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Abstract (1) We monitored post-fire shrubland
recovery responses to changes in rainfall seasonal-
ity using a multi-year field experiment in the Cape
Floristic Region (CFR) of South Africa. A primary
objective was to test the utility of UAVs for monitor-
ing ultra-fine-scale vegetation changes in the early
post-fire context. (2) By comparison with detailed
ground-based measurements, we showed that UAVs
improved detection of integrated community growth
responses, given that the appropriate relative radio-
metric normalisation techniques were applied to
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repeated imagery data. UAVs supported ground-
based findings and, moreover, helped to identify pre-
viously undetected growth form responses. However,
due to the limitations in detecting species-specific
demographic changes, UAVs could not completely
replace ground-based measurements. (3) Our com-
bined UAV-based and ground-based monitoring
approaches indicated strong coupling between post-
fire shrubland recovery and seasonal rainfall patterns
in the CFR but also demonstrated that sensitivity to
rainfall seasonality could differ between neighbour-
ing shrubland communities occurring on different
soil types. (4) The careful integration of UAV-based
and ground-based monitoring approaches provided
the fullest understanding of early post-fire shrubland
recovery patterns.
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NDVI - Multispectral - Radiometric normalisation -
Remote sensing - Post-fire - Shrubland - Rainfall -
Seasonality

Introduction

Monitoring vegetation change is central to under-
standing dynamic, disturbance-prone ecosystems.
The Mediterranean-type shrublands of the world are
uniquely dynamic ecosystems due to periodic wild-
fires which clear standing vegetation and initiate
new cycles of emergence, growth, and succession

@ Springer


http://orcid.org/0000-0003-1626-3270
http://orcid.org/0000-0002-9352-9282
http://orcid.org/0000-0001-8664-8059
http://orcid.org/0000-0002-4083-6561
http://orcid.org/0000-0002-5843-2397
http://crossmark.crossref.org/dialog/?doi=10.1007/s10980-022-01535-4&domain=pdf
https://doi.org/10.1007/s10980-022-01535-4
https://doi.org/10.1007/s10980-022-01535-4

3180

Landsc Ecol (2022) 37:3179-3199

(Rutherford et al. 2011; Keeley 2012). Effective
methods of change detection are needed to gain a
better understanding of these dynamic recovery pro-
cesses as well as to quantify their sensitivity to cli-
mate change, which is expected to impact these eco-
systems (Odum 1969; Grime et al. 2000; Krdel-Dulay
et al. 2015). Early post-fire recovery processes are
thought to be especially sensitive to post-fire weather,
potentially amplifying the impact of climate change
in shrubland ecosystems. For example, potential
changes in rainfall amount and seasonality (Altwegg
et al. 2014) could affect post-fire recovery dynam-
ics through complex changes in species recruitment,
survival, reproduction, and competition (Moreno
et al. 2011; West et al. 2012; Nelson et al. 2013; van
Blerk et al. 2021a, b) with potential consequences
for vegetation trajectories and community structure
over longer time scales (Keeley et al. 2005; Moreno
et al. 2011; Bond and van Wilgen 2012). Indeed, the
importance of understanding the sensitivity of early
post-fire recovery processes (e.g.,+first 3 years) has
long been recognised because this formative period
may shape mature ecosystem states.

Despite the importance of monitoring early-post
fire recovery processes, the high diversity and small
size and of recovering plants requires an exceedingly
detailed, fine-scale monitoring approach to detect
community changes effectively. This limits either the
spatial coverage or resolution of traditional, ground-
based, post-fire studies (Gitas et al. 2012). Further-
more, access to recently burned sites is typically lim-
ited by parks management due to the sensitivity of
these landscapes to trampling. A significant challenge
for ecologists is describing integrated community
responses to climate change because many species
that make up early post-fire plant communities are
difficult to detect and measure. This has resulted in
most ground-based post-fire studies focusing on key,
easily detectable species, although some attempts at
recording comprehensive community changes dur-
ing early post-fire recovery have been made (e.g.,
Rutherford et al. 2011). Satellites provide multi-
spectral imagery of increasing spatial and temporal
resolutions which is helpful for monitoring recovery
patterns over large spatial scales, yet the resolution
of available satellite imagery is still generally too
coarse for the detection of ultra-fine scale community
changes during early years (i.e., first 3 years) of post-
fire recovery (Aplin 2005; Gitas et al. 2012; Wilson
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et al. 2015; Padua et al. 2020). Very low vegetation
cover during this time generally limits the ability of
satellite imagery to isolate vegetation signals from
background signals. This imposes a strong limit to
the resolution of vegetation changes detectable dur-
ing this sensitive time-period. Taken together, the low
detectability of post-fire vegetation activity and innate
community complexity has made it challenging for
ecologists to quantify complex, patch and landscape
level community dynamics in post-fire landscapes.
However, the introduction of unmanned aerial vehi-
cles (UAVs) in the last decade has offered the possi-
bility of detecting ultra-fine-scale vegetation patterns
and changes over larger spatial extents (Anderson and
Gaston, 2013; Cunliffe et al. 2016; Baena et al. 2017;
Sankey et al. 2018; Waite et al. 2019; Fernandez-
Guisuraga et al. 2022). This could offer key insights
into the sensitivity of shrubland community recovery
processes to changes in climate.

We report new findings from our recent post-fire
research in the Cape Floristic Region (CFR), South
Africa, where we monitored ultra-fine-scale shrubland
recovery responses to changes in rainfall seasonality dur-
ing the first 3 years after fire. The degree of coupling
between rainfall seasonality patterns and post-fire
recovery processes in the CFR shrublands is not well
understood. Regional vegetation-climate relationships
are obscured by complex interactions between fire-
cycles, climate seasonality, edaphic heterogeneity,
and functional specialisation within distinct shrub-
land communities (Bergh et al. 2014; Bradshaw and
Cowling 2014). Disentangling these processes is thus
of great importance and requires effective methods
of observation and change detection. Our multi-year
field experiment combined traditional ground-based
and UAV-based monitoring approaches to capture
ultra-fine-scale vegetation changes in response to var-
ied rainfall seasonality, providing a unique opportu-
nity to test and compare these methods in the post-fire
context.

Previous analysis of the ground-based measures
of demography, growth and productivity revealed
that changes in rainfall seasonality had the capacity
to affect post-fire successional trajectories and spe-
cies dominance patterns over multi-year time scales
(van Blerk et al. 2021a, b). Additionally, it was found
that recovery responses to rainfall differed between
neighbouring Fynbos and Renosterveld shrublands
and were potentially mediated by edaphic factors (van
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Blerk et al. 2021a, b). Post fire recovery in nutrient-
impoverished Fynbos was decoupled from rainfall
seasonality patterns compared to the neighbouring
Renosterveld community, occurring on moderately
fertile soils (van Blerk et al. 2021a, b). Entrenched
differences in habitat preference and resource-use
patterns between shrubland communities could have
important implications for how these shrublands are
expected to respond to changes in rainfall over short
and long-term time scales. While ground-based meas-
urements were able to detect fine-scale community
and species responses to post-fire rainfall, they were
extremely time-consuming and required hundreds of
hours in the field and tens of thousands of individual
plant measurements to monitor changes in every plant
occurring on 24*16 m? plots over 3 years (van Blerk
et al. 2021a, b). There were also significant challenges
in quantifying complex plant canopy shapes and thus
plant sizes were measured based on their widest and
highest points. In growth forms which were particu-
larly challenging to measure, vegetation changes were
monitored using estimations of percent cover over
time. The inherent limitations of ground based moni-
toring highlighted the need for more efficient moni-
toring techniques.

Here, we test the performance of multispectral,
UAV-derived imagery data, which was captured over
experimental, post-fire plots concurrently to ground-
based measurements. Our study demonstrates a prac-
tical approach to using UAVs for monitoring fine-
scale, post-fire vegetation change for the non-remote
sensing specialist. By comparison with ground meas-
urements, we investigate the extent to which UAV-
based measurements can augment or replace ground-
based measurements and assess whether UAV data
modifies, supports or rejects previous conclusions of
the impacts of rainfall seasonality on post-fire CFR
shrubland recovery.

Methods
Study site and multi-year post-fire rainfall experiment

We monitored post-fire vegetation recovery over 3
years at the Drie Kuilen Nature Reserve (33.5805°
S, 20.0332° E) in the Western Cape of South Africa.
The vegetation of this semi-arid region (<300 mm
MAP) includes fire-prone shrublands: Matjiesfontein

Shale Renosterveld and Langeberg Sandstone Fynbos
(Mucina and Rutherford 2006).

This site was used to test the impact of post-fire
rainfall seasonality on early post-fire recovery using
a field rainfall manipulation experiment. We con-
ducted our study in neighbouring Fynbos and Renos-
terveld sites located within a kilometre of each other
(with<200 m altitude difference), either side of a
distinct ecotone. We monitored 12 permanent 16 m?
plots within each site (Fig. 1) after a controlled burn
in May 2016. At each site, half of the post-fire plots
received natural seasonal winter rainfall (controls)
and the other half received a ‘reduced rainfall season-
ality’ treatment over the duration of the experiment.
Reduced rainfall seasonality treatment was achieved
by capturing and storing ~50% winter rain above plots
using clear roofing strips (i.e. reducing winter rain-
fall) and irrigating the same plots with this captured
rainfall during the hottest summer months (3 X 30 mm
irrigation events: Janx 1, Febx1, Marx1). The
net effect of this was to redistribute a portion of the
winter rainfall onto plots during the typically hot
dry summers without changing net annual rainfall
amounts. This treatment was designed specifically to
test the effects of rainfall timing in the post-fire envi-
ronment. See van Blerk et al. 2021a, b for a detailed
description of the experimental setup and seasonal
soil moisture effects.

Multispectral imagery collection using UAV's

Starting in February 2017, aerial imagery of Fyn-
bos and Renosterveld sites was captured twice a year
using UAVs (DJI Phantom 3 Professional—https://
www.dji.com) and a mounted multispectral camera
(Parrot  sequoia—https://www.parrot.com). Unfor-
tunately, pre-first summer imagery was not captured
due to logistical issues, limiting the UAV data from
Feb 2017 to May 2019. Experimental rain capture
roofs were temporarily removed from plots before
UAV surveys. The Parrot sequoia multispectral cam-
era was mounted onto the DJI Phantom 3 Professional
with a Parrot Sequoia Mount Kit. On each survey
date images were captured from a height of 20 m
during a 2D grid flight path with>80% overlap. Sur-
vey flight paths were programmed using AtlasFlight
(https://micasense.com) software. The Parrot sequoia
captured red (640—-680 nm) and near infrared (NIR)
(770-810 nm) bands using multispectral sensors
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Fig. 1 NDVI orthomosaic image layers covering the post-fire
rainfall seasonality experiment in Fynbos and Renosterveld
field sites. Pixel colour scale represents NDVI-1 (red): 1
(green). Red squares indicate the position of 16 m? focal plots

and also captured RBG (Red, Green, Blue) images.
Repeated UAV surveys were always conducted as
close to midday as possible to reduce shadows around
vegetation. UAV surveys were also conducted on
days with 0% cloud cover. Flight times did not exceed
25 min due to battery-life limitations.

Single-band red and NIR images were calibrated
using standard Pix4D Mapper (https://www.pix4d.
com) software calibrations. These included (i) camera
corrections (e.g. vignetting, ISO, dark current etc.),
(i) radiometric calibration panel reflectance values
and (iii) sunshine sensor data. Immediately before
and after surveys, images of a MicaSense calibrated
reflectance panel (https://support.micasense.com) and
18% grey cards were captured (Fig. S1). This allowed
for the Pix4D Mapper image-processing software to
apply radiometric calibrations to single band images
(e.g. red and NIR) via the empirical line method. The
Pix4D software used only a single radiometric tar-
get to perform image corrections, but the other tar-
get served as a backup in case of calibration images
being over-exposed. Additionally, a Sunshine Sensor
module (https://www.parrot.com) recorded incoming
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with natural winter rainfall (controls) and blue squares indi-
cate the position of plots with reduced rainfall seasonality.
Repeated orthomosaic layers were obtained at each site on Nov
2016, Feb 2017, Oct 2017, Apr 2018, Oct 2018, May 2019

solar irradiance during surveys to account for changes
in solar intensity. The sunshine sensor module was
fitted to the Phantom 3 Professional using a Parrot
Sequoia Mount Kit.

For each survey date, corrected and calibrated red
and NIR images were orthorectified and converted
into composite, single-band orthomosaic images
which covered the full area of the sites. Orthomo-
saic layers covered~2.7 and~3.2 acres for Fynbos
and Renosterveld sites respectively with a ground
sampling distance of <2.5 cm). Red and NIR ortho-
mosaic images were automatically aligned by Pix4D
software using the known lens offset positions on the
camera. Single-band orthomosaic layers were then
converted into the normalized difference vegetation
index (NDVI) (Fig. 1).

NIR — RED

NDVI = —/—————=—= (1
NIR + RED

NDVI is a commonly used vegetation index in
remote sensing (Tucker 1979), providing pixel-
by-pixel indication of photosynthetic activity (or
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Fig. 2 a RGB orthomosaic
image showing vegeta-

tion and soil for a single

16 m? post-fire focal plot.

b Plot NDVI (including
background and vegetation
pixels) with pixel colour
values ranging from — 1
(red) to 1 (green). ¢ Vegeta-
tion NDVI after applying
an image segmentation
threshold of NDVI>0.2
(i.e., excluding background
NDVI pixels). d Vegetation
area cover (UAV). e Over-
lay of vegetation area cover
polygons on RGB images
for visual comparison. f
Shrub NDVI derived from
fixed polygon (white dashed
circle) set within the canopy
of an identifiable shrub.

g Ground-based volume
measurements showing the
complexity of plant cover
and overlap between plant
canopies

greenness) within repeated images. NDVI makes
use of the high absorption of red light in leaf mate-
rial and a high reflectance of near infrared (NIR)
light to differentiate plants from non-photosynthetic
materials within an image. Studies have shown the
effectiveness of NDVI in estimating vegetation
recovery in post-fire environments with variable
soil types (Veraverbeke et al. 2012).

Repeated orthomosaic NDVI layers were pro-
duced for Fynbos and Renosterveld sites on 5 sepa-
rate survey dates (i.e. Feb 2017, Oct 2017, Apr 2018,
Oct 2018, May 2019). In addition to NDVI ortho-
mosaic images, RBG orthomosaic images were also
generated for comparison at each time step.

Measuring post-fire vegetation changes

UAV-based variables

We used a combination of QGIS (QGIS Develop-
ment Team, 2009 http://qgis.org) and R (R Core Team
2020. https://www.r-project.org) to extract and summa-
rise pixel values from the multispectral imagery over
the 5 survey dates. For both the Fynbos and Renos-
terveld site, polygons (drawn in QGIS) were used to
delineate the 16 m* focal plots in the series of aligned
RGB (Fig. 2a) and NDVI (Fig. 2b) orthomosaic lay-
ers over time. RGB image layers were used as a guide
for choosing the correct positioning of polygons. The
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Table 1 Summary of the measured variables used to track post-fire vegetation recovery

UAV-based
Plot NDVI

Vegetation NDVI
0.2<NDVI<I.

Area cover (UAV)

Shrub NDVI
0.2<NDVILI.

Ground-based
Height

Area cover (G)
area cover of all plants within a plot.]

Volume

Plant count

o Number of plants occurring within plot.

o Mean of all NDVI pixel values within plot including ground and vegetation pixels. — 1 <NDVI<1.

e Mean of all NDVI pixel values within plot which are classified as vegetation after image segmentation.

e 2D area of polygons within plot which are classified as vegetation after image segmentation (m?).
e Mean of NDVI pixel values within polygon delimiting the core canopy pixels of individual shrubs.

e Distance from ground to tallest point on plant (m) [We report changes in mean vegetation height per plot.]
e Width X length set to the widest points of each plant (top-down 2D) (m?). [We report changes in the summed

e Height X Area cover (G) (m>). [We report on changes in the summed volume of all plants within a plot.]

bases of the upright steel poles in the corner of each
focal plot served as points of orientation for alignment.
The exact_extract() function was used to summarise
NDVI pixel values from within plot polygons.

We used a simple NDVI image thresholding tech-
nique to isolate vegetation pixels from the soil pixels
within the NDVI orthomosaic images (Fig. 2c). This
entailed removing all pixels from NDVI orthomosaic
layers below a chosen NDVI threshold value<0.2,
resulting in vegetation-specific spectral data for each
plot (Fig. 2c). The presence/absence of pixels then cor-
responded with vegetation cover versus no vegetation
cover in images respectively, allowing for the quantifica-
tion of high-resolution area cover per plot (Fig. 2d). Area
cover was measured by multiplying the number of pixels
above the threshold of 0.2 NDVI by the squared pixel
area. Overlaying the threshold images onto RGB images
allowed for a visual comparison of threshold area and
visible vegetation patches (Fig. 2e). The chosen NDVI
threshold value was visually adjusted until it most suc-
cessfully corresponded to vegetation patches. Because
NDVI pixel density histograms were unimodal, we did
not attempt to use automatic thresholding algorithms
(e.g. Otsu 1979). Instead, we chose to manually select
and adjust thresholds based on available pixel informa-
tion. We also considered automatic edge detection meth-
ods (e.g. level setting) to calculate the area of vegetation
within NDVI images (e.g. Ghazal et al. 2015) but due
to the computational complexities of such a method,
we settled with our simpler, more accessible approach.
Species-level data was extracted for a single dominant
and sufficiently, isolated species at each site (i.e., Agath-
osma capensis in Fynbos and Passerina obtusifolia in
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Renosterveld) using fixed polygons delimiting core pix-
els within shrub canopies (Fig. 2f).

Ground-based variables

Detailed plant demographic surveys were conducted
at the same time as UAV-based surveys. Demo-
graphic surveys included counting and measuring
the area and height of every plant occurring within
each of the 16 m? focal plots (Fig. 2g). Over 60,000
individual ground-based measurements were made
over the duration of the experiment starting in Nov
2016 (van Blerk et al. 2021a, b). At the Fynbos site
graminoid growth forms (primarily grasses and
sedges) were measured using estimated % cover
because cover was too high to distinguish between
different individual plants. Estimated % cover was
later converted to area cover and volume before
analysis, using simple conversions. In this study we
report only the vegetation changes where both UAV
and ground-based measures were made (i.e., Feb
2017-May 2019). See Table 1 for a full summary of
the types of data used in our study.

Relative radiometric normalisation (RRN) of NDVI
orthomosaic images

Tracking pseudo-invariant features (PIFs)
within NDVI image layers to assess temporal
radiometric distortion in repeated imagery

While we followed the recommended protocols for
the collection and calibration of red and NIR images
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using the Parrot Sequoia and Pix4DMapper, we found
that additional steps were required to obtain temporal
radiometric stability in repeated orthomosaic NDVI
images. We achieved this by applying additional
radiometric corrections directly to NDVI orthomo-
saic images. The radiometric stability of the NDVI
pixel values in repeated orthomosaic image layers
was investigated by tracking the variation in pseudo-
invariant features (PIFs) within the NDVI image lay-
ers over time. PIFs are commonly used for the relative
radiometric normalisation of time-series data which
is often required for accurate land cover change detec-
tion (Bao et al. 2012; Zhou et al. 2016). Here PIFs
were considered to be landscape features or objects
within images which were not expected to vary over
time in terms of their NDVI value, regardless of fac-
tors such as season or time after fire. PIFs were thus
intended to reveal variation in the images which was
not driven by real landscape changes, but rather by
artifacts of the imagery acquisition process. PIFs
included a trackable low-value NDVI feature and a
high-value NDVI feature. PIFs were tracked over time
using polygons in fixed positions aligned with the
orthoimages. A combination of low and high value
PIFs were necessary to monitor image stability over
the full spectrum of possible pixel values. This is
because temporal radiometric distortion in pixel val-
ues over repeated images was not necessarily equal
across all pixels and could arise from the compres-
sion or expansion of NDVI scale rather than image-
wide pixel value shifts.

Selection of pseudo-invariant features

We selected bare soil patches as low NDVI value PIFs
(Fig. 3a) because we assumed that soil NDVI values
should not change over time and should have consist-
ent, low NDVI value. The central pixels of dense,
unburnt, off-plot, evergreen shrubs were selected as
high NDVI value PIFs (Fig. 3a). We assumed that
these pixels represented 100% evergreen leaf cover-
age with no soil pixels included. Using dense, ever-
green vegetation polygons as PIFs could be problem-
atic in some cases seeing that some seasonal variation
in leaf NDVI might be expected. Ideally, PIFs should
be inert, whereas vegetation NDVI values may vary.
However, in this scenario, we argue that the cen-
tral pixels of dense, evergreen, deep-rooted shrubs
were likely to have minimal seasonal photosynthetic

variation (van Blerk et al. 2021a, b) and were thus the
best available option for a high NDVI value PIF. For
each PIF, multiple polygons (>20) were chosen and
tracked over time. Other potential approaches would
be using PCA analysis to identify PIFs if they weren’t
easily identifiable (Du et al. 2002; Bao et al. 2012).

Image normalisation procedure

Relative radiometric normalisation (RRN) adjusted
the pixel values of repeated image layers relative to
the PIFs of the first image in the sequence (i.e. refer-
ence image). Pixel adjustment equations were mod-
elled on the linear relationship between the PIF values
of uncorrected and reference images (Fig. 3b), using
the sum of least squares. Pixel values of uncorrected
images were modified to their target values according
to the formula

y,=mx;+c¢ 2)

where y=the value of a given pixel i within the cor-
rected (radiometrically normalised) image, m = slope
of the relationship between uncorrected PIFs and ref-
erence PIFs, x = the value of a given pixel i within
uncorrected image, ¢ = intercept of the relationship
between uncorrected PIFs and reference PIFs.

Assessing the impact of relative radiometric
normalisation using pixel density histograms

Image pixel density histograms (Fig. 4) demonstrated
that compression of histogram peaks had occurred
in some layers, even after applying pre-processing
image calibrations based on the camera corrections,
sunshine sensor and field radiometric calibration pan-
els. The October 2018 Fynbos site imagery was most
clearly affected by this phenomenon and displayed
a compression of lower pixel values towards upper
pixel values. This resulted in clearly elevated bare soil
PIF pixel values (Fig. S2c¢) which corresponded with
a large increase in plot NDVI relative to surrounding
dates (Fig. S2a). Bare soil pixel values had a strong
overall influence on mean plot NDVI because the
majority of image pixels represented soil in the post-
fire environment. Dense, evergreen vegetation PIFs in
this layer were relatively stable (Fig. S2e). This indi-
cated that the degree of the image radiometric dis-
tortion was not equal across the full range of NDVI

@ Springer
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Fig. 3 a Example of pseudo-invariant features (PIFs) shown
in RGB (left) and greyscale NDVI (right) images. Low NDVI
value PIFs=bare soil (orange circles). High NDVI value
PIFs=dense, evergreen vegetation (blue circles). b The rela-
tionship between Pseudo-Invariant-Features (PIFs) from an

values. Higher NDVI values were relatively unaf-
fected by contrast problems which so clearly affected
low NDVI values. In the Renosterveld image layers,
radiometric distortion was less obvious, resulting in
smaller peak differences over time.

Our RRN approach dramatically improved con-
sistency of histogram peaks over time and resulted
in the close alignment of PIFs across all repeated
image layers (Fig. 4). Uncorrected image histograms
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uncorrected image and reference image (i.e. first image in
time-series). Dashed grey lines trace the PIF values to their
positions on the x and y axes. Trendline is displayed in black
and represents the line from which the normalisation equation
is derived

were relatively similar to corrected image histo-
grams at most time-periods in both sites with the
exception of the October 2018 Fynbos site imagery
where a large transformation effect is clearly visible
(Fig. 4). It was apparent that matching dense, ever-
green vegetation PIFs had a relatively small effect
on the shape of histograms compared to the effect
of matching bare soil PIFs, which strongly shifted
histogram peaks. Importantly, even after matching
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Fig. 4 NDVI pixel density Fynbos Renosterveld
histograms for uncorrected
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dense, evergreen vegetation PIFs over time, the den-
sity of the histograms toward upper NDVI values
was still able to increase over time, indicating an
increase in the fraction of vegetation relative to bare
soil. In corrected imagery, plot NDVI patterns (Fig.
S3a) did not include the large, spurious increases in
mean plot NDVI and showed stable bare soil PIFs
(Fig. S3¢).

0.3
NDVI

Visual assessment of the impact of relative
radiometric normalisation

Isolating vegetation pixels from background pixels
(i.e., image segmentation) using a common NDVI
threshold was only successful with corrected (radio-
metrically normalised) imagery. This was con-
firmed using corresponding RGB images (Fig. 5). In
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Uncorrected

Feb 2017

Corrected 0

(d)

9 .

Feb 2017 . " Oct 2017 Apr 2018 - Oct2018 May 2019
Fig. 5 Demonstration of the effects of radiometric noise on 16 m? focal plot over time. White areas represent NA values
extracted data using a single focal plot in the Fynbos site. a, while colour pixels represent NDVI values of vegetation. b, e
d Post fire changes in vegetation NDVI (NDVI>0.2) within a Vegetation area cover polygons. ¢, f RGB images
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uncorrected Fynbos images, radiometric distortion
led to soil values being included above the chosen
NDVI threshold during October 2018 (Fig. Sa—c),
with obvious negative implications for area estimates
and vegetation-specific signal estimates.

Analysis
Cross-referencing ground and UAV-based data

We assessed the general relationships between UAV
and ground-based measures (e.g., Table 1) using
a correlation matrix produced by the corrplot()
package, including data from all survey dates,
treatment groups and sites. Following this gen-
eral comparison, we specifically investigated the
relationship between Area Cover (UAV) and Area
Cover (G). This was intended to quantitatively
assess the impact of RRN as well as to identify spe-
cific sources of disagreement between ground and
UAV-based data. Identifying sources of disagree-
ment was undertaken in two stages. First, we calcu-
lated the difference between Area Cover (UAV) and
Area Cover (G) for each plot on each survey date
to quantify the degree to which ground-measures
over-estimated plot vegetation area cover relative
to UAV-based measures. Here, over-estimation of
Area Cover (G) relative to Area Cover (UAV) was
expected because individual plant area measures on
the ground were based on the widest points of plant
canopies and because ground-based area totals
included the sums of overlapping plants (Fig. 2g).
An over-estimation index for each plot was then
correlated against the dominance of specific spe-
cies within plots to identify potential ‘over-repre-
sented’ species in the ground-based dataset. Species
dominance was defined by the total contribution to
ground-based plot area cover totals. Species with
strong positive relationships between their domi-
nance and the plot area cover overestimation were
considered to be ‘over-represented’ in the ground-
based data. We aimed to remove as few species as
possible from our ground-based analyses, iteratively
removing the largest contributors to area cover
over-estimation until the relationship between Area
Cover (UAV) and Area Cover (G) approached 1:1.
After removing over-represented species from
ground-based datasets, we refit the linear relationship
between Area Cover (UAV) and Area Cover (G) for

each plot and used the residual standard error of this
relationship as a measure of remaining disagreement
between the two measures (not related to over-estima-
tion). Residual SE (i.e., disagreement between meas-
ures) was then correlated with the level of dominance
of different growth forms across plots to determine if
specific growth forms were contributing to disagree-
ment. We used the findings of these investigations to
inform our analyses and refine our understanding of
ground-based data.

Analysing the impact of altered rainfall seasonality
on post-fire recovery

Due to post-fire recovery being a dynamic process
of change, treatment effects (i.e., altered rainfall sea-
sonality) were estimated on the relative change in
response variables (Table 1) over discrete time peri-
ods (e.g. between Feb2017 and October 2017).

Relative change = (log (Response variable, )

—log (Response variablet) ) /Days

3)
where response variables=Table 1, ,=survey
date (1=Feb2017; 2=0ct2017; 3=Apr2018;

4=0ct2018; 5=May2019), Days=number of days
between t and t+ 1.

The relative changes in response variables were
contrasted between treatment groups (i.e. winter
rainfall and reduced rainfall seasonality) and sites
(Fynbos, Renosterveld). It was necessary to look at
relative change over time because the instantaneous
values of response variables at any single point in the
time series could be more strongly related to values
at previous time points (i.e. temporal autocorrelation)
than to treatment effects over that time period. There-
fore, isolating the effects of seasonality on response
variables during discrete time periods had to account
for potentially differing values between treatment
groups or sites at the beginning of the set time period.

After converting response variables to relative
changes, linear mixed effects models were used to
estimate how the converted response variables were
affected by rainfall seasonality (Winter rainfall (con-
trol), Reduced rainfall seasonality) over discrete sea-
sonal periods since fire (W1=Feb2017:0ct2017,
S1=0ct2017:Apr2018, W2=Apr2018:0ct2018,
S52=0ct2018:May2019). Models also included Site
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Fig. 6 Correlation matrix
between ground and UAV-
based variables. Numbers
and ellipses represent the
strength and direction of the

Area Cover

/00

correlation between vari-
ables. Non-significant cor- 0.92 Volume
relations are not displayed
0.62 0.62 Height
F 0.2
0.58 0.63 Plant Count r o
F -0.2
0.62 Plot NDVI
- -0.4
Veg NDVI 08
-0.8
Area Cover
0.77 0.61 0.93 (UAV)
-1
DGround-based D UAV-based

(Fynbos, Renosterveld) as an interaction term to com-
pare the effects of rainfall between sites. We included
the plot ID as a random effect due to the hierarchical
structure of the data and to account for any uncon-
trolled, plot-specific differences in vegetation cover or
community composition.

Results

General relationships between UAV-based and
ground-based variables

Relationships between UAV-based vegetation
variables

Over the duration of the experiment, Plor NDVI
(Fig. 6) was strongly correlated with Area Cover
(UAV) (Fig. 6), and was influenced to a lesser extent
by Vegetation NDVI (Fig. 6). Changes in vegetation
area cover are expected to have a stronger influence
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on plot NDVI signals in the post-fire environment,
since initial post-fire cover is close to zero.

Relationships between ground-based vegetation
variables

Strong relationships between Area cover (G) and Vol-
ume indicated that increases in canopy width and
length had the largest influence on estimated plant
volumes, rather than increases in Height (Fig. 6). This
highlighted the potential importance of top down 2D
top-down vegetation measures in describing post-fire
recovery processes.

Relationships between UAV-based and ground-based
vegetation variables

Of the remotely sensed variables, Area Cover (UAV)
was most closely correlated to the ground-based
measures, particularly with Area Cover (G) (r=0.77,
p<0.001). Plot NDVI was weakly correlated with
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ground-based measures on account of the vegetation
signals being diluted by soil signals. Vegetation NDVI
signals were not strongly correlated with any other
UAV or ground-based variables (Fig. 6), indicating
the unique characteristics of this measurement. Vege-
tation NDVI detected spectral changes within existing
canopies (e.g. leaf health, leaf/canopy density) that
were not captured by other measures.

Cross-referencing UAV and ground-based vegetation
area cover measurements

By comparison with ground measurements, it was
apparent that Area Cover (UAV) was strongly exag-
gerated in October 2018 for the Fynbos site if uncor-
rected imagery was used. RRN corrected this radio-
metric distortion and dramatically improved the
agreement between Area Cover (UAV) and Area
Cover (G) (Fig. 7a, b). The effect of RNN was most
evident at the Fynbos site where temporal radiomet-
ric distortion was highest (e.g., October 2018 image
layer) while comparatively little effect of RRN was
observed in Renosterveld.

At both sites Area Cover (G) became progressively
more overestimated relative to Area Cover (UAV)
over time, as indicated by relationships with slopes
larger than 1:1 (Fig. 7b). Here we assumed that cor-
rected Area Cover (UAV) was the most accurate meas-
ure of top down 2D area cover. Confidence in UAV
area cover estimates was best gained through visual
comparison with RGB images. The over-estimation
of Area Cover (G) relative to Area Cover (UAV) was
explained by the presence of a small number of spe-
cies which either had highly branched, diffuse cano-
pies with highly reduced leaves or had high overlap
between individuals (Table 2), thus disproportion-
ately increasing ground-based area totals relative to
UAV-based area measures. As these species grew,
area cover measurements based on plant canopy wide
points lead to progressively larger degrees of overes-
timation over time. These species were thus overrep-
resented in the ground-based measures over time rela-
tive to UAV-based measures. Removing these species
from the ground-based data shifted the relationship
between UAV and ground-based area cover estimates
much closer to the 1:1 line in both sites (Fig. 7c).

Both before and after the removal of over-repre-
sented species, the relationships between Area Cover
(UAV) and Area Cover (G) were found to be stronger

at the Renosterveld site compared to the Fynbos site
(using plot means or site means) (Fig. 7b, c) indicat-
ing a greater degree of disagreement between UAV
and ground-based area cover estimates in Fynbos.
Notably, the removal of over-represented species had
limited impact on the strengths of the relationships
between Area Cover (UAV) and Area Cover (G).

In Fynbos, residual SE of the linear relationship
between Area Cover (UAV) and Area Cover (G) for
each plot over time (i.e. measure of disagreement)
was strongly correlated with the relative dominance
of graminoid growth forms across plots (Table 3).
The most disagreement between Area Cover (UAV)
and Area Cover (G) was present in plots with a
higher graminoid dominance. This was consistent
with the unique difficulties experienced when meas-
uring graminoids using ground based methods at the
Fynbos site. Due to the generally high proportion of
graminoids at the Fynbos site (31 +5% of total area),
measurements of graminoids were made using %
cover and later converted to area cover. This method
of measurement thus had low accuracy compared to
other individual plant measurements. Renosterveld
had a lower overall graminoid component (6+5%
of total area) and thus graminoids were measured
individually. No correlations between growth form
dominance and plot residual SE were found in Renos-
terveld. These findings indicate that ground-based
estimates of graminoid area cover in Fynbos were too
coarse for the detection of fine-scale, seasonal veg-
etation patterns. However, removing graminoids from
the ground-based Fynbos dataset did not improve
overall agreement between Area Cover (UAV) and
Area Cover (G) in Fynbos and lead to strong under-
estimation of Area Cover (G) measures (data not
shown). We considered the potential impacts of
graminoid measurements in our final analysis. This
included running our models with and without grami-
noids for the Fynbos site.

Impacts of rainfall seasonality on post-fire vegetation
recovery

*Note that analyses were carried out using radio-
metrically normalised UAV-based data and ‘refined’
ground-based data (i.e., over-represented species
removed).
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«Fig.7 Comparison of vegetation area cover (m?) per 16 m?
focal plot, obtained from ground-based measurements (‘Area
Cover (G)’) and UAV-based measurements (‘Area Cover
(UAV)’). a Uncorrected ‘Area Cover (UAV)’ vs ‘Area Cover
(G)’, including all species measured on the ground. b Cor-
rected ‘Area Cover (UAV)’ vs ‘Area Cover (G)’ including all
species measured on the ground. ¢ Corrected ‘Area Cover
(UAV)’ vs ‘Refined Area Cover (G)’, i.e., after the removal
of overrepresented species (Table 2). Plot means include the
measured vegetation area cover of each focal plot. Site means
represent the mean of plot area cover measurements for each
date. Black lines represent linear relationships between Area
Cover (UAV) and Area Cover (G). Dashed lines represent the
1:1 relationship between variables

‘Area cover (UAV)’ and ‘area cover (G)’

Post-fire changes in vegetation Area Cover (UAV)
revealed strong winter-seasonality in Fynbos and
Renosterveld under natural winter rainfall (dry
summer) conditions (Fig. 8b). Here, significant
increases in Area Cover (UAV) were restricted to
winters (i.e., W1 and W2) whereas no change or
declines occurred in summers (i.e. S1, S2). Both
shrublands also displayed strong Area Cover (UAV)
responses to reduced-rainfall seasonality treat-
ments (Fig. 9b). Here, imposed reductions in the
natural winter rainfall peaks (~50% rainfall reduc-
tion) reduced Area Cover (UAV) gains in winters,
while alleviating summer droughts (~+490 mm
rainfall) lead to Area Cover (UAV) gains in summer
(Figs. 8b, 9b). Overall, our refined analysis showed
a close coupling between UAV-based area cover
estimates and post-fire rainfall patterns in both
shrubland types (Fynbos and Renosterveld). This
evidence was based on the combination of natural
winter seasonality in control plots (Fig. 8b) (cor-
relative evidence) and treatment responses (Fig. 9b)
(causal evidence).

Ground-based estimates of vegetation area cover,
Area Cover (G), only detected strong winter season-
ality and treatment responses in the Renosterveld
site, while Fynbos was found to be relatively weakly
coupled to rainfall seasonality patterns (Figs. 8f,
9f). This highlighted a clear disagreement between
UAV-based and ground-based area cover estimates
in the Fynbos site.

The removal of over-represented species
(Table 2) from the ground-based analysis improved
agreement between Area Cover (UAV) and Area
Cover (G) responses relative to the un-refined

analysis (Figs. S4, S5). This was particularly notice-
able in Renosterveld over the first winter (W1)
where no treatment response was detected prior to
the removal of over-represented species (Figs. S4,
S5). However, despite these improvements, substan-
tial disagreement between Area Cover (UAV) and
Area Cover (G) responses remained at the Fynbos
site after the removal of over-represented species
from the ground-based analysis.

The disagreement between Fynbos Area Cover
(UAV) and Area Cover (G) response patterns indi-
cated that UAV-based data had detected vegeta-
tion changes which were undetected using ground-
based measures at this site. Considering the
identification of increased disagreement between
Area Cover (UAV) and Area Cover (G) introduced
by graminoid ground cover estimates at this site
(Table 3), we tested the potential for the ‘coarsely
measured’ graminoids to mask underlying Fynbos
responses, by removing them from the ground-
based analysis. Removing the problematic grami-
noids measurements from the ground-based analysis
still resulted in the observation of low responsive-
ness of Area Cover (G) in remaining Fynbos species
(Figs. S6, S7), indicating that graminoids were not
masking underlying response patterns. By logical
extension we concluded that the responsiveness to
rainfall detected in Fynbos by UAVs (e.g., Area
Cover (UAV)) was attributed to the graminoids, but
that the ground-based cover estimates for this group
had failed to detect their responses (see previous
analysis of graminoids in van Blerk et al. 2021a, b
showing no response).

‘Vegetation NDVI’ and ‘shrub NDVI’

Within-canopy spectral changes detected from UAVs
indicated stronger winter seasonality in Renos-
terveld vegetation under normal rainfall conditions.
Here, Vegetation NDVI signals in Renosterveld dis-
played generally larger winter increases and summer
declines than Fynbos (Fig. 8c). Furthermore, Vegeta-
tion NDVI signals were significantly more responsive
to changes in rainfall seasonality in Renosterveld
compared to Fynbos (Fig. 9c).

Shrub NDVI signals from each site showed simi-
lar patterns to the Vegetation NDVI. Shrub NDVI
values for Passerina obtusifolia, in Renosterveld,
were highly responsive to changes in seasonal
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Table 2 Species with overrepresented ground measurements

Species Species dominance:
Contribution to total

Area Cover (G) per plot

Relationship between species
dominance and plot Area Cover
(G) over-estimation

Reason for overestimation

(%)
Wahlenbergia nodosa (Fynbos) 21+9
Thesium strictum (Renosterveld)  18+11
Anthospermum gallioides (Renos- 12+ 11
terveld)
Microdon polygaloides (Renos- 11+5
terveld)

R?=0.55
R?=0.72
R?=0.44

R?=0.50

Highly branched, diffuse canopy
with reduced leaves

Highly branched, diffuse canopy,
absence of green leaves

Highly branched, diffuse canopy
with reduced leaves

Occurred in dense overlapping

patches of individuals and
underneath larger shrubs

*Note high R? values indicate strong plot area cover overestimation introduced by species

Table 3 Influence of growth form dominance (i.e., contri-
bution to total Area Cover (G) per plot (%)) on disagreement
between UAV and ground-based area cover measures. n=12
plots per site

Growth form dominance vs
residual SE (i.e., disagreement)

Growth form

Fynbos R*>  Renosterveld R?
Woody resprouters 0.048 0.012
Graminoids 0.683 0.091
Perennial seedlings 0.026 0.137
Geophytes and bulbs 0.002 0.039
Prostrate resprouters 0.250 0.002
Annuals biennials and herbs  0.007 0.062

Note high R? values indicate strong disagreement between plot
Area Cover (G) and Area Cover (UAV) introduced by growth-
form

rainfall availability during all seasonal periods while
Agathosma capensis, in Fynbos was not responsive
(Figs. 8d, 9d). These findings closely mirror previ-
ous findings for these species based on ground-based
volume changes (reported in Fig. 3 van Blerk et al.
2021a, b). Despite the differences in recovery patterns
and responsiveness to treatments between sites, there
was limited direct statistical support for differences
in the magnitude and direction of treatment effects
between these species.

‘PlotNDVI’

Plot NDVI was the most highly integrated measure
of vegetation recovery because it encompassed both
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changes in vegetation Area Cover (UAV) and within-
canopy vegetation spectral changes (i.e., Vegetation
NDVI) (Figs. 8a, 9a). However, "Plot NDVI’ changes
most closely mirrored the changes in Area Cover
(UAV), whereas Vegetation NDVI had a comparatively
weaker influence. Fynbos and Renosterveld sites
both showed strong winter seasonality under winter
rainfall conditions while reduced rainfall seasonal-
ity muted or reversed seasonal ‘Plot NDVI’ changes
(Figs. 8a, 9a).

‘Volume’, ‘height’ and ‘count’

Volume (Fig. 8e) patterns mirrored that of Area
Cover (G) (Fig. 8f). Although ground-measured
had the advantage of obtaining 3D measurements,
this did not have much significance in terms of the
patterns captured by these measurements because
the influence of Height on Volume was low. Height
(Fig. 8g) and count (Fig. 8h) showed strong natu-
ral seasonality in both sites although responses to
treatments were inconsistent (Fig. 9g, h).
See Tables S1-S4 for full output stats tables.

Discussion

Our multi-year experiment, in the Cape Floristic
Region of South Africa, monitored the responsive-
ness of post-fire shrubland recovery patterns to exper-
imentally altered rainfall seasonality using repeated
UAV and ground-based observations. UAV-based,
multi-spectral imagery enabled the detection of
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Fig. 8 Seasonal post-fire vegetation recovery patterns under
contrasting rainfall seasonality treatments (i.e., winter rainfall
and reduced seasonality). Points (mean) and error bars (SE)
represent relative changes in ground and UAV-based measures

high-resolution vegetation changes at the patch-scale,
improving on ground-based measures in terms of spa-
tial resolution, coverage, and sensitivity. However,
we highlighted the potential challenges in obtaining

over successive post-fire seasons: Winter 1 (W1), Summer
1 (S1), Winter 2 (W2), Summer 2 (S2). Shrub NDVI results
(d) are based on Agathosma capensis in Fynbos and Passerina
obtusifolia in Renosterveld

reliable measures of vegetation change from repeated
multispectral images and emphasised the importance
of adaptive relative radiometric image normalisation.
Further, we demonstrated how a critical assessment
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Fig. 9 Treatment responses to altered rainfall seasonality in
Fynbos and Renosterveld sites for successive post-fire sea-
sons: Winter 1 (W1), Summer 1 (S1), Winter 2 (W2), Summer
2 (S2). W1 and W2 represent the responses to a reduction in
winter rainfall. S1 and S2 represent responses to increases in

of the relationships between UAV and ground-based
measurements helped to refine our analyses. The
careful integration of UAV and ground-based moni-
toring approaches proved to be highly complementary
in our investigation. Our integrated findings pointed
to strong coupling of post-fire recovery and rainfall in
fertile, Renosterveld shrublands and relatively weaker
coupling in neighbouring, nutrient-poor Fynbos
shrublands (van Blerk et al. 2021a, b). These findings
are consistent with previous ground-based observa-
tions at the site, which included individual species
growth responses. However, UAVs also updated our
understanding of the complexity of rainfall responses
at the Fynbos site and helped to identify potential
moisture coupling in the graminoid growth forms
which was previously undetected using ground meas-
urements. The apparent difference in sensitivity to
rainfall between neighbouring Fynbos and Renos-
terveld shrublands highlights the potential for edaphic
factors to mediate post-fire shrubland community
sensitivity to rainfall. This mechanism could influ-
ence shrubland sensitivity to rainfall across edaphic
boundaries at the regional scale in the CFR. Taken
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w1 St w2 s2 w1 s1 w2 S2
Fynbos p < 0.05
p > 0.05

summer rainfall. Treatment effects are calculated as the differ-
ence in magnitude or direction of seasonal changes between
winter rainfall and reduced seasonality plots. Statistical results
for seasonal treatment effects are displayed for each season
*p<0.05, #*p <0.01, ***p<0.001

together our study demonstrated the effectiveness of
using UAV-mounted, multispectral cameras in detect-
ing ultra-fine-scale climate responses in early post-
fire shrubland communities.

UAVs are powerful tools for observing fine-scale
vegetation changes and have rapidly been adopted
by ecologists (Anderson and Gaston 2013; Mathews
and Jensen 2013; Malek et al. 2014; Pajares et al.
2015; Padua et al. 2020), however, new users who
are not remote sensing specialists, should avoid using
a black-box approach to analysing UAV-based data
(Rasmussen et al. 2016; Duffy et al. 2018; Buters
et al. 2019). For example, while the spatial resolution
of multi-spectral orthomosaic imagery from UAVs
was high, converting these data into reliable measures
of change over time required that repeated imagery
was also radiometrically consistent over time. Tem-
poral radiometric distortion is a key factor limiting
remotely sensed change detection (Teillet 1986; Hall
et al. 1991; Bao et al. 2012; Zhou et al. 2016), particu-
larly where ultra-fine-scale patterns are the focus of
detection. Our interrogation of imagery spectral data
revealed substantial temporal radiometric distortion



Landsc Ecol (2022) 37:3179-3199

3197

even after following careful data capture normalisa-
tion protocols provided by the manufacturer. While
we show that natural landscape features can be used
successfully to conduct relative radiometric normali-
sation, this possibility is strongly dependent on the
presence of such features in the environment being
surveyed (e.g. evergreen shrubs, stable soils) and may
be best applied in post-fire shrubland environments.
If no stable soil value or vegetation value exists in the
landscape, our proposed RRN methodology would
not be applicable. Therefore, including permanent,
multi-functional ground control points (e.g., Han
et al. 2019) would ideally replace the organic (bare
soil and dense, evergreen vegetation) PIFs used in our
methodology. We also recommend including RGB
imagery in UAV-based surveys. The ability to visu-
ally verify that multi-spectral vegetation indices rep-
resent real patterns is invaluable.

Our study highlighted the inherent challenges
associated with “ground-truthing” of remotely sensed
data (Zhou 1996), since both ground and UAV-
derived measurements were subject to their own limi-
tations and measured non-identical features of vegeta-
tion. For example, despite the excessive detail of our
ground-based measurements, it was still logistically
necessary to simplify individual plant canopy shapes
corresponding to the widest and highest points each
plant. These ground-based measures thus lacked the
resolution to capture complex within-canopy changes
occurring within these simplified shapes. UAV based
measures were more sensitive to complex changes
in vegetation cover but could not detect vegetation
height differences or plants that were obscured from
vision by taller plants and overlapping canopies. The
practical advantages and limitations associated with
ground and UAV-based monitoring approaches were
thus dependent on the specific application or inves-
tigation. The efficiency of UAVs in quantifying inte-
grated community responses (i.e., including all plants
present) to rainfall over larger spatial scales was clear
compared to ground-based measures. While our
experiment only focused on key focal plots (due to
the limitations of ground-based measures), the focal
area of image-based data extraction could easily be
scaled up, particularly with integrated community
data (e.g. vegetation NDVI) which can be extracted
from imagery using automated processes. Despite
the advantages in describing integrated commu-
nity changes, our captured imagery from UAVs was

not conducive to identifying fine-scale demographic
changes and species-level detail, to the same degree
as ground-based measures. Only larger shrubs which
were sufficiently isolated from other plantscould be
measured independently. Despite this limitation, the
response patterns of dominant shrubs A. capensis and
P. obtusifolia (i.e. shrub NDVI) to treatment effects
were highly comparable using UAV versus ground-
based measures (see van Blerk et al. 2021a, b). While
this worked for specific species, here the ground-
based approach is clearly advantageous for less easily
detectable species.

Taken together, our study highlighted the
advantages in carefully integrating traditional and
UAV-based techniques (Nagai et al. 2020) to bet-
ter our understanding of dynamic post-fire recov-
ery processes. Despite their differences, critically
investigating the relationships between UAV and
ground-based measurements was highly valuable
for identifying areas of disagreement, which could
then be investigated further. This approach clearly
improved our understanding of the data and resulted
in a refined analysis. Advancements in post-fire
monitoring will rapidly advance our understanding
of the impact of climate for these sensitive, hard-to-
detect vegetation processes which may be formative
for future vegetation states.
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