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A B S T R A C T   

Identification of forest fuels is a key step for forest fire prevention since they provide valuable information of fire 
behavior. This study assesses NASA’s Global Ecosystem Dynamics Investigation (GEDI) system to classify fuel 
types in Mediterranean environments according to the Prometheus model in a forested area of NE Spain. We used 
59,554 GEDI footprints and extracted variables related to height metrics, canopy profile metrics, and above-
ground biomass density estimates from products L2A, L2B, and L4A, respectively. Four quality filters were 
applied to discard high uncertainty data, reducing the initial footprints to 9,703. Spectral indices from Landsat-8 
OLI scenes were created to test the effect of their integration with GEDI variables on fuel types estimation. 
Ground-truth data were comprised of Prometheus fuel types estimated in two previous studies. Only the types that 
matched in each GEDI footprint in both studies were used, resulting in a final sample of 1,112 footprints. 
Spearman’s correlation coefficient, Kruskal-Wallis and Dunn’s tests determined the variables to be included in 
the classification models: the relative height at the 85th percentile, the Plant Area Index, and the Aboveground 
Biomass Density from GEDI, and the brightness from Landsat-8 OLI. Best performances were achieved with 
Random Forest (RF) and Support Vector Machine with radial kernel (SVM-R), which were lower including only 
GEDI variables (accuracies: RF and SVM-R = 61.54 %) than integrating the brightness from Landsat-8 OLI 
(accuracies: RF = 83.71 %, SVM-R = 81.90 %). These results allow validating GEDI for fuel type classification of 
Prometheus model, constituting a promising information for forest management over large areas.   

1. Introduction 

One of the most common worldwide disturbances of forests are 
wildfires. In particular, Mediterranean ecosystems are recurrently 
affected by forest fires, averaging 45,000 events yearly (Oliveira et al., 
2012), which produce negative environmental effects, such as soil 
erosion, biodiversity loss, or greenhouse effect increase. Thus, it is 
essential to understand fire behavior to help forest managers prevent 
forest fires and evaluate fire risk over population. In this sense, forest 
fuels provide valuable information on fire spread and intensity, as they 
determine the fire regime (Flannigan et al., 2000). In addition, forest 
fuels represent all the organic matter available for combustion in a forest 
fire and are the only driver that can be quantified to assess fire risk 
(Ferraz et al., 2016). In general, forest fuels are classified into different 

fuel types based mainly on the height and density of vegetation, pre-
senting similar fire behavior (Huesca et al., 2019). Several fuel type 
classifications have been developed in last decades, most of them in USA 
and Canada, such as the Rothermel fire-spread model (Rothermel, 1972) 
or the Northern Forest Fire Laboratory (NFFL) model (Albini, 1976). The 
Prometheus model (Prometheus, 1999) adapts the NFFL fuel types to 
Mediterranean environments (Riaño et al., 2002), considering vegeta-
tion height and density as the main fire spreaders and comprising seven 
categories: one for grassland (FT1), three for shrublands (FT2, FT3, 
FT4), and three for woodlands (FT5, FT6, FT7) (Table 1). 

Remote sensing, specifically LiDAR (Light Detection and Ranging) 
technology, is particularly useful for classifying forest fuels, as they are 
capable of modelling forest features such as vegetation height, crown 
density, or biomass volume (Revilla et al., 2021). Furthermore, 
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integration of LiDAR data with multispectral imagery can provide an 
improvement in forest fuel model classification (e.g., Domingo et al., 
2020; García et al., 2011; Marino et al., 2016). Several studies have used 
spaceborne LiDAR sensors for forest fuel estimation. For instance, the 
NASA’s Geoscience Laser Altimeter System (GLAS) was used to estimate 
fire fuel models (e.g., Ashworth et al., 2010), canopy fuel properties for 
crown fire behavior (e.g., García et al., 2012), and canopy structure and 
fuel data (e.g., Peterson et al., 2013). The NASA’s Advanced Topo-
graphic Laser Altimeter System (ATLAS) instrument, launched in 2018, 
can also be used for vegetation characterization (Narine et al., 2020), 
although few studies have been conducted to date (e.g., Jiang et al., 
2021; Lin et al., 2020; Narine et al., 2019) and none of them on the 
estimation of forest fuels. However, it should be noted that both GLAS 
and ATLAS systems were not initially optimized for vegetation and 
forest structure characterization (Leite et al., 2022, Potapov et al., 
2021). The NASA’s Global Ecosystem Dynamics Investigation (GEDI), 
launched in late 2018, is the first spaceborne full-waveform LiDAR 
system capable of measuring forest vertical structure (Lang et al., 2021; 
Silva et al., 2021). GEDI differentiates from others spaceborne LiDAR 
systems in its penetration capability in dense vegetation (Leite et al., 
2022), reported in up to ~ 99 % canopy cover (Duncanson et al., 2020; 
Hancock et al., 2019). GEDI system has been used in recent studies to 
estimate forest attributes (e.g., Fayad et al., 2021b; Potapov et al., 2021; 
Rishmawi et al., 2021), biomass (e.g., Duncanson et al., 2020; Puletti 
et al., 2020; Silva et al., 2021), vegetation height growth dynamics 
(Guerra-Hernández & Pascual, 2021), and its accuracy for canopy height 
and above-ground biomass estimates have been assessed (e.g., Dorado- 
Roda et al., 2021; Fayad et al., 2021a; Lang et al., 2021). However, until 
now, research concerning forest fuels using GEDI have only been con-
ducted by Leite et al. (2022), who specifically focused on fuel loads in a 
Brazilian savanna region. Thus, the capability of GEDI for the estimation 
of fuel types has not yet been evaluated, even though it could help to 
improve their identification and classification. Data collected by GEDI 
provide valuable large-scale information that can be used freely and 
efficiently by users, instead of costly regional and/or national initiatives. 
It could also support other remote sensing data sources which have 
proven to be efficient for forest fuels modelling, such as multispectral 
imagery, Airborne Laser Scanner (ALS) systems, unmanned aerial ve-
hicles, or other current and future satellite LIDAR systems. 

In this context, the overall goal of our study is to assess the capability 
of GEDI to estimate Prometheus fuel types in a Mediterranean forest 
environment by means of Machine Learning classification techniques. 
Our main hypothesis is that GEDI is able to estimate Prometheus fuel 
types, constituting a valuable information for forest fire prevention at 
large spatial scales in Mediterranean ecosystems, especially in areas 
where there is a lack of other LiDAR data to work with. To this end, in 
order to overcome the high uncertainty in location and poor signal 
quality of some footprints of GEDI data (Dubayah et al., 2020a), we 

especially focus on the filtering process of the data to obtain a highest 
accurate sample to work with. In addition, we test the effect of inte-
grating spectral indices from Landsat-8 Operational Land Imager (OLI) 
multispectral imagery into the GEDI data to improve the classification of 
forest fuels. 

2. Materials and methods 

To reach the objectives we have developed a methodology for the 
selection of the highest quality GEDI footprints and their integration 
with multispectral imagery from Landsat-8 OLI. Then, we have assigned 
the ground-truth to each footprint, consisting in Prometheus fuel types 
mapped in two previous studies. After that, we have selected the most 
relevant GEDI variables, which have been finally introduced in the 
classification models using Machine Learning techniques. Fig. 1 syn-
thetizes in a scheme the methodological steps developed in this study. 

2.1. Study area 

The study was carried out in the central sector of the Ebro Valley, 
located in the Autonomous Community of Aragon in Northeast Spain 
(41◦51′ N, 0◦56′ W) (Fig. 2). The climate of the area is semi-arid, with 
low and irregular annual precipitations, averaging 350 mm yearly. The 
annual temperature is ~ 14 ◦C, with high daily and interseasonal tem-
perature gradient. The study area is mostly placed inside the Military 
Training Center ‘San Gregorio’, owned by the Ministry of Defense of 
Spain. The main land covers include grassland, shrublands, and natural 
forest of Aleppo pine (Pinus halepensis Mill.) with understory dominated 
by kermes oaks (Quercus coccifera), cade junipers (Juniperus oxycedrus), 
thymes (Thymus vulgaris), and rosemary (Rosmarinus officinalis) (Mon-
tealegre et al., 2016). 

2.2. GEDI data processing 

GEDI began collecting data worldwide in April 2019 between the 
51.6◦ N and 51.6◦S latitudes (Dubayah et al., 2020b). The instrument, 
onboard the International Space Station, is equipped with 3 lasers 
operating in the near infrared region (1,064 nm). One of the lasers is 
split into two coverage beams while the other two are full-power beams. 
The 4 beams are dithered across track to produce a total of 8 beam 
ground transects of footprints of 25 m diameter, separated 60 m and 600 
m along-track and cross-track, respectively. To perform this study, we 
have used information stored in footprint data sets with three processing 
levels:: Level 2A Elevation and Height Metrics Data, Version 2 (L2A) 
(Dubayah et al., 2021a), Level 2B Canopy Cover and Vertical Profile 
Metrics Data, Version 2 (L2B) (Dubayah et al., 2021b), and Level 4A 
Aboveground Biomass Density, Version 2.1 (L4A) (Dubayah et al., 
2022), which also provide a set of quality flags that allow filtering 
footprints with high geolocation uncertainty, poor signal quality, and 
shots affected by atmospheric noise and cloud cover (Dubayah et al., 
2020a). The L2A product includes relative height metrics in 100 height 
intervals or percentiles (RH0, RH1… RH100). The L2B product contains 
canopy profile metrics: the total Plant Area Index (PAI), the vertical 
Plant Area Volume Density profile (PAVD), the Foliage Height Diversity 
index (FHD), and the Total Canopy Cover (TCC). The L4A product stores 
estimations of above-ground biomass density (AGBD) derived from the 
L2A data. The L2A and L2B products have been processed from the Level 
1B Geolocated Waveform Data, Version 2 (L1B) (Dubayah et al., 2021c) 
corrected waveforms using six different algorithm setting groups as a 
result of different processing of the L1B waveforms and noise thresholds. 
Therefore, for each product there are six different data versions. 
Nevertheless, this study focuses on the first algorithm setting group, 
which works properly in the majority of cases (Dubayah et al., 2020a) as 
it uses conservative thresholds for the waveform signal (Roy et al., 
2021). A total of 59,554 footprints stored in 45 orbit tracks registered 
between April 2019 and December 2021 in our study area were used. To 

Table 1 
Prometheus fuel types classification.  

Fuel 
Type 

Main fire 
carrier 

Cover Shrub 
mean 
height 

Vertical difference 
between shrubs and 
trees 

FT1 Grass > 60 % grass   
FT2 Shrubs > 60 % grass 

and < 50 % trees 
(>4m) 

0.30 – 
0.60 m  

FT3 0.60 – 
2.00 m  

FT4 2.00 – 
4.00 m  

FT5 Trees < 30 % shrub 
and > 50 % trees 
(>4 m)   

FT6 > 30 % shrub 
and > 50 % trees 
(>4 m)  

> 0.5 m 
FT7  < 0.5 m  
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download and process all GEDI data the 4.0.3 version of R environment 
(R Core Team, 2020) and the ‘rGEDI’ package (Silva et al., 2020) were 
used, while the L4A data were downloaded using NASA-Earth Data 
platform (https://search.earthdata.nasa.gov, accessed 28 Mar 2022). 
GEDI footprints within our study area were delineated by obtaining their 
centroid from the geolocated XY data of the L2A product. Since RH 
variables consists of 100 height percentiles, we arbitrary reduced its 
initial number by selecting only RH variables every 5 percentiles from 
RH0 to RH95 along with RH98, RH99, and RH100, in order to reduce 
time costs in processing in the following stages of the study. 

Waveforms from a spaceborne LiDAR system are recurrently affected 
by cosmic/solar noise, the Earth’s atmosphere, and cloud cover, which 
disturb the quality of the laser signal all the way from the sensor to the 
ground, affecting derived estimations such as height metrics and 
biomass estimations. In order to gather a sample with the highest 
quality, four filters were applied to GEDI data. First, footprints with the 
‘quality flag’ attribute classified as 0 were discarded, meaning that laser 
shot does not meet the minimum quality requirements based on energy 
and amplitude (Dubayah et al., 2021c), and that the beam sensitivity has 
insufficient power to penetrate to the ground (Hofton et al., 2019). 
Second, observations acquired at day time were rejected to avoid 
negative impact of solar noise on GEDI waveforms (Potapov et al., 
2021). Third, following Roy et al. (2021), samples with potential 
degraded geolocation were rejected based on the ‘degrade flag’ attri-
bute. Finally, due to the geolocation uncertainty of GEDI data, in order 
to ensure the homogeneity in fuel type of GEDI footprints, shots with 
high land cover heterogeneity were disregarded using ALS information. 
For this, we used the 99th percentile of the canopy height as reference 
metric (“Elev. P99”), as one of the main bases of Prometheus fuel types is 
the height of vegetation. “Elev.P99” was derived from public ALS data 
from the Spanish National Plan for Aerial Orthophotography (PNOA), 
captured between 15 October and 16 November 2016. To create “Elev. 
P99” we removed noise and overlapping returns. Then, following 
Montealegre et al. (2015a, 2015b), ground points were classified using 
the MCC 2.1 command-line tool (Evans & Hudak, 2007) and interpo-
lated using a TIN interpolation method (Renslow, 2013) to generate a 
Digital Elevation Model (DEM) of 1 m spatial resolution. We normalized 
return heights by subtracting DEM heights using FUSION/LDV 4.21 

open-source software (McGaughey, 2009) and extracted the “Elev. P99” 
metric, which was then rasterized at 10 m spatial resolution. We 
established this pixel size in order to gather a sufficient number of 
returns from the low-density ALS-PNOA point-cloud (Gelabert et al., 
2020). Then, the spatialized “Elev.P99” metric was extracted to each 
GEDI footprint by applying a buffer to avoid geolocation error in GEDI 
data. We used a circular buffer of 30 m radius, as for release versions 2 
and 2.1 it is reported a geolocation error of about 10.2 m (Dubayah 
et al., 2021c). In this way, we ensure that we cover all the spatial un-
certainty in the footprints, since the geolocation error can occur in any 
direction, thus extending the uncertainty to>20 m, considering the 10 m 
spatial resolution of the spatialized “Elev.P99” metric. Finally, we 
filtered out footprints with high heterogeneity at the 99th percentile (i. 
e., significant differences in “Elev.P99” pixel values), which indicates 
that the footprint does not have homogeneous land cover. For this 
purpose, we defined as a threshold the standard deviation greater than 
the 8th decile. Therefore, footprints with a standard deviation of “Elev. 
P99” pixel values higher than the defined threshold were labeled as 
heterogeneous in land cover and thus discarded. These filtering pro-
cesses reduced the number of footprints to 9,703, a 16 % of the initial 
sample (Table 2), as observed in Fig. 3. 

2.3. Landsat-8 OLI data and spectral indices 

Landsat-8 OLI images were used to produce seven spectral indices. 
The OLI instrument began collecting data in April 2013 in the visible and 
infrared spectral regions, and includes a panchromatic band. In this 
study, we used the visible and near infrared bands of 30 m spatial res-
olution from the terrain-corrected scenes (L1T: “LANDSAT/LC08/C01/ 
T1_SR”). Monthly images from June, July, and August 2019, 2020, and 
2021 with less cloud cover than 10 % were selected for the study area 
and processed through Google Earth Engine (GEE) (Gorelick et al., 
2017). The seven spectral indices produced were: the Normalized Dif-
ference Vegetation Index (NDVI) (Eq. (1), Rouse et al., 1974), the 
Normalized Difference Moisture Index (NDMI) (Eq. (2), Masek et al., 
2006), the Enhanced Vegetation Index (EVI) (Eq., Liu & Huete, 1995), 
the Soil Adjusted Vegetation Index (SAVI) (Eq. (4), Huete, 1988), 
brightness, greenness, and wetness of the Tasseled Cap transformation 

Fig. 1. Synthetic scheme of the methodology followed in this study.  
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(Eqs. (5)–(7), Kauth & Thomas, 1976). The GEE code developed for this 
study was a modification of the original by Decuyper et al. (2022). 

NDVI =
NIR − R
NIR + R

(1)  

NDMI =
NIR − SWIR1
NIR + SWIR1

(2)  

EVI = 2.5 ×
NIR − R

(NIR + 6 × R − 7.5 × B) + 1
(3)  

SAVI =
NIR − R

(NIR + R + 0.5)
× (1 + 0.5) (4)  

Brightness = 0.3029 × B + 0.2786 × G + 0.4733 × R + 0.5599 × NIR

+ 0.508 × SWIR1 + 0.1872 × SWIR2 (5)  

Greenness = − 0.2941 × B − 0.243 × G − 0.5424 × R + 0.7276 × NIR

+ 0.0713 × SWIR1 − 0.1608 × SWIR2 (6)  

Wetness = 0.1511 × B + 0.1973 × G + 0.3283 × R + 0.3407 × NIR

− 0.7117 × SWIR1 − 0.4559 × SWIR2 (7)   

Where NDVI is the Normalized Difference Vegetation Index, NDMI is 
the Normalized Difference Moisture Index, EVI is the Enhanced 
Vegetation Index, SAVI is the Soil Adjusted Vegetation Index, SWIR1 
is the shortwave infrared band 6, NIR is the near infrared band, R is 
the red band, G is the green band, and B is the blue band. 

From the initial 9 images of each spectral index, we calculated their 
maximum value to create a single composite image that better capture 
the vegetative period variability. Finally, from each composite image we 
calculated the mean value of all pixels within each GEDI footprints for 

Fig. 2. Study area on the central sector of the Ebro Valley, in Aragon (NE Spain), and examples of each Prometheus fuel type within a selection of GEDI footprints.  

Table 2 
Sequentially reduction of the number of GEDI footprints and percentage of remaining footprints by filter applied.   

Initial 
footprints 

Filter 1: 
Quality Flag 

Filter 2: Day time 
observations 

Filter 3: Degraded 
geolocation 

Filter 4: High land cover 
heterogeneity 

Footprints 
Remaining 

Number of footprints 59,554 − 37,532 − 9,240 − 96 − 2,983 9,703 
Percentage of remaining 

footprints 
100 % 37 % 22 % 21 % 16 % 16 %  
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each index, applying a circular buffer of 30 m radius to avoid GEDI 
geolocation uncertainty (Dubayah et al., 2021c). 

2.4. Forest fuels ground-truth data 

In order to assess GEDI for forest fuels modeling, the ground-truth 
data was obtained from two previous studies conducted in the same 
area to estimate and map Prometheus fuel types. The first was developed 
by Montealegre et al. (2015c) (thereafter, study 1), and the second was 
conducted by Revilla et al. (2021) (thereafter, study 2). Study 1 com-
bined ALS-LiDAR data from PNOA and optical imagery from SPOT-5 
satellite, acquired in 2011 and 2010, respectively, for spatializing the 
fuel types using Maximum Likelihood supervised classification method, 
obtaining an overall accuracy of 72.7 %. Study 2 assessed the suitability 
of the Discrete Anisotropic Radiative Transfer model DART (Gastellu- 
Etchegorry et al., 2016) to simulate low-density ALS-PNOA measure-
ments and identify the fuel types. They selected the most highly corre-
lated structural variables between the simulated and real ALS-PNOA 
data from 2016 using Spearman’s rank correlation coefficient to classify 
the fuel types through Support Vector Machine, reaching overall accu-
racies of 91 % and 86 % using the simulated and real variables, 
respectively. To make this information more robust, as both data came 
from classification models with different global accuracies with un-
certainties, it was decided to double-check both mappings, so that only 
footprints with the same fuel type in both studies were kept, being the 
ones that finally became part of the ground-truth. This caused an 
absence of fuel type FT6 and a very small sample size of FT5. It is 
important to highlight that the presence of these two fuel types was 
initially low, as some sectors of the study area were affected by forest 
fires in 1995 and 2008. In this sense, according to Domingo et al. (2020), 
these burned areas have a high density of shrubs that continue up to the 
tree strata (i.e., FT7). Furthermore, Gelabert et al. (2020) reported that 
differences in forest structure can be present in Aleppo pine stands after 
21 years of a forest fire in Mediterranean environments. 

Forest fuel estimations for study 1 were acquired in a raster file 
format, 10 m spatial resolution. For study 2, it was required to spatialize 

the model at 25 m grid resolution considering the size of the field plots of 
this study and GEDI footprint size. We extracted the mode of the pixel 
values (i.e., the fuel types) contained in each selected GEDI footprint 
using the same circular buffers as in previous steps. Furthermore, due to 
the smaller pixel size of study 1 compared to the GEDI footprint size, in 
order to ensure that the fuel type within each footprint was homoge-
neous, we only considered footprints with a fuel type mode exceeding a 
majority of 65 %. As a result, two Prometheus classes –one from study 1 
and other from study 2– were assigned to each GEDI footprint. Finally, 
we did the selection of footprints with matching fuel types from both 
studies, resulting in a final sample of 1,112 footprints. 

2.5. Classification of Prometheus fuel types and model validation 

A primary selection of GEDI and Landsat-8 OLI variables for classi-
fication of Prometheus fuel types was performed using three approaches 
for non-parametric data. The Spearman’s rank correlation coefficient, 
considered a good tool to determine relationship between LiDAR and 
ground-truth data (Kristensen et al., 2015), determined the direction 
and strength of the relationship between Prometheus fuel types and GEDI 
and Landsat-8 OLI data. The Kruskal-Wallis and the Dunn’s tests 
determined if there were significant differences of each selected variable 
between the Prometheus fuel types. After comparing results from the 
three selection methods, the only one variable from L4A product was 
selected for input into the classification models along with one very 
significant variable from each of the products L2A and L2B, and the most 
significant variable from the multispectral indices. We only introduced 
one variable per GEDI product and multispectral indices in order to 
build parsimonious models and to avoid collinearity problems. Then, 
two classification methods were tested to classify Prometheus fuel types: 
Random Forest (RF), calculated using the R ‘randomForest’ (Liaw & 
Wiener, 2002) and ‘caret’ (Kuhn, 2008) packages, and Support Vector 
Machine (SVM), computed with both radial (SVM-R) and linear (SVM-L) 
kernels using the R package ‘e1071′ (Meyer et al., 2020).After testing 
different combinations of parameters, RF models were parametrized 
with 500 trees and 2 metrics in each node, while SVM models were 

Fig. 3. Spatial location of the initial GEDI footprints (left) and the remaining GEDI footprints (right) after filtering.  

R. Hoffrén et al.                                                                                                                                                                                                                                 



International Journal of Applied Earth Observation and Geoinformation 116 (2023) 103175

6

tuned with a gamma value of 0.15 and a cost value of 500 and 100 for 
SVM-R and SVM-L, respectively. All explanatory variables were 
normalized before introducing them in the models. 

Two classifications were performed: the first one including exclu-
sively GEDI most suitable variables, and the second one integrating 
variables from first classification with the most relevant spectral index 
from Landsat-8 OLI. To validate the models, the dataset was split into 
training and test sets (80 % and 20 % of the cases, respectively), 
resulting in a relatively balanced distribution of each fuel type (Table 3). 
The overall accuracy and Cohen’s Kappa (kappa) coefficients were used 
to assess and determine the best classification models in general terms, 
and the confusion matrices allowed us to assess the prediction accuracies 
of the different fuel types, considering the user’s and producer’s accu-
racies in classification, determined by the commission and omission 
errors, respectively (Pontius et al., 2008). 

3. Results 

3.1. Fuel type classification using GEDI variables 

The variables selected by the Spearman correlation coefficients and 
the Kruskal-Wallis and the Dunn’s tests to be introduced in the models 
were the relative height at the 85th percentile (RH85) and the PAI from 
the L2A and L2B products, respectively, along with the AGBD from the 
L4A product. Complete results of the variables selection are shown in the 
Supplementary Materials (Tables S1, S2, and S3). The best performances 
were obtained with RF and SVM-R, both reaching an overall accuracy of 
61.54 %, with a kappa coefficient of 0.51. The lowest performance was 
obtained with SVM-L, with an overall accuracy of 57.46 % and a kappa 
coefficient of 0.45. Confusion matrices for the three classification 
methods showed an important confusion in shrub fuel types (FT2, FT3, 
and FT4) (Table 4). FT2 reached the lowest accuracy in shrub types, 
since many of them were misclassified in FT1. There was also a signif-
icant error in FT4, with most of cases being categorized in shrub types 
FT2 and FT3, but also in tree type FT7. Furthermore, the few samples of 
FT5 were inaccurately classified in FT7. On the contrary, there was 
better success on classification of FT1 and FT7. Complete results of the 
confusion matrices can be seen in Tables S4, S5, and S6 of the Supple-
mentary Materials. 

3.2. Fuel type classification using GEDI and Landsat-8 OLI variables 

The brightness of Tasseled Cap transformation was the most suitable 
variable of the Landsat-8 OLI spectral indices for differentiating between 
Prometheus fuel types according to the Spearman correlation coefficients 
and the Kruskal-Wallis and the Dunn’s tests (Tables S1, S2, and S3). It 
was therefore selected for input into the classification models along with 
the three most explanatory GEDI variables. The integration of the 
brightness with RH85, PAI, and the AGBD substantially improved the 
performance of the classification models, achieving an increase of 30 % 
of average accuracy using the combination of both data sources. Fig. 4 
presents the distribution of the values of these four explanatory variables 
for the different Prometheus fuel types. It can be observed how the 
brightness is crucial to distinguish between fuel types FT1, FT2, and FT3, 
and between FT5 and FT7. The best performance was achieved with RF, 

reaching an overall accuracy of 83.71 %, with a kappa coefficient of 
0.79. SVM models had slightly lower performances than RF, with an 
overall accuracy of 81.90 % and a kappa coefficient of 0.77 in the SVM-R 
model, and an overall accuracy of 81 % and a kappa coefficient of 0.76 
in the SVM-L model. 

The integration of brightness produced less confusion in all fuel 
types, especially in the shrub fuels (FT2, FT3, and FT4) which had the 
highest confusion rates when only GEDI variables were introduced into 
the classification models. An improvement in omission error of 36.68 % 
was achieved, always exceeding the 50 % of hits in each fuel type 
(Table 5). FT2 was now the shrub type with the highest hit rates, 
whereas FT4 had the highest confusion. Few FT2 samples were incor-
rectly classified in FT1, while in FT3 confusion was found between FT2 
and FT4, and some FT4 samples were misclassified in FT7. Nonetheless, 
integration of the brightness did not allow to correctly categorize the 
scarce samples of FT5, which were classified into FT7. The hit rates for 
the FT1 and FT7 fuel types improved by an average of 9 % and 2 %, 
respectively, with respect to the models using only GEDI variables, 
highlighting the very high hit rate in FT1, which reached a 100 % hit 
rate with both SVM classification methods. Finally, hit rates by fuel type 
were more balanced when classifying with RF than with SVM models. 
Complete results of the confusion matrices can be seen in Tables S7, S8, 
and S9 of the Supplementary Materials. 

4. Discussion 

This study reveals that GEDI provides useful information for classi-
fying Prometheus fuel types using derived variables from the L2A, L2B, 
and L4A footprint data sets products. However, high rates of confusion 
were reported in shrub fuel types when only GEDI variables were 
included in the models, hinting certain limitations of the sensor that has 
been minimized by integrating multispectral data, in particular the 
brightness index from Landsat-8 OLI images, improving the overall ac-
curacy of the models, as well as reducing the confusion between fuel 
types. Nevertheless, it should be considered the uncertainty of our 
ground-truth data, which was the result of classification models of 
Prometheus fuel types in two previous studies in the same area, influ-
encing in the classification accuracy of our results. 

A first and essential step was to filter the high uncertainty GEDI data 
to select the highest quality sample. We used the ‘quality flag’ attribute 
combined with other quality filters satisfactory used in previous GEDI- 
related studies, such as the removal of samples with degraded geo-
location (e.g., Di Tommaso et al., 2021), acquired during the day time (e. 
g., Fayad et al., 2021a; Potapov et al., 2021), or with high land cover 
heterogeneity (e.g., Dorado-Roda et al., 2021). Many previous studies 
have also worked with only full-power laser beams (e.g., Potapov et al., 
2021; Rishmawi et al., 2021), as coverage beams are underpowered and 
could produce inaccurate estimations. In this way, Duncanson et al. 
(2020) found higher RMSE values for coverage laser beams than full- 
power laser beams for biomass estimations using simulated GEDI data. 
However, we did not notice any improvement on our classification 
models by working only with full-power laser beams, so we used all laser 
beams in order to not reduce our sample size too much. In fact, the 

Table 3 
Number of training and test GEDI footprints and percentage (in brackets) of total 
GEDI footprints per Prometheus fuel type assigned for the classification models.  

Dataset FT1 FT2 FT3 FT4 FT5 FT7 Total 

Training 211 
(78 %) 

177 
(81 %) 

173 
(82 %) 

150 
(83 %) 

11 
(85 %) 

169 
(78 %) 

891 
(80 %) 

Test 61 
(22 %) 

42 
(19 %) 

38 
(18 %) 

30 
(17 %) 

2 
(15 %) 

48 
(22 %) 

221 
(20 %) 

Total 272 219 211 180 13 217 1,112  

Table 4 
Comparison between Producer’s accuracies and User’s accuracies of Prometheus 
fuel types classification methods for the selected GEDI variables (RH85 + PAI +
AGBD).  

Fuel 
types 

Producer’s accuracy User’s accuracy 
SVM-R SVM-L RF SVM-R SVM-L RF 

FT1  93.44 %  93.44 %  83.61 %  74.03 %  73.08 %  77.27 % 
FT2  23.81 %  26.19 %  30.95 %  35.71 %  26.83 %  41.94 % 
FT3  52.63 %  21.05 %  47.67 %  46.51 %  50.00 %  42.86 % 
FT4  26.67 %  33.33 %  43.33 %  50.00 %  41.67 %  46.43 % 
FT5  0.00 %  0.00 %  0.00 %  0.00 %  0.00 %  0.00 % 
FT7  85.42 %  85.42 %  85.42 %  71.93 %  66.13 %  75.93 %  
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filtering process led to work with 16 % of the initial footprints, similar to 
Lang et al. (2021) and Rishmawi et al. (2021), who retained ~ 28 % and 
~ 11 % of the GEDI initial footprints in their filtering process, 
respectively. 

The comparison between the three classification methods showed 

that RF and SVM-R had the highest performances for modeling Prome-
theus fuel types. RF has been used in several previous GEDI-related 
works (e.g., Di Tommaso et al., 2021; Fayad et al., 2021b; Leite et al., 
2022; Liang et al., 2023; Rishmawi et al., 2021) but, to the best of our 
knowledge, none have used SVM yet, which has proven to be an efficient 
classification method in several previous studies using ALS-LiDAR data 
(e.g., Domingo et al., 2020; García et al., 2011; Jakubowksi et al., 2013). 
The overall accuracies of RF and SVM-R models using only GEDI vari-
ables were slightly better to the ones obtained by Domingo et al. (2020), 
who achieved overall accuracies of 57 % with SVM-R and 54 % with RF 
using only ALS-LiDAR variables. In this sense, the lower accuracy ob-
tained by Domingo et al. (2020) could be due to the higher size of the 
study area that comprised a higher heterogeneity and complexity of the 
Mediterranean forests dominated by three species of pines, oaks, and 
Portuguese oaks. The inclusion of the brightness from Landsat-8 OLI 
imagery with the GEDI variables resulted in a substantial improvement 
in the classification models. Other authors had already noticed the good 
agreement between GEDI and multispectral imagery. For instance, 
Potapov et al. (2021) estimated global forest canopy height using both 

Fig. 4. Distribution values of the selected GEDI and Landsat-8 OLI variables for the Prometheus fuel types classification.  

Table 5 
Comparison between Producer’s accuracies and User’s accuracies of Prometheus 
fuel types classification methods for the selected GEDI and Landsat-8 OLI vari-
ables (RH85 + PAI + AGBD + Brightness).  

Fuel 
types 

Producer’s accuracy User’s accuracy 
SVM-R SVM-L RF SVM-R SVM-L RF 

FT1  100.00 %  100.00 %  96.72 %  89.71 %  88.41 %  92.19 % 
FT2  78.57 %  69.05 %  85.71 %  89.79 %  87.88 %  81.82 % 
FT3  71.05 %  73.68 %  71.05 %  72.97 %  70.00 %  79.41 % 
FT4  60.00 %  63.33 %  63.33 %  62.07 %  63.33 %  70.37 % 
FT5  0.00 %  0.00 %  0.00 %  0.00 %  0.00 %  0.00 % 
FT7  87.50 %  87.50 %  91.67 %  85.71 %  85.71 %  86.27 %  
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GEDI and Landsat data. Rishmawi et al. (2021) extrapolated GEDI 
measurements at 1 km spatial resolution, by including the Visible 
Infrared Imaging Radiometer Suite instrument. Francini et al. (2022) 
analyzed multi-temporal Landsat imagery to monitor forest disturbances 
in Italy and observed that GEDI provided complementary information by 
being able to capture forest biomass changes due to that disturbances. 
Similarly, Liang et al. (2023) combined forest structural metrics from 
GEDI with Landsat spectral indices to quantify biomass losses over a 10- 
years period in Mozambique. Since this is the first study applied to 
classify forest fuels integrating GEDI with multispectral imagery, we 
cannot compare with similar previous studies, but our results confirm 
that it seems appropriate to integrate GEDI with multispectral sensors to 
obtain more robust results. 

The classification of each fuel type showed the greatest confusion 
within the shrub fuel types (FT2, FT3, and FT4), being higher when the 
brightness was not integrated in the models. When exclusively using 
GEDI variables, RF had less confusion in shrub types with respect to 
SVM-R, which was quite high in FT2 in the latter. Confusion was also 
observed between FT4 and FT7, which is usual due to the vertical con-
tinuity of the strata in both types, making difficult to differentiate them, 
even in the field itself. In contrast, the error in FT1 and FT7, the best 
performing fuel types, was somewhat higher in RF than in SVM-R but 
both always showed high hit rates. Confusion between fuel types was 
substantially reduced when including the brightness, especially in the 
shrub fuel types, thus meaning that the combination of structure with 
spectral response of vegetation highlights forest attributes and allows 
better differentiation between Prometheus fuel types. When combining 
GEDI and Landsat, no omission errors were found in FT1 with both SVM 
models, and very few with RF. On the other hand, FT4 and FT7 were 
slightly better classified with RF. In addition, lower omission errors were 
found in FT2 when classifying with RF, although commission error were 
lower in SVM-R. The uncertainty associated with our ground-truth, 
which may have been propagated to our results leading to mis-
classifications of fuel types, must also be taken into account. In this way, 
study 1 found important confusions between FT2-FT3 and FT5-FT6, 
while in study 2 confusions were mainly located between FT5-FT6- 
FT7 and FT1-FT3. This could explain the confusion of the shrub strata 
and the complete misclassifications in FT5 in our case, since in both 
studies the confusion was significant. However, it is important to bear in 
mind that the number of initial samples of FT5 in our study was 
extremely low. In this sense, previous studies have also reported high 
confusion rates in shrub fuels using both discrete-return and full- 
waveform LiDAR sensors, and also in grassland fuel types, although 
this is not our case. For instance, Marino et al. (2016) noticed more error 
in fuel cover and height in mixed grassland and shrublands fuels using 
ALS data. Similarly, Domingo et al. (2020) obtained generally more 
confusion in the Prometheus shrub fuel types. Moreover, previous GEDI- 
related studies have found lower performances in herbaceous and 
shrublands fuels (e.g., Leite et al., 2022), as well as lower correlation 
coefficients in sparse forest types with predominance of shrub and 
herbaceous vegetation (e.g., Dorado-Roda et al., 2021). At this respect, 
Schneider et al. (2020) warned that worst model performances in lower 
strata may be due to the mixing of ground energy with energy returned 
from the understory. Leite et al. (2022) also suggest that spaceborne 
LiDAR signal may interact with lower strata less strongly than with tree 
strata. Regarding confusion in tree fuel types, the incorrect categoriza-
tion of the few FT5 samples in FT7 are in accordance with other studies, 
such as Domingo et al. (2020) and Huesca et al. (2019). However, the 
absence of FT6 and the scarcity of FT5 samples does not allow us to 
conclude significant results between these fuel types. In this context, 
future studies should include significant sample sizes of FT5 and FT6 to 
test GEDI’s performance in classifying Prometheus trees fuel types. 

The present study has shown the usefulness of GEDI data and its 
combination with spectral indices to classify Prometheus fuel types in a 
Mediterranean forest environment dominated by Aleppo pine. Since 
GEDI is still a novel source of information, further research on the use of 

this system to estimate forest fuels is needed in order to increase the 
knowledge on its capabilities and limitations. Based on the successful 
results obtained by integrating GEDI with Landsat-8 OLI data, it may be 
of interest to explore the combination of GEDI variables with other 
remote sensing datasets, such as the NASA’s ATLAS system, regional or 
national LiDAR surveys, SAR sensors or another multispectral data, 
which would be of great value to predict fire behavior in large areas in 
order to mitigate the negative effects of forest fires over environment. 

5. Conclusions 

This study has provided an initial evaluation of GEDI’s ability to 
estimate Prometheus fuel types in Mediterranean forest environments 
using the GEDI footprint-level products L2A, L2B, and L4A of release 
version 2. In addition, we have assessed the effect of integrating Landsat- 
8 OLI spectral indices with GEDI variables for the improvement of 
classification models. A quality filtering process was applied to the GEDI 
data, and the Spearman’s correlation coefficient and the Kruskal-Wallis 
and Dunn’s tests were chosen to select the relevant variables for forest 
fuels modelling: RH85, PAI, and AGBD from GEDI, and the brightness 
from Landsat-8 OLI. RF and SVM with radial kernel were the best clas-
sification methods, showing a significantly better model performance 
integrating the brightness with the three GEDI variables. Overall, the 
classification of fuel types was less accurate for shrub fuels, with much 
confusion between these types of fuels when only GEDI variables were 
introduced in the models and being lower integrating multispectral in-
formation. Given the results obtained in this study, it has been proven 
that GEDI footprint-level variables are useful for forest fuels modeling in 
forested areas where there is no availability of other LiDAR data, or for 
estimating forest fuels at a large spatial extent. 
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