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ARTICLE INFO ABSTRACT

Handling Editor: Lixiao Zhang Wildfires in the Chornobyl Exclusion Zone (CEZ) and other radioactively contaminated areas threaten human
health and well-being with the potential to resuspend radionuclides. Wildfire behavior simulation is a necessary
tool to examine the efficiency of fuel treatments in the CEZ, but it requires systematically updated maps of fuel
types and canopy metrics. The objective of this study was to demonstrate an effective approach for mapping fuel
types, canopy height (CH), and canopy cover (CC) in territories contaminated by radionuclides using Landsat
Canopy density time series (LTS) and Global Ecosystem Dynamics Investigation (GEDI) LiDAR observations. We combined LTS
Imputation and GEDI data to map fuel types and canopy metrics used in wildfire simulations within the CEZ. Our classifi-
ceDe cation model showed an adequate overall accuracy (75%) in mapping land covers and associated fuel types. The
phenology metrics extracted from LTS reliably distinguished spectrally similar vegetation types (such as grass-
lands and croplands) which exhibit different flammability through the year. We also predicted a suite of relative
heights metrics and CC at Landsat 30-m pixel level (R? = 0.23-0.26) using the nearest neighbor technique. The
imputed maps adequately captured the dynamics of CH and CC in the CEZ after recent large wildfires occurred in
2015, 2020, and 2022. Thus, we illustrate a LTS processing approach to produce wall-to-wall maps of canopy
characteristics that are important for wildfire simulations. We conclude that continuous updating of land cover
and canopy fuel data is crucial to ensure relevant fire management of radioactively contaminated landscapes and
support local decision-making.
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1. Introduction

Wildfires in areas contaminated after the Chornobyl Nuclear Power
Plant (CNPP) accident in 1986 represent a significant problem due to the
risk of the radionuclides resuspension (Evangeliou et al., 2016), and
consequent exposure of firefighters to radioactive contamination
(Kashparov et al., 2015). The Chornobyl Exclusion Zone (CEZ), which
covers approximately 260,000 ha of hazardous areas in Ukraine, has
attracted the attention of the international community due to the most
recent wildfires. Two fires in 2015 (15,000 ha), and in 2020 (66,000 ha)
burned about one third of the region’s territory (Evangeliou et al., 2016;
Fedoniuk et al., 2021). Human-caused ignitions (e.g., vehicles, ma-
chinery, negligence, and other accidental causes) have been common
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within the CEZ. Ignited fires on grasslands during dry and windy con-
ditions spread towards the CEZ. To address these potential harms,
comprehensive information about vegetation properties and wildfire
fuels can support preventive programs for wildfire risk management
(Reeves et al., 2009). The growing incidence of large fires across the CEZ
during the last decade motivated an investigation that used wildfire
simulation approaches to explore fire risk (Ager et al., 2019). Specif-
ically, the analysis of fire risk revealed a higher likelihood of ignitions in
areas with a predominance of grassy fuels. The fire spread component
was mostly associated with the specific distribution pattern of grasslands
and fire-prone pine plantations. Further methodological and technical
advances are required to develop effective and easy-to-use decision
support tools that utilize wildfire modeling outputs (Kalabokidis et al.,
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2016; Myroniuk et al., 2021).

Realistic wildfire simulation at the landscape level relies on spatially
accurate information about fuel continuity. As long as fuel maps are
essential for modeling, standardized and cost-effective methods for
updating these maps are required (Rollins et al., 2004). Unlike in other
countries in Europe where the fuel layers can be seamlessly compiled
using available land cover or land use maps (Alcasena et al., 2017; Salis
et al., 2021), such geospatial data sets do not exist for many areas in
Ukraine. Therefore, remote sensing-based approaches are promising for
characterizing fuel properties in a fine spatial and temporal domain.
Many recent studies utilized satellite imagery for mapping fuel types to
model fire behavior at regional to national scales (Aragoneses and
Chuvieco, 2021; Stefanidou et al., 2020b). Remote sensing can be an
effective method for updating information on hard-to-reach areas such
as those contaminated by radionuclides and, since 2022, by unexploded
ordnance (UXO) and land mines where field data collection may be
restricted or limited due to risks to human life (Matsala et al., 2021a).

Satellite time series offer excellent opportunities to characterize the
dynamic nature of vegetation properties affecting the distribution of
fuels across the landscape. Transitions between land cover types can be
efficiently mapped using temporal segmentation algorithms that utilize
fitted trajectories of spectral data for multi-date classification (Zhu,
2017). Unlike many algorithms that are mostly focused on detection of
annual vegetation changes, the Continuous Change Detection and
Classification (CCDC) approach (Zhu and Woodcock, 2014) has advan-
tages in mapping fuels. In addition to direct classification of trajectories,
the CCDC provides valuable information on vegetation phenology that
can improve fuel classification in accordance with the cyclic patterns of
spectral reflectance throughout the year.

Optical satellite data are more commonly utilized to map fuel types
(Aragoneses and Chuvieco, 2021), however, active remote sensing is
preferred to quantify the fuel load (Mutlu et al., 2008) or canopy fuels
(Andersen et al., 2005; Maltamo et al., 2020) as it directly interacts with
the vertical structure of vegetation. In particular, canopy vertical profile
metrics such as canopy height (CH) and canopy base height (CBH) can
be accurately retrieved using the LiDAR technology (Andersen et al.,
2005; Stefanidou et al., 2020a). Nevertheless, to scale collected LiDAR
data from local to regional or national levels, covariates from optical
satellite imagery and predictive mapping are required (Chuvieco et al.,
2020; Wilkes et al., 2015). For example, Moran et al. (2020) highlighted
the utility of the LiDAR-Landsat fusion in various landscapes over the
western US to predict canopy fuels.

When resources for collection of the airborne laser scanning data are
limited, the NASA Global Ecosystem Dynamics Investigation (GEDI)
spaceborne LiDAR sensor is very promising for large-scale evaluation of
vegetation structural parameters. After the launch of the GEDI system, a
number of its applications were reported to map forest attributes (Fayad
et al., 2021; Rishmawi et al., 2021a), aboveground biomass (Dubayah
et al., 2022), and vegetation types (Dwiputra et al., 2023). The full
waveform GEDI metrics were effectively used to map CH in various
regions of the world (Dorado-Roda et al., 2021; Francini et al., 2022;
Rishmawi et al., 2021a). Potapov et al. (2021) demonstrated the po-
tential for integrating GEDI data and Landsat time series (LTS) for nearly
global mapping of CH and its dynamics. Despite the considerable focus
on GEDI data in various forest programs, the issue of monitoring fuel
characteristics for wildfire simulation has not been discussed in detail.
Nevertheless, GEDI footprint-level variables are very promising for
forest fuel modeling (Hoffrén et al., 2023). Leite et al. (2022) demon-
strated a framework for large-scale multi-layer fuel loads estimation in a
Brazilian tropical savanna that can be scaled to other fire-prone areas.
Thus, GEDI LiDAR observations can also improve characterization of
fuels in wildfire studies.

Various machine learning approaches have been examined to predict
forest structural attributes using GEDI data. Deep learning has proven to
be effective for handling raw LiDAR waveforms at the footprint level.
Fayad et al. (2021) demonstrated that a metric-free convolutional neural
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network provides reliable predictions of canopy height and wood vol-
ume. However, metric-based approaches have become more common
for forest fuel classification using GEDI observations (Hoffrén et al.,
2023; Leite et al., 2022). The GEDI products have limitations in dis-
playing wall-to-wall landscape features. Thus, propagations of
footprint-level forest structure metrics over a larger geographical areas
has been a major concern in numerous studies (Healey et al., 2020;
Rishmawi et al.,, 2021b; Wang et al., 2022). Previous investigations
demonstrated that random forest (RF) models could provide reliable
results for many practical applications. In addition to this and other
ensemble machine learning algorithms (Shendryk, 2022), nearest
neighbor imputation techniques have not yet been presented. However,
multivariate imputation techniques (Moeur and Stage, 1995; Ohmann
and Gregory, 2002) might be suitable for simultaneously processing a
set of canopy metrics obtained at footprints and creating corresponding
maps.

This study aims to develop an approach for updating fuels data in
wildfire simulation using freely available LTS and GEDI data. Consid-
ering that field data collection within areas contaminated by radionu-
clides after the CNPP accident is always limited due to the risk to human
life, there is a need for an accurate and cost-effective fuel mapping
method. The specific focus of the manuscript is twofold: 1) to integrate
GEDI data into existing nearest neighbor imputation workflows based on
multispectral imagery in order to support fire behavior modeling, and 2)
to characterize the decadal changes in distribution of fuel types within
the CEZ due to major wildfires in 2015, 2020, and 2022.

2. Materials and methods
2.1. Study area

This study was performed in the area of the CEZ to extend the
investigation of the wildfire problem in territories contaminated by ra-
dionuclides started by Ager et al. (2019). The current paper adds to that
work by providing an effective tool for updating the fuel characteristics
in a wider timeframe. More than half of the area is covered by forests,
with prominence of Scots pine (Pinus sylvestris L.), along with mixed
hardwood stands of silver birch (Betula pendula L.), black alder (Alnus
glutinosa (L.) Gaertn.), common aspen (Populus tremula L.), and common
oak (Querqus robur L.). The forests remain mostly unmanaged after the
accident on the CNPP in 1986, with limited logging activities associated
with the construction of facilities for nuclear waste disposal, salvage
logging, and fuel treatments (fuelbreaks). Agricultural lands within the
CEZ have been abandoned and have transitioned into natural meadows
or mixed forests (Matsala et al., 2021a). In contrast, farmlands outside
the CEZ boundaries are still used by farmers and the local population for
crops production. Large wildfires that altered the spatial patterns of land
cover and fuel distribution occurred within the CEZ in 1992, 2007,
2015, 2020, and 2022 (Matsala et al., 2021b). Field burning practice in
areas that surrounds the CEZ has been among the major causes of
wildfires on this area. Thus, we extended the study area beyond the
contaminated sites within a nearly squared bounding box (123.78 x
133.50 km) in order to measure the effect of wildfire transmission from
the outside and to improve representation of some rare land cover cat-
egories in the reference data set we collected for the classification
(Fig. 1).

2.2. Data

2.2.1. Landsat time series

In our mapping approach, we used Landsat Collection 2 surface
reflectance data (Landsat 5, Landsat 8, and Landsat 9) that was collected
between January 1, 2010 and November 1, 2022. To eliminate the effect
of Landsat 7 scan-line corrector failure that had an impact on the quality
of the image collection between 2010 and 2013 (i.e., when only Landsat
5 and Landsat 7 are available), we decided to exclude the data of this



V. Myroniuk et al.

29.0°E

Journal of Environmental Management 345 (2023) 118736

51.5°N

Z

3

2N ] .

= o P-'u.-‘“f‘: . {(,. ‘}':.; o |
S0- 10-7 200130 dokm F v oo e
O T S % T i | o4
RS RO W N AR -

Legend

OpenStreetMap features:
.| State border of Ukraine [l Settlements
(] Border of the CEZ —— Roads
The study area Railways

Rivers and streams

Water bodies

e Chornobyl Nuclear
Power Plant

‘ Major wildfires

(2015-2022)

Fig. 1. The study area showing the locations of major wildfires that occurred in 2015-2022 within the CEZ and the surrounding areas.

sensor in our analysis. Clouds, cloud shadows, and snow were masked
using pixel quality attributes generated from the CFMask algorithm
(Foga et al., 2017) and available from the Pixel Quality Assessment band
(QA_PIXEL). The Google Earth Engine (GEE) implementation of the
CCDC segmentation algorithm (Zhu and Woodcock, 2014) was utilized
to create temporally smoothed LTS. This approach is based on a har-
monic regression to account for inter- and intra-annual cyclic patterns of
spectral reflectance in line with the vegetation phenology over the year.
The CCDC fits piecewise regression models between breakpoints that
correspond to an abrupt surface change identified in available spectral
bands. The segmentation is performed using time series of all clear ob-
servations, so there is no need to create image composites (e.g., monthly,
seasonal, annual). The temporal segmentation of the LTS was performed
using six original Landsat spectral bands that were combined with the
Tasseled-Cap Transformation (TCT) brightness, greenness, and wetness
(Crist and Cicone, 1984) as well as the Normalized Burn Ratio (NBR)
(Key and Benson, 2006). The CCDC algorithm was applied using the
default settings regarding probability thresholds to change detection, a
minimal number of observations to flag changes, etc. (Zhu and Wood-
cock, 2014). As a result, we created an array image that stored sequences
of temporal segments between detected breakpoints at 30-m spatial
resolution. The coefficients of harmonic functions modeled within the
segments can be used to generate smoothed (synthetic) imagery for any
date within the specified timeframe.

2.2.2. Reference data for land cover and fuel type classification

A total of 1000 Landsat 30-m pixels randomly selected within the
study area were used as a reference for the classification of land cover.
Since our mapping approach aimed to classify the entire temporal
segment rather than spectral data at a given time, the time series of high-
resolution images available on Google Earth Pro were visually inspected
to assign the corresponding land cover class. We analyzed the most
recent images to identify a timeframe within which the pixel exhibited
no land cover change. Depending on the availability of historical im-
agery, the reference data were interpreted between 2012 and 2022 to
ensure the correct land cover class assignment. To determine the values
for explanatory variables, the reference pixels were intersected with the
corresponding temporal segments of the CCDC image. We followed the
recommendation of the FirEUrisk project to harmonize the fuel classi-
fication scheme with existing ones in the European Union (Aragoneses
and Chuvieco, 2021). Within this scheme, each fuel type (Scott and

Burgan, 2005) is associated with the corresponding vegetation type
influencing potential fire behavior (Table 1).

2.2.3. GEDI canopy height metrics

The GEDI is a system of three full waveform LiDAR sensors specially
optimized for measuring vegetation structure. It samples the Earth’s
surface between £51.6° N/S latitudes to generate data sets of vegetation
properties and aboveground biomass (Dubayah et al., 2020). GEDI data
are provided in different products representing different processing
levels. Raw GEDI waveforms are processed to obtain ground elevation
and relative height (RH) metrics for each 25-m footprint in the GEDI L2A
Geolocated Elevation and Height Metrics (Version 2) product. The Level
2B Canopy Cover and Vertical Profile Metrics (Version 2) product
include various canopy and vertical profile metrics extracted from each
GEDI waveform. These two GEDI products that are available as public
assets on GEE were utilized in our study. The L2A product (Healey et al.,
2020) was used as reference data to characterize the vertical structure of
forest stands using RH metrics. We extracted RH metrics for every five

Table 1
Distribution of sample size among land cover categories and associated fuel.

Land cover category Land cover sub- Fuel Sample size in
category model 30-m pixels
Forest Coniferous TL8 309
Deciduous TL2 105
Mixed TU1 49
Burned forest TL1 25
Grassland Short grass (0-0.5 GR1 69
m)
Medium grass GR2 104
(0.5-1.5 m)
Grassland with GS1 99
shrubs
Cropland” Fallow land GR1 136
(cropland) (NB3)
Wetland Peat, riparian SH2 60
vegetation
Water Open water NB8 17
Urban area and other Infrastructure, sand NB9 27

unproductive lands

@ Croplands exhibit a seasonal pattern of flammability, thus were classified as
burnable fuel types in March-April and August-September (GR1) and unburn-
able fuels during May—July and October-February (NB3).
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percentiles of energy return between RH10 and RH100 along with
RHO98. These metrics represent percentiles of energy return height
relative to the ground return. Canopy cover (CC) was obtained from
GEDI L2B variable list. Both variables were retrieved from GEE as ras-
terized mosaics (at 25-m spatial resolution) of the corresponding orig-
inal GEDI products.

We used GEDI data collected throughout June—August of 2019-2022
to avoid issues with mixed phenology conditions (leaf-on and leaf-off). A
total of ~736,000 observations ranged within the study area for the
filtered time frame. We selected observations from power beams with
beam sensitivity of more than 0.95 that had valid waveforms (qual-
ity flag = 1) without positioning errors (degrade_flag = 0). These ob-
servations were resampled to Landsat 30-m spatial resolution to align
footprints and pixel centers. Footprints located outside the forested
areas were masked. Consequently, about 266,000 high-quality foot-
prints were registered within our study area in power beams (Fig. 2a). A
random subset of 2000 observations was used to predict CC and CH
(Fig. 2b). Finally, we crossed acquisition dates of GEDI footprints with
corresponding temporal segments of the CCDC image to extract co-
efficients and derivations (e.g., phase and amplitude) of the harmonic
regression models.

2.3. Mapping approach

The RF classifier was used to produce a land cover map. Fuel types
were mapped based on association between the land cover categories
and the corresponding fuel models (Table 1). We tested various com-
binations of spectral variables and finally used three components of the
TCT (brightness, greenness, wetness), NBR, red, near-infrared (NIR),
and short-wave infrared (SWIR1) bands of the Landsat imagery. For each
spectral band, we used an intercept, slope, and three sets of harmonic
sin/cosine pairs that were combined with several derivations of the
harmonic regression model, including phase, amplitude, and root mean
square error (RMSE). We also calculated a density of observation for
each segment and added this variable as a predictor in our RF model.
The RF model was trained using a multi-date interpretation (between
2012 and 2020) of the reference data set linked to the 106 explanatory
variables of the CCDC segments image.

We selected the RH95 metric as a measure of a stand’s CH. For
prediction, we used the gradient nearest neighbor (GNN) technique
(Ohmann and Gregory, 2002) which is a multivariate modeling
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approach. One of important feature of the GNN imputation is that it can
simultaneously predict a set of RH metrics and CC that characterize a
plant community structure as a cohesive unit. Instead of modeling single
response variables (e.g., RH95, CC), the GNN technique collectively
predicts their realistic combinations (Henderson et al., 2014). The GEE
implementation of the GNN algorithm (Myroniuk et al., 2022) was used
to accelerate the imputation. For the GNN model, we used both CC and
RH metrics as response variables and the list of CCDC covariates (which
were employed in our RF model) as explanatory variables. Following
Bell et al. (2015), we ascribed weights to the first seven nearest neigh-
bors. The prediction of canopy metrics was calculated as the weighted
mean of these neighbors.

2.4. Accuracy assessment

The map accuracy of fuel types was assessed using a leave-one-out
cross-validation approach. We trained the RF model on all data except
one observation retained for accuracy assessment. This procedure was
repeated for each of 1000 samples. Then, we built an error matrix to
estimate producer’s (PA), user’s (UA), and overall (OA) accuracies. We
used a modified version of the leave-one-out procedure to assess the
accuracy of the GNN model. This procedure utilized the pixel’s first
independent nearest neighbor (Ohmann and Gregory, 2002). Since we
used the GNN model with k = 7, the first seven independent nearest
neighbors were utilized in this study. The accuracy of the GNN model
was assessed for the CC and the selected RH metrics. We used R-squared
(R?) and normalized root mean square error (NRMSE) values as the
accuracy indicators of our model. They were estimated using observed
and predicted mean values of the corresponding canopy metrics. We also
built 1:1 identity plots to show the correspondence between observed
and predicted values. The recommendations of Riemann et al. (2010)
were also used to compare this with the geometric mean functional
relationship (GMFR) which reflects both systematic (between the GFMR
fit and 1:1 line) and unsystematic agreement (variance of GMFR fit) in
the data.

3. Results
3.1. Spatiotemporal pattern of fuel type distribution

The CCDC classification allowed us to track a seasonal distribution of
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the flammable landscapes within the study area (Fig. 3). Fuel type maps
generated for different seasons showed spatial variation in the distri-
bution of burnable landscapes mostly outside the CEZ. We detected
croplands that cause early spring and fall grass fires on the edge of the
CEZ. However, the intra-annual change between burnable (GR1) and
non-burnable (NB3) fuel types typical for croplands introduces season-
ality for transmitting fire into the CEZ.

The overall accuracy of the RF model at 30-m spatial resolution
(Landsat pixel level) was 0.75. The CCDC-classification approach
demonstrated high user’s and producer’s accuracies in mapping non-
burnable (NB8 and NB9) surfaces (Table 2). Accuracy values above
0.7 were observed for all three TL fuel types (i.e., TL1, TL2, and TL8),
showing good performance in the classification method applied. How-
ever, CCDC classification for mixed forests (TU1) resulted in lower ac-
curacies as observed in the computed commission and emission errors
(UA = 0.48, PA = 0.24). Expectedly, we identified that this fuel type was
mostly misclassified between another two forested vegetation types
(TL1 and TL8) that occupied a much larger area. We obtained medium
(about 0.6-0.8) user’s accuracies for non-forested vegetation (i.e., GR,
GS, and SH fuel types); however, the producer’s accuracies here varied
from poor (0.4) to better (0.6-0.7). Importantly, the CCDC-based clas-
sification of temporal trajectories allowed mapping croplands (NB3)
with good accuracy (both UA and PA were greater than 0.8).

3.2. Mapping canopy metrics

The GNN model with k = 7 at 30-m spatial resolution attained a

0
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higher accuracy to predict relative height metrics RH70 and RH80 for
which R-squared reached value of 0.27 (Table 3). The RH95 used in this
study as a proxy for average stand height was estimated with slightly
lower R-squared value (R2 = 0.23). We also observed an overestimation
of the mean imputed values of all relative height metrics (estimated
using seven independent nearest neighbors) compared to the corre-
sponding observed means of our training data set (2000 random sam-
ples). Based on the same seven nearest neighbors, the GNN model
demonstrated similar predictive performance for the canopy cover (R? =
0.26; NRMSE = 0.37) and an exact correspondence between observed
and predicted mean values of canopy cover (0.5).

Scatterplots of observed and predicted values of CH (RH95) and CC
at 30-m pixel level showed fair agreement with the 1:1 identity line
(Fig. 4a and b). Insignificant overestimations of the mean values of the
CH and CC (see Table 3) occurred due to the weak performance of the
GNN model for low values (a dashed line of GMFR fit was above the solid
1:1 identity line). In general, we observed a significant scattering of the
data which is characterized by relatively low R-squared values
(0.23-0.26) and high NRMSE (0.32-0.37). However, we identified a fair
systematic agreement between the observed and predicted values.

3.3. Fuel type dynamics

During the period of 2012-2022, the CEZ experienced a significant
land cover transformation that caused a change in fuel type distribution
over the territory (Fig. 5). The wildfires of 2015, 2020, and 2022 made a
major contribution to the transition between forested and non-forested

Legend

:] Border of the CEZ

Fuel types

Nonburnable (NB3)
Nonburnable (NB8, NB9)
Grass (GR1, GR2)
Grass-Shrub (GS1)
Shrub (SH2)

Forest mixed (TU1)
Forest deciduous (TL2)

Forest coniferous (TL8)

Burned forest (TL1)

May-July and October-February, 2022

Fig. 3. CCDC-based classification of fuel types within the CEZ for 2022 (a). Croplands can be classified as burnable herbaceous fuel types during the early spring and
fall seasons (b) or as areas kept in non-burnable condition during a growing phase and overwintering (c).



V. Myroniuk et al.

Journal of Environmental Management 345 (2023) 118736

Table 2

LOOCV confusion matrix of fuel type mapping based on the CCDC approach.
Mapped fuel model Reference fuel model Total UA PA

NB3 NBS8 NB9 GR1 GR2 GS1 SH2 TU1 TL1 TL2 TL8

NB3 120 3 9 7 2 4 2 147 0.82 0.88
NB8 17 1 18 0.94 1.00
NB9 1 19 3 3 26 0.73 0.70
GR1 7 28 2 5 42 0.67 0.41
GR2 7 7 73 9 22 1 4 1 124 0.59 0.70
GS1 1 2 18 11 63 2 5 5 111 0.57 0.64
SH2 2 23 3 28 0.82 0.38
TU1 2 1 12 2 8 25 0.48 0.24
TL1 1 19 20 0.95 0.76
TL2 1 7 9 6 11 84 1 119 0.71 0.80
TL8 1 3 10 3 21 1 7 294 340 0.86 0.95
Total 136 17 27 69 104 99 60 49 25 105 309 1000 - -

NB3 - fallow land (cropland); NB8 — open water; NB9 — infrastructure, sand; GR1 - short grass; GR2 — medium grass; GS1 — grassland with trees; SH2 — peat, riparian
vegetation; TU1 — mixed forest; TL1 — burned forest; TL2 — deciduous forest; TL8 — coniferous forest.

Table 3
Prediction accuracy of the GNN model (k = 7) by canopy metrics.

Canopy relative height Mean, m Normalized RMSE R?
Observed Predicted

RH50 9.6 9.9 0.64 0.23
RH60 119 12.3 0.53 0.26
RH70 13.9 14.3 0.46 0.27
RH80 15.8 16.1 0.40 0.27
RH90 18.0 18.3 0.35 0.25
RH95 19.4 19.7 0.32 0.23
RH98 20.6 21.0 0.31 0.20

landscapes. The fuel type map derived using the CCDC approach for
2022 shows a large area of burned forests both within and outside the
CEZ. Another interesting feature of the landscape was a drained CNPP
cooling pond, which contributed in 2022 to the increase of territories
with the dominance of herbaceous fuels.

Wildfires made a major impact on the distribution of fuel types
within the CEZ (Fig. 6). We observed an increase in the area of burned
forests (TL1) and vegetation dominated by shrubs and grasses (GS1;
GR1, GR2) that replaced predominantly coniferous forest (TL8). The
dynamics of the rest of fuel types were not so obvious during the re-
ported period. However, the wildfires also affected forested areas
outside the CEZ (see Fig. 5).

During the last decade, we observed a significant change in CC
within the footprints of large fires (Fig. 7). The comparison of imputed
maps of 2012 and 2022 also revealed a reduction of CH within these

Normalized RMSE: 0.32 a).
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0 10 20 30
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burned areas. Over other areas any remarkable trends in CC and CH
change have not been identified.

4. Discussion

4.1. Delivering intra-annual and inter-annual variation of fuel pattern to
wildfire risk assessment

The CCDC classification demonstrated high accuracy in cropland
mapping, improving our understanding of the seasonal variability of
wildfire risks. Using temporal segmentation algorithms, we classified
croplands with accuracies of 0.82-0.88, indicating the importance of
intra-annual variations of spectral information in classification models.
The advantage of temporal segmentation algorithms in capturing sea-
sonal trends of vegetation has been reported by Mardian et al. (2021)
who achieved similar detection accuracy in grasslands to croplands
conversion using remote sensing time series.

Our mapping approach revealed that the spatial pattern of burnable
and non-burnable fuel types changes significantly throughout the year
(Fig. 3). It was also able to adequately separate arable lands from other
types of natural grassy vegetation. During the vegetation growth cycle,
the croplands located outside of the CEZ were classified as GR1 when
farmers can burn dried vegetation residuals (March-April and Septem-
ber-August). At other times (May-July), such areas were characterized
with the NB3 model. The CCDC mapping approach provides a sound
basis for such work as it allows land cover and associated fuel type maps
to be obtained for any date within the available time series of satellite
imagery.
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Fig. 4. Predicted versus observed values of the GEDI canopy metrics. A dashed line shows the GMFR fit line describing the relationship between the predicted and

observed data.
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4.2. The role of GEDI data and LTS in canopy fuels characterization extracted from time series of satellite data are more useful for mapping
key forest attributes than merely spectral observations. The GNN model

This study demonstrated the potential of the nearest neighbor has also shown promising results for simultaneous prediction of various
imputation technique to extrapolate GEDI observations for a spatially RH metrics. The GNN imputation technique to treat footprint-level data
explicit characterization of CC and CH using optical data. Similarly to as characteristics of a stacked vegetation community unit (Ohmann
other studies (e.g., Wilson et al., 2018), we found that temporal metrics et al., 2011) can be used to extrapolate realistic combinations of RH
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Fig. 7. Predicted canopy height for 2022 (a) and its decadal dynamic (b) in sampled areas (1-3).

metrics observed at GEDI footprints. This provides the basis for mapping
canopy base height (CBH) which is another important characteristic of
canopy fuels used in wildfire simulation.

The performance of the GNN imputation model was lower than in
other published studies. For example, Potapov et al. (2021) modeled
canopy height (RH95) combining GEDI observations with LTS and
achieved R? values of 0.61-0.62. However, issues relevant to charac-
terizing the vertical structure of forest ecosystems using optical satellite
data were reported by Matasci et al. (2018). Despite good performance
of a nearest imputation technique in terms of predicting aboveground
biomass and other variables that correlates better with LTS indices,
obtained R? values did not exceed 0.61 for variables related to stand
height. Thus, GEDI data demonstrated superior accuracy in predicting
canopy heights using the full LiDAR waveforms and deep learning al-
gorithms (Fayad et al., 2021). Relatively low values of R? in our study for
height metrics modeling can be also explained by the character of the
data distribution used in this study. Specifically, we excluded zero
values from our data set within unforested areas to avoid inflating R?
values where our method is not applicable. Bolton et al. (2020)
demonstrated that short LTS length can also resul in weak model accu-
racy, as measured by R%.

4.3. Limitations and potential improvements for large-scale applications

The use of CCDC-fitted LTS for land cover mapping has been exten-
sively investigated in the literature (Pasquarella et al., 2022). While
broad land cover categories can be directly identified using visual
photointerpretation of high-resolution imagery, the correct interpreta-
tion of fuel types is not straightforward. However, fuels that belong to
the same fire-carrying fuel type (Scott and Burgan, 2005) can exhibit

very different fire spread potential. For example, misinterpretation of
grassy vegetations fuels (e.g., GR1 and GR2) can cause confusion be-
tween mapped classes (Table 2) and thus potentially affecting the fire
simulation results. Apart from this obstacle, we found the CCDC
approach to be very effective for updated mapping of fuel continuity
once new Landsat data are available. Further development of this
approach is possible due to the long time series of Sentinel 2 images that
have been collected globally since 2015.

Previous studies combining fuel characteristics at sample plots and
GEDI data showed their usefulness in establishing frameworks for fire
management (Hoffrén et al., 2023). By providing detailed structural
information, the GEDI instrument facilitates the assessment of fuel loads
at large geographical scales. The most significant limitation of our study
is the lack of field measurements coupled with GEDI full waveforms to
calibrate fuel loading models at test sites (Leite et al., 2022). Therefore,
we focused on canopy metrics available in GEDI products. Integration of
footprint-level LiDAR observations with LTS can support wall-to-wall
mapping using accurate modeling and reliable reference data (Wang
et al., 2022). The GNN imputation technique has shown promise for
simultaneous prediction of a set of canopy metrics using LTS. However,
the limitations of the proposed approach to extrapolate GEDI data can
relate to the Landsat signal saturation that occurs for stands with closed
canopy or dense understory (Healey et al., 2020). In our study, this was
supported by relatively low R? values (0.20-0.26).

Application of synthetic aperture radar (SAR) data could be an op-
tion to reliably extrapolate the estimates of stand vertical structure. SAR
sensors with long wavelengths (e.g., operating ALOS-PALSAR 2 with
22.9 cm L-band or future BIOMASS mission with 69 cm P-band) can be
used to overcome biomass saturation issues as they are more sensitive to
important tree structures like trunks and large branches (Ngo et al.,
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2022). Additionally, polarimetric tomography methods are able to
provide direct wall-to-wall canopy height estimates for a given scene
(Ho Tong Minh et al., 2016). Nevertheless, the results we obtained look
promising for large-scale characterization of canopy fuels in wildfire
simulation studies which can rely on higher aggregation levels (e.g., 3 x
3 pixels) and be more relevant than footprint-level accuracy (Riemann
et al., 2010).

5. Conclusion

This study demonstrates an approach to systematically updating fuel
type maps and some canopy metrics needed to model wildfire in
radioactively contaminated areas where field data collection is chal-
lenging. The introduction of temporal trajectories of spectral features
extracted from LTS was able to attain an adequate overall accuracy (OA
= 75%) in mapping land covers and associated fuel types. The proposed
approach to fuel type mapping demonstrated two main advantages.
First, the fitted CCDC harmonic regression models can effectively track
intra-annual changes in spectral dynamics that are specific to a certain
land cover. We showed that these trends can be used to more accurate
classify similar types of vegetation (e.g., grasslands and croplands) that
exhibit different flammability throughout the year. Second, the time
series classification ensured a logical sequence of the mapped land cover
classes at 30-m pixel unless abrupt changes were observed. GEDI data
combined with LTS showed a promising utility in the generation of CH
and CC used in wildfire simulation. What differentiates our approach is
that all these layers can be simultaneously extracted for a given date and
canopy metrics can be obtained using the spatial coverage of forested
areas from the fuel type layer. We also hypothesize that GEDI data can
contribute to a spatially explicit representation of other important
canopy fuels data (i.e., CBH and CBD). However, additional work is
needed to incorporate them into our workflow.
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