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Abstract

Background Remote sensing techniques for assessing fire severity using two-dimensional imagery, such as satellite
data, are limited to a single severity value per pixel, typically at a 30-m resolution. This often leads to an underestima-
tion of understory fire severity, as live tree crowns can obscure the extent of the burned area beneath. By leveraging

the three-dimensional capabilities of drone imagery, a more comprehensive assessment of fire severity across differ-
ent canopy height strata can be achieved.

Methods We show how drone digital aerial photogrammetry (dDAP), also known as structure from motion, can be
used to generate three-dimensional multispectral photogrammetric point clouds for quantifying fire effects at various
canopy height strata as well as classify ground cover below normally occluding overstory trees. Conducted dur-

ing prescribed fires at Fort Jackson, South Carolina, RGB and multispectral imagery were collected via drone both pre-
and post-fire at five plots, with two additional unburned plots flown to serve as controls. Multispectral photogram-
metric point clouds were generated and NDVI values were calculated for each point. Point clouds were segmented
into 2-m height stratum layers, to compare NDVI values for different canopy height strata pre- and post-fire. Orthoim-
ages of the understory, overstory, and traditional nadir views were generated.

Conclusions Findings showed that prescribed fire had a substantial effect on NDVI values up to 6 m in height,

with only minor effects observed above 6 m. Ground cover under the canopy, typically occluded from overhead
imagery, was classified with 87% accuracy. This study demonstrated the ability to digitally remove occluding tall
vegetation using dDAP and to derive a more precise assessment of fire effects on ground and understory vegetation
compared to two-dimensional satellite imagery.

Keywords Drone, UAV, Satellite burn indices, Fire, Photogrammetry, Multispectral, NDVI, Understory, Fort Jackson,
Structure from motion

Resumen

Antecedentes El uso de técnicas de sensores remotos para determinar la severidad de los incendios mediante
imagenes bidimensionales, tales como los datos de satélites, estan limitadas a un solo valor de severidad por cada
pixel, tipicamente en una resolucién de 30 m. Esto conlleva frecuentemente a una subestimacion de la severidad en
el sotobosque, dado que las copas vivas pueden ocultar la extension de drea quemada por debajo de las mismas.
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Mediante la potenciacién de las capacidades tridimensionales de las imdgenes de drones, se puede alcanzar una
mayor comprension en la determinacion de la severidad del fuego a través de diferentes alturas del dosel. En este
trabajo metodoldgico, mostramos como la fotogrametria aérea digital de drones (dADAP), también conocida como
estructura desde el movimiento, puede ser usada para generar nubes de puntos fotogramétricos multi-espectrales
tridimensionales, para cuantificar los efectos del fuego en estratos del dosel a diferentes alturas y también para clasi-
ficar la cobertura del suelo ocluidos normalmente por estos doseles. Conducidas durante quemas prescriptas en Fort
Jackson, Carolina del Sur, RBG e imagenes multi-espectrales fueron colectadas via drones tanto antes como después
de las quemas en cinco parcelas, con otras dos parcelas adicionales que fueron sobrevoladas y que sirvieron como
control. Se generaron nubes de puntos fotogramétricos multi-espectrales tridimensionales y se calcularon los indices
de NDVI para cada punto generado. Los puntos de nubes fueron segmentados en estratos cada dos metros para
comparar los valores de NDVI para las diferentes alturas de los estratos en la pre y la post quema. Se generaron luego
ortoimagenes del sotobosque, del dosel, y las tradicionales vistas del nadir.

Resultados Los resultados muestran que las quemas prescriptas tienen un efecto substancial en los valores del NDVI
hasta los 6 m en altura, con sélo efectos menores observados por encima de esta altura. La cobertura del suelo por
debajo de los doseles, tipicamente ocluida en imagenes tomadas desde arriba, fue clasificada como con una exacti-
tud del 87%.

Conclusiones Este estudio demostro la habilidad de remover digitalmente la vegetacion alta de los doseles usando
dDAP, y derivar asimismo una determinacién mas precisa de los efectos del fuego en el suelo y en la vegetacion del
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sotobosque comparado con las imagenes satelitales bidimensionales provistas por los satélites.

Introduction

Fire severity and its effects on vegetation differ spatially
across burns, both horizontally and vertically (Agee 1996;
Bessie and Johnson 1995; Rothermel 1991; Wagner 1977).
Fire effects quantified at the landscape level generally rely
on satellite imagery consisting of only two-dimensional
(2D), nadir imagery (Szpakowski and Jensen 2019). Such
images are very effective for detecting changes in over-
story vegetation after a fire disturbance (Kane et al. 2013;
Lydersen et al. 2016); however, changes in the understory
may be difficult to detect, as the upper canopy can par-
tially or totally occlude the understory vegetation. This
is problematic because a fast-moving, low-intensity fire
can remove all surface vegetation, leaving the upper can-
opy undamaged (Wade and Johansen 1986; Wright and
Agee 2004). In areas of high-severity crown fires, there
may be little to no occlusion of the ground post-fire, but
in areas that have experienced a surface fire that did not
move into the canopy, the live crown foliage can mask
the severity on the understory if using spectral indices to
quantify severity that rely on nadir imagery (Miller et al.
2009). Topography, moisture, wind patterns, and vegeta-
tion distribution are some of the factors that can lead to
mixed-severity fires (Perry et al. 2011). In such fire mosa-
ics, differentiating ground surface fire severity compared
to crown severity could enable a much more accurate
assessment of overall fire severity.

To derive fire severity estimates that incorporate verti-
cal strata conditions (i.e., adding a third dimension), vis-
ual assessments of field plots are typically performed. The
composite burn index is a field method that uses height

strata to evaluate fire effects (Key and Benson 2006;
Saberi et al. 2022). However, field sampling techniques
still rely on subjective assessment and on generalizing
conditions spatially, both horizontally and vertically.
Much work has been done to model field indices of fire
severity such as the CBI from satellite imagery (Amrous-
sia et al.,, 2023; Parks et al. 2019) as well as create 3D
severity metrics from aerial laser scanning (ALS). ALS
has been used to quantify three-dimensional forest struc-
ture changes caused by fire and relate them to both satel-
lite and drone imagery (Filippelli et al. 2019; Kato et al.
2019; McCarley et al. 2017; Viana-Soto et al. 2022). In
areas where ALS is acquired both before and after a fire,
fire severity can be quantified by the change in above-
ground point distributions (Hoe et al. 2018). Although
more limited in spatial coverage, Terrestrial Laser Scan-
ning (TLS) can also be employed to quantify fire severity
at strata of different heights based on point distributions
(Kato et al. 2019). However, lidar with sufficient temporal
resolution to be used to define severity is rare.

The concept of “severity” in the context of fire is often
determined by the temporal and spatial scales at which
fire effects are observed, as well as the methodologies
employed to quantify these effects (Keeley 2009). Severity
can be assessed through imagery by measuring changes
in spectral indices such as the Normalized Differenced
Vegetation Index (NDVI) or the Normalized Burn Ratio
(NBR) (Escuin et al., 2008). Additionally, severity can be
evaluated through field-based observations, including the
consumption and charring of trees from the ground up
(Key and Benson 2006). In this study, severity is defined



Batchelor et al. Fire Ecology (2025) 21:39

as an immediate change in NDVI within a three-dimen-
sional model of differenced NDVI values at various
canopy heights, facilitated by the utilization of multispec-
tral photogrammetric point clouds derived from drone
imagery.

Drone digital aerial photogrammetry (dDAP)

Digital aerial photogrammetry (often called structure
from motion, SfM) is used to create photogrammetric
point clouds and orthoimagery mosaics from a collec-
tion of overhead images. With the increasing availabil-
ity of consumer drones and processing software, drone
imagery has become a staple in ecological monitoring
(Colomina and Molina 2014; Hardin and Hardin 2010;
Sun et al. 2021). In addition to traditional RGB imagery,
drones with multispectral cameras are now employed to
rapidly assess vegetation health and conditions (Fawcett
et al. 2020).

Photogrammetric point clouds generated from RGB
or multispectral imagery preserve the spectral reflec-
tance values of each imagery band for each point created.
Point clouds derived from 4-band multispectral imagery
with near-infrared (NIR) allow for the creation of not
only multispectral point clouds, but also point clouds of
spectral indices such as NDVI (Reilly et al. 2021). Appli-
cations of these multispectral point clouds to address
ecological questions is the subject of several papers look-
ing at fuel estimates and forest structural attributes (Hof-
frén et al. 2023; Shen et al. 2019). However a limitation
of photogrammetric point clouds is that they model the
surface of a forest and in areas of closed canopy, they are
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not able to effectively model the ground (Cao et al. 2019;
Iglhaut et al. 2019).

Forested ecosystems with short fire return intervals,
such as longleaf pine (Pinus palustris Mill.) forests in the
southern US, tend to have a relatively open canopy (Beaty
and Taylor 2001; Cary 1932; Landers 1991). An open can-
opy allows oblique angles from a drone-mounted aerial
camera to capture tree stems, understory vegetation,
and ground cover (Fig. 1). These oblique angles allow
for a much more complete three-dimensional model of
an area, including the ground and surface vegetation,
even under tree canopies that would occlude nadir-only
imagery. Because photogrammetric point clouds are gen-
erated from a multitude of images, what may be obscured
in one image could be visible in another. Specifically, a
nadir image directly above a tree will have all the ground
under the tree canopy obscured, however, the photos
taken in the area surrounding the tree may capture the
ground (Fig. 1). With sufficient overlap between photos,
it is possible to generate three-dimensional multispectral
point clouds as well as an orthoimage that focuses solely
on the surface vegetation, effectively excluding all tall
vegetation from the image.

Pre-fire orthoimagery of the understory only, with all
trees digitally removed from the point clouds before ren-
dering rasters from the multispectral points, should allow
for complete characterization of ground cover into cat-
egories such as fine vs coarse downed woody debris, bare
soil, duft, low vegetation (e.g., grasses, forbs, and small
shrubs), and taller understory vegetation (e.g., shrubs
and saplings). Post-fire orthoimagery of the understory
only, should allow for the same characterization of fuels

k3

k3

Fig. 1 Conceptual diagram of the area occluded from nadir imagery (denoted by the dashed black line). In this diagram, approximately 50%
of the ground is occluded by the trees, but the entire ground is captured from the oblique views from the drones. The field of view from the drones
is ~80° with ~80% overlap. These are common values for drone image acquisition
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and enable a detailed quantification of the type of fuels
consumed and the total consumption. How vegetation
recovers post-disturbance (including, but not limited to,
fire) at a fine scale has been the subject of much research
(Robinson et al. 2022; Rydgren et al. 1998; Samiappan
et al. 2019). While drones are increasingly used for this
process, the applications so far have not utilized the abil-
ity to digitally remove the overstory for understory classi-
fication. Previous work has been done to isolate overstory
vs. understory in orthomosaic images derived from
drone imagery (Herzog et al. 2022; Kolarik et al. 2019; Li
et al. 2020) but this removal of tall vegetation for a clas-
sification of understory normally occluded, is a novel
approach.

Objectives

To address the issue of isolating understory fire effects
from overstory fire severity, we had three primary objec-
tives in this methods paper:

+ To generate multispectral photogrammetric point
clouds from drone imagery for pre- and post-fire for-
est plots to quantify fire effects at different canopy
height strata.

+ Within the pre- and post-fire plots, to digitally
remove all vegetation over 2 m to create classified
orthoimages of understory-only vegetation.

+ To compare our derived understory-only fire severity
metric to satellite indices of the same area.

In forests with a relatively open overstory, this meth-
odology facilitates the differentiation of understory fire
effects from overstory fire effects, enables the monitor-
ing of vegetation changes due to disturbance or regrowth
with centimeter-level precision, and offers a tool to
quantify the potential underestimation of fire effects as
observed through aerial or satellite imagery.

Methods

Site

The study site was in SC, USA, on the US Army base Fort
Jackson (Fig. 2). Fort Jackson occupies 20,767 hectares,
with the dominant forest type consisting of fire adapted
longleaf pine (Pinus palustris Mill.) with an under-
story dominated by sparkleberry (Vaccinium arboreum
Marshall.). Longleaf pine forests have relatively open
canopies, allowing aerial images to capture much of the
ground. Fort Jackson uses repeated prescribed burning
(Landers et al. 1990) across its pine forests to “manage
fire safely and effectively to achieve desired ecological
conditions while protecting assets and air quality and
facilitating the military mission” (Cohen et al. 2014).
The vegetation was typical of frequently-burned forest
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conditions in the Sand Hills region of the Carolinas with
an open structure of longleaf pine, open midstory, sparse
shrub layer with clumps of sparkleberry, and leaf litter
primarily of longleaf pine needles (Porcher and Rayner
2001; Swezey et al. 2016).

Drone imagery was collected pre- and post-fire in
seven replicate plots located in similar stands (Table 1).
Each plot was approximately 0.2 ha and was selected for
having an understory with a preponderance of sparkle-
berry. The size and locations of plots were partially dic-
tated by existing roads that were used as fire breaks and
to provide easy access, as well as the need to meet other
research objectives associated with the burns; namely, to
measure pyrolysis gas emissions from the sparkleberry
shrubs (Weise et al. 2025). The plots had a naming con-
vention to match additional studies associated with these
burns (Banach et al. 2021; Herzog et al. 2022; Hudak et al.
2020; Scharko et al. 2019; Weise et al. 2024). Two of the
plots were used as unburned controls (plots 2 and 3) and
were flown twice, before and after the other plots were
burned (plots 1, 5, 6, 24 A, and 24B).

dDAP point clouds

For the dDAP data, a DJI Mavic Pro drone (DJI 2016)!
with a stock 12-megapixel RGB camera with a resolu-
tion of 3 cm/px at 100 m was used. A Parrot Sequoia
multispectral camera (Parrot 2016) was alternatively
attached to the drone such that images also were cap-
tured in four spectral bands: Green (GRE):530-570 nm,
Red (RED):640-680 nm, Red Edge (REG):730-740 nm,
and NIR (NIR):770-810 nm. The resolution of the parrot
Sequoia images was 9 cm/px at 100 m. For image acquisi-
tions, transects were flown over the plots at both 60 m
and 120 m. Images were collected with a minimum of
80% front and side overlaps.

Image processing was performed using the photo-
grammetric Agisoft program, Metashape (Agisoft 2014).
Photogrammetric point clouds were generated using all
bands from the parrot sequoia. Radiometric calibration
of the images was performed during processing using the
data recorded from the camera’s sunlight sensor, as well
as using a calibrated reflectance panel. Photogrammet-
ric point clouds were also created using the RGB images
from the Mavic Pro stock camera. Three-dimensional
photogrammetric point clouds were created from both
multispectral and RGB imagery for all plots, both before
and after the fires (28 total point clouds). Each point in
the resultant multispectral point clouds had the 4 sequoia
spectral values associated with it. All points generated

! The use of trade or firm names in this publication is for reader informa-
tion and does not imply endorsement by the U.S. Department of Agricul-
ture of any product or service.
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Fig. 2 Location of replicate plots within Fort Jackson, near Columbia, SC, USA. 2019 NAIP imagery basemap to provide context of vegetation cover.
The east-west lines visible in the imagery are from plowed firebreaks the fort maintains

were used, as employing thresholds of minimum look
angles for point generation and confidence intervals
excluded a high percentage of valid vegetation points.
Quality control was conducted visually to remove errant
points and low-quality image inputs.

Using multispectral point clouds, the open-source
program CloudCompare (CloudCompare 2019) was

used to calculate the NDVI value for each point, such
that normalized difference vegetation index (NDVI)
point clouds could be generated (Fig. 3). Both pre- and
post-burn NDVI point clouds were created for each of
the seven plots (including the two unburned plots). In
total, there were 14 NDVI point clouds created.
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Table 1 Plot number, size, and time/date of each drone flight.
Preexisting roads were partially used as fire breaks, so plot sizes
varied. Flight times were generalized as flights averaged between
10 and 20 min. The times given are for RGB image collection,
additional flights were required to collect multispectral imagery
for some plots, and time was not recorded. Plots 2 and 3 were
unburned

Plot# Size (ha) Pre-burn flight Burn date Post-burn flight
time time

24B 0.31 10:00 2018-04-30  2018-05-01  11:00 2018-05-02
24A 022 12:00 2018-04-30  2018-05-02 16:00 2018-05-02
5 0.15 14:00 2018-04-30  2018-05-03  14:00 2018-05-03
6 0.19 14:00 2018-04-30  2018-05-03  14:00 2018-05-03
1 0.18 15:00 2018-04-30 2018-05-03  13:00 2018-05-04
2 0.19 15:00 2018-04-30  Not burned  13:00 2018-05-04
3 0.2 15:00 2018-04-30  Not burned  13:00 2018-05-04

Each plot had four dDAP point clouds: pre-fire multi-
spectral, post-fire multispectral, pre-fire RGB, and post-
fire RGB. The pre-fire RGB dDAP point clouds were
georectified using 2017 airborne lidar (ALS) of Fort Jack-
son to perform fine-scale point-cloud matching. Using
aerial lidar and tree crown matching to georeference
photogrammetric point clouds or terrestrial lidar point
clouds is a method commonly used in place of surveying
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in ground control points (Batchelor et al. 2023; Haug-
lin et al. 2014). For each plot, the post-fire RGB, pre-fire
multispectral, and post-fire multispectral were then co-
registered with the geolocated pre-fire RGB point clouds.
Root mean square error (RMSE) values for co-registered
dDAP point clouds averaged between 5 and 10 cm. All
subsequently derived rasters had this same co-registra-
tion error. This ensured a direct comparison between
multiple datasets without compounding location errors.
A 1-m digital terrain model derived from ALS was used
to “normalize” the dDAP point clouds. This normaliza-
tion subtracts all ground elevation values from the dDAP
point cloud values, creating a “flat” scene in which the hill
slope was removed. However, minimum normalization
was required as all plots were relatively flat to begin with.
All photogrammetric point clouds were then binned into
2-m height strata (Fig. 4).

Point cloud statistical analysis

Using the height strata, the pre- and post-fire NDVI point
clouds were compared at each site. Two sample z-tests
were performed to determine if there was a change in the
mean NDVI values of points within each height stratum
after the fire. In addition to a simple test of difference of
means between groups of large sample sizes (typically
>10,000 in this case study), Cohen’s d (Ben-Shachar et al.
2020; Cohen 1988) was used to assess the effect size of

Fig. 3 NDVI point cloud generated from the multispectral photogrammetric point cloud of post-burn plot 24B and the surrounding area. Y is north,

Xis east



Batchelor et al. Fire Ecology (2025) 21:39

Page 7 of 18

Fig. 4 Two-meter height strata highlighted in one of the height normali

the burns on the NDVI values of the points within each
height stratum for the aggregated burned and unburned
plots. Cohen’s d is a method of determining the relative
effect size of a treatment between two groups. With large
data sets, small differences can become statistically sig-
nificant, and Cohen’s 4 is one method to contextualize
difference by providing a standardized measure of effect
size beyond simply reporting a difference in mean value
between two groups. Cohen’s d is a measure of the num-
ber of standard deviations between the two means of the
compared datasets. Thresholds of effect size were set as
follows: d< 0.1, very small; 0.1 <d< 0.5, small; 0.5 <d <
0.8, moderate; 0.8 <d < 1, large; and d > 1, very large. The
ordinal values from small to large were subjective, and
the suggested thresholds (Cohen 1988) were used with
the addition of the “very large” class to indicate plots in
our study that had the largest effect size from fire. Point
density violin plots of pre- and post-fire NDVI values
were created from the values of the point clouds to visu-
alize the change in the distribution of the values at strata
of different heights.

Multispectral orthoimage processing

CloudCompare was used to convert the point clouds
into raster orthoimages for both multispectral photo-
grammetric point clouds and RGB photogrammetric
point clouds. From the multispectral point clouds, 20
cm resolution orthoimages were made from all points
(the nadir view of the plots) and points 2 m and below
(Fig. 5). Points above 2 m were used to create a third
orthoimage raster denoting canopy cover only. The
figures of all color-infrared orthoimages at all plots
are included in the supplemental material. All three
sets of multispectral photogrammetric point clouds
(understory-only, nadir, and overstory-only) were used
to create NDVI rasters of the pre- and post-burn plots,
as well as ANDVI rasters.

zed RGB photogrammetric point clouds

Multispectral orthoimage analysis

Using the co-registered, 20 cm resolution, pre- and
post-fire multispectral images, scatter plots of spatially
matched raster cell NDVI values pre- and post-fire were
created to visualize the shift in NDVI values. There were
three sets of scatter plots: NDVI values for the matched
cells in the understory-only orthoimages (e.g., Fig. 5A
and C), NDVI values for matched cells in nadir orthoim-
ages (e.g., Fig. 5B and D), and NDVI values for canopy-
only matched cells. Assuming normality and standard
normal deviates (z), paired z-tests were performed to
determine if there was a significant difference between
the pre- and post-fire NDVI values of the matched pix-
els (Zar 1974) in addition to using Cohen’s d to quantify
effect size. Cohen’s d was performed on paired pixel data
to assess the effect size of the fire on NDVI values. The
same effect size thresholds were used as with the dDAP
point cloud comparisons (“Point cloud statistical analy-
sis” section). Density probability plots were created for all
comparisons to illustrate the change in the distribution
of NDVI values when comparing understory-only, nadir,
and overstory-only imagery.

RGB orthoimage processing

Using CloudCompare, 5 cm resolution image rasters
were produced from the RGB point clouds using only the
points 2 m and below. Images of the RGB orthoimages
for all plots are included in the supplemental material.
The RGB values of each pixel were determined using the
values of the point highest in elevation within each raster
cell area. Owing to the complexity of the tree structures,
5 cm resolution images had too many gaps to effectively
model the tree canopy extent. The 20 cm resolution ras-
ters of all points greater than 2 m in height from the mul-
tispectral photogrammetric point clouds were used to
determine the location and size of the canopy cover. The
percentage of ground cover visible from a nadir view at
each plot was calculated.
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Fig. 5 Plot 6 as an example of a 20 cm resolution color infrared orthoimage (NIR, R, G) produced from a multispectral photogrammetric point
cloud. A Pre-burn nadir, B pre-burn understory only, C post-burn nadir, D post-burn understory only. Multispectral and RGB orthoimages rendered

from the point clouds for all plots are included in the supplemental material

Both the 20 c¢cm resolution multispectral orthoimages
and the 5 cm resolution RGB orthoimages were created
through a process of rasterizing the photogrammetric
point clouds. The difference in resolution between the
two images sets was reflective of the resolution of the
different cameras collecting the initial imagery. Concep-
tually, the cells of the multispectral raster represent a
20 X 20 cm column within the point cloud. We used the
spectral values of points at the highest elevation within
each column to generate nadir and overstory-only rasters.
This is analogous to taking a photograph from a drone.
Similarly, for the understory orthoimages, after removing
all points above 2 m, we used the spectral values for the
points closest to 2 m to generate the orthoimages. Other
options could have been spectral values for the lowest
elevation points, the mean, min, or max values for points,
or any other statistical value derived from the points.

Using the points closest to 2 m is most analogous to tak-
ing a nadir photo with all vegetation above 2 m removed,
but using the lowest elevation points may provide a more
accurate representation of ground conditions. We opted
for the 2 m point values to include ground vegetation
and produce NDVI values that included vegetation in the
pre-burn images and to account for the scorching or con-
sumption of that vegetation in the post-burn images.

RGB orthoimage analysis

RGB understory orthoimages were used to create pre-
burn ground-cover classification maps with the follow-
ing classes: bare ground, leaf litter, live vegetation, and
woody debris. Post-burn classification maps were also
produced with the same classes and additional classes
of black char (areas of incomplete combustion) and
white ash (areas of complete combustion). Object-based
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supervised classification (support vector machine) was
used to classify each image.

Accuracy assessment was performed using a refer-
ence point density of 500 points per hectare. Points were
placed in the classified images using a stratified random
placement strategy. The reference was determined by
viewing each point within the understory orthoimage
independently without referring to the classification.
Each point was assigned to a class of either Black Char,
White Ash, Bare Ground, Leaf Litter, Woody Debris, or
Ground Vegetation. A confusion matrix (Congalton and
Green 2009) was produced to assess the accuracy rates of
each class per plot as well as all plots combined.

Using height values from a vegetation height model
created from the 0-2 m RGB photogrammetric point
clouds (Fig. 6), live vegetation was further sub-divided
into 2 classes of herbaceous vegetation (0-0.5 m) and
shrub vegetation (taller than 0.5 m).

Multispectral dDAP dNDVI Comparison to Satellite dNDVI

With understory, overstory, and nadir dNDVI rasters
(20 cm resolution) produced using multispectral dDAP
data, comparison with satellite-derived dNDVI values
was conducted. The pre- and post-burn satellite imagery
from both Sentinel 2 (10 m resolution) and Landsat 8 (30
m resolution) sensors was acquired, and the ANDVI val-
ues were calculated (Table 2). Satellite ANDVI values for
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Table 2 Dates of the Sentinel and Landsat imagery used to
derive NDVI values. The image dates used were based on data
availability and lack of cloud cover

Pre-burn Post-burn Pre-burn Post-burn
Sentinel date Sentinel date Landsat date Landsat date
2018-04-29 2018-05-09 2018-04-14 2018-05-12

the unburned and burned plots were compared with the
dNDVI values for the burned and unburned plots from
understory-only and nadir dDAP NDVI images. The
effect size was measured using Cohen’s d test.

Results

dDAP point clouds

Violin plots of the distribution of NDVI values are pre-
sented in Fig. 7 for aggregated burned and unburned
plots. Height strata comparisons were performed for all
2 m strata up to 18 m. Treetop vegetation in the plots was
either sparse or non-existent above 18 m. The samples
were the entirety of points within the generated multi-
spectral photogrammetric point clouds at each height
bin, so the sample sizes were very large. Each point rep-
resents a sample from within a height bin in either a plot
that burned or did not burn. By including all points (the
entire population), the standard deviation of samples
is captured. This is important to derive a magnitude of

[ "
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Post-Burr} |
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Fig. 6 Vegetation height models excluding all vegetation above 2 m for Plot 6. This is height above ground for understory vegetation allowing
for the differentiation of herbaceous ground cover and shrubs taller than 0.5 m
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Fig. 7 Pre- and post-burn NDVI value violin plots for burned (top) and unburned plots (bottom). The large sample sizes are all NDVI point cloud
points within the respective height bins. The green side of the violins is the distribution of NDVI values pre-fire, with the brown side indicating
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represent the ground level, increasing in height to the right, up to 18 m. The median is indicated by the centerline in the box with one quantile

above and below contained within the range of the rectangle

change between treatments (pre-burn/post-burn) that is
quantified by using the Cohen’s d value. All z-tests indi-
cated a significant change in the mean NDVI value for all
pre- vs post-fire comparisons at all height strata (p-value
<0.001). Cohen’s d values indicated either a small or
very small effect size on the pre- and post-fire collected
imagery in the unburned plots that were not burned,
medium or small effect size in the burned plots above 10
m, and a very large effect size in burned plots below 6 m
(Fig. 7).

Multispectral orthoimage

All z-tests comparing the burned plots to the unburned
plots indicated a significant change in the mean NDVI
value (p< 0.001). All z-tests comparing pre-fire to post-
fire plot NDVI values indicated a significant change in
the mean (p-value <0.001). The samples were the individ-
ual pixels within the orthoimages for the probability den-
sity plots and the matched pre- and post-fire pixels for
the scatter plots. The sample sizes were between 52,000
and 241,000 pixels (Fig. 8).
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The scatter and density plots for the aggregated burned
and unburned plots are presented in Fig. 8. Cohen’s d val-
ues for the effect size indicated a small or medium effect
for the pre- and post-fire imagery in the unburned plots
as well as the nadir and overstory-only imagery in the
burned plots. The understory-only orthoimages from the
burned plots had a very high effect size between the pre-
and post-fire imagery (Fig. 8).

Unlike the RGB orthoimages, the understory multi-
spectral orthoimages did not achieve complete coverage.

Table 3 Percentage of the ground that could be modeled

using multispectral orthoimages for each plot, both pre-burn
(Pre %) and post-burn (Post %). The percentage of the ground
occluded from nadir by vegetation over 2 m (i.e, trees) is given as
Overstory %

Plot Pre % Post % Overstory %
1 86 81 67
2 94 93 55
3 90 92 55
5 99 93 44
6 98 91 43
24 A 87 70 70
24B 95 86 47
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In areas with larger continuous tree canopy coverage,
such as the east side of plot 24 A (see Appendix 1), there
were gaps in understory coverage. These gaps increased
with the extent of continuous canopy coverage. Smaller
areas of continuous canopy, typically from individual
trees, did not occlude the ground. However, larger areas
of continuous canopy, usually formed by clumps of mul-
tiple trees, did cause ground occlusion. The percentage of
each plot captured in the understory-only multispectral
orthoimages, and the percentage of the area occluded by
trees for each plot, are presented in Table 3. There was
variation in the upper canopy region as measured from
pre- and post-fire imagery. The values given as Overstory
% are the average between the two.

RGB orthoimage classification

Of the 1.44 hectare total area of all plots, 0.88 hectares
had occluding vegetation above 2 m (61% ground occlu-
sion). Ground cover was classified with an overall accu-
racy of 87% (Fig. 9, Table 4., and Appendix 2).

Multispectral dDAP dNDVI comparison to satellite dNDVI

The number of samples from each image source reflects
the resolution of the images. The number of samples for
each imagery source and the Cohen’s d value for the effect
size are presented in the boxplot in Fig. 10. The difference

Ground Cover
- Black Char

White Ash

Bare ground

B Leaf Litter

Woody Debris

Shrubs

- Scorched Shrubs
- Tall Vegetation

Polygons

=3 Tree Canopy

Fig. 9 Classification of Plot 6: pre-burn (A) and post-burn (B). The shaded polygons with black outlines are the area occupied by live tree crowns
that were digitally removed to be able to do a complete understory classification. Classified images for all plots are provided in the supplemental

material as well as the RGB orthoimages that show the live crown
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Table 4 Confusion matrix for all plots pre-burn (top) and post-burn (bottom). The post-burn classification had two additional classes
of black char and white ash that were not present in the pre-fire imagery. The total accuracy combining the pre- and post-fire imagery
was 87% (kappa =0.84)

Reference
Pre-Burn Bare Ground  Leaf Litter Woody Debris Understory  Total Users Accuracy
Vegetation
Classification Bare Ground 54 2 4 1 61 0.89
Leaf Litter 2 143 0 18 163 0.88
Woody Debris 4 1 12 1 18 067
Ground Vegeta- 0 11 2 129 142 091
tion
Total 60 157 18 149 384
Producers Accu- 0.9 0.91 0.67 0.87 Overall Accuracy
racy 0.88
Post-Burn Black Char ~ White Ash Bare Ground  Leaf Litter ~ Woody Debris - Understory Total Users Accuracy
Vegetation
Classification  Black Char 166 1 1 0 12 180 0.92
White Ash 2 29 8 0 1 40 0.73
Bare Ground 0 1 45 2 2 50 09
Leaf Litter 0 0 3 49 0 5 57 0.86
Woody Debris 0 1 15 12 0 30 04
Ground Vegeta- 2 0 0 0 65 67 097
tion
Total 170 32 72 51 14 85 424
Producers Accu-  0.98 0.91 0.63 0.96 0.86 0.76 Overall Accuracy
racy 0.86
E Burned
. Control
1-
>
o
P
i)

n= n= n= n= n= n= n= n=
206,675 83,462 (/251,997 95,597 19 9 156 65

d = 2.56**** d=0.8*%** d=0.5** d=1.17%***
dDAP Understory Only  dDAP Nadir Landsat Sentinel

Fig. 10 Distribution of the dNDVI values for the four comparison groups
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in the n value for the dDAP understory compared to the
dDAP nadir is due to some gaps present in the multi-
spectral understory only orthoimages as discussed in the
“Multispectral orthoimage” section (Table 3). The fire had
a medium and small effect on the measured dNDVI val-
ues of the dDAP nadir and Landsat imagery, respectively.
There was a very large effect on the recorded dNDVI val-
ues of dDAP Understory and Sentinel imagery. Although
both effects were categorized as very large, the effect size
was more than double when quantifying dNDVI values
using dDAP understory imagery.

Discussion

dDAP point clouds

The first objective of this study was to generate multi-
spectral photogrammetric point clouds to quantify fire
effects at differing height strata. Within our generated
point clouds, our measured effect size was very large for
strata lower than 6 m in our burned plots and was small
in our unburned plots, indicating that our methodology
quantifies the difference in fire effect size between burned
and unburned plots. Within the burned plots, the effect
size of the burn was larger in the height strata below 6 m
compared to the height strata above, indicating that we
were able to differentiate fire effects at different heights.
The effect size was larger in the 16—-18 m stratum (0.73)
in the burned plots than in the strata between 8 and 16
m. There are several potential reasons for this difference.
The upper strata represented the bulk of the tree canopy,
and there could have been crown scorching from lower
flames. The strata between 8 and 16 m were largely com-
prised of tree boles that would be less likely to have a
change in NDVI values. The values are for the aggregated
point clouds of all sites, but points associated with indi-
vidual trees could be segmented out, and potentially a
measurement of scorch per tree could be derived.

The first-order fire effects on live vegetation, including
scorching and combustion, and the subsequent changes
in NDVI are well established (White et al. 1996). The
gradual recovery and eventual stabilization of NDVI
values in satellite imagery have been used to document
post-fire recovery (Jodo et al. 2018; Kennedy et al. 2010;
Lacouture et al. 2020). We propose that this novel pho-
togrammetric point cloud method offers a way to quan-
tify changes in NDVI in three dimensions, highlighting
areas of change within the vertical structure, similar
to change detection with satellite imagery. It allows for
the documentation of the initial magnitude of change
in NDVI values at any point within the vertical struc-
ture and provides a method to document recovery over
time at different height strata. Our results demonstrat-
ing the ability to quantify the magnitude of change in
NDVI between pre- and post-fire photogrammetric point
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clouds are similar to other post-fire only photogram-
metric point cloud analysis comparing NDVI values of
green vs scorched conifer needles (Moran et al. 2022).
Defoliation and crown scorch have been shown to lead
to reduced growth rates, decreased root nutrient concen-
trations, and mortality in longleaf pine trees (Sayer et al.
2020; Sword and Haywood 1995; Weise et al. 2016). Uti-
lizing multispectral photogrammetric point clouds for
three-dimensional quantification of crown scorch at such
fine scale could enhance estimates of both immediate and
delayed fire effects in such systems.

Orthoimages

While drones are seeing increased use to capture multi-
spectral imagery to quantify disturbance events such as
fire (Carvajal-Ramirez et al. 2019; Iheaturu et al. 2024;
Larrinaga and Brotons 2019; Shin et al. 2019), our pro-
cess of digitally removing points above 2 m from the pho-
togrammetric point cloud and then creating rasters from
the lower points, is a new and novel process. Detection of
change, either by fire consumption or vegetation regen-
eration, at a centimeter level of accuracy is possible via
drone (Hiittnerova et al. 2024; Mestre-Runge et al. 2023).
Establishing semi-permanent ground control points to
co-register image acquisitions at different times would
allow for tracking of first order fire effects as well as sub-
sequent regeneration.

In this study, we classified fine-scale understory land
cover with high overall accuracy, though accuracy lev-
els varied by class. Woody debris had relatively low user
accuracy (67% pre-burn, 40% post-burn) due to the spec-
tral similarity between light-colored downed wood and
sandy soil. In contrast, other classes, such as black char,
showed extremely high accuracy levels (92% user accu-
racy and 98% producer accuracy) because of their dis-
tinctive appearance. In our classification, we included
shadowed areas, as it was still possible to visually identify
the classes for the accuracy assessment, even when they
were in shadow. To further aid in separation of low veg-
etation (below 0.5 m) and tall vegetation (up to 2 m), a
digital surface model was created from the photogram-
metric point cloud. Similar approaches combining photo-
grammetric DSMs with spectral information from drone
imagery have similarly shown an increase in classification
accuracy when compared to using only spectral informa-
tion (Cunliffe et al. 2016; Prosek and Simova, 2019).

Our approach could aid in fine-scale mapping of veg-
etation cover changes in areas that would normally be
occluded from overhead imagery and where ground
access is not possible (due to unexploded ordinance or
other hazards). This could be especially important for
identifying small fire refugia pockets which are important
for the initial survival of species as well as their ability to
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propagate post-fire (Blomdahl et al. 2019; Marsh et al.
2022).

Comparison to satellite dNDVI

Our initial findings on how dDAP can quantify under-
story and overstory fire effects compared to the 2D imag-
ing capabilities of satellite imagery reinforces previous
research conclusions that satellite imagery burn indices
do not always accurately capture fire effects compared
to field observations (Miller et al. 2023; Parks et al. 2019;
Saberi et al. 2022). With our plots being relatively small
in relation to the pixel sizes of Landsat and Sentinel data,
there would be considerable spectral mixing of unburned
and burned forested areas. The nineteen 30 m Landsat
pixels used to derive dNDVI values were sampling areas
outside the burn perimeter, which likely contributed to
the Landsat data only detecting a medium effect size,
while the Sentinel data at 10 m resolution had 156 pixels
within our burn parameters (Fig. 10). Even with a small
fire, this methodology of using drone imagery to digitally
remove overstory vegetation to derive dNDVI values for
the understory only, measured a fire effect size more than
double that of the Sentinel data. Thus, illustrating the
tendency of satellite burn indices to underestimate the
burn severity of surface fires.

Future research

The methods presented here demonstrate the util-
ity of photogrammetric point clouds for fire effects
assessments. One limitation of this study that should
be addressed in future research is how camera resolu-
tion, flight patterns, and photogrammetry processing
affect point cloud generation. These topics for general-
ized dDAP acquisition have been addressed in numer-
ous previous studies (Iglhaut et al. 2019; Kameyama and
Sugiura 2021; Koci et al. 2017; Westoby et al. 2012), but
only in broader terms of the performance of structure-
from-motion to produce reliable vegetation models. This
study used a novel approach of orthoimage generation
that would be more robust if a more complete 3D model
of tree stems could be produced. The ability to produce
more complete multispectral photogrammetric point
clouds from drone imagery is likely to increase as both
drone and camera technologies advance. With increased
modeling performance and longer drone flights, repeat-
ing this research across larger post-fire areas could aid in
the fine-scale mapping of revegetation and tracking post-
fire upper canopy die off. Beyond drone imagery appli-
cations, creating multispectral photogrammetric point
clouds and subsequent 3D spectral indices metrics from
imagery acquired by crewed airplanes or satellites should
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be explored as both sources of imagery are already being
used to generate 3D models from images (Alonzo et al.
2020; Yin et al. 2023). Having a quantified value for the
area of understory vegetation consumed by fire can also
improve models that use area consumed for emissions
estimations (e.g., smoke emission modeling). Further-
more, it could be informative to test how well the three-
dimensional characterization of fire effects from drone
imagery compares to field assessments of fire severity.

Conclusion

Drones have become indispensable tools in ecologi-
cal monitoring. The utility and application of drones
will continue to expand as the technology develops. In
this study we explored the possibility of generating full
three-dimensional models of forests with multispectral
imagery. Our methodology requires a relatively open
overstory to allow for the capture of the ground and
understory vegetation, but the ability to isolate under-
story vs overstory fire effects with spatial precision of a
few centimeters will allow for fine scale quantification
and monitoring of change post disturbance. Further-
more, this process of isolating understory-only dNDVI
orthoimages with the removal of live upper canopy foli-
age will aid in a much more robust and fine-scale assess-
ment of fire severity than is possible using nadir imagery
alone.
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