relied on traditional snow survey methodologies which utilize manual 

point-based measurements of SWE and melt rate to determine stand-level averages. These studies have 

been limited to a very small range of geographic regions and forest types. Authors of these previous 

works acknowledge that transferability of outcomes to watersheds or regions with different climate, 

topographic, or forest characteristics should be done with caution, as these outcomes represent the 

specific characteristics of the study areas and reference stands considered. To better quantify the 

process of hydrological recovery across a larger range of forest and stand types, it is necessary to 

develop methodologies which can efficiently measure snowpack SWE, ablation, and forest stand 

metrics. 

Little is known about how increased sampling intensity might impact the stand-level measures of 

SWE or ablation rate used to investigate recovery. Traditional point-based snow surveys are also unlikely 

to capture measures of within-stand snowpack variability or the influence which tree height and canopy 

cover variability within a stand might have on measures of stand-level recovery. The availability of LiDAR 

for snow depth investigations provides a new opportunity to consider a larger range of forest and stand 

types at a spatial resolution not considered in previous work. The uniquely high-precision LiDAR scan 

outputs produced from sub-canopy mobile terrestrial LiDAR scans allow for ultra-fine resolution 

consideration of within stand variability. 

 

 

 

 

 

 



34 
 

 
 

3.2 Research objectives and Thesis format 

 This paper-based thesis aims to expand on previous works which investigated the process by 

which regenerating stands recover hydrologically using point-based samples of snowpack depth, peak 

annual SWE, and ablation rate through the use of fine-resolution digital snow depth models produced 

from mobile terrestrial LiDAR. In Chapter 2, a two-part literature review presents the current body of 

research pertaining to 1) forest and snow relationships, and how these relationships have been used for 

quantifying the process of hydrological recovery in snow-dominated watersheds, and 2) Traditional and 

LiDAR-derived snow depth, methodologies, and limitations. Due to the novelty of the higher-precision 

mobile terrestrial LiDAR dataset used here, the following objectives were identified. 

Objective 1 is addressed in a stand-alone journal style manuscript, presented in chapter 4. 

1) The Effect of Snow Sampling Intensity on Resulting Estimates of Peak Snow Depth and Daily 

Ablation on North Aspect Slopes in the Rover Creek Watershed 

Objective 2 is similarly addressed in a stand-alone journal manuscript (published in Hydrological 

Processes, https://doi.org/10.1002/hyp.15247) presented in chapter 5. 

2) Investigating Hydrological Recovery in Regenerating Coniferous Stands in Snow-Dominated 

Watersheds Using SLAM-Enabled Mobile Terrestrial LiDAR 

Finally, this thesis concludes with Chapter 6, which summarizes the research findings presented in 

chapters 3, 4, and 5 and discusses limitations of this study and areas for future research. 
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CHAPTER 4: The Effect of Snow Sampling Intensity on Resulting 
Estimates of Peak Snow Depth and Daily Ablation on North Aspect 

Slopes in the Rover Creek Watershed 
 

4.1 Introduction  
In forested mountainous watersheds where the main annual hydrological event is related to 

snow processes, the ability to accurately quantify peak snow water storage and its ablation is crucial for 

estimating annual water supplies (Wetlaufer et al, 2016; Broxton et al., 2019) and for assessing the risk 

for drought or flood (Ganjkhanlo et al., 2019). Traditional methods used to quantify snow water storage 

have relied on a variety of methods, such as manual point-based measures of snow depth and snow 

water equivalent (SWE) (Broxton et al., 2019; Watson et al., 2006; Egli et al., 2009), automated snow 

pillows (López-Moreno et al., 2020), and hydrological models which rely on such point measurements 

and in some cases remotely sensed datasets (Magnusson et al., 2018; Clark et al., 2011). Long term 

monitoring locations are often situated on flat terrain and in stands with homogenous forest cover 

(Grünewald and Lehning, 2015, Elder et al., 2009), which are unlikely to reflect the higher degree of 

spatial variability in snow depth found in topographically complex mountainous regions (Ganjkhanlo et 

al., 2020; Deems et al, 2006; Trujillo et al., 2007; Kuchment and Gelfan, 2001; Trujillo and Lehning, 

2015).  

Point-based sampling remains the most commonly used method for studies investigating the 

relationships between forest disturbance or stand maturity to differences in snow accumulation and 

ablation (Winkler and Boon, 2015; Hudson, 2000; Buttle et al., 2005; Talbot and Plamondon, 2002); an 

important relationship used for estimating the hydrological impacts of forestry-related or natural 

(fire/pest) disturbance. Many of these studies rely on calculations of stand-averaged snow depth and 

SWE measured either in a regularly spaced sampling grid or along a transect using snow depth gauges or 

snow core sampling methods (Egli et al., 2009; Winkler and Boon, 2015; Spittlehouse and Winkler, 1996; 

Grünewald and Lehning, 2015). These point-based surveys introduce uncertainties associated with 

sampling bias, failure to capture the variability of the snowpack between sample points, operator error, 

error (+/- 1cm SWE) associated with the snow tube itself, changing snowpack conditions (density) 

throughout the lengthy manual sampling process, and the inability to sample the same location twice 

due to sampling induced disturbance of the snowpack (Spittlehouse and Winkler, 1996; Shae and 

Jamieson, 2010). The uncertainty related to snowpack variability has been shown to decrease by 
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increasing the sample size, and by decreasing the distance between sample points (McCreight et al, 

2014; Spittlehouse and Winkler, 1996; Trujillo and Lehning, 2015). 

Few studies have investigated the role that sampling intensity (sample size and point sampling 

distance) plays in deriving accurate calculations of snowpack depth/SWE, or for determining measurable 

or hydrologically significant differences in snow depth or peak SWE between stands according to the 

level of stand maturity (Winkler et al, 1995; Spittlehouse and Winkler, 1996). One study by Spittlehouse 

and Winkler (1996) used an ANOVA-F power analysis to identify sample sizes required to identify specific 

differences in snow depth (effect sizes) between a clearcut, juvenile, and mature stand. This previous 

work was related to snow survey data collected from 64 data points spread at 15m point sampling 

distances to calculate stand-averaged SWE in each stand. However, one inherent weakness of the 

ANOVA-F test is that the power of a sample of a given size to identify measured differences (in snow 

depth, SWE, melt rate) between two samples determined from the test result assumes that the mean 

and standard deviation representing each sample (stand) is accurate (Nemec, 1991). As the mean and 

standard deviation depend on the values measured and associated sample size, these values will differ 

as sample sizes change, and can be influenced by sampling bias, which is common in areas where 

complex terrain limits easy access to regularly or randomly-spaced sampling locations. Reducing the 

uncertainty in stand-level calculations of snowpack depth and variability is therefore crucial for accurate 

estimations of required sampling intensities used to identify between-stand differences.  

LiDAR-based snow surveys offer an opportunity to more accurately quantify the continuous 

snow depth across large areas at a fine (sub meter) spatial resolution without disrupting the snowpack. 

Such surveys greatly reduce the uncertainties introduced by using stand-level averages and standard 

deviations calculated from point-based samples. This study utilizes ultra-fine resolution models of snow 

depth derived from mobile terrestrial LiDAR to determine the sampling intensity (sample size and point 

sampling distance) and spatial resolution of gridded snow depth models required for effective 

characterization of within-stand snow depth variability and between-stand measured differences in 

snow depth and daily ablation according to differences in stand maturity. 
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4.1.1 Study Area 

The study area is located in the Rover Creek watershed, approximately 25 kilometers southwest 

of the town of Nelson in the Selkirk Mountains of British Columbia, Canada (Figure 4-1). The study area 

is located on north aspect slopes, where vegetation has been shown to have a larger influence on snow 

accumulation and melt (Dickerson-Lange et al., 2023; Ellis et al., 2011). Four adjacent sites representing 

increasing forest maturity were selected to investigate how stand maturity might influence the sampling 

sizes and point sampling distances required to effectively quantify stand-level measures of peak snow 

accumulation (depth), melt rate (ablation), and within-stand peak depth variability. These sites included 

a recently replanted clearcut stand with trees averaging 2.7 m (J2), two juvenile stands with average 

heights of 11.5 m (J10) and 14.8 m (J15), and one mature stand with an average tree height of 37.6 m 

(M). All four sites have similar topographic characteristics (slope gradient, aspect, and elevation) to limit 

the primary variable controlling between-stand differences in snow accumulation and ablation to 

differences in forest maturity. Sites have moderate slope gradients ranging from 27% to 60% and are 

located between 950 to 1050 m above sea level (ASL) within the Interior Cedar and Hemlock (ICH) 

biogeoclimatic subzone (BC FLNRO, 2021), where much of the forestry-related disturbance in the 

interior of British Columbia is focused.  

 
Figure 4-1 The study area, including sites J2, J10, J15, an M, located within the Rover Creek Watershed in the southern Kootenay 
region of British Columbia, Canada. 
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The Rover Creek watershed was selected both for its proximity to Castlegar, BC, where the study 

was based, and also for the ease of access to the study site locations. Road access to the study area was 

maintained by the nearby Snowwater Ski Lodge, which enabled easy access to the study sites, allowing 

repeated (every 2-3 day) data collection from peak snow accumulation (March 21, 2019) to the end of 

the melt period (April 24, 2019).  
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4.2 Data and Methods 

4.2.2 Data Collection 

LiDAR surveys 

LiDAR scans of the snow surface/ground was measured in each study site using a GeoSLAM ZEB-

Horizon handheld mobile LiDAR scanner (https://www.faro.com/en/Products/Hardware/GeoSLAM-ZEB-

Horizon-RT). The ZEB-Horizon utilizes Simultaneous Location and Mapping (SLAM) technology to 

produce point clouds with a high degree of internal accuracy (1 to 3 cm) through the integration of an 

Inertial Measurement Unit (IMU) (Bauwens et al., 2016). The ZEB-Horizon LiDAR operates at a 

wavelength of 905 nm and has a reported operational distance of 100 m and effective range of 

approximately 40 to 50 m.  

Survey loops were established within each study site (J2, J10, J15, and M) which incorporated a 

100 m snow course. This looped survey design is a requirement in SLAM LiDAR surveys for reducing the 

influence of drift error on resulting point clouds by matching the start and end location in each LiDAR 

scan. This design also allows for the site area and individual features to be measured from multiple sides 

and angles as the user walks along the survey loop, reducing the potential for data voids or lower point 

densities associated with topographic or vegetative occlusion. 

In order to allow for the accurate co-registration of LiDAR point clouds produced from the 

repeated surveys in each site, between 3 and 6 ground control points (GCPs) were established along the 

looped walking paths to be incorporated into each of the resulting scan outputs. These control points 

consisted of styrofoam spheres attached to the ends of bamboo rods which were fastened to large trees 

or stumps within the scan area using steel strapping. These GCPs were held in place throughout the 

duration of the study period. 

LiDAR scans were performed in each site approximately every 2 to 3 days from the time of peak 

snow accumulation (March 21, 2019) to the end of the site-specific ablation period (March 31, 2019 in 

site M to April 24, 2019 in site J10) when the ground was snow-free. For each of the scan dates, all sites 

were measured within a 4-hour time window. The resulting LiDAR outputs allowed for consideration of 

peak snow accumulation and also the melt rates between individual scan dates.  
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Manual snow course / SWE sampling 

A snow course with 10 sample locations spread at 10 m intervals was established adjacent to 

the LiDAR survey path in each study site (J2, J10, J15, and M). Following established snow survey 

methods (Winkler et al. (2005), Hudson (2000), Dixon et al. (2014)), snow water equivalence (SWE) and 

depth were measured within 30 minutes of each LiDAR scan using a standard Federal snow tube 

equipment. Snow cores were collected on the upslope side of the snow course in order to reduce 

disturbance to the snow sampling area. Repeated snow surveys were collected within 1 m of the marked 

sampling location. 

4.2.3 Data Processing 

GeoSLAM ZEB Horizon Data Processing 

The GeoSLAM ZEB Horizon produces LiDAR data files in a data format which can only be viewed 

and processed using GeoSLAM’s proprietary HUB software 

(https://knowledge.faro.com/Software/GeoSlam/GeoSLAM_Hub). For this study, all of the individual 

GeoSLAM data files were converted to the more commonly used LAS LiDAR format for all further 

classification, processing, and analysis. 

LiDAR pointclouds for all survey dates in each of the 4 sites were co-registered (aligned) in 

CloudCompare using the styrofoam GCPs established in each site. The aligned spheres for all co-

registered scans in each site had a root mean squared error (RMSE) of less than 0.03 m. 

LiDAR Classification 

Co-registered point clouds were classified using the ground classification tools available in 

TerraScan (TerraSolid, 2016) to isolate LiDAR points relating to either the snow surface or bare ground 

from those relating to overlying vegetation. Default ground classification parameters in TerraScan, 

which optimize classification accuracy in aerial LiDAR, were adjusted to account for the high point 

densities associated with terrestrial LiDAR surveys. Each LiDAR point cloud was classified individually to 

ensure that the site-specific terrain angles were accounted for within the classification parameters. The 

iteration distance parameter was set to 0.1 m and the iteration angle was set to 10° for all study sites.  
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4.2.4 LiDAR derivatives (DSMs, Depth, SWE models, Ablation models) 

LiDAR points representing the snow surface or ground classification identified using the 

TerraScan ground classifier (class 2) were used to derive gridded surface models (DSMs) representing 

the snow surface elevation for each of the LiDAR scans. The spatial resolution of these DSMs was 

decided based on both quantitative measures of stand-level point densities and point spacing identified 

using LASinfo (https://rapidlasso.de/lasinfo/) (Table 4-1) as well as by qualitatively assessing the 

distribution of any data voids or gaps in the resulting snow/ground classifications by visually inspected 

the snow/ground classification in CloudCompare (CloudCompare.org) (Figure 4-2). The 0.1 m spatial 

resolution chosen for gridding the DSMs ensures that the vast majority of the resulting DSM grid cells 

are populated with measured snow surface elevations averaged for the grid cell. Simple linear 

interpolation was used to fill LiDAR data voids in order to produce a continuous surface representing the 

snow surface elevation. Linear interpolation was chosen based on study outcomes investigating the 

accuracy of interpolation methods used to derive models of snowpack depth presented by Kučerova and 

Jeniček (2014).  

Gridded models of snow depth 
The ground (snow) surface LiDAR classification was used to produce DSMs with a grid resolution 

of 0.1 m of the snow surface (DSMs) for each snow-on scan date, and of the bare ground (DSMg) once 

the site became snow free. These DSMs were used to produce gridded models of snow depth by 

subtracting the elevation of the DSMg from each DSMs. 

Conversion of snow depth to SWE 
Using snow depth to SWE relationships established from the snow course data collected 

concurrently with the LiDAR scans in each site, the gridded snow depth models were converted to 

gridded models representing SWE.  

Gridded ablation rate 
Gridded models of ablation rate were produced from the SWE models by averaging the daily 

decrease in SWE between March 21, 2019 and March 28, 2019. This date range was selected as it 

captured a period of increased melt rates prior to the date at which the mature stand (site M) became 

snow-free (March 31, 2019) and before the snowpack in the remaining sites became patchy. Rasterized 

SWE grid cells which became snow-free during the time range considered were masked out to avoid 

introducing an artificial slowing of the melt rate (Clark et al., 2011; Murray and Buttle, 2003) for the 

stand by including these grid cells in calculations of stand-level averages.  
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4.2.5 Point sampling 

 Previous studies undertaken to determine the sample sizes required to identify between stand 

differences in peak snow accumulation (SWE) and ablation (melt) between stands with different levels 

of forest maturity (clearcut, juvenile, and mature) have used ANOVA F tests to investigate the power 

that samples of a given size have for identifying these measured stand-level differences. However, the 

stand-averaged values of peak SWE or melt rate and associated calculations of variance used in these 

analyses were themselves calculated from averages of a point-based sampling design, with sampling 

points spread at either 10 m or 15 m intervals.  

In order to determine the impact point sample spacing has on the resulting calculations of 

stand-averaged snow depth, ablation, and the associated measure of coefficient of variation, the 

gridded snow depth model representing peak depth (March 21, 2019) and the daily ablation rate model 

representing the melt period between March 21 and March 28 were sampled at distances ranging from 

0.1 m to 15 m (Figure 4-3). Sample distances were decreased by 1m increments from 15 m to 1 m. 

Below the 1 m sampling distance, the point spacing was carried out at 0.5 m, 0.25 m, and 0.1 m 

sampling distances. 

The resulting stand-averaged mean values, and associated coefficient of variation were plotted 

to provide a qualitative assessment of how sample size might impact these measures (Figures 4-4 and 4-

5).   
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4.2.6 Power analysis 

The power analyses applied here to identify required sample sizes and point sampling distances 

able to detect observed between-site differences utilizes the two-sample t-test for samples of different 

sizes (Cohen, 1988) provided in the pwr package in R (Champely, 2020; R core team, 2020). The one 

sample t-test available in the ‘pwr’ package was also used for identifying point sampling distances and 

sample sizes required to identify within-stand depth variability according to a range of effect sizes. T-

tests were selected instead of using an ANOVA F test as the sample sizes differ between the four sites, 

as do the sample variances in both snow depth and daily ablation. Prior to running one or two-sample t-

tests, the rasterized snow depth models and ablation models were tested for normality using the 

Shapiro Wilks test in R. This test produced p <0.05 for all sample dates up to April 16 in sites J2, J10 and 

J15, and up to March 28 in site M. After these dates these distributions no longer met this assumption 

consistently due to reduced sample sizes resulting from patchy snow, although visual inspections of 

histograms for these later dates appear to be approximately normally distributed. 

Factors that determine power for identifying differences between two samples, or variations 

away from a sample mean include the sample size (n), the level of significance deemed important for 

the test results (α), and the effect size (d). For this study effect size (d) equals the measured stand-level 

difference between sites or differences in depth within the site that contributes to within-stand snow 

depth variability (Nemec, 1991). Power can be increased by lowering the level of significance, increasing 

the sample size, or increasing the effect size (Winkler and Spittlehouse, 1995). 

Power analysis for peak snow depth measurements  

One-sample t-test to quantify within-stand variability  

Rasterized (gridded) models of snow depth derived from each LiDAR scan date were used to 

calculate stand-averaged mean snow depth and standard deviation. These stand-level descriptive 

statistics were used to determine the sample sizes and point sampling distances which would have the 

power to identify within-stand variability in peak snow depth for a range of effect sizes (differences in 

snow depth). For both the one-sample and two-sample t-tests available in the pwr package, the user 

supplies parameter values for all known variables in order to solve for one remaining unknown variable. 

These variables include the sample size (n), the effect size (Cohen’s d), the power of the test (90%), and 

the significance level (α = 0.05). For this study, the unknown variable is sample size (n), so all other 

values are supplied to solve for n. 
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Using the one-sample t-test available in the pwr package, the sample sizes and point sampling 

distances required to detect within-stand peak depth (March 21, 2019) variability for effect sizes (d) 

ranging from 0.04 to 0.10 cm, in 0.01 m intervals were determined for each of the four study sites. Effect 

sizes less than 0.04 m fall within the measurement uncertainty associated with the GeoSLAM Zeb 

Horizon and were therefore not considered. Once these sample sizes were identified, the associated 

sampling distances which would allow for these sample sizes within the confines (spatial extents) of 

each site was determined (Table 4-2). 

 

Two-sample t-test to identify snow depth and ablation rate differences by stand maturity 

Using the two-sample t-test in the pwr package, sample sizes required to identify the measured 

between-site differences in averaged stand-level snow depth for all scan dates, as well as for between-

stand differences in daily ablation for three (approximately) week-long time ranges were determined 

(Table 4-3 and Table 4-5). For these two-sample t-tests, the effect size (Cohen’s d) was first calculated 

using Equation 4-1 (Cohen, 1988) 

   𝐶𝐶𝐶𝐶ℎ𝑒𝑒𝑛𝑛′𝑠𝑠 𝑑𝑑 = �𝑥𝑥1−𝑥𝑥2
𝜎𝜎′

 , where 𝜎𝜎′ = �𝜎𝜎12+𝜎𝜎22

2
                             (Equation 4-1) 

where x̅1 and x̅2 represent the stand-average mean (snow depth or daily ablation) for the two sites 

being compared, and σ’ represents the pooled variance from the two sites. The pooled variance 

calculated in Equation 4-1 accounts for differences in variance between the two samples. Once the 

required sample sizes were identified, associated point sampling distances which allow for these sample 

sizes within the confines (spatial extents) of each of the 4 sites were determined (Table 4-4 and Table 4-

6). 
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4.3 Results 

LiDAR points from ground-level mobile terrestrial LiDAR scans, which were classified as 

snow/ground using the TerraScan ground classifier, show high point densities throughout much of the 

scan areas. Intermittent gaps near the walking path are associated with individual tree trunks, and lower 

point densities occur where topographic occlusion limited the site to be scanned from all angles (center 

of sample site in J2, Figure 4-2). The point sampling distance in a higher point density sub area (red 

square, Figure 4-2) has an average point spacing of 0.03 m. However, the average point sampling 

increases to 0.04 m in this site when considering the full site area. 

 

4.3.1 LiDAR snow surface / ground classification 

 
Figure 4-2 LiDAR Points representing the snow (ground) classification in the recently replanted clearcut stand (J2) at the time of 
peak snow accumulation (March 21, 2019). The point density of the snow surface in this LiDAR pointcloud has an average point 
density of 590 points per m2, and an average point spacing of 0.04m. 

 

Point densities at the time of peak snow accumulation (March, 21, 2019) range from 590 

points/m2 in site J2 to 1335 point / m2 in site M (Table 4-1). The point spacing is somewhat consistent 

between the four sites, when averaged for the full site, although decreased point densities were 

observed in the interior of sites J2 and J10.  
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Table 4-1 LiDAR point density and spacing for the resulting snow surface classification in each study site at the time of peak 
snow accumulation (March 21, 2019). 

Study site Point density 
(points / m2) 

Point spacing (m) 

J2 590 0.04 

J10 810 0.03 

J15 852 0.03 

M 1335 0.03 

 

4.3.2 Point sampling 

Gridded models of snow depth, SWE and average daily ablation (melt) rate 

LiDAR-derived models of snow depth and daily ablation gridded to 0.1 m illuminate the high 

degree of within-stand variability of the snowpack, particularly in the juvenile stands (Figure 4-3). 

Visually observing sample point locations with traditional sampling distances of 10 to 15 m (Figure 4-3, 

left panel) highlights the likelihood for uncertainty in stand level averages calculated from sampled snow 

depths measured at these sampling distances. 

  
Figure 4-3 Gridded models of peak (March 21, 2019) snow depth in meters in site J15. Peak snow depths in this site range from 
under 0.2 m to 1.2 m. The location of point samples (black dots) show sampling distances of 15 m (left) and 1 m (right). The 
walking path used to perform the LiDAR scan has been masked out of the final gridded snow depth models (shown as white 
path) 
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Point sampling of peak accumulation depth 

Calculations of mean peak depth and associated calculations of coefficient of variation derived 

through the averaging of point samples in each site differ according to point sampling distance, 

particularly when sampling distances exceed approximately 5 m (Figure 4-4). Sampling distances of 10 m 

or greater result in average stand-level snow depth values ranging from approximately 0.79 to 0.82 m in 

site J2, 0.45 to 0.65 m in site J10, 0.39 to 0.48 m in site J15, and from approximately 0.22 to 0.27 m in 

site M. The greatest range of peak snow depth averages calculated for the stand occur in the juvenile 

stands J10 and J15 where the within-stand snowpack variability is greatest. This variation in stand-level 

average snow depth decreases as the point sampling distances drop below 3 m in J2, 2 m in J10, 4 m in 

J15, and below 5m in site M. 

 

 
Figure 4-4 Stand averaged peak snow depth (m) and coefficient of variation % for sites J2, J10, J15, on March 21, 2019, 
calculated using point sampling of gridded peak snow depth rasters for point sampling distances ranging from 0.1 m to 15 m. 
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Point sampling of Ablation  

Calculations of stand-level averages for daily ablation, and associated calculations of coefficient 

of variation derived through the averaging of point samples in each site differ according to point 

sampling distance, particularly when sampling distances exceed approximately 6 m (Figure 4-5). 

Sampling distances of 6 m or greater result in average stand-level daily ablation ranging from 1.54 to 

1.77 cm/day in site J2, from 0.96 to 1.31 cm/day in site J10, from 0.81 to 1.09 cm/day in site J15, and 

from 0.82 to 1.03 cm/day in site M.  

  

  
Figure 4-5 Stand averaged ablation rate in cm/day and coefficient of variation % for sites J2, J10, J15, and M from March 21 to 
March 28, calculated using point sampling of the gridded ablation raster for point sampling distances ranging from 0.1 to 15 m. 
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4.3.1 Power Analysis for determining point sample distances  

Sample size and point sampling distances for identifying within stand peak depth variability 

The sample sizes and point sampling distances required to identify within stand variations in 

snow depth (effect sizes) ranging from 4 to 10 cm at the time of peak snow accumulation (March 21, 

2019) shows that for all sites, the sample size increases and the point sampling distance decreases with 

decreasing effect size (Table 4-2). The sample distance required to identify a 4 cm depth is 7 m in J2, 1 m 

in J10, 3 m in J15, and 4 m in site M. When the effect size is set to 10 cm, the point spacing increases to 

15 m in J2, 4 m in J10, 7 m in J15, and 9 m in site M.  

Table 4-2 Sample size (n) and point spacing required to detect within-site differences (effect sizes) in peak depth (March 21, 
2019) ranging from 4 to 10 cm determined from a one-sample t-test where the power was set to 90%, with a significance of 
0.05. 

Sample sizes and point sampling distances for identifying between stand differences in snow depth and 
ablation, according to stand maturity 

Sample sizes required for detecting measured between-stand differences in snow depth 

according to forest maturity are presented in Table 4-3. Measured differences in snow depth between 

sites J2 and J10 can be detected using 12 sampling points on March 21 but require increasing sample 

sizes reaching 13135 points on April 14, when the two stands had an almost identical mean snow depth. 

For differences between sites J2 and J15, 6 sample points are able to detect measured between-stand 

differences on March 21 while 30 points are needed by April 16. Only 3 sample sizes are required for 

identifying measured differences between sites J2 and M. Between stand differences in snow depth 

measured in J10 and J15 require 110 points, which is the highest sample size required for detecting 

between-stand differences at the time of peak snow accumulation. Sample sizes are similar for detecting 

differences between site M and J10 or J15, with sample sizes ranging from 5 to 11 points. 

  J2 J10 J15 M 

Effect 
size 

Cohen's 
d n 

Point 
spacing 

Cohen's 
d n 

Point 
spacing 

Cohen's 
d n 

Point 
spacing 

Cohen's 
d n 

Point 
spacing 

10 cm 0.91 15 15 m 0.45 54 4 m 0.55 37 7 m 0.95 14 9 m 

9 cm 0.82 18 15 m 0.41 65 4 m 0.50 44 6 m 0.85 17 8 m 

8 cm 0.73 22 14 m 0.36 84 3 m 0.44 57 6 m 0.76 21 7 m 

7 cm 0.64 28 12 m 0.32 105 3 m 0.39 72 5 m 0.66 27 6 m 

6 cm 0.60 32 11 m 0.30 119 3 m 0.36 84 4 m 0.62 30 6 m 

5 cm 0.50 44 10 m 0.25 171 2 m 0.30 119 4 m 0.52 41 5 m 

4 cm 0.36 83 7 m 0.18 327 1 m 0.22 220 3 m 0.38 75 4 m 
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Table 4-3 Sample size (n) required to detect measured differences in between-site snow depth on each LiDAR scan date from 
peak snow accumulation (March 21, 2019) to the end of the ablation period before the stands became snow free. Sample sizes 
were determined using a two-sample t-test, with the power set to 90% and with at a significance level of 0.05. 

Date J2-J10 J2-J15 J2-M J10-J15 J10-M J15-M 
3-21-2019 12 6 3 110 8 11 
3-23-2019 14 6 3 51 5 6 
3-25-2019 9 5 3 63 5 6 
3-28-2019 12 6 3 62 5 7 
3-31-2019 13 5   29     
4-08-2019 33 7   21     
4-10-2019 39 10   30     
4-12-2019 338 12   15     
4-14-2019 13135 15   13     
4-16-2019 251 30   15     

 

The point sampling distances required to identify measured between-stand differences in snow 

depth according to forest maturity indicate that as the ablation period progresses, the required 

sampling distance to detect measured differences between sites J2 and J10 decreases from 8 m on 

March 21, 2019 (peak accumulation) to 1 m on April 16 (Table 4-4). Sampling distances for detecting 

differences between sites J10 and J15 increase from 3 m at peak accumulation to 8 m at the end of the 

ablation period. The point sampling distances required for detecting differences in snow depth between 

the other sites remains somewhat consistent throughout the melt period. 

 

Table 4-4 Point sampling distances (m) required to detect measured differences in between-site snow depth on each LiDAR scan 
date from peak snow accumulation (March 21, 2019) to the end of the ablation period before the stands became snow free. 

Date J2-J10 J2-J15 J2-M J10-J15 J10-M J15-M 
3-21-2019 8 m 15 m 15 m 3 m 12 m 10 m 
3-23-2019 8 m 15 m 15 m 4 m 15 m 13 m 
3-25-2019 10 m 15 m 15 m 4 m 15 m 13 m 
3-28-2019 8 m 15 m 15 m 4 m 15 m 12 m 
3-31-2019 8 m 15 m   6 m     
4-08-2019 5 m 15 m   6 m     
4-10-2019 5 m 15 m   5 m     
4-12-2019 1 m 15 m   8 m     
4-14-2019 0.25 m 11 m   8 m     
4-16-2019 1 m 7 m   8 m     
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Sample sizes and sampling distances for detecting between-stand differences in ablation rate 

The sample sizes required for detecting measured between-stand differences in average daily 

ablation decrease as the melt-season progresses (Table 4-5). Sample sizes range from 6 to 12 for 

detecting differences between site J2 and sites J10, J15, and M. Sample size requirements are larger for 

detecting measured differences between sites J10 and J15, and between either J10 or J15 and site M. 

The associated point sampling distances required to obtain these sample sizes ranges from 8 to 15 m for 

detecting differences between sites J2 and the other sites but is much smaller where larger sample sizes 

are required, such as for observing differences between J10 and J15, or between J15 and site M (Table 

4-6). 

Table 4-5 Sample size (n) required to detect measured between-site differences in daily ablation rate (cm/day) 90% of the time 
with a significance level of 0.05 as determined through power analyses using a two-sample t-test. 

 Ablation period J2-J10 J2-J15 J2-M J10-J15 J10-M J15-M 
March 21 to March 28 12 7 6 65 32 265 
March 31 to April 8 7 5   35     
April 8 to April 16 9 6   43     

 

Table 4-6 Point sampling distance required to detect between-site differences in average daily ablation rate (cm/day) 90% of the 
time with a significance level of 0.05 (based on sample sizes shown in Table 4-4). 

Ablation period  J2-J10 J2-J15 J2-M J10-J15 J10-M J15-M 
March 21 to March 28 8 m 13 m 13 m 4 m 5 m 2 m 
March 31 to April 8 13 m 15 m   5 m     
April 8 to April 16 10 m 15 m   4 m     
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4.4 Discussion 

 This study utilized mobile terrestrial LiDAR to conduct high-precision scans of the snow surface 

in stands representing increasing levels of forest maturity ranging from a recently clearcut to a mature 

stand. These LiDAR scans were carried out below the canopy surface and at close range and resulted in 

point densities representing either the snow surface or bare ground (later in the melt season) averaging 

over 500 point/m2, which is much higher than the approximately 4 to 15 point/m2 observed for aerial 

LiDAR surveys (Broxton et al., 2019). Ground-level LiDAR scans can introduce some challenges in limiting 

topographic occlusion or occlusion related to high-density ground vegetation, particularly later in the 

season. While reductions in the LiDAR point density related to these areas of occlusion increase the 

uncertainty in derived measures of snow depth, the distances between LiDAR points surrounding these 

data holes are typically within the spatial resolution (1 m) of most DSMs produced from aerial LiDAR.  

Linear interpolation was used to fill voids caused by occlusion in order to derive DSMs 

representing the snow/ground surface in each LiDAR scan. While this interpolation does create a 

continuous surface from which to derive models of snow depth and daily ablation, it should be noted 

that this interpolation also filled holes relating to the presence of individual tree trunks. Ideally these 

holes would be masked out, however identifying these area footprints can be quite difficult and would 

introduce another source of uncertainty in final outputs. The interpolation across these tree base 

footprints will have little effect on stand-averages where the basal areas are small. In the mature stand 

where the basal diameter of individual trees is larger, individual trees were spread further apart 

resulting in a small total basal area compared to the area of the stand.  

The 0.1 m spatial resolution of DSMs and related models of snow depth and daily ablation 

created for this study offered an opportunity to investigate the influence of point sampling distance on 

resulting stand-averaged calculations of peak snow depth and daily ablation. Although expected, these 

stand-averaged values became much less variable as the point sampling distances decreased, with the 

largest ranges in calculations of snow depth observed in the juvenile stands, J10 and J15. In J10, the 

peak stand-averaged mean snow depth ranged from 0.45 to 0.65 m as the point sampling distance 

increased from 10 to 15 m. In site J15, the peak stand-averaged mean snow depth ranged from 0.39 to 

0.48 m as the sampling distance decreased from 14 to 12 m. The large range in stand-averaged 

measures of snow depth for these juvenile stands using point sampling distances of 10 m or greater 

indicates a need to increase the sampling intensity to account for the influence these stands have on 
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within-stand variability. In these juvenile stands, point sampling distances less than 2 m were found to 

produce more consistent measures of snow depth. 

Sampling distances have a similar influence on measures of daily ablation, with increased 

variability in stand-averaged ablation rates observed for sampling distances of 6 m or greater in all four 

stands. The range of values at these coarse sampling distances is similar between the four stands, with a 

total range of approximately 0.21 to 0.35 cm/day, with the greatest range of values observed in site J10. 

Although the stand-averaged ablation rate decreased according to increasing stand maturity, the 

variability in these calculations decreased when point sampling distances were less than 6 m.   

The influences of sampling intensity on stand-averaged calculations of peak SWE and ablation 

rate indicate that the estimate of stand-level snow depth is highly impacted by the sampling distance 

used. Failure to account for within-stand snow variability in calculations of snow depth, particularly in 

stands where small trees may have localized impacts on snow depth, can either under or overestimate 

the annual water supply and may underestimate the potential for flood risk.  

Power analyses using a one-sample t-test were conducted to determine the sample sizes and 

point sampling distances required to identify within-stand variations in peak snow depth related to 

stand maturity, with effect sizes ranging from 4 cm to 10 cm. Outcomes from this investigation support 

the findings of the point  sampling analysis (above) and indicate smaller sampling distances are required 

to identify a 10 cm variation in snow depth in the juvenile stands (J10 and J15) than in the open (J2) or 

mature stand. A point sampling distance of 15 m in J2 or 9 m in site M can detect a 10 cm effect size, 

while in J10 or J15, a 4 m or 7 m point sampling distance is required. In order to identify a 4 cm effect 

size, the required point sampling distance decreased to 7 m in J2, 1 m in J10, 3 m in J15, and 4m in site 

M. Point sample distances chosen for surveys of snowpack depth should account for the effect size 

considered hydrologically significant and should also consider the distribution of forest/stand maturity 

in the area of interest. 

Sample sizes and associated point sampling distances required to identify the between-stand 

differences in snow depth on each LiDAR scan date, and for the daily ablation during 3 (approximately) 

week-long time ranges were determined using a two-sample t-test.  

Outputs from this analysis indicate that greater sample sizes and smaller point sampling 

distances are required for detecting differences in snow depth between stands with similar levels of 

maturity, such as between sites J2 and J10 or J10 and J15 than for between stands with greater 



54 
 

 
 

differences in stand maturity, such as J2 or J10 and M. As the ablation period progressed, the required 

sample size for detecting differences between J2 and J10 increased from n=12 on March 21 to n=338 on 

April 12 with associated point sampling distances decreasing from 8m to 0.2m, suggesting that the 

snowpack in these stands becomes more similar throughout the melt period. Conversely, sample sizes 

required to detect measured differences between sites J10 and J15 or M, or between J15 and M 

decrease as the ablation period progresses, indicating that the between stand differences became more 

pronounced. Measured snow depth differences between stands J10 and J15 require a point sampling 

distance of 3m on March 21, but increases to 8m by April 12.  

Sample sizes required to identify between-stand differences in daily ablation are similar to those 

required to observe measured differences in peak (March 21, 2019) snow depth when considering 

differences between the open (J2) stand and sites J10, J15, and M. However, larger sample sizes are 

required to identify measured differences in daily ablation between M and J10 (n=32) and J15 (265), 

suggesting a similarity in the melt rates between these two stands.  

This study used ultrafine resolution mobile terrestrial LiDAR to investigate the influence of point 

sampling distance on stand-averaged values of peak snow depth and daily ablation. The fine-resolution 

gridded snow depth and ablation models used for power analyses also present a novel approach for 

investigating the sampling intensity required to identify between-stand differences from peak snow 

accumulation through the end of the ablation period. One limitation of this study design is the time 

involved with performing LiDAR scans using a mobile terrestrial LiDAR unit. Although these LiDAR 

surveys are much faster than traditional point sampling methods, there remains a challenge in 

quantifying the snowpack at larger scales, or for a watershed. However, outcomes from this study, and 

the potential for incorporating this methodology to other elevations/aspects/forest types may be useful 

for determining the required spatial resolution for snow DSMs produced from aerial LiDAR surveys. The 

outcomes presented here suggest that a 2 m point sampling distance was generally sufficient for 

calculating stand-averaged snow depth and daily ablation regardless of stand maturity. As well, the 2 m 

point sampling distance was also generally sufficient for identifying within-stand snow depth variability 

with effect sizes of 4 m and greater, and for identifying the between-stand differences in snow depth 

and daily ablation for all four study sites. This suggests that DSMs of the snow surface produced from 

aerial LiDAR, at a standard spatial resolution of 1 m are likely also sufficient.  
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4.5 Conclusions 

This study utilized very fine-resolution (0.1 m) gridded continuous models of snow depth and 

ablation rate produced from mobile terrestrial LiDAR to highlight the impact point sample distance has 

on stand-averaged calculations of snow depth, ablation rate, and variability, and to identify the sample 

sizes and point sampling distances required to identify within stand snow depth variability and between-

stand differences in snow depth or ablation rate according to stand maturity.  

For all stands assessed in this study, point sampling distances greater than 10 m for snow depth 

and greater than 6 m for ablation rate produced variable stand averages. The greatest range of peak 

snow depth averages is observed in juvenile stands J10 and J15 where young trees appear to influence 

greater within-stand snowpack variability. Reducing the point sampling distance in these juvenile stands 

greatly reduces the uncertainty in calculations of snow depth. Failure to account for within-stand 

variability can over or underestimate the water stored in the snowpack, which can result in poor 

predictions of annual water supply and flood risk.  

Between-stand differences in snow depth related to differences in stand maturity indicate that 

higher sample sizes and smaller sampling distances are required for identifying differences between 

stands with similar levels of maturity. As the melt season progresses the sampling intensity required to 

identify differences between juvenile and open stands increases, while the sampling intensity required 

to identify differences between juvenile and mature stands decreases.   

Outcomes from this study indicate that a 2 m point sampling distance, or a 2 m spatial 

resolution for LiDAR derived models of snow depth is likely sufficient for calculating stand-average snow 

depth, within-stand snow depth variability, and between-stand differences, regardless of stand 

maturity. 
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Abstract 

The return of snow accumulation and ablation processes in regenerating forests to pre-disturbance 
conditions, collectively referred to as hydrological recovery, has been investigated in past decades 
through manual snow surveys in adjacent open, juvenile, and mature stands. The outcomes of such 
studies provide a general understanding of hydrological recovery but lack transferability to areas where 
stand structure and terrain conditions differ from the reference sites. The application of mobile 
terrestrial LiDAR to investigate peak snow water equivalent (SWE) and ablation rates beneath 
regenerating trees in a space-for-time substitution study design provides new insights on the process of 
hydrological recovery in snowmelt forests of British Columbia, Canada. Outcomes of this study better 
quantify the influence of tree growth on peak SWE and ablation rate at both the tree and stand level for 
north aspect mixed conifer stands. Recovery of these two processes differ with recovery of Peak SWE 
beginning when the trees in a stand reach 3 meters in height and recovery of ablation rates beginning 
once trees reach 5 meters in height. Additionally, the process of negative ablation recovery in early 
juvenile stands reported in previous studies is herein clearly observed, providing an improved 
understanding of forest canopy effects on hydrological recovery in juvenile stands. The methods used in 
this study, which are internationally applicable, increase transferability of outcomes to stands where 
canopy characteristics (i.e., height, crown cover, and heterogeneity) are not represented in reference 
sites. 

Keywords: hydrological recovery; LiDAR; snow; forest disturbance; SLAM LiDAR; negative recovery; 
snowpack recovery 
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5.1. Introduction 

 In snow-dominated watersheds below the treeline, annual snow accumulation, peak snow 

water equivalent totals (peak SWE), snowmelt rate, and snowpack longevity are largely affected by 

forest cover (Winkler and Boon, 2010; Varhola et al., 2010; Dickerson-Lange et al, 2015). Forest cover 

has been found to influence snow-water storage by reducing snow accumulation through interception, 

resulting in up to a 60% reduction in ground level accumulation (Hedstrom and Pomeroy, 1998; Varhola 

et al., 2010). Forest canopies also reduce incoming solar radiation, affecting the net energy (combined 

shortwave radiation (SWR) and longwave radiation (LWR)) available for driving ablation processes (snow 

melt and sublimation) (Boon, 2007; Ellis et al., 2010; Ellis et al., 2011; Hotovy and Jenicek, 2020). These 

stand-level changes in snow accumulation and melt can affect streamflow at the watershed scale. Even 

moderate levels of forest removal in snowmelt watersheds have been shown to alter the frequency and 

magnitude of peak flows (Schnorbus and Alila, 2004; Green and Alila, 2012; Grohnsdahl et al., 2019), 

advance the timing of spring peak flows (Moore and Scott, 2006), and increase the duration of summer 

low flows (Winkler et al., 2017). The ability to quantify the relationship between forest disturbance, 

regeneration, and the hydrologic response of a watershed is thus important for understanding how 

logging or natural forest disturbances might affect water-resources, aquatic habitats, and flood risk 

(Dickerson-Lange et al., 2021; Varhola et al., 2010).  

Several studies have endeavored to quantify differences in peak snow accumulation and 

ablation rates between clearcut, juvenile, and mature stands (Buttle et al., 2000; Murray and Buttle, 

2003; Winkler et al., 2005; Winkler and Moore, 2006; Varhola et al.,2010; Broxton et al., 2015; 

Konstantinos et al., 2018). These previous studies showed decreasing peak SWE with increasing canopy 

interception and decreasing stand-level ablation rates as stands mature (Varhola et al., 2010; Hotovy 

and Jenicek, 2020). The recovery of SWE and ablation processes are collectively referred to as 

hydrological recovery, which describes the restoration of hydrological characteristics to pre-disturbance 

conditions and is expressed as a positive trend increasing from 0% for clearcut to 100% for a 

regenerated mature stand (Winkler and Boon, 2015). However, the potential for a period of negative 

ablation recovery, in which very young juvenile stands display faster ablation rates than the clearcut 

condition has been identified in two separate studies originating in different hydroclimate regions 

(Winkler and Boon, 2015; Buttle et al., 2005). The process responsible for this negative recovery, and the 

point at which recovery transitions from negative to positive as the stand matures was not identified in 

either study. 
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The ability to estimate the hydrological recovery of a stand contributes to understanding and 

predicting the potential influence of forest disturbance on the timing and magnitude of snowmelt 

runoff. The assessment of hydrological recovery applied to individual regenerating stands is used in a 

cumulative manner by forest managers to estimate the current level of hydrological disturbance in a 

watershed (Winkler and Boon, 2017). At the watershed scale, the assumption is made that as the 

individual stands recover hydrologically, so to do the stream flow regime characteristics (Hudson, 2000; 

Buttle et al., 2005; Moore and Wondzell, 2006; Winkler & Boon, 2015).  

 Past studies investigating hydrological recovery relied on field surveys of snowpack depth and 

SWE measured along a snow course or a sampling grid within adjacent clearcut, juvenile, and mature 

stands (Metcalfe and Buttle, 1998, Winkler and Spittlehouse, 1995; Hudson, 2000; Winkler et al, 2005; 

Buttle et al., 2005). These representative site surveys were typically averaged for the entire stand and 

hydrological recovery values were calculated according to the mean canopy height or canopy closure. 

Daily ablation rates were calculated by dividing the average peak SWE for the stand by the number of 

days from peak accumulation to when the stand became snow-free. Applying hydrological recovery 

models from these prior studies to areas which differ topographically (i.e. slope, aspect, elevation) or 

have different vegetation characteristics can be problematic (Ellis et al., 2011; Ellis et al, 2013) as it 

assumes transferability of results without a full understanding of how the heterogeneity of stand height 

and canopy cover might affect stand-level hydrological recovery. 

 An additional limitation of past studies relates to manual point-based samples of snow depth 

and SWE, which have practical limitations associated with ease of access, the time involved in collecting 

a representative sample of snow depth and SWE for the site, and the inability to sample the same 

location twice during the ablation period due to snowpack disturbance (Winkler et al., 2005). The 

sample sizes and associated point densities used in some previous studies were determined according to 

the ability to identify between-stand differences in April 1st SWE, which is a date traditionally assumed 

to represent peak annual SWE in western North America regions (Winkler and Spittlehouse, 1995). 

When traditional sampling methods are applied to stands with a greater degree of topographic 

variability, or in stands with a heterogeneous vegetation distribution, the sample may not be 

representative. This may also be true during the ablation period if snow melt rates are variable within a 

stand (Winkler and Moore, 2006).  

 Increasingly, LiDAR is being used to investigate the spatio-temporal distribution of snowpacks at 

the watershed scale (Deems et al., 2006; Hopkinson et al., 2012; Deems et al., 2013; Kostadinov et al., 
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2019). Continuous gridded models of snow depth produced from aerial LiDAR have a much finer spatial 

resolution than sampling distances employed using traditional field-based sampling methods, 

particularly in areas where terrain complexity limits ease of access (Deems et al., 2013; Zheng et al., 

2016; Kostadinov et al., 2019). However, aerial LiDAR is susceptible to occlusion-related signal loss in 

areas with dense forest canopy or where topographic relief is very high (Kostadinov et al., 2019). This 

occlusion can influence ground level point densities and increase the uncertainty in LiDAR-derived 

measures of snow depth below dense forest canopy cover (Kostadinov et al, 2019).  

 Recent advances in LiDAR technologies, including the development of mobile terrestrial LiDAR, 

enable the production of very high-precision models of snow depth and average daily ablation, even in 

areas where dense vegetation and steep topography might reduce the number of ground returns 

obtained from an aerial LiDAR system. The high LiDAR point densities resulting from these ground-level 

surveys enable the consideration of both stand-level averages of peak snow accumulation and ablation 

rate, and the role that canopy cover and within-stand tree height variability might play in influencing 

these stand averages.    

This study utilized a state-of-the-art GeoSLAM Zeb Horizon mobile terrestrial LiDAR unit to 

measure snow depth from the time of peak snow accumulation to the end of the ablation period to 

establish the relationship between forest stand maturity and hydrological recovery in mixed-coniferous 

stands on north aspect slopes. A key objective of this study is to better quantify the process of 

hydrological recovery at the scale of individual trees, allowing for potential transferability of outcomes 

to areas which differ topographically, or to stands where tree height, canopy cover, or within stand 

variability are not specifically represented in the study sites included here. 
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5.1.1 Study Area 
The study area is located approximately 25 km southwest of the town of Nelson in the Selkirk 

Mountains of British Columbia, Canada (Figure 5-1). The Rover Creek watershed provided an 

opportunistic study design due to the proximity of a range of forest conditions, including recently 

harvested, juvenile, and mature stands. The study area is situated on north aspect slopes, where 

vegetation has been shown to have a larger influence on snow accumulation and ablation (Dickerson-

Lange et al., 2023; Ellis et al., 2011). Access to the sites was maintained throughout the snow 

accumulation and ablation period by the nearby Snowwater Ski Lodge. Ease of access to the broad study 

area and individual sites was crucial for repeated (every 2-3 days) data collection from the time of peak 

snow accumulation through to the end of the ablation period spanning March 19 to April 24, 2019.  

Four adjacent forest stands with increasing maturity were selected within walking distance of 

each other in order to transport equipment and carry out LiDAR scans and snow core sampling within a 

short (<4 hour) time window. The sites selected include one recently replanted clearcut with an average 

tree height of 2.7 m (J2), two juvenile stands with average heights of 11.5 m (J10) and 14.8 m (J15), and 

one mature stand with an average tree height of 37.6 m (M) (Table 5-1). For the purposes of this study, 

the cumulative openings in J2 were considered to be representative of a clearcut condition. All four sites 

are composed of mixed conifer species (interior Douglas fir, lodgepole pine, western larch, and western 

cedar) apart from the mature site M, which is primarily composed of interior Douglas fir (Table 5-1). 

Although species succession from the mixed-conifer stands in sites J2, J10, and J15 can not be assumed 

to progress to an exclusively Douglas fir stand characteristic of site M, the stands in this study represent 

increasing stand height and canopy cover with stand regeneration. 

Sites were selected with similar topographic characteristics (slope, aspect, elevation) to control for these 

factors in order to measure differences in peak snow accumulation and daily ablation related to 

differences in stand maturity. The study sites are located on north aspect slopes, with some small 

variations ranging from NW to NE aspects. J10, J15, and M all have moderate median slope gradients 

between 54% and 60%, while J2 has a low-moderate median slope gradient of 27% (Table 5-1).  
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Figure 5-1 Rover Creek study area located near Castlegar, British Columbia, Canada. Study sites J2, J10, J15, and M (burgundy 
polygon) are located on north aspect, moderate slopes between 960 m and 1040 m elevation. 

 

Table 5-1 Topographic and vegetation characteristics for sites J2, J10, J15, and M used for this study. Crown cover as measured 
on April 20th, 2019 (when western larch were still needle-free) is reported as the total crown area as a percent of the study site 
area. 
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5.2. Data and Methods 

5.2.1 Data Collection 

LiDAR Unit and LiDAR Survey Methodology 

The snow surface elevation (m), canopy height (m), and crown cover (%) in each study site was 

measured using a GeoSLAM ZEB-Horizon handheld mobile LiDAR scanner. The ZEB-Horizon utilizes 

Simultaneous Location and Mapping (SLAM) technology to produce a cohesive point cloud for the entire 

scanned area, with a claimed relative spatial accuracy of 1 to 3 cm. The LiDAR used on the ZEB-Horizon 

operates at 905 nm and has a reported operation distance of 100 m, with an effective range of 

approximately 40 m (https://www.faro.com/en/Products/Hardware/GeoSLAM-ZEB-Horizon-RT/). The 

high point density resulting from ground-level surveys using this LiDAR unit allow for the production of 

highly accurate, fine-resolution snow surface elevation models which effectively measure the snow 

surface over variable terrain and under dense forest canopy.  

LiDAR survey loops were established within the four main study sites and incorporated a 100 m 

snow course within each site. The looped survey design is a requirement of SLAM LiDAR surveys and is 

employed to reduce the impact of drift error on the resulting pointclouds. For each study site, the snow 

course was incorporated as part of the survey loop, and the same walking path was used for all scans 

carried out in each survey location to limit snowpack disturbance. 

The established survey loops allowed for the measurement of study areas between 

approximately 4000 to 9000 m2. The loop-based scan design enabled the scanned area to be measured 

from multiple directions, reducing the impact of occlusion on the resulting pointclouds, and resulting in 

a very high LiDAR point density measure of the snow surface. The average point density resulting from 

LiDAR scans used in this study during the time of peak snow accumulation was ~15,000 points m-2 for all 

LiDAR returns (ground and vegetation) and ~750 points m-2 for points classified as ground/snow surface. 

LiDAR point densities from scans performed later in the season tended to be lower as the reflectivity of 

the snow-free ground surface was lower, and the increased topographic and vegetation complexities 

introduce more opportunity for occlusion.  

 Between 3 and 6 ground control points (GCPs) were set up along the looped walking paths in 

each of the study sites to facilitate co-registration of multiple scans performed from the time of peak 

accumulation (March 21, 2019) to the end of the ablation period. These control points consisted of 

styrofoam spheres with a diameter of 20 cm placed onto the end of bamboo rods. Using steel strapping, 
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these rods were fastened to trees within the interior of each planned scan route.  The spheres remained 

stationary throughout the sampling period allowing for precise temporal co-registration of LiDAR 

pointclouds collected. 

 LiDAR scans were performed within a 4-hour range roughly every 2 to 3 days from the 

approximate time of peak snow accumulation through the end of the site-specific ablation period. Site 

M was snow free on March 31, J2 and J15 on April 20, 2019, and J10 on April 24, 2019. The final number 

of scans performed in each site varied according to the duration of snow on the ground. In site M, which 

was the first to become snow free, only 5 LiDAR scans were performed, while 11 scans were performed 

in both J2 and J15, and 12 scans were performed in J10.  

 

Manual Snow Course Samples    

 Following methods described by Winkler et al. (2005), Hudson (2000), and Dixon et al. (2014), 

snow water equivalence (SWE) was measured using a standard Federal snow tube along snow courses 

established next to the LiDAR survey loop in each study site. These snow courses included 10 sample 

locations spread at 10 m intervals which were marked with flagging tape. Temporal snow cores were 

collected within 1 m of each marked sample location. Cores were collected on the upslope side of the 

snow course to reduce the risk of snow disturbance to the sampling area.  
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5.2.2 Data Processing 

GeoSLAM ZEB Horizon Data Processing 

The LiDAR data files collected using the GeoSLAM ZEB Horizon are viewed and processed using 

GeoSLAM’s proprietary software (https://geoslam.com/hub/). This software was used to convert point 

clouds to a commonly used LAS point cloud format (ASPRS, 2019) for further analyses using 

CloudCompare (CloudCompare, 2019) and QGIS (QGIS.org, 2024) software. 

Repeat LiDAR scans carried out on multiple dates were co-registered in CloudCompare using the 

styrofoam sphere GCPs placed within each study area. Aligned spheres for all co-registered scans in each 

site had an RMSE of less than 3 cm. For the purposes of this study, exact positioning was deemed less 

important than accurate repeated measures of snow depth within each site.  

Global positioning system (GPS) locations for all GCPs used for co-registration of individual 

pointclouds were collected using a handheld Trimble GPS unit which measured GCP positions in the XY 

plane to within approximately +/- 5 m under dense canopy. The GPS coordinates were used to generally 

relate final study outputs to their associated stands. However, the GPS coordinate measures of GCP 

positions had a greater uncertainty than that of the co-registered LiDAR scans and were not used to 

georectify the individual pointclouds in order to prevent the introduction of positional uncertainty to co-

registered pointclouds, and ultimately to subsequent models representing snow depth.  

 

 

LiDAR Classification 

The ground and snow surfaces in each of the co-registered point clouds were classified using the 

ground classification tools available in TerraScan (Terrasolid, 2016). Each LiDAR pointcloud was classified 

individually to ensure that site-specific ground classification parameters were identified which 

minimized the misclassification of near-ground vegetation and woody debris as part of the ground 

classification.  
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LiDAR Derivatives 

Snow Depth, SWE, & Ablation 

Snow surface models were created from each of the classified pointclouds by gridding the 

ground (snow surface) classification in each with a 0.10m grid size. This grid resolution was chosen 

based on both the average spacing between ground or snow-surface points within the full scan, as well 

as a qualitative assessment of point distributions. The walking path used to carry out the LiDAR survey 

loop in each site was masked out from the final snow surface models and subsequent analysis to reduce 

the influence of snow compaction on measured values for snow depth. In the mature stand (M) ground 

surface areas with large-diameter woody debris (i.e., fallen logs) were also removed from the resulting 

surface models. 

Gridded snow depth models were created for each scan date by removing the elevation of the 

snow-free bare terrain from the elevation of each snow surface model according to the methods 

described in previous LiDAR-based snow depth studies (Deems et al., 2006; Hopkinson et al., 2012). 

These snow depth models were converted to gridded models of SWE using depth to SWE relationships 

established from the manual snow course data collected in each site. For all sites in this study, the initial 

scan date (March 21, 2019) was determined to be the date of peak SWE. It should be noted that the 

relationship between snow depth and SWE strengthens as the snowpack becomes isothermal and has a 

more uniform density just prior to snowmelt (Spittlehouse and Winkler, 2004). This process is reflected 

in Figure 5-A1 (see Appendix) with more variability in SWE observed at greater depths (earlier in the 

snowmelt period) prior to isothermal conditions in the snowpack. 

Gridded models of average daily ablation were created by calculating the difference in SWE 

between gridded SWE models from two different dates and dividing this difference by the number of 

days between the two LiDAR scans. In order to exclude an artificial slowing of daily ablation rate where 

an area became snow free between the two scan dates, all grid cells which became snow free during the 

date range under consideration were masked out of the final gridded ablation model. Average daily 

ablation rate models were created for three date ranges within the ablation period: i) March 21 to 28, ii) 

March 31 to April 8, and iii) April 8 to April 16, 2019. The time range when all sites had snow was from 

March 21 to 28, 2019. This earliest date range was therefore used for comparison between the 4 sites. 

The final gridded models of Peak SWE and average daily ablation were used to assess [1] stand-

level differences between sites, [2] within-stand differences between the cumulative below-crown area 
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and openings, and [3] below crown areas of individual trees to observe within-stand variability according 

to tree height. 

CHM, Treetop heights, Crown extents 

Canopy height models (CHM) were produced using the final snow-free LiDAR scan performed in 

each site. Traditionally, LiDAR-derived CHMs are created from scans performed from above the canopy. 

While the scans in Rover Creek were conducted from below the canopy, the effective range of the Zeb 

Horizon LiDAR unit, paired with the ability to scan trees from multiple angles using the looped survey 

design resulted in high density point measures of individual tree crowns, particularly in juvenile stands 

where the point density of traditional airborne LiDAR scanners (ALS) can fail to fully characterize the 

crowns of individual trees. For the mature stand, where the top of the tree canopy is at the limit of the 

effective range of the Zeb Horizon, the resulting Zeb Horizon point cloud was merged with aerial (drone-

based) LiDAR to better quantify the upper canopy height. 

Tree crown extents and individual treetops with their associated heights were identified from 

the CHM in each site using the rLiDAR package in R (Silva et al., 2017). For juvenile sites J2, J10, and J15, 

a CHM with a 0.25 m grid size was used, while in the mature site (M) where individual branches are large 

enough to share physical characteristics with those of smaller trees, a 0.5 m grid size CHM was used. 

This coarser resolution resulted in tree crowns which were more representative of the site. 

Below-Crown Peak SWE and Average Daily Ablation 

Tree crown extents with their associated tree top heights were used to investigate the 

relationship between individual trees within each stand on below-crown SWE and daily ablation rate 

and to observe general trends related to tree height. This sampling design, which provides observations 

of below-crown snowpack dynamics for a range of tree heights within the same stand, is an example of 

space-for-time substitution (Pickett, 1989). 

The cumulative below-crown area (CBC) within each site was used to compare differences in 

peak SWE and daily ablation between openings and below-canopy areas. Although the four sites in this 

study captured the forest cover characteristics of each stand type, the larger tree crowns in site M which 

contribute to a nearly continuous canopy result in a lower total sample size in both in terms of individual 

tree crowns and in terms of open area SWE or ablation raster pixels compared to the other sites.  The 

distribution and magnitude of differences in peak SWE and daily ablation in the CBC and open areas 

were used to provide a qualitative understanding of the influence of tree crowns within each stand. The 
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significance of differences in both peak SWE and average daily ablation between the snowpack under 

the CBC area and snowpack in the opening was tested using the non-parametric Mann-Whitney U test, 

or Wilcox (Hollander et al., 2014) for independent samples.  

In J2, where the boxplot distributions of average daily ablation in CBC and open areas highlight 

an inverse relationship compared to other sites, boxplot distributions were organized according to 

integer differences in tree height, together with open and below-crown areas in J10, to identify the 

height at which juvenile trees begin to positively affect ablation recovery. 

Peak SWE and Ablation Recovery    

Following the general methods presented by Winkler & Boon (2015), Buttle et al (2005) and 

Hudson (2000), both peak SWE recovery and ablation recovery were calculated for the below-crown 

snowpack in each site by comparing the observed peak SWE and daily ablation rates to the average 

values measured for the clearcut and mature snowpack using the following equation.  

               SR = [(Sc – Sy) / (Sc – Sm)] × 100      [Equation 5-1] 

SR describes the percent (%) snow recovery for the variables of interest; peak SWE (cm) or ablation rate 

(cm d-1) for the below-crown snowpack (Sy) compared to an average index value of each variable 

measured for the clearcut condition (Sc) assumed to be represented by the cumulative open areas in J2, 

and the mature stand (Sm). SR is calculated as the difference between the index value of peak SWE or 

average daily ablation in Sc and Sy relative to the difference in the index value between Sc and Sm. The 

resulting percent recovery for both peak SWE and daily ablation rate was applied to each below-crown 

area. Peak SWE recovery and average daily ablation recovery were plotted according to the tree height 

associated with each crown and a Chapman-Richards curve with an asymptote value set to 100% was 

fitted to the data by adjusting curve-fitting parameters which minimized the total residual error 

between the resulting curve and measured below-crown recovery values. A 90% confidence interval was 

applied to both recovery curves according to integer tree heights. Sample sizes in J15 and M are notably 

smaller than those in J2 and J10, as there are fewer large crowns identified in these sites which has a 

bearing on the resulting confidence intervals. 
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5.3. Results 

Results from this study are presented in the order by which the LiDAR were processed, 

beginning with co-registered classified LiDAR pointclouds, and ultimately considering LiDAR derivatives 

representing peak SWE and average daily ablation. Cross-section views for aligned classified pointclouds 

highlight the detailed coverage of both vegetation and the snow surface resulting from ground-level 

scans and provide insight on vegetation influences on accumulation and melt processes. Gridded LiDAR 

products representing the peak SWE and average daily ablation are presented to consider differences in 

stand-level averages, and to investigate within-stand differences in the peak SWE and daily ablation 

observed in the openings and CBC areas. Finally, within-stand variability in peak SWE and average daily 

ablation, as well as the recovery of these two variables is considered according to tree height for the 

below-crown area for all trees identified in each study site.  

An example of a 0.2 m depth cross-section through co-registered ground classification outputs 

for LiDAR scans performed in site J2 highlights the minimal influence individual trees in this site have on 

the snow depth (Figure 5-2). The peak snow depth surface (red points) adjacent to individual trees in J2 

is similar to the peak depth in the openings. As the ablation period progressed (e.g., green surfaces), the 

snow depth became more variable with snowmelt close to individual tree stems exceeding that 

observed in the openings.  
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Figure 5-2 Cross section (0.2 m depth) of co-registered LiDAR pointclouds representing the snow surface from March 1, 2019 
(red) through the ablation period April 20, 2019 (purple). Vegetation in J2 (black) appears to have little to no influence on the 
peak accumulation, while the undulating characteristics of snow surface in the later season (e.g., green surface) indicates faster 
melt adjacent to individual trees. 
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5.3.1 LiDAR Derivatives 

Snow Water Equivalent (SWE) 

Gridded models of SWE for four of the sampling dates beginning at the time of peak SWE 

(March 21) and extending through much of the ablation period (April 16) are shown below (Figure 5-3). 

Site M, which had the lowest peak SWE of the four sites, was snow free by March 31, 2019. For each 

date the measured SWE decreases with increasing stand maturity. 

Peak SWE was greatest in J2 where canopy cover was minimal, and trees lacked the surface area 

to reduce ground-level snow accumulation through interception (Figure 5-4). In site J2 the peak SWE 

(March 21) in the openings was very similar to below-crown areas. However, as the ablation period 

progressed, the peak SWE below crowns was observed to be lower than in the surrounding openings. In 

sites J10 and J15 for all dates, the peak SWE was greater in the openings and decreased with proximity 

to the individual tree stems (treetops) (Figure 5-4). This localized control of individual crowns in these 

two sites resulted in deep tree wells. In J10, where the trees were taller and crowns interact collectively 

as a closed canopy, there are fewer visible tree wells. In site M, where the mature trees share a uniform 

overlying canopy, the peak SWE has a greater uniformity throughout the site, although there is some 

variation related to topographic variability, and possibly also to the presence of large woody debris on 

the ground. 
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Figure 5-3 Snow water equivalent (SWE) in sites J2, J10, J15, and M. The walking path in each site has been masked out, as can be seen as a white path with no data in the middle 
of the study site areas. Large woody debris, specific to the mature stand (M), has also been masked out as these areas add uncertainty to snow depths measured in this site.  
Crown extents of individual trees are represented with black outlines. 
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Figure 5-4 Peak Snow Water Equivalent (SWE) (March 21, 2019) in Rover Creek sites J2, J10, J15, and M. The variability in peak 
SWE is greatest in juvenile stands J10 and J15. The walking path in each site has been masked out, as can be seen as a white 
path with no data in the middle of the study site areas. Large woody debris specific to the mature stand (M) has also been 
masked out as these areas add uncertainty to snow depths measured in this site.  

 

 

 

Average Daily Ablation 

The average daily ablation rates during the March 21 to March 28 period were highest in J2 and 

decreased with increasing stand maturity (Table 5-2, Figure 5-5). In J2, the average daily ablation rate 

was 1.6 cm/day in the opening and 1.7 cm/day in the CBC area. In J10 these rates were 1.4 cm/day and 

1.2 cm/day, respectively. J15 experienced rates of 1.2 cm/day and 1.0 cm/day. The average daily 

ablation rate (0.9 cm/day) was lowest in site M. The higher ablation rate observed in CBC area in J2 

compared with the opening is unique to this stand. Although this difference in rate between the open 

and CBC area is very small and falls within the standard deviation measured for this site, this inverse 

relationship compared with the other sites highlights the possibility of negative ablation recovery 

occurring in this stand.  
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Table 5-2 Average daily ablation rate in cm/day observed in sites J2, J10, J15, and M for the full stand, in openings, and in the 
cumulative below-crown area. Yellow highlights the greater site-level ablation rate in the cumulative below-crown area 
compared to the openings observed in site J2. Negative minimum ablation rate values in this table result from grid cells where 
the SWE measured on the end date of an ablation date range is greater than at the start date. This can occur from slight 
misalignment of LiDAR scans, emergent vegetation affecting the ground/snow surface classification, or slight misalignments 
between gridded models of SWE. 

  Ablation (cm/day) March 21 to March 28 

  Sample size (raster pixel count) Min Max Mean SD 

J2 455,300 -1.1 4.5 1.6 0.4 
J10 100,600 -1.5 5 1.2 0.5 
J15 183,900 -1.6 4.2 1 0.4 
M 135,300 -1.1 3.2 0.9 0.4 
  Ablation in open (cm/day) March 21 to March 28 

  Sample size (raster pixel count) Min Max Mean SD 

J2 229,900 0.1 4.5 1.6 0.3 
J10 7,200 -0.9 4.4 1.4 0.5 
J15 5,300 -0.7 3.9 1.2 0.4 
M 800 -0.2 2.9 1.1 0.5 

  Ablation in cumulative below-crown area (cm/day) March 21 to March 28 

  Sample size (raster pixel count) Min Max Mean SD 

J2 225,400 -0.5 5.2 1.7 0.5 
J10 93,400 -0.5 4.4 1.2 0.5 
J15 178,600 -1.6 4.2 1 0.4 
M 134,500 -0.4 2.5 0.9 0.4 
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Figure 5-5 Average ablation rates (cm/day) for approximately week-long time intervals beginning at the time of peak accumulation (March 21, 2019) through the end of the 
ablation period (March 31, 2019, for site M, April 20th for J2 and J1, and April 24 for J10. 
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5.3.2 Below-Crown Peak SWE and Average Daily Ablation 

Below-crown peak SWE decreases with increasing tree height within each stand and as stands 

mature (Figure 5-6). As trees increase in height with increasing stand-level maturity, the range in peak 

SWE is reduced, with a greater range in SWE observed in recently replanted juvenile stands.  

 
Figure 5-6 Peak Snow Water Equivalent (SWE) measured for below-crown areas of each tree identified in sites J2, J10, J15, and 
M. Peak SWE is shown to decrease as trees increase in height, with the greatest decrease observed for trees below 10m in 
height. 

Below-crown peak daily ablation rates between March 21 and March 28, 2019 decreased with 

increasing tree height within each stand and stand maturity. The greatest reduction in average daily 

ablation occurred between sites J2 and J10 (Figure 5-7).  

 
Figure 5-7 Normalized (averaged) below-crown daily ablation rates in cm/day for trees in J2 (blue), J10 (orange), J15 (grey) and 
M (green). 
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5.3.3 Peak SWE and Average Daily ablation in Openings (gaps) versus cumulative below-
crown areas 

Boxplots representing the distribution of peak SWE and average daily ablation for the full site, 

openings, and CBC areas are shown in Figures 5-8 and 5-9. As stands mature, the range of both peak 

SWE and average daily ablation decreases, with the smallest range of values observed in the mature 

stand where the continuous canopy controls both stand-level accumulation and amount of incoming 

solar radiation available to drive ablation.  

 

Peak SWE in openings (gaps) and cumulative below-crown area  

Although there is a general stand level decrease in peak SWE as stands mature, it is more 

pronounced in the CBC areas than in the openings (Figure 5-8). In J2, there is very little difference 

between peak SWE in the openings compared with the CBC. In sites J10 and J15, the CBC area had a 

noticeably reduced peak SWE than in in the openings. In site M, the peak SWE in the opening is similar 

to that observed in the CBC area. 

 
Figure 5-8 Boxplots showing Peak SWE on March 21, 2019, for the full site (red), openings (green), and cumulative below-crown 
area (blue) in sites J2, J10, J15, and M. Boxplots include the 25th to 75th percentiles, as well as the median (50th percentile) 
represented as a line.  
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In J2, the mean peak SWE was 1.4 cm lower in the CBC area than in the openings (Table 5-3). In 

sites J10 and J15, the reduction in average sub-canopy snow compared to the clearcut condition is 9.2 

cm and 6.5 cm respectively. In these two sites, the trees crowns are large enough to intercept snow and 

reduce ground-level accumulation. However, the crowns in these juvenile sites have yet to share the 

interception capability of the closed canopy found in the mature stand (M), and the control these 

juvenile trees play on below crown snow is highly localized. In site M, peak SWE is more evenly 

distributed throughout the site. 

Table 5-3 Minimum, maximum, and mean Peak SWE (cm), and standard deviation (SD) measured in the openings and in 
cumulative below-crown area in sites J2, J10, J15, and M on March 21, 2019. The difference in mean peak SWE in each site is 
highlighted in yellow.  

  Peak SWE in open areas (cm) 
Peak SWE in cumulative below-

crown area (cm)   
  Min Max Mean SD Min Max Mean SD Diff (cm) 
J2 16.5 66.5 37.2 4.8 10.6 61.9 35.8 5.4 1.4 
J10 4.4 49.6 30.3 6.8 0.3 44.1 21.1 7.2 9.2 
J15 -2.6 36.4 21.0 5.8 -12.8 33.6 14.5 5.4 6.5 
M -2.0 20.6 8.9 3.9 -2.4 17.7 7.1 3.0 1.8 

 

The Mann-Whitney U test identified a significance in the difference in peak SWE between the 

opening and CBC in all sites (Table 5-4).  

Table 5-4 Mann Whitney U test outputs comparing peak SWE in the opening and cumulative below-crown areas in sites J2, J10, 
J15, and M. 

 W p-value 
J2 2.19E+10 < 2.2e-16 

J10 1.07E+08 < 2.2e-16 
J15 1.95E+08 < 2.2e-16 
M 7.39E+07 < 2.2e-16 

 

Average daily ablation in openings (gaps) and sub-canopy areas 

 In sites J10, J15, and M, where tree crowns reduce the amount of incoming solar radiation 

reaching the snowpack, the average daily ablation rate is observed to be higher in openings/gaps than in 

the CBC (Figure 5-9). In J2, where tree crowns are in contact with or sometimes within the snowpack, 

the ablation rate is observed to be greater in the CBC than in openings. This observed increase in 

ablation rate falls within the standard deviation of ablation rates for the full stand but includes all trees 

within the site. A more complete breakdown of average daily ablation rates according to tree height for 

sites J2 and J10 is shown in Figure 5-10. 
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The Mann-Whitney U test shows a significant difference in the average daily ablation rates 

observed in the opening compared to the sub canopy area in all sites (Table 5-5), although the sample 

size for open areas in site M limits confidence in this test output.  

 
Figure 5-9 Boxplots showing the distribution of average daily ablation (in cm/day) from March 21 to March 28, 2019, in all sites 
(J2, J10, J15, and M). The ablation rates in the cumulative below-crown areas (blue) are lower than in the openings (green) for 
sites J10, J15, and M. In J2 (outlines in red) there is a reverse relationship, with CBC showing a faster ablation rate than in the 
opening. 

 

 

 
Table 5-2 Mann-Whitney U test outputs comparing the average daily ablation rates in the opening and cumulative below-crown 
areas in sites J2, J10, J15, and M. The sample area for openings in site M is very small. 

  March 21 – March28  
W p-value 

J2 2.98E+10 < 2.2e-16 
J10 2.27E+08 < 2.2e-16 
J15 1.09E+09 < 2.2e-16 
M* 1.22E+08 < 2.2e-16 
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Boxplots representing the distribution of average daily ablation (cm/day) in the openings and 

under-crown areas for trees in sites J2 and J10 are shown in Figure 5-10. In general, there is a decrease 

in the ablation rate as tree height increase. However, an initial increase in the ablation rate compared to 

the clearcut condition is observed in J2, with ablation rates in the sub crown area for trees less than 5 m 

in height exceeding the melt rates observed in the openings. This increased ablation rate slows as the 

trees increase in height. As trees approach 5m in height the ablation rate in the below-crown area 

begins to approximate the clearcut condition, indicating that trees begin to positively affect below 

crown ablation rates above this 5 m height threshold. 

 

 
Figure 5-10 Boxplots representing the distribution of average daily ablation in cm/day from March 21, 2019 to March 28, 2019 
for openings and below-crown areas according to tree height in sites J2 and J10. Boxplots include the 25th to 75th percentiles, as 
well as the median (50th percentile, represented as a line) and mean (represented as an X).  Note the initial increase in ablation 
rate observed in the below-crown area of small (<5m) trees in J2 compared to openings in J2 which were used to represent the 
clearcut condition. This initial increased ablation rate in J2 is an example of negative recovery, where small trees adjacent to, or 
within the snowpack act to increase the ablation rate. 
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5.3.4 Hydrological Recovery 

Peak SWE Recovery 

Peak SWE recovery % (SR, Equation 5-1) applied to below-crown snowpack for all identified 

trees in sites J2, J10, J15, and M) are shown below (Figure 5-11). The 90% confidence interval on the 

fitted Chapman-Richards curve indicates a strong relationship between this curve output and measured 

below-crown values of peak SWE. When considering peak SWE recovery % according to tree height, the 

resulting curve indicates that peak SWE recovery begins when juvenile trees reach approximately 3 m in 

height. Peak SWE recovers approximately 50% when trees reach 10 m in height, 75% at approximately 

15 m, and approach 100% (fully recovered) when trees are greater than 30 m in height. The spread of 

recovery values (-50% to 50%) for below-crown areas relating to small trees in J2 is a function of the 

recovery equation (Equation 5-1) and results when measured below-crown SWE values are similar 

(slightly larger or smaller) to that of the average SWE representing the clearcut condition. The spread in 

recovery around 0% for trees less than 3 m in height indicates no measurable hydrological recovery. 

 
Figure 5-11 Peak snow water equivalent (SWE) recovery for below-crown snowpack in sites J2 (blue), J10 (orange), J15 (grey) 
and M (green) with a fitted Chapman-Richards curve. Error bars indicate the 90% confidence interval on the curve. 
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Ablation recovery  

Ablation recovery % (SR, Equation 5-1) applied to CBC snowpack for all identified trees in sites 

J2, J10, J15, and M) are shown below in Figure 5-12. The Chapman-Richards curve fitted to the below-

crown measures of average daily ablation according to tree height for all stands indicates that ablation 

recovery begins when stands reach approximately 3 m in height. However, the distribution of below-

crown ablation rate according to tree height shown in Figure 5-10 suggests this recovery should start 

when trees reach a height of 5 m. A 5 m stand height initiation of ablation recovery is more likely than 

the 3 m stand height for initial recovery identified using the fitted Chapman-Richards curve due to the 

limitations of curve fitting. Error bars representing the 90% confidence interval according to integer tree 

height indicate that the relationship between tree height and average daily ablation recovery is less 

robust than was observed for the relationship between tree height and peak SWE recovery. The 

resulting curve indicates that ablation recovery reaches 50% when trees reach a height of approximately 

9 m, 75% at approximately 12 m, and approach 100% recovery when trees are greater than 30 m. 

Similar to SWE recovery, small trees in J2 display a range of ablation recovery values from -50% to 50% 

for reasons explained above. 

 
Figure 5-12 Ablation recovery by tree height calculated from average below-crown daily ablation rates compared to stand-level 
mean daily ablation rate for the same time range (March 21, 2019, to March 28, 2019). Error bars represent the 90% confidence 
interval on the curve. 
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5.4. Discussion 

 Fine resolution gridded models of snow depth, SWE, and average daily ablation 

produced from high precision mobile terrestrial LiDAR scans provided a unique ability to consider not 

only stand-level averages of peak SWE and ablation recovery, but also the variability of within-stand 

recovery related to the influence of individual tree crowns. By considering below-crown snowpack for 

trees within each stand, we were able to better understand the process by which hydrological recovery 

progresses as a replanted stand matures, and a continuous canopy develops. 

While significant differences in both peak SWE and daily ablation existed between the openings 

and CBC areas in each stand, this significance when considered alone, fails to identify the drivers or 

reasons behind this difference. Although there was a decrease in peak SWE in the CBC area with 

increasing stand maturity, the magnitude of this difference in each site changes as trees grow. As the 

trees mature, there was a stand-level reduction in the peak SWE related to increasing canopy cover and 

interception ability which affects not only the CBC area, but also the accumulation in the openings. 

However, the reduction in peak SWE observed between sites is much more pronounced in CBC areas 

than in the openings.  

In J2, where trees have small diameter crowns, individual trees are less effective at reducing 

ground-level snow accumulation through interception, and the peak SWE is similar in the openings and 

below-crown areas. In J10, where individual trees have a greater interception capacity than trees in J2 

due to their larger crown diameter, there was a greater decrease in the below-crown peak SWE. 

However, in this site the canopy is still non-continuous, and the control on the below-crown snowpack is 

still highly localized. In this site, below-crown reduction in peak SWE is observable as deep tree wells, 

where openings (areas beyond the crown extent) still have a comparable snow accumulation depth to 

openings in J2. 

In J15, the magnitude of the difference in peak SWE between the openings and below-crowns 

was similar to that seen in J10. However, there were fewer openings overall as the individual crowns in 

this site began to behave collectively as a continuous canopy. This process of increasing interception 

capacity with increasing canopy cover progresses as the stand matures. In the mature site (M) where the 

canopy was continuous, the snowpack in any remaining small openings is controlled by the stand level 

canopy cover, and the peak SWE in this site was much more uniform throughout the stand. 
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The average daily ablation rate decreased with increasing stand maturity, with significant 

differences between the opening and CBC areas in each site. The total range in average daily ablation 

also decreased with increasing stand maturity, as the individual tree crowns coalesce to form a more 

uniform canopy cover. The greatest decrease in daily ablation rate was observed between sites J2 and 

J10. The ablation rate in the openings in J2 was lower than in the CBC area. This observation in J2 is 

contrary to the taller juvenile and mature stands, where the individual crowns display reduced melt 

rates in the below-crown area. In J2, comparisons of daily ablation in the combined open area to below-

crown areas, grouped according to tree height, highlights a period when trees smaller than 5 m 

correspond with an increased ablation rate compared to the adjacent openings. Longwave radiation 

emitted from these small trees may be driving this increase and is consistent with observations of LWR 

emission by trees under 5 m in height observed by Hotovy and Jenicek (2020). This finding is an example 

of negative ablation recovery and describes a period of time when juvenile trees act to increase the 

below-crown melt rate relative to the clearcut condition. While negative recovery has been observed in 

previous studies (Buttle et al, 2005; Winkler and Boon, 2015), the space-for-time substitution design 

used here provides new insights of the process by which a recently replanted stand in a snow-

dominated watershed transitions from a period of negative to positive hydrological recovery.  

Peak SWE and daily ablation in regenerating juvenile stands recover at different rates. The 

recovery of ablation rate begins later than for peak SWE due to an initial period of negative ablation 

recovery but progresses more quickly than recovery of peak SWE. Higher stocking densities in recently 

replanted stands may exacerbate the negative recovery ‘effect’ as the below-crown area of many 

individual trees cumulatively increase the ablation rate of the stand. Minimal peak SWE recovery in a 

recently replanted stand, paired with this period of negative recovery could have hydrological 

implications at a watershed scale. The negative recovery ‘effect’ is of greatest concern for watersheds 

where the majority of harvest has occurred over a narrow time span. In these watersheds progressively 

larger increases in stand level ablation rates as the juvenile stand grows through the 5 m height 

threshold has the potential to cause progressively larger changes in stream flow during the first decade 

or more of regrowth.   

This study primarily focused on recovery of north aspect stands according to tree height, rather 

than canopy cover. While other studies (Buttle et al, 2005; Hudson, 2000; Winkler and Boon, 2015) have 

considered the influence of canopy cover to quantify hydrological recovery at a stand level, the sites 

used in this study were too small to establish these relationships. However, by quantifying the influence 
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of individual trees on hydrological recovery according to tree height, differences in canopy cover, either 

naturally occurring or related to selective harvest or post-harvest restocking density, could potentially 

be accounted for by adjusting the total CBC area within the stand. This ability to combine the influence 

of individual trees enables potential transferability of the applied recovery to stands with a high degree 

of internal variability in vegetation height and density. However, the transferability of recovery curves 

developed from this study to stands with different topographic characteristics such as elevation or slope 

aspect, or to stands with different species composition, would require further study.  

Although individual tree crowns may influence the below-crown snowpack of neighboring trees 

and adjacent openings, this ‘neighbor’ effect was not specifically investigated in this study. The general 

trends observed here, which show a stand-level decrease in both peak SWE and ablation rate not only 

for the full stand, but also for cumulative open areas as stands mature, suggest that this effect may be 

significant. Additionally, the large range of below-crown ablation recovery values observed for juvenile 

10 m – 20 m trees (Figure 5-12) suggests that individual tree crowns are unlikely be the sole factor 

influencing measures of below-crown ablation recovery in these juvenile stands.  

The opportunistic study design employed here utilized the cumulative open areas in J2 to 

represent the clearcut condition. The total open area in J2 accounted for approximately 50% of the site 

and was assumed to act as an effective proxy for a clearcut, as the very small trees lacked interception 

capacity and were largely needle-free western larch. The extent to which the small trees in this site may 

have contributed to the net energy balance in the adjacent openings is unknown. Quantifying their 

influence on peak SWE and ablation would require a more rigorous study comparing J2 openings to a 

fully clearcut area.  

The use of mobile terrestrial LiDAR allowed for the development of exceptionally high-resolution 

snow surface, terrain models, and forest delineation, even under dense forest canopy where aerial point 

clouds from aerial LiDAR are sparse. The presence of understory brush in J10 introduced uncertainty for 

surface models representing bare ground and low-snow conditions. Clearing understory brush in the fall, 

prior to the start of snow accumulation would have reduced this uncertainty. The range of the LiDAR 

unit was effective for measuring canopy height and structure in trees up to approximately 25m in 

height. Above this height, occlusion by lower branches reduced the point density of the upper canopy, 

resulting in lower-resolution canopy height model.  
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This study focused on north aspect slopes, where vegetation has been shown to play a larger 

role in determining differences in the energy balance between forested areas and openings. On north 

aspects, differences in peak snow accumulation between openings and CBC areas was greatest in 

juvenile stands where the canopy is non-continuous, and where trees crowns were smaller and lack the 

interception ability of a mature stand. Individual tree crowns in these juvenile stands have a strong but 

localized control on both peak SWE and ablation. Recovery of peak SWE on north aspects in the Rover 

Creek begins when trees reach a height of approximately 3 m, while ablation recovery begins at 

approximately 5 m, with both peak SWE and ablation reaching full recovery when stands are 

approximately 30 m in height. These study outputs are similar to those found by Winkler and Boon 

(2015), although the start of recovery was delayed and reaches full recovery when stands are 5 m taller 

than those included in this prior study. 
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5.5. Conclusions 

Previous studies (Hudson, 2000; Buttle et al., 2005; Winkler and Boon, 2015) investigated the 

process of hydrological recovery by comparing the stand-average peak SWE or daily ablation, resulting in 

generalized stand-level recovery curves. These simplified models of recovery lack transferability to 

stands where forest cover characteristics differ greatly from reference sites. The fine-resolution snow 

depth and vegetation models derived from LiDAR used in this study allowed for the investigation of 

hydrological recovery at both the stand level and at the scale of the individual tree. By considering the 

influence of individual tree crowns on below-crown snowpack measures of peak SWE and ablation rate, 

hydrological recovery at a stand level can be estimated by aggregating the effect of individual trees, 

regardless of unique stand characteristics and within-stand variability.  

The results from this study indicate a period of negative ablation recovery for juvenile trees less 

than 5m in height. These findings support those observed by Buttle et al (2005) and Winkler and Boon 

(2015). Although negative recovery has been reported previously, the height at which trees transition 

from having a negative to positive influence on the stand’s hydrological recovery is newly identified.  In 

recently replanted clearcut stands where trees are smaller than approximately 5 m in height, individual 

trees have very little control on peak SWE but do increase the below-crown ablation rate compared to 

open areas. Depending on the stocking density of these smaller trees, and the total area of recently 

replanted blocks, the potential cumulative influence on the stand-wide ablation rate could have 

implications for annual stream flow including peak flows within a watershed. 

This study focused on north aspects between 950 m and 1050 m elevation, while the individual 

sites included in this study were limited to primarily Douglas fir, lodgepole pine, western larch, cedar, 

and hemlock-dominated stands, where much of the forestry-related disturbance in the Kootenay region 

of British Columbia is focused. To better understand how hydrological recovery processes differ 

throughout a watershed, and to improve predictions of watershed-scale hydrological response to 

current and projected levels of forest disturbance, the outcomes from this study should be 

supplemented with a more comprehensive assessment of tree-scale and stand-scale recovery in juvenile 

and recovering stands representing a more complete range of species, slope gradient, aspect, and 

elevation.  
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Appendix 

 
Figure 5-A1 Snow depth to Snow Water Equivalent (SWE) relationships derived from snow core sampling using a standard 
Federal snow tube in study sites J2, J10, J15, and M undertaken from March 14, 2019, through the stand specific end of the 
ablation period (March 31-April 24) in each site. 
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CHAPTER 6: Conclusions and future work 

This thesis presents the first LiDAR-based analysis of the recovery of hydrological processes 

according to forest stand regeneration. Utilization of mobile terrestrial LiDAR scans for investigations of 

sub-canopy snow processes allow for the quantification of peak SWE and ablation rate to be considered 

at spatial resolutions not possible in prior studies. 

In Chapter 4, these fine-resolution models were used as a proxy for a snowpack to investigate 

how point sampling distances might impact stand-averaged estimations of peak snow depth and melt 

rate. Stand-averaged calculations from point samples collected at traditional 10 m to 15 m point 

sampling distances were compared to stand averages resulting from increasingly smaller sampling 

distances. For snow depth, sampling distances greater than 10 m, and for daily ablation, distances of 

greater than 6 m were shown to produce a larger range of values. Below these sampling distances, the 

calculated values were less variable. The greatest range in stand-averaged peak snow depth was 

observed in juvenile 10 m and 15 m stands where the within-stand snow variability is greatest. In J10, 

the range in derived stand-level snow depth differed by 20 cm depending on the sampling distance 

used. This suggests that for areas where small trees and vegetation contribute to greater within-stand 

depth variability, much higher sampling intensity is required to accurately quantify the snowpack. 

Decreasing the sampling distances to 1 m in J10 and to 2 m in J15 reduced the uncertainty in derived 

snow depths.  

Between-stand differences in snow depth related to differences in stand maturity indicate that 

higher sample sizes and smaller sampling distances are required for identifying differences between 

stands with similar levels of maturity. As the melt season progresses the sampling intensity required to 

identify differences between juvenile and open stands increases, while the sampling intensity required 

to identify differences between juvenile and mature stands decreases.   

Individual tree crowns and their associated treetop heights were derived from canopy height 

models produced from the mobile terrestrial LiDAR scans performed at the end of the snow melt period 

in each site. The footprints of these trees were used in Chapter 5 to assess both stand-level relationships 

between peak SWE and daily ablation according to stand maturity, as well as to investigate how 

individual trees within each stand influence the below-crown snowpack and stand-level snowpack 

variability.  
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Previous studies undertaken to quantify the process of hydrological recovery compared stand-

average peak SWE or daily ablation, resulting in generalized stand-level recovery curves. These 

simplified models of recovery lack transferability to stands where forest cover characteristics differ 

greatly from reference sites. The fine-resolution snow depth and vegetation models derived from LiDAR 

used in this study allowed for the investigation of hydrological recovery at both the stand level and at 

the scale of the individual tree. By considering the influence of individual tree crowns on below-crown 

snowpack measures of peak SWE and ablation rate, hydrological recovery at a stand level can be 

estimated by aggregating the effect of individual trees, regardless of unique stand characteristics and 

within-stand tree height and crown cover variability. 

This study reveals a much more complicated relationship between stand maturity and the 

process of hydrological recovery, particularly in juvenile stands where individual tree crowns act to 

control sub-crown snowpack. Outputs presented here highlight a period of negative ablation recovery 

for juvenile trees less than 5 m in height. These findings support those observed by Buttle et al (2005) 

and Winkler and Boon (2015). Although negative recovery has been reported previously, the height at 

which trees transition from having a negative to positive influence on the stand’s hydrological recovery 

is newly identified.  In recently replanted clearcut stands where trees are smaller than approximately 5 

m in height, individual trees have very little control on peak SWE, but do increase the below-crown 

ablation rate compared to open areas. Depending on the stocking density of these smaller trees, and the 

total area of recently replanted blocks, the potential cumulative influence on the stand-wide ablation 

rate could have implications for annual stream flow including peak flows within a watershed. 
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Limitations and Future Work  
 

This limited study focused exclusively on north aspects between 950 and 1050 m elevation 

within a single biogeoclimatic subzone characterized Douglas fir, lodgepole pine, western larch, cedar, 

and hemlock-dominated stands. To better understand how hydrological recovery processes differ 

throughout a watershed, and to improve predictions of watershed-scale hydrological response to 

current and projected levels of forest disturbance, the outcomes from this study should be 

supplemented with a more comprehensive assessment of tree-scale and stand-scale recovery in juvenile 

and recovering stands representing a more complete range of species, slope gradient, aspect, and 

elevation. An investigation of the relationship between canopy cover and hydrological recovery should 

also be incorporated into any future works as canopy cover acts to control the net energy reaching the 

snow surface.  

 To better understand the potential implications of the initial period of negative ablation 

recovery observed in the below-crown snowpack associated with trees less than 5m in height, the 

influence of these small trees on below-crown peak SWE and ablation rate should be investigated on 

south aspects, and across a range of elevations. A more comprehensive understanding of the timing and 

height at which regenerating stands throughout the watershed transition from negative to positive 

recovery may be useful for adjusting forestry planning procedures to mitigate a possible period of 

increased flooding risk due to faster melt. 

Aerial LiDAR surveys offer an opportunity to investigate hydrological recovery across a full 

watershed basin using methodologies presented here, although an improved methodology for 

determination of depth to SWE relationships across a range of elevations and aspects is required. For 

this study, depth to SWE relationships were developed from direct sampling of the snowpack. This 

labour and time-intensive approach is unrealistic in a large or topographically complex watershed where 

elevation and aspect will influence snowpack density. The accuracy of any aerial lidar-based assessment 

should be calibrated using finer-precision mobile terrestrial LiDAR scans, as ground point densities and 

positional accuracies from an aerial platform are typically much lower than from terrestrial LiDAR scans, 

particularly in areas with thick vegetation or topographic relief.  
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