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Abstract: The ability to monitor post-fire ecological responses and associated vegetation cover
change is crucial to understanding how boreal forests respond to wildfire under changing climate
conditions. Uncrewed aerial vehicles (UAVs) offer an affordable means of monitoring post-fire
vegetation recovery for boreal ecosystems where field campaigns are spatially limited, and available
satellite data are reduced by short growing seasons and frequent cloud cover. UAV data could be
particularly useful across data-limited regions like the Cajander larch (Larix cajanderi Mayr.) forests
of northeastern Siberia that are susceptible to amplified climate warming. Cajander larch forests
require fire for regeneration but are also slow to accumulate biomass post-fire; thus, tall shrubs and
other understory vegetation including grasses, mosses, and lichens dominate for several decades
post-fire. Here we aim to evaluate the ability of two vegetation indices, one based on the visible
spectrum (GCC; Green Chromatic Coordinate) and one using multispectral data (NDVI; Normalized
Difference Vegetation Index), to predict field-based vegetation measures collected across post-fire
landscapes of high-latitude Cajander larch forests. GCC and NDVI showed stronger linkages with
each other at coarser spatial resolutions e.g., pixel aggregated means with 3-m, 5-m and 10-m radii
compared to finer resolutions (e.g., 1-m or less). NDVI was a stronger predictor of aboveground
carbon biomass and tree basal area than GCC. NDVI showed a stronger decline with increasing
distance from the unburned edge into the burned forest. Our results show NDVI tended to be a
stronger predictor of some field-based measures and while GCC showed similar relationships with
the data, it was generally a weaker predictor of field-based measures for this region. Our findings
show distinguishable edge effects and differentiation between burned and unburned forests several
decades post-fire, which corresponds to the relatively slow accumulation of biomass for this ecosystem
post-fire. These findings show the utility of UAV data for NDVI in this region as a tool for quantifying
and monitoring the post-fire vegetation dynamics in Cajander larch forests.

Keywords: Larix cajanderi; Siberia; wildfire; drones; uncrewed aerial vehicle; NDVI; GCC; normalized
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1. Introduction

Amplified climate warming in the Arctic [1] is causing rapid ecological changes [2], many of which
may act as important feedbacks to climate change [3]. In terrestrial ecosystems, sustained long-term
increases in satellite measurements of the Normalized Difference Vegetation Index (NDVI) suggest
widespread increases in vegetation productivity [4,5]. The positive NDVI trends, typically referred to as
‘Greening’, have largely been attributed to increases in the stature and extent of woody shrubs in Arctic
tundra [6–8]. However, nuanced heterogeneity in the ‘greening’ trends is occurring at spatial scales that
are too fine to be resolved using medium- to coarse-resolution (e.g., 0.30–1 km) data with records long
enough for trend detection. In fact, several recent studies utilizing data from Uncrewed Aerial Vehicles
(UAV) have revealed that vegetation heterogeneity occurring at spatial scales of one meter or less is
difficult to capture even with contemporary high- (~1–3 m) to moderate-resolution (e.g., 0.3–1 km)
satellite data [9]. Failure to capture this fine-scale heterogeneity means that satellite derived estimates
of vegetation biomass and productivity may be underestimated by upwards of 10% [10]. While this
emerging research provides important insights about interactions between vegetation heterogeneity
and observational scale in tundra ecosystems, there are large portions of the Arctic dominated by boreal
forests [11], where similar scale-related issues may exist [12], but less research has been conducted.

Cajander larch (Larix cajanderi Mayr.) forests dominate the landscapes across northeastern Siberia,
and like tundra ecosystems, exhibit greening trends in long-term satellite data [4,11,13]. In addition to
enhanced productivity with warming, Cajander larch forests are likely experiencing increased wildfire
activity that has the potential to alter post-fire vegetation recovery, carbon cycling, and ecosystem
resilience [14–19]. Mature Cajander larch forests typically have low tree density, with understory
vegetation communities similar to those found in tundra ecosystems [20,21] leading to a heterogeneous
mixture of vegetation that makes it challenging to infer the ecological drivers of change [22] or
to link field data of vegetation composition and cover with satellite imagery [12,23,24]. Moreover,
recent research has shown complex interactions between fire severity and post-fire tree and shrub
recovery [25], and highlighted the possibility that recruitment failure can result in transitions from
forests to grasslands [26] that have important climate feedback implications [27]. Consequently, the finer
spatial resolution of UAV data (~1–10 cm) has the potential to discern more ecological heterogeneity
for mapping and monitoring vegetation dynamics [28–33], which could be particularly useful for
characterizing post-fire recovery [34] as it relates to recruitment failure or shifts in forest structure.

The investigation of UAV data acquired from visible and multispectral imagery on post-fire
landscapes is a burgeoning area of research. This may be particularly valuable in northeastern Siberia
where aircraft campaigns are not feasible, short growing seasons with high cloud cover limit the
availability of commercial high-resolution satellite imagery, and the remote nature of field sites means
that field access maybe extremely limited. For example, the sites we describe in this study were located
hundreds of kilometers from the nearest settlement and had to be accessed by boat. This meant that
field time was extremely limited and that ultra-high-resolution UAV maps had the potential to provide
additional invaluable information about these remote ecosystems. Recent research has focused on
both the use of UAV data collected from traditional digital cameras solely in the visible spectrum
using a single sensors (i.e., red, green, and blue wavelengths [RGB]) [33,35] as well as from more
sophisticated multispectral sensors that includes data from multiple sensors in the visible and near
infrared (NIR) wavelengths [31,32]. The Green Chromatic Coordinate (GCC), a greenness ratio reliant
on the visible portion (RGB) of the electromagnetic spectrum, is a well-established metric commonly
used in phenology studies [36,37] and has shown promise as a measure of vegetation recovery post-fire
in other ecosystems [35]. UAVs with RGB cameras offer a more readily accessible and cheaper solution
than UAVs with multispectral cameras. Although less is known about how metrics like GCC that
are calculated from RGB cameras correspond to vegetation in northeastern Siberia. Multispectral
data allows for the use of vegetation indices such as the normalized differenced vegetation index
(NDVI), which has been used extensively for monitoring and classifying vegetation with satellite
imagery [38,39], but also has shown inconsistencies across satellite platforms [40,41]. For high-latitude
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ecosystems, cloud and snow-free high-resolution satellite imagery is particularly limited, making
landscape-scale assessments challenging to execute [42], and so UAV imagery may be an ideal data
source for northeastern Siberia.

Here, we evaluate how well two common vegetation indices, GCC and NDVI derived from RGB
and multispectral sensors, respectively, are able to predict field-based measures of post-fire vegetation
(e.g., aboveground carbon biomass, live tree basal area, tall shrub basal area) across fire perimeters in
northeastern Siberia. We examine how these relationships vary with spatial scale and when moving
from the unburned edge into the burn perimeter in Cajander larch forests. We had three main objectives.
First, we determined how GCC and NDVI relate to each other across a fine (25 cm) to coarse (10 m)
spatial resolution to understand how fine-scale heterogeneity influences reflectance. Second, we
evaluated how well these vegetation indices are able to predict aboveground carbon biomass and
basal area of live trees and tall deciduous shrubs. Lastly, we assessed the differences in vegetation
indices between burned and unburned sites and how vegetation indices change with distance from the
unburned edge into the fire perimeter.

2. Materials and Methods

2.1. Study Area

The study area was located within four burn perimeters in the boreal forest of northeastern
Siberia near Cherskiy, Sakha Republic, Siberia (68.74◦N, 161.40◦E; Figure 1) and along the Annui
River, a tributary of the Kolyma River. These fires burned in 1983, 1984, 2001, and 2003. In this
region, boreal forests are dominated by Cajander larch, a deciduous, non-serotinous conifer that
relies on seed sources from unburned areas and surviving trees within burned areas for regeneration.
The understory is dominated by tall deciduous shrubs (Alnus spp., Betula spp., and Salix spp.) and
short evergreen shrubs (Vaccinium vitis idaea, Empetrum nigrum, and Rhododendron tomentosum), mosses
(including Aulacomnium turgidum and Polytrichum spp.), and lichens (including Cladonia rangiferina,
Cetraria cuculata, and Stereocaulon tomentosum). Upland areas are characterized by a gradient of
high-density to low-density forests, while lowland floodplains are a mix of shrub-dominated areas
and low-density forests. The average summer temperature is 12 ◦C, and annual precipitation is
about 230 mm per year with about half falling during the summer (Cherskiy Meteorological Station,
https://rp5.ru/Weather_archive_in_Cherskiy).

2.2. Field Data

Field data from the four burn perimeters that corresponded to UAV data was collected during the
summers of 2018 and 2019. Field data were collected along seven 250-m transects within the burn
perimeters (1–2 transects per burn), running from 50-m into the unburned area to 200-m into the
burned area. Each transect consisted of eight plots. We collected GPS coordinates at the center of each
plot. Trees were sampled within a 4–10 m radius plot from plot center, with plot size decreasing with
increasing density of live and dead trees. Tall deciduous shrubs were sampled in a variable-width
(0.5–1 m), 5-m length belt transect running from plot center to the north in the northwest quadrant of
the plot. The width of the belt transect was reduced when shrub density was high. Field data were
aggregated to plot-level aboveground carbon biomass and basal area of trees and shrubs. Tree [20] and
shrub [43] biomass were calculated individually as grams per square meter (Table 1). Then biomass
was converted to aboveground carbon biomass as grams of carbon per meter square using a carbon
concentration of 46% for live trees [20] and 48% for tall shrubs [21]. Live trees and shrubs were
combined to estimate aboveground woody carbon biomass. Live tree and shrub basal area were each
calculated per plot and scaled up to meters squared per hectare. These variables were selected for
analysis to determine how woody vegetation cover influences vegetation indices in these ecosystems.

https://rp5.ru/Weather_archive_in_Cherskiy
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Figure 1. A map of the study area in northeastern Siberia, Russia. Panel A shows the location of the 
study area in Northeastern Siberia, Russia outlined by the blue box, which highlights the area of the 
inset map. The inset map shows the location of the transects that are labeled with a background of a 
composite Landsat image. Panel B shows the NDVI image calculated from the multispectral UAV 
data for the CN transect 1. Panel C shows the visible spectrum (RGB) UAV data for the CN transect 
1. 
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Figure 1. A map of the study area in northeastern Siberia, Russia. Panel (A) shows the location of the
study area in Northeastern Siberia, Russia outlined by the blue box, which highlights the area of the
inset map. The inset map shows the location of the transects that are labeled with a background of a
composite Landsat image. Panel (B) shows the NDVI image calculated from the multispectral UAV
data for the CN transect 1. Panel (C) shows the visible spectrum (RGB) UAV data for the CN transect 1.

Table 1. Details for the allometric equations used to calculate biomass for field-based measures of
trees [20] and shrubs [43]. The equation was biomass = axˆb (x = BD or DBH), where values for a and b
are listed in the table and correspond to the basal diameter (BD) or diameter at breast height (DBH) of
the field-based measures [20,43].

Genus BD DBH a b Source

Alder (Alnus) 0.18–9.52 23.7 2.68 [43]
Birch (Betula) 0.09–2.53 28.1 2.97 [43]
Willow (Salix) 0.10–6.30 23.53 2.83 [43]

Larch 0.7–39.2 39.46 2.26 [20]
Larch 0.08–29.3 179.2 2.01 [20]
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2.3. UAV Data Collection

We collected both RGB and multispectral imagery using a DJI Phantom 4 Advanced quadcopter
(Table 2). The RGB imagery was obtained with the stock camera (1-inch [i.e., 13.2 × 8.8 mm] 20 MP
CMOS sensor) on the Phantom 4 Advanced quadcopter. Multispectral imagery was collected with a
Parrot Sequoia multispectral camera mounted to a Phantom 4 Advanced quadcopter using custom 3D
printed mounts. Multispectral Sequoia imagery consists of four bands collected with the following
separate monochrome sensors (~1 MP resolution)—green 530–570 nm, red 640–680 nm, red-edge
730–740 nm, and near-infrared 770–810 nm. The Sequoia has an integrated irradiance sensor that was
mounted to the top of the quadcopter to account for any changes in illumination during the flight.
In addition, pre- and post-flight images of a calibrated reflectance panel (60% broadband reflectance,
Micasense, Seattle, WA, USA) were used to convert at sensor radiance to reflectance. Flight collection
protocols were based on those developed by the High Latitude Drone Ecology Network (HiLDEN) [44].
Briefly, the imagery was collected as close as possible to local solar noon, and flights at each site
were centered on the sampling transect. Sky condition was generally clear, though cloud cover was
unavoidable and affected several flights. The additional payload associated with the Parrot Sequoia
reduced battery life and affected aircraft maneuverability. Therefore, it was not possible to collect
multispectral imagery on all transects. Thus, RGB imagery was available for all seven transects, while
multispectral imagery was only available for four of the seven transects. Flights with only RGB were
flown at 120 m altitude to maximize spatial coverage, while multispectral flights were flown at 60 m
altitude to maximize spatial resolution (owing to the smaller ~1 MP sensor size). At each site, 5–10 0.25
m2 checkered nylon ground control targets were placed throughout the sample area, and the coordinates
were recorded using two Emlid Reach RS+ RTK GPS receivers (St. Petersburg, Russia) with ~10 cm
geometric accuracy. Images were orthorectified and mosaicked in Pix4D Mapper for multispectral
(Pix4D S.A. Prilly, Switzerland) and Agisoft Metashape for RGB (Agisoft LLC, St. Petersburg, Russia),
and co-registered using ground control points.

Table 2. Collection details for visible spectrum (RGB) and multispectral (MS) data. All data were
collected during the summer 2019. We report the field site code, field transect number, flight numbers
for RGB/MS, year of burn, day of year (DoY) flight occurred, altitude of flight, and pixel resolution for
processed imagery.

Site
Code Transect Flight Number

(RGB/MS) Burn Year DoY Altitude (m) Pixel
Resolution (cm)

Alnus 1 7/8 1984 174 120/60 3.28/6.04
ANS 2 4 2003 173 120 4.88
ANS 3 6 2003 173 120 3.19
BP 1 9 1983 175 110 3.19
BP 2 12/13 1983 175 120/60 3.34/6.03
CN 2 17/17 2001 184 120/60 1.54/6.85
CN 1 15/20 2001 184/188 120/60 3.28/6.03

RGB and multispectral imagery was used to calculate vegetation indices. We calculated the GCC
index for each pixel in the orthomosaic imagery for all seven transects. The GCC index is the ratio of
green light radiance to total radiance for each pixel and calculated as

Green
Red + Green + Blue

(1)

We used multispectral imagery to calculate the NDVI for each pixel as

(NIR−Red)
(NIR + Red)

(2)

The vegetation index values were extracted for each plot along the transect using a spatial buffer
that extracted an aggregated mean based on the specified radius outlined below.
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2.4. Data Analysis

We used correlation analysis and linear models to analyze our three research objectives that
evaluate how GCC and NDVI: (1) relate to each other at varying spatial resolutions, (2) predict
aboveground carbon biomass and basal area, and (3) distinguish burned, unburned, and edge
effects. We used the cor and lm function from the ‘stats’ package for each analysis [45]. We assessed
assumptions for all models by visually inspecting the residuals. All analyses were performed in the R
Statistical Computing Software version 3.6.3 [45] with the ‘lsmeans’ [46] and ‘tidyverse’ packages [47].
Field data [48], UAV data [49], and code [50] for the analyses are available online.

To assess how GCC and NDVI relate to each other at increasing spatial resolutions (from 25 cm to
10 m), we performed a correlation analysis. For each spatial resolution, the vegetation index values
were an aggregated mean of pixels extracted at an increasing radius of 25 cm, 50 cm, 1 m, 3 m, 5 m,
and 10 m from the plot center. The buffer radius was measured from the GPS coordinates taken from the
center of each field plot along the transect. We opted for this approach since the pixel resolutions were
not consistent across all imagery (Table 2). Further, aggregating pixels over a spatial area into a mean
pixel value improves linkages to coarser resolution satellite imagery [51], and spatial aggregations have
been evaluated in several investigations e.g., [10,52–54]. The spatial scales were chosen to correspond
to ecologically meaningful scales where finer resolutions are associated with an individual plant’s area,
and coarser resolutions are associated with field plot sizes.

Second, we assessed how well GCC and NDVI predict field-based measures of aboveground
carbon biomass and basal area of live trees and tall shrubs. We fit two models to predict aboveground
carbon biomass, the first model with GCC and increasing spatial resolutions (25 cm, 50 cm, 1 m,
3 m, 5 m, and 10 m) as explanatory variables and a second model with NDVI and increasing spatial
resolutions (25 cm, 50 cm, 1 m, 3 m, 5 m, and 10 m) as explanatory variables. The increasing spatial
resolution was treated as a categorical variable. We log-transformed aboveground carbon biomass to
meet model assumptions [55]. We assessed the relationship between the vegetation indices and basal
area of live trees and shrubs, using the 10-m aggregated mean values for GCC and NDVI, based on the
correlation analysis and assessment of standard deviations of aggregated means between GCC and
NDVI. Four statistical models were run with each combination of response variables, live tree or tall
shrub basal area, and explanatory variables, GCC or NDVI.

Lastly, we evaluated the difference in GCC and NDVI values between burned and unburned areas
as well as how vegetation indices change across the field transect from the unburned into the burned
area. We used the 10-m aggregated mean for GCC and NDVI based on the correlation analysis and
evaluation of standard deviation spread. A Welch t-test [56] for unequal variance was performed to
test for a difference in the means of GCC and NDVI between burned and unburned areas. We then
regressed GCC and NDVI separately against distance from the unburned edge.

3. Results

3.1. Correspondence between GCC and NDVI

We were primarily interested in how GCC corresponded to NDVI at comparable spatial resolutions.
The correlation between GCC and NDVI increased with increasing spatial resolution (e.g., aggregated
mean based on increasing buffer radius; Table 3). GCC and NDVI were correlated most strongly with
each other at the 3-m, 5-m, and 10-m resolutions (ρ > 0.91) compared to finer resolutions (1-m or less).
Standard deviations of the aggregated means were evaluated to assess variability within each buffer
resolution. The standard deviations increased with increasing spatial resolution and plateaued at 3-m,
5-m, and 10-m radii with comparable variability (Table 3, Figure 2).

3.2. Linking Field-Based Measures and Vegetation Indices

We found that aboveground carbon biomass ranged between 116.7 and 6846.0 g C m−2 across the
field plots. Aboveground carbon biomass increased with increasing GCC or NDVI (Figure 3; Table 4).
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NDVI was a better predictor of aboveground carbon biomass (R2 = 0.55) than GCC (R2 = 0.41). The 3-m,
5-m, 10-m resolution demonstrated stronger relationships between aboveground carbon biomass and
GCC as well as NDVI.Remote Sens. 2020, 12, x FOR PEER REVIEW 8 of 21 
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Figure 2. Standard deviations for aggregated means to assess variability in GCC (A) and NDVI (B)
within plots of increasing spatial resolution. For both GCC and NDVI, the standard deviation is
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at which point the standard deviations plateau. The plateau indicates that the 3-m, 5-m, and 10-m
have comparable variability. The patterns illustrate that GCC and NDVI exhibit similar patterns
of heterogeneity.
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Figure 3. Linear models testing how well log-transformed aboveground carbon biomass (C mass) is
predicted by GCC (A) and NDVI (B) across increasing spatial resolutions. C mass includes trees and tall
deciduous shrubs. Vegetation index values were an aggregated mean extracted at an increasing buffer
radius (buffer resolution). Panels show fitted relationship with 95% confidence intervals and raw point
data. NDVI (B) was a stronger predictor of C biomass than GCC (A) based on adjusted R2 (Table 4).

The analyses showed that basal area of shrubs and trees increased with increasing GCC and NDVI
(Figure 4; Table 5). Live tree basal area ranged from 0.00 to 34.57 m2 per hectare (ha). Shrub basal area
ranged from 0.87 m2 per ha to 28.14 m2 per ha. GCC was a poor predictor of live tree (R2 = 0.14) and
shrub basal area (R2 = 0.29). NDVI was a strong predictor of live tree basal area (R2 = 0.52), but a poor
predictor of shrub basal area (R2 = 0.28).
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GCC ranged from 0.333 to 0.423 for burned and from 0.342 to 0.429 for unburned. NDVI ranged from 

Figure 4. Linear models testing for a relationship between vegetation indices and basal area (BA).
Graphs show fitted relationship with 95% confidence intervals and raw point data. Shrub basal area
was not predicted well by GCC (B; R2 = 0.29) or NDVI (D; R2 = 0.28). Tree basal area was predicted
poorly by GCC (A; R2 = 0.14) and was predicted best by NDVI (C; R2 = 0.52).

Table 3. Correlation coefficients between GCC and NDVI at increasing spatial resolution. All paired
correlations are reported, but we are primarily interested in the correlation coefficients between GCC
and NDVI for each radius. The correlations are assessing the relationship between GCC and NDVI
for the mean pixel value of all pixels within a circular plot with the radius indicated. The radius was
centered on the field plot locations.

GCC NDVI

Radius 25 cm 50 cm 1 m 3 m 5 m 10 m 25 cm 50 cm 1 m 3 m 5 m 10 m

GCC 25 cm 1
50 cm 0.99 1
1 m 0.96 0.98 1
3 m 0.87 0.89 0.91 1
5 m 0.84 0.86 0.88 0.99 1

10 m 0.81 0.83 0.85 0.97 0.99 1
NDVI 25 cm 0.45 0.45 0.47 0.58 0.56 0.53 1

50 cm 0.5 0.52 0.55 0.66 0.63 0.6 0.95 1
1 m 0.57 0.6 0.64 0.75 0.72 0.68 0.88 0.96 1
3 m 0.68 0.71 0.74 0.86 0.86 0.83 0.72 0.82 0.9 1
5 m 0.72 0.74 0.76 0.88 0.88 0.87 0.71 0.79 0.86 0.98 1

10 m 0.74 0.75 0.78 0.91 0.91 0.91 0.64 0.71 0.8 0.94 0.98 1
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Table 4. Linear models testing how well log-transformed aboveground carbon biomass (C mass) is
predicted by GCC and NDVI across increasing spatial resolutions. Aboveground carbon biomass
includes live trees and tall deciduous shrubs. Vegetation index values were an aggregated mean
extracted at an increasing buffer radius. For each model, we report estimates of the coefficients (ß)
for the y-intercept and slope, Standard Error (SE), the test statistic value (t), p-value, and adjusted R2.
Statistical relationships are visualized in Figure 3.

Explanatory ß SE t p-Value R2

GCC
25 cm Intercept (ß0) −1.83 1.38 −1.33 0.19 0.29

25 cm Slope (ß1) 19.59 3.74 5.24 <0.001
50 cm Intercept (ß0) −2.92 2.02 −0.54 0.59 0.34

50 cm Slope (ß1) 22.63 5.49 0.55 <0.001
1 m Intercept (ß0) −4.02 2.12 −1.03 0.30 0.36

1 m Slope (ß1) 25.65 5.78 1.05 <0.001
3 m Intercept (ß0) −5.81 2.22 −1.79 0.07 0.44

3 m Slope (ß1) 30.61 6.06 1.82 <0.001
5 m Intercept (ß0) −6.08 2.20 −1.93 0.05 0.48

5 m Slope (ß1) 31.35 6.02 1.96 <0.001
10 m Intercept (ß0) −6.12 2.19 −1.96 0.05 0.49

10 m Slope (ß1) 31.44 5.97 1.98 <0.001
NDVI

25 cm Intercept (ß0) 0.92 1.02 0.90 0.37 0.26
25 cm Slope (ß1) 6.56 1.51 4.3 0.001

50 cm Intercept (ß0) 0.05 1.51 −0.58 −0.58 0.32
50 cm Slope (ß1) 7.86 2.24 0.58 <0.001

1 m Intercept (ß0) −1.22 1.58 −1.36 0.18 0.43
1 m Slope (ß1) 9.73 2.34 1.36 <0.001

3 m Intercept (ß0) −3.67 1.67 −2.75 0.007 0.68
3 m Slope (ß1) 13.21 2.46 2.71 <0.001

5 m Intercept (ß0) −4.27 1.69 −3.07 0.002 0.75
5 m Slope (ß1) 14.05 2.48 3.02 <0.001

10 m Intercept (ß0) −5.16 1.76 −3.45 <0.001 0.79
10 m Slope (ß1) 15.23 2.57 3.37 <0.001

Table 5. Linear models testing how the aggregated means of GCC or NDVI with a 10-m buffer radius
predict field-based measures of live tree and shrub basal area. For each model, we report the estimates
of the coefficients (ß) for the y-intercept and slope, Standard Error (SE), the test statistic value (t),
p-value, and adjusted R2. Statistical relationships are visualized in Figure 4.

Response
Explanatory ß SE t p-Value R2

Live tree basal area
GCC Intercept (ß0) −24.29 9.24 −2.63 0.01 0.14

GCC Slope (ß1) 75.93 25.26 3.01 0.004
NDVI Intercept (ß0) −23.83 4.66 −5.11 <0.001 0.52

NDVI Slope (ß1) 38.90 6.76 5.76 <0.001
Shrub basal area

GCC Intercept (ß0) −29.98 7.75 −3.87 <0.001 0.29
GCC Slope (ß1) 98.83 21.19 4.67 <0.001

NDVI Intercept (ß0) −14.54 6.10 −2.39 0.024 0.28
NDVI Slope (ß1) 29.90 8.83 3.39 0.002

3.3. Burned, Unburned, and Edge Effects

We found that the ranges in vegetation indices overlapped for burned and unburned forest. GCC
ranged from 0.333 to 0.423 for burned and from 0.342 to 0.429 for unburned. NDVI ranged from 0.577
to 0.734 for burned and from 0.688 to 0.777 for unburned. GCC in burned (mean = 0.359) areas was
statistically lower than in unburned areas (mean = 0.382), with a difference of −0.033 ± 0.009 (p = 0.016;
Figure 5; Table 6). NDVI was also statistically lower in burned (mean = 0.639) versus unburned (mean
= 0.728) areas, with a difference of −0.089 ± 0.017 (p-value < 0.0001; Figure 5; Table 6). From the
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unburned edge into the burn, vegetation index values declined with increasing distance from the
unburned edge to 200-m into the burn (Figure 6; Table 7). GCC declined with increasing distance from
the unburned edge with an estimate of ~0.379 at 50 m and of ~0.354 at 200 m into the burn perimeter
(Figure 6; Table 7), which can be seen in the imagery (Figure 7). NDVI declined with increasing distance
from the unburned edge with estimates of ~0.717 at 50 m and of ~0.592 at 200 m into the burn perimeter
(Figure 6; Table 7), which can be seen in the imagery (Figure 7). The GCC and NDVI imagery of the
four transects show the change over the transect from unburned into the burned (Figure 7).
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Figure 5. A comparison between burned and unburned pixels for mean GCC (A) and NDVI (B) with
a 10-m buffer radius. Boxplots indicate quartile distribution with raw data for burned (diamonds)
and unburned (triangles) plots. The estimated mean is the point. A Welch t-test for unequal variance
was performed to test for a difference in the means of GCC (A) and NDVI (B) between burned and
unburned areas.
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Figure 6. Linear models assessing the relationship between aggregated mean GCC (A) and NDVI (B)
with a 10-m buffer radius and distance from the unburned edge into the fire perimeter. The zero dashed
line indicates the edge of the fire perimeter. To the right of zero is the burned area and to the left is the
unburned area. Both vegetation indices show a decline in values moving from the unburned into the
burned. Panels show fitted relationship with 95% confidence intervals and raw data points. Raw data
points show the variability in vegetation index values across the transects.
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Figure 7. GCC (A–D) and NDVI (E–H) imagery calculated from UAV imagery that corresponds to
field transects. Alnus transect 1 burned in 1984 (A,E). BP transect 2 burned in 1983 (B,F). CN transect 1
burned in 2001 (C,G). CN transect 2 burned in 2001 (D,H). Plot locations are labeled with negative
values indicating field plots on the unburned portion of the transects and positive values indicating
distance into the burn in meters. Edges of fires were identified prior to the field campaign with
satellite imagery.

Table 6. A Welch t-test for unequal variance was performed to test for a difference in the means of
GCC and NDVI (using 10-m buffer radius) between burned and unburned areas. For each model,
we report the response variable, estimated mean of burned (ß1), estimated mean of unburned (ß2),
estimated difference in means (ß3), standard error for the difference in means (SE), the test statistic
value (t), and p-value. Data are visualized in Figure 5.

Response ß1 ß2 ß3 SE t p-Value

GCC 0.359 0.382 −0.033 0.009 −2.59 0.02
NDVI 0.639 0.728 −0.089 0.017 −6.00 <0.0001
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Table 7. Linear regression analyses of distance from unburned forest edge versus mean GCC or mean
NDVI values using a 10-m buffer radius. Two statistical models were fit, one for GCC and one for NDVI.
For each model, we report the response variable, estimates of the coefficients (ß) for the y-intercept and
slope, standard error (SE), the test statistic value (t), p-value and adjusted R2. These models and raw
data are visualized in Figure 6.

Response ß SE t p-Value R2

GCC Intercept (ß0) 0.3741 0.0051 73.56 <0.001 0.14
GCC Slope (ß1) −0.0001 0.0001 −2.94 0.005

NDVI Intercept (ß0) 0.6918 0.0101 68.52 <0.001 0.42
NDVI Slope (ß1) −0.0005 0.0001 −4.68 <0.001

4. Discussion

We found that both GCC and NDVI derived from UAV data serve as useful indicators of post-fire
vegetation conditions in Cajander larch forests. Our results demonstrate the utility of UAV imagery
for quantifying fine-scale variation in vegetation dynamics in landscapes where field access and
availability of high-resolution satellite imagery are limited. GCC and NDVI were most strongly
correlated at coarser spatial resolution (e.g., 3-m, 5-m, and 10-m radii) compared to finer spatial
resolutions (e.g., 1-m or less), which is likely due to minimizing the effects of background reflectance.
Aboveground carbon biomass was predicted best by NDVI at 3-m, 5-m, and 10-m radii, which makes
sense given the scale of field sampling and the fact that fine resolutions capture the heterogeneity of an
individual plant rather than patches dominated by different plant functional groups [10]. NDVI may
perform better than GCC in predicting biomass because it is derived from radiometrically calibrated
imagery, and includes near-infrared and red wavelengths that capture the spectral characteristics of
plants. In contrast, the visible bands used to calculate GCC may be more sensitive to radiation reflected
from non-photosynthetic surfaces. These findings highlight the importance of spatial resolution
for linking UAV and field-based measures. NDVI was a stronger predictor of live tree basal area
compared to GCC, and neither vegetation index was a strong predictor of shrub basal area. Both indices
seem to distinguish between burned, unburned, and visualizations indicate a distinguishable edge
effect. For GCC, the range of values across both burned and unburned matches observations in
other vegetation studies [57,58]. For NDVI, the range of values across both burned and unburned is
characteristic of landscapes dominated by shrubs or a mixture of shrubs and trees with an open canopy
structure [12,59]. These findings illustrate the utility of UAV data for NDVI in this region as a tool for
quantifying and monitoring the post-fire ecological response.

4.1. Correspondence between GCC and NDVI

The relationship between GCC and NDVI demonstrates the utility of GCC for characterizing
spatial heterogeneity of vegetation in high-latitude Cajander larch forests. To date, there has been
limited evaluation of spatial correspondence between GCC and NDVI. Vegetation indices derived
from RGB and multispectral imagery are comparable for measuring phenology of plant green-up [60].
Commercial, off-the-shelf UAV units with integrated RGB cameras are cheaper and easier to use than
stand-alone multispectral cameras that must often be integrated with a UAV by the user. However,
radiometrically calibrating RGB imagery is less straightforward, meaning that images may vary with
illumination condition, and this may have contributed to the variability in our results. While UAV
with built-in multispectral cameras are becoming more readily accessible, they are considerably more
expensive than consumer UAV, such as the DJI Phantom 4 that we used. The GCC index provides
a robust measure of greenness for measuring spatial and temporal variation in temperate conifer
forests [36,37], Mediterranean pine forests [35], and assessing forest stand vigor in North American
sub-boreal systems [61]. Testing the viability of vegetation indices calculated from RGB is timely
since UAVs are becoming more financially accessible and can accelerate data acquisition in post-fire
landscapes [34,62]. Our results demonstrate that the ability to acquire high resolution imagery in
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remote landscapes provides useful new opportunities to improve overall understanding of vegetation
dynamics and provide valuable context for freely available coarse resolution satellite imagery.

A larger radius for pixel aggregation resulted in a better correspondence between NDVI and
GCC, indicating that a coarser spatial resolution improves the signal to noise ratio. The finest spatial
resolution (25-cm radius) may merely be capturing the reflectance from one component of the broader
landscape like a patch of lichen/moss or a single shrub, while the coarser resolution (10-m radius)
is aggregating the reflectance of these distinct vegetation components into a single vegetation index
value. These landscapes have substantial variation in biomass, plant communities and structure that
contribute to spectral heterogeneity. Aggregating pixels is considered an appropriate measure for
minimizing the influence of vegetation heterogeneity on spectral index values [10,63] and relevant for
evaluating linkages between field-based measures and UAV data [10]. Aggregating pixels over a spatial
area into a mean pixels value improves linkages to coarser resolution remote sensing imagery [51],
and spatial aggregations have been evaluated in several investigations e.g., [10,52–54]. This finding
indicates that the spatial resolution is important, and the patchiness of these ecosystems influences
each vegetation index. Continued research is needed to determine why GCC and NDVI agree less well
at smaller spatial scales, with field observations at similarly small scales to determine the ecological
drivers of this mismatch [10].

4.2. Linking Field-Based Measures and Vegetation Indices

NDVI was a stronger predictor of aboveground carbon biomass compared to GCC. This finding
points to the value of multispectral imagery from UAVs in this region. The 3-m, 5-m, and 10-m
resolution demonstrated stronger relationships with field-based measures, pointing to the importance
of scale [63] and multispectral imagery for these ecosystems. The composition and structure of
larch forests can be variable and patchy across the landscape [20,21] and contributes to spectral
heterogeneity [10,12,64]. This finding suggests that NDVI could serve as a proxy for aboveground
carbon biomass, and indicates that commercial high-resolution satellite data (e.g., PlanetScope or
Worldview) have sufficiently high spatial resolution to capture variation in biomass as well. However,
previous evaluations on this landscape found no relationship between larch aboveground carbon
biomass and NDVI sampled at high to moderate spatial resolution (3–30 m) using PlanetScope and
Landsat imagery [12]. This, in conjunction with our results, highlights the potential importance
of understory shrub biomass, and suggests that UAV-imagery may serve as an important linkage
between field-based and satellite-based measures of ecosystem characteristics related to vegetation [10].
Targeted work aimed at understanding how relationships between vegetation indices and field
measurements of vegetation vary with spatial scale and plant functional type is necessary to integrate
linkages between UAV and satellite imagery.

NDVI predicted tree basal area better than GCC, while neither index predicted shrub basal area well.
Forest landscapes consist of vertical and horizontal heterogeneity, and evaluating a single component
of the vegetation structure may not necessarily be well represented by vegetation indices that are
measuring all vegetation in an area. While tree or shrub basal area generally increased with increasing
vegetation index values, this is expected given that photosynthetic biomass scales allometrically with the
basal area for both trees and shrubs in these ecosystems [20,43,65]. However, tree and shrub abundance
only explained a portion of the variation in vegetation indices, and graminoids and non-vascular plants
also exert a strong influence on NDVI at fine scales in ecosystems in this region [59,66]. This suggests
that more detailed vegetation community sampling across fire boundaries, coupled with UAV surveys,
may help to elucidate post-fire understory vegetation dynamics in these ecosystems.

Individual pixels from either UAV or satellite imagery represent a mixture of spectral signatures
due to the heterogeneous structure of shrubs and trees, that from a top-down view are composed
of leaves and woody material associated with twigs, branches, and stems. Further heterogeneity
is introduced by spectral differences between patches of non-vascular vegetation or bare ground
visible through gaps in tree and shrub canopies. This mixture of materials means that, at all but
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the finest spatial resolution, a single pixel captures characteristics that are a combination of surface
types [67], and represents a continued challenge for linking field data with remote sensing imagery [12].
While finer spatial resolution has the potential to mitigate this issue, it will require field sampling at
finer scales as well. Still, the heterogeneity will be a consistent component of optical remote sensing in
these ecosystems as vegetation patches can be as small as ~50 cm in diameter [59].

4.3. Postfire Vegetation Index Patterns Across Burn Perimeters

Both vegetation indices clearly differentiated burned and unburned areas in even the oldest fire
scars, supporting the notion that larch forests are slow to recover and return to pre-fire greenness
levels measured by reflectance [20,64]. These findings align with the general understanding that larch
seedlings are slow-growing and often obscured by tall shrubs for one to two decades post-fire. The short
growing season and slow growth of Cajander larch results in a protracted contribution of larch to total
ecosystem biomass [4,64]. In comparison, tree biomass in North American boreal forests accumulates
more rapidly [68,69], resulting in mappable forest recovery trajectories [70]. Satellite-based studies
have shown the recovery in greenness measured by vegetation indices takes more than a decade
across high latitude regions of the northern hemisphere [4,64,71]. However, this delayed recovery is
measured with MODIS, a coarse spatial resolution (0.5–1 km) satellite, that minimizes variability in
landscape heterogeneity captured by the finer spatial scale UAV data. In southern Siberian forests,
post-fire recovery is linked with fire frequency, burn severity, and surface temperature anomalies,
where more severe burns show greater spectral recovery rates [72].

Declines in GCC and NDVI with increasing distance from the burn perimeter illustrate edge effects
that persist for several decades post-fire that are detectable with remote sensing imagery. However,
post-fire reflectance signatures are most likely dominated by understory vegetation because seedling
regeneration is slow, and seedlings are quite small. The edges of fire perimeters serve as seed sources
for areas within the burn perimeter [73] and have been shown to influence plant assemblages in the
North American boreal forests of Ontario [74,75]. Due to the monodominance of Cajander larch,
these forests depend on trees that survive fire to serve as a seed source. It is feasible that greater
seed rain would occur closer to the unburned forest edge in the absence of surviving trees within the
burn perimeter. This proximity to seed source would create edge effects for larch that are potentially
more prominent than those observed for other boreal forest trees where regeneration depends on
serotinous seed sources or resprouting. However, because tree density in these forests is low, and larch
recruitment typically occurs over several decades, it is likely that the edge effects we observed are
related to understory vegetation recovery. An additional reason that NDVI and GCC might decrease
with distance from the burned edge is that some of the burned edges were not discrete and there was a
transitional zone with some live trees that survived the burn up to 25-50 m away from the primary
burn edge.

Larch understory vegetation communities are similar to those found in tundra ecosystems,
where recovery of vegetation productivity takes longer in areas with severe burning [76]. Consequently,
it is feasible that the edge effects we observed were related to increasing soil organic layer combustion
(i.e., burn severity) [77,78] with distance from the unburned edge whereby vegetation in less severely
burned areas along the edge of the fire perimeter recovers faster. Declines in seed dispersal with distance
from the unburned edge provide an alternative explanation, although many common understory
non-vascular plants are known to resprout from surviving underground parts [76]. Continued research
on spatial variation in burn severity, post-fire propagation, and edge effects are needed to elucidate
drivers of reflectance gradients observed at the edge of fire perimeters in northeastern Siberia.

5. Conclusions

Our study illustrates useful relationships between field-based vegetation measures and
UAV-derived vegetation indices across post-fire Cajander larch forests. We found that heterogeneity in
vegetation indices varied with spatial resolution, and lead to differences in the ability of vegetation
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indices to explain variability in aboveground carbon biomass. The spectral distinctions between
burned, unburned, and gradients across fire perimeters reveal edge effects associated with gradients
of vegetation recovery that may be a consequence of post-fire ecological response, burn severity,
understory vegetation dynamics, larch dispersal dynamics, or some combination of all these factors.
Although NDVI generally corresponded more strongly with field observations, GCC also correlated
with vegetation characteristics, highlighting the potential utility of easily accessible RGB sensors.
Overall, our research demonstrates the utility of UAV data for documenting post-fire vegetation
dynamics in Cajander larch forests, while also highlighting the need for continued research focused on
understanding how relationships between vegetation and spectral indices vary across fine spatial scales.
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