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Abstract  

Fire severity assessments reveal fire’s lasting damage to grassland soil. New methods in 

remotely piloted aircraft systems (RPASs) and structure-from-motion processing allow for high-

resolution models capable of characterising fine details in soil fire severity. This research used a 

low-flying RPAS to capture pre- and post-fire images and generate models of soil depth-of-burn 

(DoB) at Ya Ha Tinda Ranch, Alberta, Canada. Results show that RPAS-derived DoB 

measurements are highly accurate compared to those in-situ when vegetation is absent in pre-fire 

imagery (RMSE = 1.48 cm) and when it is intact (RMSE = 2.57 cm). The technique developed 

here for filtering ground surface beneath vegetation is applicable anywhere a bare-earth model is 

required and should be further studied in variable terrain with multiple flying altitudes. This fire 

severity assessment method can be used to augment and corroborate established multispectral 

analysis techniques while replacing subjective and time-consuming severity ground-truthing 

protocols.  
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Methods for Fire Severity Assessments with Unmanned Aircraft Systems 

Chapter One – Introduction  

1.1. Context 

Fire’s presence in North American grasslands has changed over the past century and a half. 

Historically, routine fires set by Indigenous peoples attracted grazing ungulates by renewing 

forage quality—a process known as pyric herbivory (Fuhlendorf, Engle, Kerby & Hamilton, 

2009; Kay, White, and Patton, 1999). This pattern of burning and grazing promoted a high 

diversity of grassland plant and animal species in a patchy, or heterogeneous, arrangement on the 

landscape (McGranahan et al., 2012). Since European settlement, fires have been supressed and 

domestic cattle have replaced free-ranging bison in a rangeland paradigm of maximising yields 

(Starns et al., 2019). The result is low spatial heterogeneity and reduced biodiversity (Fuhlendorf 

and Engle, 2001). Where routine burning once reduced grassland fuel build-up, there are now 

woody plants that can spur wildfires of an unfamiliar intensity (Neary & Leopold, 2020). The 

increased fire residence time causes soil heating to lethal temperatures, resulting in plant and 

seed mortality, reduced soil productivity, increased sedimentation, water loss, erodibility, and 

compromised carbon sequestration (Jain, Pilliod, Graham, Lentile & Sandquist, 2012; Moody, 

Shakesby, Robichaud, Cannon & Martin, 2013; Neary & Leonard, 2020).   

Pyric herbivory has been reintroduced to Canada’s Banff National Park to revive the 

historic structure, function, and composition of the park’s grasslands and woodlands. In 2018, 

thirty-one plains bison (Bison bison) were reintroduced to a remote region of Banff after a 150-

year absence (Laskin, Watt, Whittington & Heuer, 2020). Within the bison reintroduction zone, 

the Park has begun to prescribe controlled grass fires that bison and many other species in Banff 

have evolved with and continue to require for optimal habitat conditions (Banff National Park, 

2018; Campbell & Hinkes, 1983; Ranglack & du Toit, 2015). To understand how forage quality 

and other aspects of grassland habitat is affected by fire, information on soil fire severity is 

needed.   

In the context of a wild or prescribed fire, fire severity is defined generally as post-fire 

effects (Lentile et al., 2006). As an empirical study, fire severity consists of numerous measures 

of biomass loss (Keeley, 2009), with more biomass loss equating to more ‘severe’ fire (Key & 

Benson, 2006). In this thesis, the term ‘fire severity’, rather than ‘burn severity’, is used. Though 
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each refers to post-fire effects (Lentile et al., 2006), ‘fire severity’ is said to signify conditions 

immediately following combustion (Key & Benson, 2005) whereas ‘burn severity’ has been used 

to refer to the effects of combustion in the long term (Lentile et al., 2006)—although some 

studies consider ‘burn severity’ and ‘fire severity’ as interchangeable (Keeley, 2009).  

The topmost part of the soil most affected by fire is known as duff. Duff includes partially 

decomposed organics, such as leaf litter, and humus, or fully decomposed organic material 

(Robichaud & Miller, 1999). Indications of soil fire severity include the degree of duff 

consumption, colour change, loss of structure, root combustion, and water repellency (Jain et al., 

2012; Parsons, Robichaud, Lewis, Napper and Clark, 2010). Soil temperature during fire is one 

of the most direct determinants of soil fire severity, as high heat causes proteins in plant roots to 

coagulate thus killing the plant (Neary & Leopold, 2020). But since it is not practical to measure 

soil temperature in-situ during a fire, measuring depth of burn (DoB) post-fire is a suitable proxy 

(Moody, Shakesby, Robichaud, Cannon & Martin, 2013), and is the metric of soil fire severity 

studied here.   

Central to tracking DoB in the duff is identifying the depths which present high or extreme 

fire severity. In places where the duff is thin and low in moisture, fire can easily consume it 

exposing mineral soil and creating hydrophobic conditions conducive to high water runoff 

(Robichaud & Miller, 1999). Thus, differentiating between metres and decimetres of burn-depth 

is not sufficient if fire severity assessors seek to explore the subtleties of fire effects where a few 

centimetres may be the difference between swift ecologic recovery and a loss of soil biomass 

resulting in plant mortality, heightened vulnerability to invasive weeds, flooding, 

sedimentation...etc. (Neary & Leopold, 2020; Parson et al., 2010; Robichaud & Miller, 1999). To 

determine whether RPAS technology is fit for differentiating decimetre and centimetre DoB, 

further research must include an analysis of sensitivity on these small scales.   

1.2. Previous Research  

Previous studies have explored methods for rapid fire severity assessments using remotely-

sensed multispectral reflectance data (i.e. near-infrared and red light) captured from a remotely 

piloted aircraft system (RPAS). RPASs are a low-cost solution for gathering high spatial- and 

temporal-resolution imagery—ideal for repeated flights over small areas to track changes from 

fire. In addition to multispectral metrics, RPAS technology offers structural metrics from 

structure-from-motion (SfM) workflows. SfM is a form of photogrammetry used to construct 3D 
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point cloud models (Szpakowski & Jensen, 2019). Photogrammetry is the process of three-

dimensional reconstruction of an object from two-dimensional overlapping images taken from 

multiple perspectives; i.e. camera angles (Luhmann, Robson, Kyle & Boehm, 2020). Multiple 

camera angles create the parallax effect, or the apparent difference in an object’s position from 

each perspective, allowing a scene’s geometry to be constructed through triangulation (Westoby, 

Glasser, Hambrey & Reynolds, 2012). This is akin to generating depth perception with the use of 

both eyes. SfM is a photogrammetric process where neither the geometry of the target object nor 

the position of the camera is known, a priori; they are determined through an automated 

matching of features common to multiple images (Westoby et. al, 2012). Point clouds with 

sufficiently high resolution can resolve the structure of plant material and recreate them in 

realistic 3D models (Bright, Loudermilk, Pokswinski, O’Brien & Hudak, 2016) thus making 

point clouds ideal for modelling physical changes from fire. With cameras mounted on their 

underside, the low flying-altitude of RPASs allows for imagery of a high enough spatial 

resolution to build point clouds that discriminate fine-scale fire effects relevant to grassland 

ecology (Beltran-Marcos et al., 2021). Taking direct measurements of soil biomass loss with an 

RPAS (i.e., centimetres of duff receded) has more to offer than the inferred fire severity of 

traditional multispectral assessments (Morgan et al., 2014) and warrants further study.  

Several recent fire severity studies have explored RPAS-based multispectral imagery (i.e. 

Beltran-Marcos et al., 2021; Carvajal-Ramirez et al., 2019; Fraser, van der Sluijs & Hall, 2017; 

McKenna, Erskine, Lechner & Phinn, 2017; Pérez-Rodriquez et al., 2020; Samiappan et al., 

2019), yet, none of these have explored the potential of SfM for measuring structural loss, and 

DoB in particular, in conjunction with multispectral solutions. Of the research that has explored 

RPAS structural metrics, a multitemporal study (comparing pre-burn and post-burn) by Simpson 

et al. (2016) tested SfM for measuring DoB in peatlands by subtracting a post-fire digital terrain 

model (DTM) from a pre-fire DTM (models of the bare ground interpolated from the point 

cloud). To gauge DoB with differenced DTMs, vegetation must be completely removed from the 

pre-fire DTM in a ground filtering process. The ground-filtering process is often unsuccessful 

and low-lying grass becomes mistaken for the ground level and factored into the subtraction of 

the models. This produces a result that is not representative of duff recession from fire but an 

overestimation of it—here referred to as a biased model. Simpson et al. (2016) filtered their pre-

burn DTM with a proprietary software and note model bias when comparing their overall best 
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interpolated pre-burn surface to LiDAR reference data (RMSE = 0.12 m) captured with a spatial 

resolution of 1 m. Meng et al. (2017) also found significant bias (RMSE = 0.342 m) as their 

ground-filtered DTM overestimated the height of ground level due to the density of overlying 

vegetation. They opted to correct the DTM using the support vector machines machine learning 

algorithm. Their best-performing classification produced an RMSE of 0.187 m in low vegetation. 

These results call for a better way to correct bias with ground filtering in photogrammetry 

software. Further research is needed into developing and implementing a terrain correction 

technique at high resolution that do not overestimate ground surface and undermine DoB 

estimates.  

Another aspect of RPAS fire severity studies that is unexplored is the accuracy of different 

model types. In multitemporal studies of fire severity like that of Aicardi et al. (2016), 

photogrammetric point clouds were converted into raster data before model differencing. Rasters 

resample the discrete points of a 3D point cloud into a continuous pixelated two-dimensional 

surface (El-Ashmawy & Shaker, 2014) with each pixel representing a value such as average 

elevation (ArcMap, 2016). The raster format is easily rendered and exported to a GIS 

environment for analysis. However, rasters lose the complexity of objects on the landscape; a 

slope becomes a staircase, and changes that occur on axes other than orthogonal to z are hidden 

(DiFrancesco, Bonneau & Hutchinson, 2020). In contrast to raster differencing, M3C2 

(multiscale model to model comparison) is the subtraction of point clouds which have retained 

three dimensions (Lague, Brodu & Leroux et al., 2013). The M3C2 algorithm takes local surface 

orientation into account as it measures distances along a normal vector between point clouds 

(DiFrancesco et al., 2020). The M3C2 approach seems optimal for measuring changes with an 

RPAS along numerous axes in fire-affected landscapes. A direct comparison of rasterized and 

non-rasterized point cloud differencing in a multitemporal study is needed in the context of 

RPAS-SfM assessments of DoB. 

Testing an RPAS in grassland fire severity requires several experimental steps. For starters, 

a set of experimental plots is needed as it is easier to control DoB in plots rather than find it 

opportunistically in a wild or prescribed burn. This approach also provides the opportunity for a 

multitemporal study where measurements, both RPAS and ground-based, are differenced, 

allowing for measures of change—an approach which many experiments do not afford 

themselves. The plots can be arranged in such a way that changes pre- to post-fire can be 
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measured consistently with many repetitions and without the added complication of fire’s spatial 

randomness impeding the collection of copious ground-based reference points. 

Controlling for fire presents variables for testing. Burning in plots means that fire is 

quickly extinguished after ignition. This means that before the next treatment commences, there 

is time to test various RPAS flying heights for a better understanding of what image resolution 

serves best. With many plots and treatments, there is also a chance to compare RPAS accuracy in 

measuring sizes of burn depth. Perhaps most importantly, there is an opportunity to test the 

RPAS for measuring changes when vegetation is and is not present. The next section provides a 

breakdown of the experimental variables into a set of objectives and hypotheses.  

 

1.3. Objectives and Hypotheses   

The overall goal of this project is to evaluate the use of RPAS-SfM technology for measuring 

changes in surface elevation associated with soil and/or duff fire severity (DoB). This will be 

done in experimental plots to control for fire severity. Specific objectives included the following.    

 

1. Assess the accuracy of RPAS-SfM in measurements of elevation change where vegetation 

is not present. 

a) Determine whether raster or M3C2 differencing provides higher accuracy 

measurements.  

b) Assess the accuracy of RPAS-SfM measurements for different amounts of surface 

elevation change.   

c) Assess the accuracy of RPAS-SfM measurements for two flying altitudes. 

2. Accurately predict changes in elevation starting from a digital terrain model. 

a) Predict the elevation of terrain surface beneath the vegetation using a ground-

filtering technique. 

b) Use a linear regression model in a test dataset to correct terrain height for more 

accurate predictions. 

c) Create a set of maps that indicate elevation change from depth-of-burn after terrain 

correction.   

 

Pertaining to these objectives are the following hypothesis. 
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1. RPAS and in-situ measurements of elevation change will be significantly related. 

2. There will be significantly less error in M3C2 than in the rasterized point cloud model 

differencing. 

3. There will be significantly less error in the larger bin than in medium or small bins when 

depth-of-burn is grouped by size. 

4. There will be significantly less error in RPAS measurements at the 40 m flying-altitude 

than at the 60 m flying-altitude. 

5. There will be significantly less error in RPAS measurements when the digital terrain model 

is corrected with linear regression equations.  

 

As fire will be controlled in this experiment, it will be burned in each plot using propane 

torches. As it will take considerable time and copious amounts of fuel to achieve burn depths of 

several centimetres (i.e. > 10 cm), it is expected that digging and excavation of soil material will 

simulate severe fire conditions in this experiment. As such, results will often be referred to as 

change in elevation rather than DoB—though the terms may be used interchangeably throughout 

this thesis.  
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Chapter Two – Background 

This section will delve deeper into the topics which motivate and bring context to this 

thesis. To start, there is a general description of wildfires in Canada in modern times. A detailed 

review of fire severity assessment techniques follows. Finally, remote sensing and RPAS 

technology, as it relates to fire severity assessments, is introduced.    

2.1. Worsening Wildfires 

Although wildfires have a crucial role in renewing vegetation and driving biodiversity, 

they increasingly force evacuations, destroy property, reduce air quality, and disrupt businesses 

including tourism, agriculture, and forestry (Wang & Strong, 2019). In British Columbia, 2017 

and 2018 were back-to-back record-breaking fire seasons for area burned, with 1,346 wildfires 

burning 1.22 million hectares in 2017, and 2,117 fires burning 1.35 million hectares a in 2018 

(British Columbia, n.d.). In 2017, a Provincial State of Emergency stayed in place for 70 days as 

65,000 people fell under evacuation orders (British Columbia, n.d.). The costs of fire 

management and suppression amounted to $649 million and $615 million in 2017 and 2018, 

respectively (British Columbia, n.d.). Two of BC’s worst 2017 fires, Plateau and Elephant Hill, 

totalled $127 million in damages (Judd, 2017). Grassland fires have also begun to grow in size 

(Donovan, Wonkka, Twidwell, 2017). In the last fifteen years, 41 million hectares of the 

American Great Plains burned (NIFC, 2017). This raises concern over the preparedness of local 

communities with small volunteer brigades that are not backed by federal firefighting resources 

(Donovan, Wonkka, Twidwell, 2017). 

These scenarios are part of a widespread shift in fire regimes (Morgan, Hardy, Swetnam, 

Rollins, & Long, 2001; Westerling, Turner, Smithwick, Romme & Ryan, 2011). Fire regimes are 

the pattern of wildfire across an ecological community over time (See Appendix A; Neary & 

Leopold, 2020). Fire regimes shift in response to factors of vegetation, climate, and ignitions 

sources (Parisien & Moritz, 2009). These will be expanded upon in the following paragraph.  

In many ecological communities, vegetation has accumulated into an overabundance of 

fuel with natural fire suppression and exclusion as central land management policies (Keane et 

al., 2002). Fire suppression is intended to protect late successional species (i.e. mature conifers) 

for their commercial timber value in forests (Meffe, 2001), and to ensure stable commercial 

agriculture in grasslands (Starns et al., 2019). Ironically, not allowing regular fires to ‘clean up’ 

overgrown vegetation has led to the outbreak of more uncontrollable and devastating fires in 
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addition to surges in damaging insects and blights (Agee & Skinner, 2005). A rise in global 

temperatures has prompted more fire weather—conditions of high temperature and low rainfall 

(Jones et al., 2020). This coupled with climate trends such as milder winters and earlier spring 

snowmelt (Westerling, Hidalgo, Cayan & Swetnam, 2006) make fuels more flammable and 

increase the likelihood of wildfire events (Abatzoglou & William, 2016). Finally, a rise in human 

activity where wildfires burn has led to more human ignition sources in addition to the increase 

in lightning ignitions (Boulanger, Gauthier, Gray, Le Goff, Lefort & Morissette, 2013).  

2.2. Fire Severity  

As fire regimes shift, studies of fire severity are essential to understanding the effects of 

heightened fire intensity on the landscape (North & Hurteau, 2010; Westerling et al, 2011; Key 

& Benson, 2006). Assessing fire severity aids in understanding fire’s adverse effects on timber 

resources, wildlife habitat, nutrient cycling, and soil retention (Cram, Baker & Boren, 2006). As 

tree mortality is heightened, resistance to harmful invasive species is diminished, flooding and 

soil erosion occur, biological recovery is slowed, and carbon sequestration is reduced (Dore et 

al., 2012; Hamilton, 2018; Kalies & Yocom-Kent, 2016). Powerful fire severity assessments 

inform managers on the manner in which terrestrial and hydrologic restoration treatments should 

be applied in the wake of devastating fire, and on the effectiveness of fuel reduction for restoring 

ecosystem function and protecting human lives and assets from future events (Arkin, Coops, 

Hermosilla, Daniels & Plowright, 2019; North and Hurteau, 2010).  

Measurements of Duff In in-situ studies, a direct measurement of duff recession from fire 

is achieved by placing a duff pin (a steel rod) into the earth before fire (Robichaud & Miller, 

1999). The pin head is placed flush with the top of the duff, and once a fire has burned, the 

practitioner measures the new height of duff against the rod to get a measure of burn depth 

(Robichaud & Miller, 1999). Though effective, pin placement can be time-consuming if the fire 

covers a large area and many pins need to be placed. A hands-free method to direct duff 

recession measurements could potentially save many hours of boots on the ground.  

2.3. Remote Sensing Technology 

Since fire severity assessments are extensive and often difficult to access in the field, 

assessors often use images from remote sensing satellites for landscape-level solutions. In 

conventional severity assessments, the spectral signature of fire-affected surfaces is captured 
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from the reflectance of an index of bands in the electromagnetic spectrum (EMS) such as the 

normalised burn ratio (NBR). This index uses the near-infrared and mid-infrared bands, with the 

former decreasing and the latter increasing with more complete, or ‘severe’, fire (Cansler & 

McKenzie, 2012). The NBR is calibrated by establishing the relationship of the imagery and the 

different strata of fire-affected soil and vegetation, or factors, on the ground (Stambaugh, 

Hammer & Godfrey, 2015). Fire effects in each factor are determined using a ground-based 

scoring protocol such as the composite burn index (CBI). CBI scores determine the thresholds of 

burn severity categories and present the location of low, medium, and high burn severity in a 

final map output (Hudak et al., 2007; Stambaugh, Hammer & Godfrey, 2015).  

Conventional multispectral approaches to fire-severity assessment such as NBR present a 

number of challenges. First, the associated ground-truthing protocols can be overgeneralised. 

The CBI protocol does not incorporate site-specific empirical measures of fire severity into each 

factor’s rating (Jain et al., 2012); rather, the assessor assigns each factor a score (ranging from 1 

to 3) based on generic criteria and then averages the scores together. This procedure provides 

little detail about the actual effects of fire in each vegetation type. Furthermore, CBI scores are 

estimated through visual interpretation (i.e., percent ash cover), allowing for inconsistency in 

scoring among practitioners and between assessments (Gallagher, Skowronski, Lathrop, 

McWilliams & Edwin, 2020; Morgan et al., 2014). Even with consistent scoring, studies can 

produce different multispectral responses due to study latitude and vegetation type (Parks et al., 

2019).  

The use of satellite imagery in fire-severity assessments also presents challenges 

(Hamilton, 2018; Samiappan et al., 2019). The low resolution does not capture fine-scale 

heterogeneity, especially at the lower strata (Cocke, Fulé & Crouse, 2005; Jain et al., 2012), and 

makes the severity assessments difficult to interpret ecologically (Parks et al., 2019). Finally, 

ground sampling is a laborious task with courser imagery; practitioners must sample dozens of 

large calibration plots (30 m2) to generate enough reference data for a statistically significant 

assessment (Key & Benson, 2006). Fire practitioners could benefit from a method for truthing 

the NBR and other fire indices that is rooted in empirical measurements of real ecological 

significance, and which doesn’t involve traversing large geographical areas such as for placing 

duff pins for measuring duff recession from fire.  
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2.3.1 Remotely Piloted Aircraft Systems RPASs can address some of the difficulties of 

conventional remote sensing fire severity assessments using the detailed SfM point-cloud models 

described above. Several software packages, including Agisoft Photoscan (now Agisoft 

Metashape) version 1.4 (Agisoft LLC, St. Petersburg, Russia), are used to process RPAS images 

into point clouds in a user-friendly workflow. Measurements of length and area can be taken 

from objects in a point cloud (Luhmann et al., 2020) using Agisoft, ArcGIS (ESRI, Redlands, 

California USA), and CloudCompare (GPL software), and can include various structural metrics 

of plant and soil material such as height and volume (Poley, 2020). With the ability to resolve 

structural metrics and make fine-scale quantitative measurements in 3D across multiple epochs, 

RPAS-SfM could soon replace the qualitative and time-consuming ground-truthing protocols of 

fire severity assessments. This is a big step toward the more rapid, objective, repeatable, and 

spatially explicit fire severity assessments (Beltran-Marcos, 2020; Fraser, van der Sluijs, & Hall; 

Hudak et al., 2020). In the next section, an experiment for testing burn depth measurement 

accuracy using SfM and a low-flying RPAS is described.   

Chapter Three – Materials and Methods 

3.1. Study Area 

The field data for this study was collected at Ya Ha Tinda Ranch, Alberta—an area which 

is managed by Parks Canada and lies on the eastern boundary of Banff National Park in the 

Canadian Rockies (see Figure 1).  
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Ya Ha Tinda 

Ranch, Alberta 

Figure 1. Location of Ya Ha Tinda Ranch, Alberta. Source: ESRI, Maxar, GeoEye, Earthstar 

Geographics, CNES/Airbus DS, USDA, USGS, AeroGrid, GIS User Community, Garmin, NPS.  
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Approximately one third of the 3,945-hectare ranch is a montane grassland providing critical 

habitat to grazing ungulates and large carnivores (Hebblewhite, M., & Merrill, E. H., 2009). The 

common plant species at Ya Ha Tinda include hairy wild ryegrass (Elymus villosus), Kentucky 

bluegrass (P. pratensis), smooth brome (Bromus inermis), shrubby cinquefoil (Potentille 

frutescente), shrub birch (Betula giandulosa), trembling aspen (populus tremuloides), Englemann 

spruce (P. engelmannii), and Douglas fir (Psedotsuga menziesii). Forests have encroached 

considerably on the grassland area since fire suppression began over a century ago (Kay et al., 

1999). The sites area is approximately 1,600 m above sea level with long cold winters and short 

cool summers. Lying adjacent to the current bison reintroduction zone in Banff Park, Ya Ha 

Tinda is well situated to support the growing Banff herd in future years.    

3.2. Site and Plot Selection  

Data was collected on two sites of flat ground with homogenous grass-cover approximately 

100 m apart. The sites were created by walking two 20 m transects which crossed one another. 

Within each site, we created 10 plots using a 4 m2 quadrat. The quadrat was placed on the ground 

to establish each plot’s boundary, and long survey pins were driven into the ground at the four 

corners. The quadrat allowed us to place the pins the same distance apart in each plot. Pins were 

not flush with ground surface but protruded to approximately grass height. A wooden beam 3 m 

long was placed at a diagonal across each plot with a builder’s level to ensure that each set of 

opposing pins was at the same height. Throughout the experiment, the wooden beam was 

replaced on the pins to take measurements of elevation change. Pigtail markers were placed 

outside the pins with flagging tape strung through them to clearly demarcate plot perimeters (see 

Figure 2). 
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The plots were oriented north-south and spaced apart enough for field personnel to walk easily 

between them and leave the vegetation within plots undisturbed. Eight ground control points 

(GCPs) were placed in each site. A GCP consisted of a survey pin pushed flush with the ground 

at the centre of a 50 cm corrugated plastic target that can be spotted in RPAS imagery. We 

placed the GCPs along the transects we had used to demarcate the sites.  

3.3. Data Collection       

 All in-situ and RPAS data were collected at Ya Ha Tinda between September 21 and 26, 

2020. The study was a set of five iterative treatments undertaken at each plot. Here, grass 

biomass was burned and duff/soil removed to increasing depth at controlled increments, 

simulating iteratively more severe fire and greater depth-of-burn. Removal of soil was done with 

shovels and polaskis. Each treatment depth was measured in-situ by hand, t1-5, and by a 

coincident RPAS overflight, f0-5. All burning/digging was undertaken by the Banff Field Unit 

Fire Crew. As this experiment largely simulated the effects of fire on soil, results are generally 

reported as change in elevation rather than DoB; though the terms are used interchangeably at 

times.  

 

 

Figure 2. The Banff fire crew and Dr. McDermid at Ya Ha Tinda Ranch. 
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Figure 3. An ortho photo of the plots in Site 1, the training site. Next to each plot is a pile of 
excavated material. Map generated in ArcMap 10.7.1. 
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In t1, the crew was instructed to burn off grass biomass only—no duff or soil layers. Tiger 

torches were used to burn vegetation in a manner that resembled a typical grassland fire. Once 

this was completed for each plot, the wooden beam was placed on a diagonal resting on the 

corner pins. This created a static and level datum from which a change in elevation could be 

measured. We took measurements below the datum with a metre stick and recorded the depth in 

centimetres to one decimal place. We obtained six measurements per plot (three on each 

diagonal). The beam was marked to replicate measurements in the exact same location for every 

subsequent treatment. See Figure 4. 

 

 

 

 

 

 

 

 

   

 

 
 

We repeated the dig treatments and DoB measurements for each of t2 through t5. For each 

treatment, roughly 5 cm of duff/soil was removed to simulate greater DoB. There was minor 

variation in depth among plots but we ensured that treatments were consistent within plots. The 

crew treated Site 2 and recorded DoB the same way as they did in Site 1. 

Between DoB treatments, the RPAS was repeatedly flown, f0-f5, to collect measurements 

remotely. We used the fixed-wing eBee Classic RPAS from senseFly (senseFly, Cheseuax-sur 

Laussane, Switzerland) equipped with a SfM-specific 20-megapixel red-green-blue camera 

Figure 4. Taking measurements of elevation change from depth-of-burn with a wood beam 
between treatments. 
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called a S.O.D.A. The eBee has a 110 cm wingspan and weighs 1.1 kg. We planned missions 

over each site using the senseFly flight software eMotion 3. The software automatically 

generates a lawnmower flight pattern when a polygon is created over a desired flying area. For 

image-overlap settings, Dandois, Olano and Ellis (2015) emphasize the importance of forward 

overlap for generating high point cloud density and lowering horizontal positioning error. 

Keeping forward-lap high while lowering side-lap does not significantly affect model quality, yet 

it decreases flying time and image processing time a great deal (Dandois, et al., 2015; Poley, 

2020). Thus, we chose to use a forward-lap of 80% and a side-lap of 70%. For RPAS flying 

height, lower altitudes produce a greater ground sampling distance, or resolution, are thus are 

better for point cloud density (Dandois, et al., 2015). Since Dandois, et al. (2015) tested model 

quality at 50 m above ground level (AGL), we chose to fly at 40 m and 60 m, and test 1.0 cm and 

1.5 cm image resolution, respectively. We set perpendicular flight lines on each mission and flew 

each treatment twice to maximize the number of photos collected.  

GCP locations were surveyed using a Hemisphere S320 real-time kinematic (RTK) global 

navigation satellite system (GNSS). RTK is a precise positioning technique that achieves cm-

level accuracy using two GNSS receivers—a base and rover (Takasu & Yasuda, 2009). In an 

RTK survey, the base remains stationary (known as static mode) and determines its range from a 

number of satellites using carrier phase positioning, or the time delay in the signal sent from a 

satellite to the base receiver (Medeiros, 2018). The rover, by contrast, moves about to mark GCP 

locations and receives real-time position corrections from the base in addition to its own satellite 

signals. The advantages of RTK compared with a stand-alone method (i.e., no base receiver) are 

the short time required for resolving carrier phase ambiguity and the higher accuracy of the 

survey (Bisnath & Gao, 2009). RTK surveying is currently limited to centimetre accuracy with 

more error arising in vertical measurements (Idoko, Sam & Eboigbe, 2020). Since the aim was to 

detect elevation changes of a few centimetres, this study endeavoured to achieve sub-centimetre 

vertical accuracy. To achieve this, we used a trigonometric levelling technique where a total 

station’s slope distance and zenith angle determine the point elevation of each GCP (Idoko et al., 

2020). Working off just one benchmark GNSS measurement prevented the introduction of 

potential error at each GCP. Georeferencing the RPAS imagery with the GCPs provided point 

cloud models of millimetre relative accuracy. See Appendix B for details of the Leica Sprinter 

trigonometric levelling survey.  
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3.4. In-Situ Data Processing    

The DoB measurements were differenced from one treatment to the next to get a set of 

treatment differences (tds). For Part 1 of the analysis, correlation analysis (see Table 1), there 

were 10 pairwise tds performed across 20 plots containing six measurement points. This gave a 

total of 1,200 measurements of elevation change. However, due to corrupted imagery from the t1 

flight over Site 1, any td containing t1 measurements for both sites were dropped. The data were 

also cleaned to remove any egregious outliers and points that mistakenly reported elevation 

increase, rather than decrease, between two treatments. To reduce spatial autocorrelation, five 

points were randomly dropped from each plot so that just one remained. This left 117 

measurements of change.  

For Part 2 of the analysis, regression analysis (see Table 1), tds were derived by subtracting 

each of t2, t3, t4, and t5 from t1. Part 2 used pre-treatment imagery, f0, to correspond with t1 in-situ 

points. Erroneous measurement points and those for avoiding spatial auto correlation were 

dropped in Part 2, providing a total of 80 change measurements. Figure 6 shows the entire 

project workflow, while Table 1 shows the breakdown of treatments and measurements for each 

analysis part.

Figure 5. The author with eBee Classic RPAS in 2019.  
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Figure 6. Workflow Diagram. In the left column, f refers to the RPAS flights undertaken, while t refers to the 
burn treatments. They are numbered in the order which they occurred. The first f is labelled ‘0’ because it was a 
flight of pre-disturbance conditions. 
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Table 1 

Treatments and Measurements 

   

 

 

 

 

 

 

 

 

 

 

3.5. RPAS Data Processing 

Geotagged images from each flight were uploaded to Agisoft Photoscan. Using the 

software’s structure from motion (SfM) algorithm to match objects appearing in multiple 

overlapping photos, a 3D point cloud model was rendered for each treatment at each site and for 

each of the 1.0 cm and 1.5 cm image resolutions. DoB measurements were obtained from the 

point cloud, and the same differencing on datasets was performed digitally as had been done on 

in-situ datasets; each of the 117 and 80 measurements of elevation change described above had a 

corresponding digital measurement in the RPAS imagery.  

For image processing, the workflow included the following. Image quality was examined 

and blurry photos were dropped. The align photos function was then performed on the medium 

setting to generate a sparse point cloud. Sparse clouds were manually trimmed to eliminate 

points which were outside the area of interest. The four GCPs were tagged in each image where 

they appeared using the RTK survey data. The z values in the RTK survey were replaced with 

those derived from the Leica level survey (see Appendix B). The optimize alignment tool was 

Analysis Part
In-Situ 

Measurements 

RPAS 

Measurements 

t 2 - t 3 t 3 - t 4 f 2 - f 3 f 3 - f 4

t 4 - t 5 t 2 - t 4 117 f 4 - f 5 f 2 - f 4 117

t 2 - t 5 t 3 - t 5 f 2 - f 5 f 3 - f 5

t 1 - t 2 t 1 - t 3 80 f 0 - f 2 f 0 - f 3 80

t 1 - t 4 t 1 - t 5 f 0 - f 4 f 0 - f 5

Part 2

RPAS 

Treatment 

Difference

In-Situ 

Treatment 

Difference 

Part 1

Note. Since f1 imagery was corrupted, all f1 data and the corresponding t1 burn treatment data 
were omitted from the experiment. 
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then run on default settings to improve the sparse cloud. A dense point cloud was created using 

‘very high’ quality and ‘moderate’ depth filtering.  

Colour orthomosaics were built from each point cloud. An orthomosaic is a seamless 

colour image offering a straight-up-and-down view of objects at any place in the scene. Each 

orthomosaic overlaid a digital surface model (DSM), also derived from each of the f0 through f5 

point clouds, which delivers height information of the earth’s surface including vegetation 

(Geodetics, n.d.).  

To compare RPAS accuracy in 2D and 3D datasets, two different software suites were 

required for multitemporal differencing. First, ArcMap version 10.5 was used for differencing 

rasters. Each DSM raster was imported for each treatment into ArcMap along with its 

corresponding orthomosaic. Using a features class, a digital version of the 3 m wooden beam 

used to take in-situ DoB measurements was created. With the GNSS location of the plot pins and 

the orthomosaic as a guide, a digital datum was used to take digital measurements in each plot 

just as was done with the real datum in the field. The tds were performed in ArcMap using the 

Raster Math function, and changes at each digital measurement point were tabulated using the 

Zonal Statistics as Table function. The same digital measurements were eliminated as had been 

done for the in-situ dataset so that each of the 117 in-situ measurements had a corresponding 

digital measurement (see Table 1). 

Figure 7. Re-creating the plots with rasterized and non-rasterized point clouds. The panel on the 
left shows a plot, measurement points, and datum created on an orthomosaic in ArcMap 10.7.1. 
On the right is a non-rasterized point cloud from f2 ready for M3C2 differencing in CloudCompare 
2.11.  
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To difference datasets in ‘non-rasterized’ point cloud form, the M3C2 algorithm (Lague et al., 

2013), available through CloudCompare version 2.11 was used. Once each td was completed, the 

M3C2 files were imported into ArcGIS Pro where the digital measurements on the point clouds 

were performed using the same digital datum and measurement points as with the rasters. 

3.6. Comparison of RPAS and In-Situ Data 

To perform statistical analyses, Part 1 and Part 2 datasets were compiled into separate data 

frames in R-Studio (R-Studio Team, Boston Massachusetts, USA). Once again, the objective in 

Part 1 was to determine how well the RPAS-derived raster- and M3C2-difference models can 

present change in ground elevation without the added variable of vegetation. This is why Part 1 

only included rasters and point clouds where vegetation was lacking in the plots (f2 through f5). 

The 117 in-situ measurements in Table 1 were compared to their corresponding digital 

measurements for each image resolution and for both raster and M3C2 models, making for a 

total of 468 comparisons of in-situ and digital measurements.  

Pearson’s product-moment correlation was run for digital and in-situ measurements to 

determine the strength of their association as indicated by the correlation coefficient, r, with 

values closer to 1.0 indicating a stronger association. The coefficients were compared for two 

pairs of variables—two image resolutions and two model types. Then, RPAS measurements were 

subtracted from those taken in-situ to determine the residuals of each variable. Using the 

residuals, root mean square error (RMSE), mean bias error (MBE), and mean absolute error 

(MAE) were derived. With each statistic, lower values equate to truer RPAS measurements. 

RMSE is a measure of the standard deviation of residuals, while MAE is the average of 

residuals, ignoring the direction of error. The latter is important for determining with statistical 

certainty if one set of errors is lower than the other. MBE, by contrast, indicates the direction of 

the average of residuals; observing positive and negative values in MBE is important for 

determining whether the RPAS produces overestimates or underestimates, respectively (Poley, 

2020). To see if any variable produced significantly less error, a pair of independent one-tailed t-

tests was performed using each set of errors (see Figure 8).  
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It was also pertinent to explore the sensitivity of RPAS technology in detecting burn-depth 

in soil. Specifically, does smaller DoB come out as accurately as larger DoB? To answer this, 

measurements were split into three bins with an equal number of observations in each bin. The 

errors of the three bins were compared using analysis of variance (ANOVA). This and the Tukey 

multiple comparison of means test were used to determine which bins were significantly 

different. Following that, a one-tailed t-test revealed whether the bin of lesser error was 

significantly less than the other. Table 2 shows the breakdown of the compared bins. 

 

 
 
 

Figure 8: Breakdown of Part 1 statistical analysis. 
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Table 2 

Elevation changes binned into equal sized groups 

 

 

 

 

 

 

 

 

 

3.7. Building and Correcting a DTM   

Pre-fire conditions often feature undisturbed vegetation and thus a multitemporal study of 

duff recession must account and correct for vegetation height in the pre-fire model—the key aim 

of analysis Part 2. Eliminating pre-fire vegetation so that RPAS measurements only include 

duff/soil DoB requires ground filtering, or the interpolation of ground surface below the grass 

canopy in a digital terrain model (DTM). In this study, a DTM was constructed from each point 

cloud using Agisoft Photoscan’s built-in unsupervised ground filtering algorithm. This takes a 

model of the vegetated surface, the DSM, and turns it into a bare-ground surface (Geodetics, 

n.d.). To calibrate the software’s algorithm, the parameters, max angle, max distance, and cell 

size were set to 15°, 0.001 cm, and 0.1 m, respectively (Zhang et al., 2018). Even after ground-

filtering, it was expected that the occlusion of overlying vegetation would produce a DTM that 

consistently overestimated the ground level. If used to subtract a raster of receded duff/soil in a 

real burn, this would produce a biased model with egregious overestimates of DoB. Thus, a 

terrain-correction factor was needed to eliminate the bias created by undisturbed vegetation.  

To correct the bias, linear regression was used to relate the true ground level and that 

predicted by the software-generated DTM. The linear regression equation, or algorithm, was 

built in a training dataset and used to adjust biased DTMs in the test dataset. To build the 

Image 

Resolution 

(cm/px)

Bin Range of DoB

Small <  2.4 cm

1 cm Medium >  2.4 cm,  < 5.3 cm

Large 5.3 cm - 14.1 cm

Small <  2.4 cm

1.5 cm Medium >  2.4 cm,  < 5.3 cm

Large 5.3 cm - 14.1 cm

Note. The bins were created with an equal number of observations 
for comparison with statistical analysis. 
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algorithm, 80 RPAS predictions were plotted against their 80 corresponding in-situ 

measurements. To obtain the predictions, DTMs f2 through f5 were subtracted from the f0 DTM, 

and to get ground measurements, in-situ points t2 through t5 were subtracted from t1, as shown in 

Table 1 above. This was done for the 1.0 cm and 1.5 cm image resolutions and for each site. 

Once the algorithms were built, their coefficients of determination (R2) were compared. This 

statistic indicates the amount of variation in the control variable that is explained by the predictor 

variable, and was used to surmise whether an algorithm was effective for correcting the biased 

DTMs. A validation of each algorithm was performed with a test dataset not used for training the 

algorithm. That is, Site 2 elevation changes were run through Site 1’s equation of the line and 

vice versa. The statistics generated in the validation include RMSE and MAE. Two types of 

linear regression were used: least squares regression and quantile regression. The former is a 

fitted line based on rates of change in the mean while the latter is a fitted line based on rates of 

change in some quantile of the data—in this case, the 0.75 quantile (Cade & Noon, 2003). The 

use of quantile regression for predictive modelling stems from the idea that regular least squares 

may give an incomplete picture of two variables’ relationship and that a stronger one can be 

uncovered (Cade & Noon, 2003).  

The lines from both regular least squares and 0.75 quantile regression were used to adjust 

each pixel in the f0 DTM. This created a starting point truer to the actual ground surface than 

Agisoft’s algorithm had created alone, and more accurate DoB measurements when the pairwise 

subtractions f0-f2, f0-f3, f0-f4, and f0-f5 were performed. 
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Chapter Four – Results 

 

4.1 Analysis Part 1 - Elevation Change, no Vegetation  

4.1.1 – Correlation Analysis  

 

Figure 9 is the result of Pearson’s correlation for 468 comparisons of in-situ and digital 

measurements of elevation change from DoB—pre-fire vegetation was not present in any model 

at this stage. The correlation is broken down by image resolution and model type. The 

correlation coefficient, r, for each plot is higher than 0.7, demonstrating a strong relationship of 

RPAS and in-situ measurements. The RMSE for each comparison is no greater than 2.45 cm. A 

further examination of the model type and image resolution variables was undertaken to 

determine which produced statistically less error. Model type was examined first. 

 

Figure 9. Correlation Analysis. Elevation changes measured by RPAS and in-situ for two model types 
and two image resolutions. The dashed line is one-to-one. 
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4.1.2 – Analysis of Model Types Figure 10 shows the distribution of residuals for each model 

type at each image resolution.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A test of significance was necessary to determine whether one model type produced significantly 

less error than the other model type. To perform the t-test and visualise the error in one direction, 

the MAE was calculated and plotted with confidence intervals (see Figure 11). A one-tailed t-test 

of MAE values shows there is significantly less error in the raster model type at a 1.0 cm 

resolution (p < 0.01) but not significantly less error with 1.5 cm (p = 0.279).  

 

 

Figure 10. Distribution of RPAS residuals by model type. The 
boxplot shape indicates the minimum, first quartile, median, third 
quartile, maximum, and outlier values. 
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Given the better results with raster models at 1.0 cm/px, there was no need to continue with 

M3C2 models since they are more time-consuming and less user-friendly in comparison to raster 

models. The analysis was continued with raster models only.  

4.1.3 – Sensitivity Analysis with Bins Figure 12 shows the residuals for the compared 

bins at each image resolution. Less error occurred in the bin of small measurements at 1.0 cm/px 

(RMSE = 1.05 with < 2.4 cm change). Further statistics were needed to make this statistically 

certain. An ANOVA test and Tukey multiple comparison of means reveal a significant difference 

in MAE between the large and small bins at 1.0 cm resolution (p < 0.01).  

Figure 11. RPAS mean absolute error by model type. The top panel 
shows significantly less error (p < 0.01) in the raster model. 
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Then, in a one-tailed t-test, the small bin proved significantly less erroneous than the large bin. 

ANOVA proved there was no significant difference between any bins at 1.5 cm/px (p = 0.866). 

The difference in results of bins between the image resolutions appears in Figure 13 where each 

bin’s MAE error with confidence intervals is displayed.  

 

 

Figure 12: Distribution of RPAS residuals in three bins for both image 
resolutions. 
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4.1.4 – Analysis of Image Resolution The results of a one-tailed t-test reveal that 1.0 

cm/px produces significantly less error than 1.5 cm/px (p < 0.01). This means there is higher 

accuracy in DoB rasters built from the 1.0 cm imagery than from 1.5 cm (see Figure 14). 

 

 

 

Figure 13. RPAS mean absolute error by bin. The top panel shows significantly 
less error in the small bin than in the large bin (p < 0.01). 
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This section made use of a f1 rasters which had vegetation removed prior to differencing with a 

raster of burn treatment. The next section shows the relationship of in-situ and RPAS DoB 

measurements when vegetation is intact in pre-fire models. The vegetation is strategically 

removed in an attempt to get errors as low as in this Part 1 analysis.  

 

Figure 14. The top panel shows the distribution of RPAS residuals against in-
situ measurements for each image resolution. The bottom panel shows 
significantly less error (p < 0.01) with the 1.0 cm/px image resolution. 
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4.2. Analysis Part 2 - Elevation Changes with Vegetation   

 Figure 15 shows the results of in-situ elevation changes, measured change, and RPAS 

elevation changes, predicted change, when the initial raster, f0, has had pre-fire vegetation 

filtered out by Agisoft’s unsupervised ground filtering algorithm.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The figure shows the weak relationship (R2 = 0.12; R2 = 0.04) of predicted and in-situ-measured 

elevation changes with 1.0 cm/px imagery at both sites. There is little linearity in the relationship 

Figure 15. Linear regression with 1.0 cm resolution. 
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of variables at this resolution and no indication of a consistent bias in RPAS predictions. Thus, it 

was concluded that the equation of the line would not reliably correct DTM bias in a test dataset. 

The analysis proceeded with only 1.5 cm/px imagery (see Figure 16).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16 shows a stronger relationship between variables (R2 = 0.7; R2 = 0.62), with a systematic 

bias in RPAS predictions—that is, they consistently overestimate ground height due to unfiltered 

vegetation in the DTM. Before being put to use, the regular least squares and 0.75 quantile 

Figure 16. Linear regression with 1.5 cm resolution. Each plot includes the 
0.75 quantile regression line (red) and its equation in addition to the least 
squares line (blue). 
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regression equations were validated in a test dataset. Table 3 summarises the errors of each site’s 

algorithm at the 1.5 cm/px resolution. 

Table 3 

Validation of regression equations 

 

 

 

 

 

 

4.3. Correcting the Pre-Fire DTM using Linear Regression 

Once each linear model created with 1.5 cm/px imagery was validated in a test dataset, it 

was applied to its test dataset to correct its predictions of elevation change. The least squares and 

Figure 17. RPAS Measurements with corrected DTMs.  

Site

Least 

Sq. 

RMSE 

(cm)

Least 

Sq. 

MAE 

(cm)

Quantile 

RMSE 

(cm)

Quantile 

MAE (cm)

1 3.31 2.62 2.57 2.09

2 3.21 2.54 5.47 4.7

Note. Each regression equation was validated in the site not used to 
construct it. 
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quantile regression equations were applied to each pixel in the test dataset DTM raster, bringing 

down the Agisoft-interpolated ground level, and generating RPAS-derived predictions of 

elevation change close to those measured by hand in-situ. Figure 17 shows the likeness of 

predicted and measured elevation changes in Site 2 when the pixels of the pre-fire DTM, f0, are 

corrected using the equation of the line from Site 1’s linear model, and vice versa.  

The summary of errors in RPAS and in-situ relationships before and after terrain correction with 

both linear regression techniques can be found in Table 4. 

 

Table 4 

Error in elevation changes with DTM 

 

 

 

 

 

 

 

 

Not surprisingly, there is significantly less error in corrected than in uncorrected datasets for both 

linear regression correction techniques (p < 0.01 for both). Figure 18 illustrates the difference in 

errors for each site with confidence intervals.  

 

 

 

 

 

 

 

Site

Image 

Resolution 

(cm/px)

r R
2

RMSE - no 

correction 

(cm)

MBE - no 

correction 

(cm)

RMSE - 

Least Sq. 

correction 

(cm)

MBE - 

Least Sq. 

correction 

(cm)

RMSE - 

Quantile 

correction 

(cm)

MBE - 

Quantile 

correction 

(cm)

1 0.34 0.12 __ __ __ __ __ __

1.5 0.83 0.7 11.51 -11.1 3.21 -2.27 5.47 -4.7

1 0.21 0.04 __ __ __ __ __ __

1.5 0.79 0.62 9.01 -8.55 3.31 2.22 2.57 0.78

1

2

Note. The 1 cm resolution was abandoned based on the low R2 and r values. 
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4.3.1 – Maps of Soil Fire Severity Maps were necessary to illustrate the final DoB in Site 

2. DTMs f2 through f5 were terrain-corrected in addition to f0 so that every raster for Site 2 was 

that of bare earth. Raster differencing was then performed; each treatment, captured with DTMs 

f2 through f5, was subtracted from the undisturbed f0 surface. The maps in Figures 19-22 show 

these raster differences, representing elevation changes across the entire site due to burn depth 

and piling of excavated material form simulated burning. The inset in each map illustrates the 

power of this technique with changes in ground elevation to the nearest centimetre.   

Figure 18. Mean absolute error of DoB with linear regression 
terrain correction techniques. Each correction technique in each site 
produced significantly less error (p < 0.01) than with no correction. 
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Figure 19. Elevation change from pre-fire DTM to flight 2. The predicted ground surface in each 
raster was corrected with quantile regression before the models were differenced. Depth-of-burn is 
elevation loss indicated by blue. Piles of excavated material is elevation gain indicated by red. The 
inset in each map shows contour lines of burn depth labelled to the nearest centimetre. 
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Figure 20. Elevation changes from Pre-fire DTM to flight 3. 
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Figure 21. Elevation changes from pre-fire DTM to flight 4. 
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Figure 22. Elevation changes from pre-fire DTM to flight 5. 
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Chapter Five – Discussion  

This project was intended to explore the effectiveness of an RPAS for generating direct 

and quantitative measurements of biomass loss resulting from fire in topmost layers of soil, 

otherwise known as duff. As a multitemporal study, the results reported on change, and were 

generated by differencing 3D and 2D models of experimental fire treatments from pre-burn 

conditions. By testing a handful of variables, this research has narrowed down the optimal 

parameters for collecting and processing RPAS-SfM data into extremely high-accuracy estimates 

of elevation change from DoB.   

5.1. Correlation of RPAS and In-Situ Measurements 

As expected, there was a significant relationship between all comparisons of in-situ and 

RPAS-SfM measurements; that is, an RPAS has a strong ability to detect changes in DoB in 

comparison to ground-measured reference data. With the correlation analysis broken down by 

the variables model type and image resolution, the raster model at a 1.0 cm resolution proved the 

most strongly associated with in-situ data (r = 0.88). Variable accuracy was further assessed 

using errors to determine which produced significantly better results.  

5.2. Model Type  

A comparison of raster and point cloud model differencing was made to determine which 

could provide more accurate measurements of elevation loss from DoB. These results point to 

raster models as the most effective way to accurately estimate DoB with an RPAS. Consistent 

with the correlation analysis, the lower error in raster models at 1.0 cm/px (RMSE = 1.48 cm) 

compared to point clouds subtraction with M3C2 (RMSE = 2.21 cm) indicates that raster models 

are more accurate. A t-test supports this, indicating that the MAE of the raster model types is 

significantly less (p < 0.01). At 1.5 cm/px, however, the MAEs are not significantly different (p 

= 0.279). The M3C2 appears to perform slightly better, though with several outliers, it is 

penalised by the RMSE (2.45 cm), producing greater error than raster (RMSE = 2.23 cm). With 

the correlation coefficients and RMSE and MAE values, this analysis suggests that the raster 

model at 1.5 cm/px produces approximately the same accuracy as the M3C2 model at 1.0 cm/px. 

Given the aim to find the greatest accuracy, M3C2 was eliminated from the rest of the analysis.     

Since biomass loss occurred on flat ground only, this study is not the greatest test of M3C2 

capabilities—a method that is especially useful where structural loss takes place at angles other 
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than orthogonal to z (DiFrancesco et al., 2020). Since fire burns in complex ways, affecting soil 

and vegetation on numerous axes, further study of RPAS-M3C2 is warranted. For example, there 

can be a reduction in tree diameter following intense forest fire. DBH (diameter at breast height) 

is important to numerous aspects of forestry, including timber yield (Duan, Zhang, Sun, Zhang, 

Xiang, 2013), which makes it an important metric for fire severity studies. Wieser et al. (2017) 

used RPAS light detection and ranging (LiDAR) at a 50 m altitude to gather DBH measurements 

for comparison to in-situ measurements. Their findings suggest strong agreement above 35 cm 

DBH. There is an apparent lack of literature where the delta in DBH pre- to post-fire is explored 

using photogrammetric M3C2. Wieser et al. (2017) and other studies of DBH could be extended 

to include the multitemporal differencing offered by M3C2, offering photogrammetry for 

comparison to LiDAR technology.  

Photogrammetry and LiDAR The SfM method for constructing point clouds is rapid, cost-

effective, and widely available in consumer-grade RPAS platforms (Szapkowski & Jensen, 

2019). However, with its inability to penetrate closed canopy, photogrammetry cannot always 

reveal the structure of pre-fire understory vegetation (Hudak et al., 2020). This is generally better 

suited to LiDAR with penetrating laser pulses emitted from the sensor (Samiappan et al. 2019). 

In some settings where photogrammetry was tested, it has proven a suitable proxy for LiDAR. In 

a study of burn severity, SfM achieved an RMSE of 1.29 m when compared to LiDAR reference 

model in elevation measurements (Samiappan et al, 2019). Simpson et al. (2016) reports fewer 

gaps in their SfM DTM compared to LiDAR. RPAS-SfM is less expensive than LiDAR, 

generates higher density point cloud models, and provides the multispectral bands sensitive to 

plant health and phenological stages—albeit it often does not feature shortwave-infrared and thus 

cannot achieve requisite imagery for the popular NBR severity index (Alonzo, Andersen, Morton 

& Cook, 2018). More complex multitemporal studies of structural loss are needed to explore the 

limits of photogrammetry. 

5.3. Sensitivity Analysis with Bins  

Using raster models at both image resolutions, elevation changes were grouped into bins 

according to size to test whether a small DoB is as accurately measured by RPAS-SfM as large 

DoB. The results suggest that DoB of less than 2.4 cm is most accurately detected at 1.0 cm 
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resolution; this means that RPAS technology is not only reliable for estimating small DoB, but 

that small DoB is reported more accurately than large DoB.   

Reliably detecting subtle differences in DoB is valuable in grassland fire severity 

assessments where burn-depths may not be large but where a difference of a few centimetres 

may have big implications for ecological damage; i.e. when fire reaches the depth at which it 

coagulates plant root proteins, killing plants (Neary & Leopold, 2020). Due to the clarity of 

larger objects (and distances) in imagery, it was expected that the large elevation changes would 

appear more clearly in imagery and thus be measured more accurately in models. Surprisingly, 

however, this was not the case. When errors between bins were compared using an ANOVA test 

at 1.0 cm/px resolution, the small bin and large bin of burn-depths proved significantly different, 

with the small bin generating significantly less error (p < 0.01).  

This result creates skepticism, however, since smaller objects appear with less clarity in the 

imagery. The RMSE of the small bin accounts for almost 44% of the maximum 2.4 cm depth 

studied in this bin. Though the larger bins have higher error, the ratio of error to a bin’s 

maximum depth increases with each larger bin (RMSE = 1.40 cm in changes > 2.4 cm, < 5.3 cm; 

RMSE = 1.85 cm, in changes 5.3 cm to 14.1 cm). These mixed results leave the analysis of error 

by depth inconclusive. A greater range of depths with different bins could be tested for more 

definitive results. Although, given the variability of severity across a burned landscape following 

a real fire event, a reliable reading of all levels of DoB is required; it would not be beneficial to 

read one burn depth better than a another one.  

 The three bins here were created by placing observations into three equal-sized groups. 

This was done for an ANOVA test, yet made the bounds of each bin arbitrary. A greater 

understanding of grassland depth of burn is needed to set bin boundaries at real ecological 

thresholds in future studies; i.e. the precise depth at which fire reaches roots (Neary & Leopold, 

2020). This will allow RPAS-SfM technology to better characterise fire damage and highlight 

areas of greatest concern—a major component of stronger burn severity assessments and the key 

motivation for this project. Further study of bin thresholds should also incorporate data from 

multispectral sensors, building on the work of Pérez-Rodriquez et al. (2020) who indicate the 

effectiveness of the red-edge part of the electromagnetic spectrum for distinguishing levels of 

soil fire severity. Where it is unclear how accurate small SfM-DoB measurements are, red-edge 

reflectance can be used for validation.   
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5.4. Image Resolution 

The correlation of raster and in-situ data was influenced by flying altitude, with 1.0 cm/px 

out-performing the 1.5 cm/px (r = 0.88, RMSE = 1.48 cm compared to r = 0.78, RMSE = 2.23 

cm, respectively). The t-test supports this finding (p < 0.01), proving that the error in 1.0 cm/px 

models is significantly less than error in 1.5 cm/px models. It should be noted that the outcome 

of the two previous sections of this analysis is only clear with the higher image resolution data of 

1.0 cm/px. Namely, where rasters perform significantly better than M3C2 point clouds and 

where the small bin of DoB performs significantly better than larger bins. Better accuracy at a 

higher resolution is the result of greater detail in images and an increased point cloud density. 

The point density here was around 3,662 points/m2 for 1.0 cm/px and 1,919 points/m2 for 1.5 

cm/px (see Appendix C for a breakdown of the 1.5 cm/px point cloud). This result is consistent 

with others (Dandois, et al., 2015; Fraser & Congalton, 2018). This result suggests that 

practitioners should use the higher resolution, and thus the lower flying height of 40 m, to carry 

out RPAS estimates of DoB. 

Though high resolution is essential for resolving the fine detail associated with fire, it may 

be problematic. The low-flying altitude increases RPAS flying time making it impractical for 

covering large burned areas in a short time. Though the eBee Classic RPAS used here has a 

maximum flying time of roughly 25 minutes, newer technology in senseFly provides flying time 

of up to one hour. Fewer battery swaps does mitigate the operating time of low-altitude missions 

somewhat. Another means for saving time is careful site selectivity. Low-flying RPASs may not 

be necessary everywhere a fire burned but only in places where fire severity is extreme. The high 

precision model generated from select low-altitude RPAS flights can be used to ground truth 

satellite imagery, capable of much greater coverage (Fraser et al., 2017).  

Image alignment is another issue associated with the low flying height. A study by Fraser 

and Congalton (2018) finds only 45% image alignment success at 50 m compared with 99% at 

100 m (Fraser & Congalton, 2018). The current study had similar alignment issues to Fraser & 

Congalton (2018) but overcame it using ‘high’ alignment quality in Agisoft Photoscan. 

Alignment deficiencies can also be overcome sometimes be overcome with the ‘high’ alignment 

setting in point cloud construction. This scales-up the image allowing for better tie point 

identification (Agisoft, 2021). More flying and more photos is the best way to ensure optimal 

point cloud construction.  
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5.5. Terrain Correction and Linear Regression 

With model differencing where the pre-fire surface was interpolated beneath vegetation, 

bare ground height was overestimated and a bias in measurements of DoB occurred. A pair 

regression analyses of predictor and control variables in a training dataset produced algorithms 

which were used to correct terrain height thus allowing two subtracted rasters to accurately 

report on elevation change from fire. This lowered the error in RPAS estimates: Site 2 RMSE = 

9.01 cm pre-correction, RMSE = 2.57 cm post-correction. With a one-tailed t-test, the error post-

correction proved significantly less. This suggests that RPAS technology can be used to make 

high accuracy estimates of DoB with model differencing even when overlying vegetation 

obscures ground surface in pre-fire imagery.  

 While this technique succeeded with 1.5 cm/px, it could not be used with the 1.0 cm/px 

imagery with such low correlation (R2 values of 0.12 and 0.04). This poor performance was not 

due to the image resolution itself (since Part 1 of this analysis proved the high efficacy of 1.0 

cm/px data) but the parameters used in the Agisoft Photoscan unsupervised ground filtering 

algorithm. It can be concluded that the max angle, max distance, and cell size parameters, as 

determined in Zhang et al. (2018), are better suited to the 1.5 cm/px generated from a 60 m 

flying height (R2 = 0.7 and 0.62). It remains unclear what the optimal Agisoft ground filtering 

parameters are for both flying heights and whether R2 > 0.7 can be achieved. Further study into 

how these parameters may be optimally adjusted according to flying height is needed.  

While complex machine learning approaches are common to pixel classifications in remote 

sensing, linear regression has proven equally effective with ease of interpretability (Han et al., 

2019; Poley, 2020). With the one predictor variable, the linear regression algorithm used here for 

terrain correction performed well (RMSE = 2.57 cm) compared to Meng. et al., (2017) where a 

support vector machine (SVM) produced a terrain correction with RMSE > 18 cm.  

It is questionable, however, how reliable the linear regression technique is in sloping 

terrain with varying vegetation. Future studies could make use of varied landscapes to test the 

linear regression terrain correction. A drawback of this technique is the necessity of ground point 

collection for building the algorithm. Collecting bare ground GNSS altitude measurements 

throughout a landscape for regression with the RPAS predictions may add considerable time to 

mapping projects. For a test of linear regression using remote sensing data alone, a future study 

could train a linear regression algorithm with the same statistics (mean, maximum, standard 
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deviation...etc.) used for the SVM algorithm in Meng et al. (2017). This would produce a direct 

comparison of linear regression and SVM for effectiveness in correcting ground-filtered RPAS-

derived DTM models. Nonetheless, linear regression as applied here has proven effective on flat 

terrain with short vegetation. This warrants further testing on agricultural lands where uniform 

vegetation and elevation are the norm across a field. If the single-variate linear regression 

approach is accurate in predicting ground level below vegetation, then this technique will be 

effective for estimating canopy height and can lend itself to biomass estimates and projecting 

crop yields.  

This research barely touches on the potential of machine learning, which is proving 

essential to simpler, more rapid, and more quantitative severity assessments. In addition to 

ground filtering, studies have used machine learning for classifying fire severity into categories 

for a mapping output. Both Carvajal-Ramírez et al. (2019) and Pérez-Rodriquez et al. (2020) 

used the Artificial Neural Networks (ANN) to classify pixels, with the former using ANN to 

generate reference model which was later validated in imagery—an approach which uses 

unbiased statistical certainty for deriving thresholds in severity classes. This high-resolution 

study is another leap toward a standardized and streamlined approach to objective, quantifiable, 

and repeatable severity studies without human subjectivity (Fraser et al., 2017). ANN requires 

further investigation and comparison with Random Forest (RF) classifiers in future studies 

(Carvajal-Ramírez et al., 2019; Pérez-Rodríguez et al. (2020).  

The work performed here with ground filtration and DoB in duff layers should be put to 

use alongside the latest in machine learning multispectral analysis. This will provide a full suite 

of metrics, utilizing both multispectral and true-colour indices for distinguishing fire severity at 

high resolution.  

5.6. Further Considerations 

This study was limited by its simulation of fire effects—it did not incorporate the 

complexity of a natural wildfire. Though this was advantageous for a highly controlled 

experiment, it leaves questions as to how future studies might apply this technique in a wildfire 

scenario. Namely, how do practitioners acquire a high-resolution pre-fire DTM when a fire 

cannot be anticipated? Land managers may opt to fly select areas with an RPAS on the basis that 

they may one day naturally burn or undergo a prescribed fire. Obviously, not all wildlands can be 
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flown with an RPAS pre-emptively, but strategic planning can allow managers to fly many areas 

of concern where threat of fire looms large.  

This raises the question of how important pre-fire data is for studies of fire severity. 

Although pre-fire data provides an invaluable reference from which to compare post-fire 

changes, Arkin et al. (2019) argues that such data is rarely available to studies of wildfire and 

thus should not be relied upon for RPAS severity maps. Furthermore, in a multitemporal study, it 

is assumed that fire-effects on the landscape are the only difference between epochs. But, due to 

factors which vary between RPAS flights such as lighting, wind speed, GNSS accuracy...etc., 

subtracting datasets in a multitemporal study has the potential to obscure the changes in the 

variable in question.  

In spite of these arguments against pre-fire imagery, without it, quantitative measurements 

of biomass loss resulting from fire would be less meaningful. Thus, it is recommended here that 

as much pre-fire modelling as possible be done in an area in anticipation of it burning later on. 

To do multitemporal studies effectively, it is crucial that practitioners ensure that imagery is 

captured under consistent conditions pre- to post-fire. McKenna et al. (2017) address the 

difficulty of varying photographic conditions between image acquisitions in multitemporal 

studies. They recommend radiometric correction and normalisation to minimise image 

differences, and they propose using pixel reflectance values, rather than radiance, to reduce the 

bias in colour balancing which some software introduces. The latter point is echoed by Carvajal 

et al. (2019). Albeit, these recommendations may be more applicable in multispectral studies; i.e. 

where the normalised burn ratio indicates the severity of fire effects between models. For flight 

parameters, pre- and post-fire images should be acquired at the same time of day for consistent 

lighting conditions. Flying in moderate to high wind conditions should be avoided so that image 

clarity in all models is as high as possible. To meaningfully compare multiple point cloud 

models, some form of georeferencing is also required for co-registration (Carvajal-Ramirez et 

al., 2020). In this study, GCPs were present at the same locations for all flights and were used to 

georeference each model. This technique may be problematic in multi-year studies if GCP pins 

become lost or dislodged with time. Newer RPASs, including later models of the eBee, have 

RTK capabilities. With the RPAS receiving real-time corrections from a base, the geotags 

written onto images have centimetre-accuracy, eliminating the need for a georeference using 
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GCPs and a rover survey (Blake, 2020)—though ground control points may still be required for a 

visual reference when change leaves a landscape unrecognisable. 

This study does not explore fire’s interaction with duff and soil; it does not offer insight 

into the variables affecting grassland depth-of-burn. Rather, it is an exhaustive exploration of 

how new technology can serve future studies of burn depth, including those with ecological or 

other aims. With the close-up view of duff/soil recession outlined here, future studies should test 

variables, such as soil type, soil moisture, and vegetation cover against DoB to understand their 

relationship at a fine scale across a landscape. This will give practitioners an advantage not only 

in estimating severity post-fire, but in modelling it beforehand. This insight will ultimately allow 

practitioners to temper fire’s dangerous intensity while harnessing its regenerative power in 

natural systems.   
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Chapter Six – Conclusions and Recommendations 

The increased intensity of wildfires creates the need for high-resolution fire severity 

mapping. Existing ground-truth methods like placing duff pins to measure fire severity in the 

ground should be replaced with more efficient techniques. This project was intended to explore 

the abilities of a survey-grade remotely piloted aircraft system (RPAS) and structure from 

motion (SfM) in providing measurements of duff depth-of-burn (DoB) when post-fire models are 

subtracted from pre-fire models. The results indicate that, in comparison to measurements taken 

with a ruler in-situ, an RPAS is capable of high-accuracy measurements of duff/soil recession 

when vegetation is absent from pre-fire imagery (RMSE = 1.48 cm) and when vegetation is 

intact (RMSE = 2.57). The ground filtering method developed here can be widely applied where 

practitioners require a bare-earth model beneath vegetation. Further testing of this method should 

include variations in terrain slope and vegetation height and density; i.e. testing with numerous 

types of cover crops or graminoids in agricultural and native grassland areas should be 

undertaken. Additional research into the optimal settings for ground filtration in Agisoft 

Metashape (previously called Photoscan) for generating a digital terrain model is also required. If 

the max angle, max distance, and cell size settings can yield a model where the relationship of 

ground and RPAS measurements is better than R2 = 0.7, then DoB measurements will only 

improve.  

Model differencing was first done with non-vegetated digital terrain models (DTMs). As 

was expected, all associations of RPAS and in-situ measurements showed a significant 

relationship. In a further breakdown, rasterized and non-rasterized point cloud models were 

compared for accuracy in DoB measurements. Unexpectedly, raster models produced less error 

at the higher image resolution. Given this result, it is suggested that RPAS-DoB assessments be 

undertaken with raster-differencing, especially given the ease with which rasters are created and 

analysed in proprietary software suites—point cloud differencing, in contrast, requires additional 

software such as CloudCompare, the multiscale-model-to-model-cloud-comparison (M3C2) 

algorithm, and file types unfamiliar to GIS software such as ArcGIS.  

This does not preclude the use of non-rasterized point cloud model types altogether, 

however, since rasterized models hide changes closer to the horizontal plane. Thus, with further 

study of fire-induced structural change where biomass loss occurs along non-vertical axes (such 

as fire-induced losses to stem diameter in trees), point cloud subtraction with M3C2 requires 
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more testing if the full capability of RPAS-SfM technology in fire severity assessments is to be 

uncovered.  

As was expected, the comparison of errors between image resolutions revealed that lower 

RPAS flying-altitude produces a higher-accuracy model for taking DoB measurements. This 

makes intuitive sense given the greater clarity of objects in high resolution imagery. Moreover, 

compared with 60 m, there is more information to be had if practitioners estimating DoB with an 

RPAS fly at 40 m. Although, practitioners should be aware that coverage will be less than with 

60 m flying height and can potentially cause problems with image alignment. This can be 

remedied by increasing image overlap and flying a site more than once to gather more images.  

When model differencing was undertaken with a vegetated pre-fire DTM built with 

proprietary software, the grass that was missed by a proprietary ground filtering algorithm 

produced a systematic overestimation, or bias, in DoB. It was the aim of Part 2 of this thesis to 

account for the grass and correct the bias by regressing in-situ and DTM measurements. As was 

expected, the terrain correction with linear regression produced significantly less error in DoB 

than the uncorrected DTM. The quantile regression equation proved the most effective terrain 

correction algorithm. With the correction applied to each raster, a set of maps displayed DoB 

across each site for each treatment. Because the 1.0 cm/px model performed so poorly when 

predictions were regressed against in-situ measurements, further study of ground filtration 

settings (i.e. max angle, max distance, and cell size) in Agisoft Photoscan is required.  

This terrain correction method is straightforward since it does not require special skills 

with complex machine learning techniques; linear regression is quickly and easily carried out in 

any basic statistics software. Simple linear regression is also easy to visualise, and, with the help 

of the statistics R2 and r, gives the user an immediate understanding of whether an algorithm will 

make an effective terrain correction. Future studies could explore the quantity and/or density of 

reference ground measurements needed for building an effective linear regression algorithm.  

 As practitioners endeavour to take multitemporal surveys of fire-effected landscapes, care 

should be taken to ensure that image quality is consistent between flights. This requires 

consistency in light and wind conditions between flights as well as other flight parameters such 

as overlap and altitude. Models must be georeferenced with the same GCPs from pre- to post-

fire.  
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With this extremely high-resolution look at DoB, variables affecting fire severity, such as 

soil moisture, should be studied against DoB to understand their relationship at the finest of 

scales landscape-wide. Fine-scale DoB should also be used in conjunction with multispectral 

indices to bring a structural dimension into forming the discrete burn severity categories in fire 

severity maps. This will give the low, medium, and high severity classes a footing in direct 

measures of biomass loss and ultimately provide greater meaning in end-user maps.  
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Appendix A: Fire Regimes and Fire Severity 

A fire regime is a pattern of wildfire (Morgan et al., 2001). It characterises trends in fire 

behaviour across an ecological community and over longer periods of time (Morgan et al., 2001; 

Neary & Leonard, 2020). A fire regime is identified by several interrelated attributes including 

fire frequency, intensity, severity, spatial continuity, extent, type, and seasonality (Natural 

Resources Canada, 2019). An example of a fire regime is the historically frequent and low-

intensity fires of the ponderosa pine forest-grasslands of northern Arizona, USA (Stephens et al., 

2013). As of late, however, the fire regime in this region has shifted to incorporate less frequent 

and higher-intensity wildfire events (Cram et al., 2005). The result is increasing tree densities 

(Moore, Huffman, Fule, Covington, & Crouse, 2004) and accumulating ladder fuels (Rollins, 

Swetnam & Morgan, 2001) which allow for greater connectivity of fuels (Keane et al., 2008). 

The resulting crown fires leave high tree mortality in what is referred to as a stand-replacing 

disturbance (Kalies & Yocom-Kent, 2016)—a stark contrast to the frequent but relatively 

undamaging surface fires of centuries past (Agee & Skinner, 2005).  

Appendix B: Trigonometric Levelling Survey 

This is an explanation of how this project’s levelling survey was carried out using a 

known elevation at the first ground control point (GCP) measured with a global navigation 

satellite system (GNSS). Using the elevation of GCP 1 as a benchmark (BM), a leveling rod was 

placed on GCP 1 and surveyed to obtain a back-sight (BS). Adding the BS to the BM gave the 

height of instrument (HI). The rod was then place on GCP 2 to obtain an intermediate-foresight 

(IFS). An elevation was obtained for GCP 2 by subtracting the IFS from the HI. This process 

was repeated for all eight GCPs. Once GCP 8 was surveyed, the Leica was moved to a new spot 

close by. Using GCP 8 as a known elevation, a new BS was surveyed and a new HI was 

obtained. A second elevation was obtained for each GCP in the reverse order as before until the 

BM was arrived at again. Performing the survey in reverse allowed for checking any mistakes. 

Each pair of elevations obtained for each GCP were between 1-3 mm apart, and it was decided 

that the pairs would be averaged together. The Leica survey was performed this way in both 

sites.  
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Appendix C: Point Cloud Information 

 

 

Flight Images
Image Resolution 

(cm/px)

Point Cloud 

Density 

(points/m
2
)

GCP 
XY error 

(m)

Z error 

(m)

VNESW1 0.075 0.005

VNESW2 0.031 0.005

VNWSE1 0.048 -0.004

VNWSE2 0.062 -0.006

VNESW1 0.072 -0.001

VNESW2 0.025 -0.001

VNWSE1 0.043 0.002

VNWSE2 0.060 0.000

VNESW1 0.075 -0.003

VNESW2 0.031 -0.003

VNWSE1 0.041 0.004

VNWSE2 0.067 0.002

VNESW1 0.073 -0.003

VNESW2 0.030 -0.002

VNWSE1 0.040 0.003

VNWSE2 0.064 0.001

VNESW1 0.077 -0.004

VNESW2 0.030 -0.003

VNWSE1 0.046 0.004

VNWSE2 0.066 0.002

f 5 1081.02

52f 0 1064.28

f 2 1174.27

f 3 1068.67

f 4 1044.95

79

66

88

49

1.53

1.46

1.53

1.55

1.52

Table 5 

Details of the point clouds created for Site 2, the test site. 


