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A B S T R A C T   

Fuel moisture content (FMC) of live vegetation is a crucial wildfire risk and spread rate driver. This study pre-
sents the first daily FMC product at a global scale and 500 m pixel resolution from the Moderate Resolution 
Imaging Spectroradiometer (MODIS) and radiative transfer models (RTMs) inversion techniques. Firstly, multi- 
source information parameterized the PROSPECT-5 (leaf level), 4SAIL (grass and shrub canopy level) and 
GeoSail (tree canopy level) RTMs to generate three look-up tables (LUTs). Each LUT contained the most realistic 
model inputs range and combination, and the corresponding simulated spectra. Secondly, for each date and 
location of interest, a global landcover map classified fuels into three classes: grassland, shrubland and forest. For 
each fuel class, the best LUT-based inversion strategy based on spectral information, cost function, percentage of 
solutions, and central tendency determined the optimal model for the global FMC product. Finally, 3,034 FMC 
measurements from 120 worldwide sites validated the statistically significant results (R2 

= 0.62, RMSE =
34.57%, p < 0.01). Filtering out low quality field measurements achieved better accuracy (R2 = 0.71, RMSE =
32.36%, p < 0.01, n = 2008). It is anticipated that this global FMC product can assist in wildfire danger 
modeling, early prediction, suppression and response, as well as improve awareness of wildfire risk to life and 
property.   

1. Introduction 

Defined as the proportion of plant water content over its dry mass, 
Fuel Moisture Content (FMC) of live vegetation is a crucial variable in 
assessing wildfire risk and fire spread rate (Pimont et al., 2019; Yebra 
et al., 2013). Developing comprehensive FMC distribution maps 
worldwide is therefore critical for wildfire early warning and conse-
quent management decisions. Remote sensing can quantitatively infer 
FMC at an adequate temporal and spatial resolution over large areas. 
This approach has quickly proliferated over the last two decades using 
Advanced Very High Resolution Radiometer (AVHRR) (Chladil and 
Nunez, 1995; Chuvieco et al., 2003; Chuvieco et al., 2004b; Dennison 

et al., 2008; García et al., 2008; Paltridge and Barber, 1988), Moderate 
Resolution Imaging Spectroradiometer (MODIS) (Arganaraz et al., 2016; 
Caccamo et al., 2012; Hao and Qu, 2007; Nolan et al., 2016; Peterson 
et al., 2008; Yebra and Chuvieco, 2009b; Yebra et al., 2008; Yebra et al., 
2018a), Thematic Mapper (TM, Landsat 4, 5), Enhanced Thematic 
Mapper (ETM+, Landsat 7) and Operational Land Imager (OLI, Landsat 
8) (Chuvieco et al., 2002; García et al., 2020; Quan et al., 2016; Quan 
et al., 2017a), SPOT VEGETATION (Verbesselt et al., 2007), microwave 
remote sensing (Fan et al., 2018; Leblon et al., 2002; Rao et al., 2020; 
Tanase et al., 2015; Wang et al., 2019), and airborne hyperspectral data 
(Al-Moustafa et al., 2012; Casas et al., 2014; Dennison et al., 2003; 
Neinavaz et al., 2017; Roberts et al., 2006). Among them, MODIS data 
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has attracted more attention to monitoring FMC due to its moderate 
spatial resolution (250–1,000 m), high temporal resolution, with a 
morning and an afternoon overpass, long time series since the year 
2000, as well as its near-real-time free accessibility. 

Methodologies to estimate FMC from remote sensing are broadly 
classified into empirical statistical models and inversion of radiative 
transfer models (RTMs) (Yebra et al., 2013). The former techniques set 
up statistical formulas between field-measured FMC via gravimetric 
techniques and spectral bands or vegetation indices (VIs) derived from 
remote sensing images. These formulas are simple and of known accu-
racy. Therefore, they provide sensor-specific and site-dependent FMC 
estimations (Yebra et al., 2013). Instead, most RTMs include two input 
parameters to retrieve FMC (Eq. (1)), the equivalent water thickness 
(EWT) and dry matter content (DMC) (Riaño et al., 2005), 

FMC =
EWT
DMC

× 100% (1) 

RTMs approaches are more promising as they are built based on 
physical laws that provide an explicit connection between soil-canopy 
variables and canopy spectra (Houborg et al., 2007; Meroni et al., 
2004; Moorthy et al., 2008). Thus, their advantage is its generalization 
power to a global scale (Bowyer and Danson, 2004; Yebra et al., 2013; 
Yebra et al., 2018a). Nevertheless, the accuracy of these RTM-based 
methods to retrieve biophysical parameters of vegetation rely on (i) 
the proper model selection and parameterization to make the simulated 
spectra as close as possible to the observed spectra from satellite (Casas 
et al., 2014; Jurdao et al., 2013; Yebra et al., 2013), and (ii) the selection 
of appropriate inversion strategies to alleviate the ill-posed inversion 
problem, e.g., different combinations of the model-free parameters may 
correspond to almost similar spectra, which dramatically decreases the 
FMC retrieval accuracy (Yebra and Chuvieco, 2009b). In terms of model 
parameterization, previous studies at a regional scale proved that FMC 
retrieval from RTM improves when using prior knowledge to constrain 
the model inputs (Casas et al., 2014; Wang et al., 2013; Yebra and 
Chuvieco, 2009a, b). Research to validate this model parameterization 
at the global scale to retrieve FMC is still lacking to date. 

The generation of FMC using RTM requires proper model inversion. 
Current popular inversion algorithms include numerical optimizations 
(Bicheron and Leroy, 1999; Combal et al., 2003b), look-up tables (LUT) 
(Quan et al., 2017a; Yebra and Chuvieco, 2009a; Yebra et al., 2008), and 
machine learning methods (Fang et al., 2003; Quan et al., 2021; Schlerf 
and Atzberger, 2006). Compared to other algorithms, the LUT is 
straightforward and computationally efficient to handle large global 
databases. However, previous studies also revealed different results 
depending on the inversion strategy, such as the selected spectral in-
formation (Jurdao et al., 2013), the chosen cost functions (Verrelst et al., 
2013; Verrelst et al., 2015), the number of spectral ensembles to search 
for a solution (Quan et al., 2017a; Yebra et al., 2018a), and the mea-
surement of central tendency (Darvishzadeh et al., 2008). Consequently, 
these sources of uncertainties directly affect the estimated FMC accu-
racy, impacting wildfire prescription and suppression strategies (Chu-
vieco et al., 2004a; Jolly, 2007; Weise et al., 1998). 

Since the 1980 s, remote sensing FMC estimations were well studied 
mainly for Australia, Spain, France and the USA (Yebra et al., 2013). 
However, their application was restricted to specific local fire-prone 
regions, reaching more recently the continental scale (Yebra et al., 
2018a). Other fire-prone regions that were historically vulnerable to 
wildfires, such as the Amazon rain forest region or central Africa, also 
require studies that estimate FMC from satellite observations. In this 
context, this study presented the first 500 m spatial resolution and daily 
satellite-based FMC product at a global scale. The product was generated 
for a long time series (2001 to 2019) and validated with field data from 
120 sites distributed worldwide compiled by Yebra et al. (2019). The 
overarching objective of the provision of this product is to assist in 
wildfire danger early prediction, suppression, and response, as well as to 
improve awareness of fire risk to life and property. 

2. Data 

2.1. FMC field measurements 

A total of 3,034 FMC field measurements taken in grasslands (955), 
shrublands (566), and forests (1,513) from 2001 to 2017 over 120 sites 
in Australia, China, Italy, Senegal, Spain, South Africa, Tunisia, and the 
USA validated the FMC retrieval methodology (Fig. 1). Table S1 in the 
Supplementary Material presents detailed information on these field sites 
while Table S2 and S3 illustrate the percentage of measurements in 
different seasons and fuel types for each country, respectively. The data 
is a subsample of Yebra et al. (2019)’s database and contains only sites 
with more than three consecutive FMC weekly measurements or only 
one time but at several nearby sites (e.g., Chinese sites), capturing the 
spatial instead of the temporal FMC variability. 

2.2. Satellite data 

2.2.1. MODIS products 
Three MODIS products (Collection 6), MCD43A4, MCD15A3H, and 

MCD12Q1, were downloaded from the Land Processes Distributed 
Active Archive Center (LPDAAC) in the U.S. Geological Survey (USGS) 
Earth Resources Observation and Science Center (EROS) (http://lpdaac. 
usgs.gov). The MCD43A4 provides daily Bidirectional Reflectance Dis-
tribution Function (BRDF) corrected reflectance at 500 m spatial reso-
lution rolling from 16-day composites. The “BRDF_Albedo_ 
Band_Quality” quality flags layer of the MCD43A4 product kept only the 
’good quality’ full BRDF pixels with a zero value and removed all others 
with partial or complete cloud/shadow/snow cover or low quality data. 
To avoid possible errors in the geolocation of the MODIS product, the 
mean reflectance value of a 3 × 3-pixel window centered on the sam-
pling sites was extracted for validation. 

The MCD15A3H product provided the Leaf Area Index (LAI) to 
parameterize the RTMs. This product contains the entire time series 
from July 2002 to date and chooses the best available pixel from all the 
acquisitions of both MODIS sensors located on NASA’s Terra and Aqua 
satellites within the 4 days. The “FparLai_QC” and “FparExtra_QC” 
layers selected the ’good quality’ pixels without cloud, snow, and 
shadow for further analysis. 

The International Geosphere-Biosphere Programme (IGBP) classifi-
cation integrated in the MODIS land cover product MCD12Q1 Collection 
6 (Sulla-Menashe et al., 2019) separated the grassland, shrublands 
(closed and open) and forests (evergreen needleleaf forest, evergreen 
broadleaf forest, deciduous needleleaf forest, deciduous broadleaf for-
est, mixed forest, woody savannas and savannas) fuel classes for global 
FMC mapping. 

2.2.2. Landsat products 
The surface reflectance Landsat 5 TM, 7 ETM+, and 8 OLI data in-

tegrated in Google Earth Engine (Gorelick et al., 2017) tested the ho-
mogeneity of each sampling site. Pixels marked as snow, cloud, and 
cloud shadow were not considered in the analysis. Each of these Landsat 
satellites has 16 days temporal resolution at a spatial resolution of at 
least 30 m. For the Jan 2001-Nov 2011 period, Landsat 5 TM was 
preferred over Landsat 7 ETM + unless Landsat 5 TM had poor quality 
due to cloud cover. Landsat 7 ETM + was used from Dec 2011 to Apr 
2013, and afterward, the Landsat 8 OLI was used. 

3. Methods 

A methodological flowchart is shown in Fig. 2, including three steps. 
Firstly, RTMs were run forward for a specific range of the model pa-
rameters. These simulations built three LUTs from the model inputs 
parameters and reflectance outputs. Secondly, the backward inversion 
process tested different strategies to infer their influences on FMC 
retrieval. The optimal inversion strategy to produce FMC involved the 

X. Quan et al.                                                                                                                                                                                                                                   

http://lpdaac.usgs.gov
http://lpdaac.usgs.gov


International Journal of Applied Earth Observations and Geoinformation 101 (2021) 102354

3

investigation of (i) the selection of different spectral information to 
include in the computation of (ii) the selected cost functions, and (iv) the 
performance of different central tendencies in response to (iii) the se-
lection of solutions. Thirdly, the exploration of temporal and spatial 
filtering rules removed low-quality field measurements from the vali-
dation database. Finally, the global FMC product was produced based on 
the optimal inversion strategy. 

3.1. Global FMC model calibration 

3.1.1. RTMs selection 
PROSAIL RTM (http://teledetection.ipgp.jussieu.fr/prosail/) simu-

lated grass and shrub canopies spectra following Yebra and Chuvieco 
(2009b) and Yebra et al. (2008). PROSAIL couples PROSPECT-5 leaf 

optics model (Feret et al., 2008) with 4SAIL (scattering by arbitrarily 
inclined leaves) canopy bidirectional reflectance model (Kuusk, 1991; 
Verhoef, 1984; Verhoef, 1998). The PROSPECT-5 simulates leaf-level 
reflectance and transmittance as a function of the following scattering 
and absorption components: leaf structure parameter (N, unit-less), Cab 
(μg/cm2), DMC (g/cm2), EWT (g/cm2), leaf brown pigment (Cbp, unit- 
less) and carotenoid content (Car, μg/cm2). The 4SAIL model simulates 
the spectra of the canopy layer as a function of leaf inclination distri-
bution function (LIDF), LAI (m2/m2), hot spot factor (hspot, unit-less), 
sun zenith angle (tts, )̊, observer zenith angle (tto, )̊, relative azimuth 
angle (psi, ̊), leaf hemispheric reflectance (µ) and leaf transmittance (τ). 
The PROSAIL script used in this study integrates a spectral library of 
background soil surface with a parameter, psoil (unit-less), to charac-
terize the effect of moisture and roughness condition in the soil 

Fig. 1. Global grassland, shrubland, and forest distributions based on the International Geosphere-Biosphere Programme (IGBP) landcover type from the MODIS 
MCD12Q1 product with FMC sampling sites. 

Fig. 2. Methodological flowchart to retrieve global FMC using RTMs and MODIS data.  
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brightness (e.g., psoil = 0 represents a wet soil and psoil = 1 represents a 
dry soil). Additionally, the model script integrated six LIDFs: Planophile, 
Erectophile, Plagiophile, Extremophile, Spherical and Uniform. This 
script also offers an alternative way to characterize the LIDF using the 
average leaf angle (̊), where 0̊ and 90̊ indicate Planophile and Erecto-
phile, respectively. 

GeoSail model simulated forest reflectance, as it provides a realistic 
representation of heterogeneous and discontinuous vegetation with a 
low computational cost (Huemmrich, 2001). This model requires eight 
inputs: LIDF (unit-less), leaf-level spectral reflectance (µ) and trans-
mittance (τ), LAI (m2/m2), the spectral reflectance of the background, 
solar zenith angle (tts, ̊ ), the shape of the crowns (either cylinder or 
cone), height to width ratio of the crown (CHW, unit-less) and crown 
coverage (ccov, unit-less). PROSPECT-5 simulated the leaf-level µ and τ. 

GeoSail RTM assumes bare soil covers the forest understory. Instead, 
PROSAIL RTM simulated here this understory as a grass canopy. This 
process consists of changing the background soil reflectance in the 
shadow reflectance (ρs) and the illuminated background soil reflectance 
(ρb) in original Eq. (2) in Huemmrich (2001), 

ρt = Cρc + Sρs +Bρb (2) 

where ρt is the total scene reflectance for forest canopy,ρc is the 
canopy reflectance, S is the fraction of the shadowed background, B is 
the fraction of the area that is illuminated background and C is the 
fraction covered by the solids, i.e., the canopy coverage. Here, the ρs and 
ρb were replaced by the canopy reflectance of understory grass that was 
modeled by the PROSAIL RTM. The diffuse radiation was set as the 
dominant radiation for the understory grass with the hypothesis that the 
tree canopy intercepted most of the direct radiation. In this case, the 
PROSAIL bi-hemispherical reflectance, rather than the BRDF, simulated 
the understory grass and replaced the Lambertian soil background 
originally integrated in GeoSail. The variation of understory reflectance 
in response to the change of the solar zenith angle, observer zenith 
angle, and relative azimuth angle can be ignored (Fig. S1 in Supple-
mentary Material). 

3.1.2. RTMs parameterization 
RTMs were parameterized using different ranges of values for 

grassland, shrubland, and forest based on prior knowledge from the 
literature, laboratory experiments, field campaigns, sensitivity analysis 
of the input parameters of PROSAIL (Bowyer and Danson, 2004) and 
GeoSail and open-source satellite products (Table 1). The ranges for tts, 
tto, and psi for grassland, shrubland, and tree canopy followed Yebra 
et al. (2008). Fixed values for those angles parameterized the forest 
understory layer since the results of the sensitivity analysis demon-
strated that their effects on canopy reflectance are slight (Fig. S1 in 
Supplementary Material). LAI ranged from 0 to 7 for grass (mean: 1.12, 
standard deviation: 1.21) and shrub (mean: 1.76, standard deviation: 
1.56) and from 0 to 5 for forest (mean: 1.67, standard deviation: 1.23) 
based on the values extracted from the MCD15A3H MODIS LAI product 
(Myneni et al., 2002) over the field sites and sampling dates. Following 
Houborg et al. (2009), the hspot was set as a function of LAI. The psoil 
ranged from 0 (wet soil) to 1 (dry soil). The LIDF was erectophile, 
spherical and planophile for grassland (Wang et al., 2013; Yebra et al., 
2008), plagiophile, erectophile and spherical for forest (Jurdao et al. 
2013) and from 50̊ to 90̊ for shrubland (Casas et al. 2014). CHW ranged 
from 1 to 3, ccov from 0.2 to 1 and crown forest shapes were cone and 
cylindrical (Jurdao et al., 2013; Quan et al., 2017a). 

The parameterization of the N, Cab, EWT, DMC, Cbp and Car to 
simulate leaf reflectance and transmittance of grass, shrub, tree and 
understory layer in PROSPECT-5 model followed previous studies (Casas 
et al., 2014; Quan et al., 2015; Quan et al., 2017a; Yebra et al., 2008) and 
measurements from LOPEX1993 (Hosgood et al., 1995) and AN-
GERS2003 (Feret et al., 2008) leaf optical properties databases. 

To simulate the canopy spectra of the understory layer with PRO-
SAIL, a prior study from Quan et al. (2017a) applied LAI values of 0, 1 

and 2 (where LAI = 0 indicates the forest background is bare soil); and 
EWT values of 0.005, 0.01 and 0.02. The other parameters were set as 
fixed values given that (i) they are normally insensitive to the RTM 
outputs (Fig. S2) and (ii) the RTM inversion becomes unstable and ill- 
posed with too many free parameters (Combal et al., 2003a; Verhoef 
and Bach, 2007). 

Besides, the maximum and minimum values observed in the field 
(Table S1) also constrained the FMC ranges for grassland (1% to 450%), 
shrubland (1% to 250%), and forest (1% to 250%). Subsequently, the 
model assumed a Gaussian distribution for the LAI, N, Cab, EWT and 
DMC, whereas a uniform distribution for the other parameters (tts, psoil 
and LIDF for shrubland case) was preferred due to the lack of enough 
information to characterize their probability distribution. 

3.1.3. Realistic FMC simulation scenario using ecological rules 
The RTMs input variables are not independent of each other but 

naturally correlated (Yebra and Chuvieco, 2009b). If RTMs assume their 
input parameters are fully independent, spurious combinations may 
produce unrealistic spectra. This issue confuses the inversion process 
and aggravates the ill-posed inversion problem. To alleviate such a 
problem, ecological rules regularized the RTMs to make the FMC 
simulation scenario more realistic. The ecological rules refer to the 
natural linear or non-linear relationships between vegetation biophysi-
cal and biochemical variables. For instance, low FMC very rarely co-
incides with high Cab or low DMC, since plants with water stress tend to 
reduce the photosynthetic activity and increase DMC (Yebra and Chu-
vieco, 2009b). 

The global FMC field measurements (Table S1) provided the infor-
mation to build the ecological rules together with LAI values extracted 
from the MCD15A3H product (LAI vs. FMC), as well as EWT, DMC and 
Cab values from the LOPEX1993 and ANGERS2003 databases. These 
databases all together include a large set of vegetation species. Fig. 3 and 
4 demonstrate strong LAI vs. FMC (r = 0.71, p < 0.01) and Cab vs. DMC 
(r = 0.58, p < 0.01) relationships for grassland and EWT vs. DMC (r =
0.66, p < 0.01) and Cab vs. DMC (r = 0.52, p < 0.01) for forest but weak 
LAI vs. FMC (r = 0.35, p < 0.01) for forest and Cab vs. EWT (r = 0.23, p <
0.01) for shrubland. The rest variable combinations rendered no sig-
nificant relation (p > 0.01) and, therefore, they were not considered. 
The RTMs modeling phase introduced these relationships by sampling 
and simulating more likely variable combinations with higher correla-
tions than the lower ones. For this, it calculated the joint posterior 
probability distribution of the variable combinations using Eq. (3): 

f (x, y) = (1 −
g(x, y)

MAX(|g(x, y) | )
)

r×k (3) 

where the f(x,y) is the joint posterior probability distribution of  x 
and y; g(x,y) is the fitted function in Figs. 3 and 4; r is the correlation 
coefficient and k is a controlling factor that a higher k value can generate 
more constrained variable combinations (Fig. S3 and k = 10 in this 
study). This approach removed unrealistic simulation scenarios. For 
example, higher LAI is unlikely to correspond to a lower FMC for 
grasslands (Fig. 3). Finally, a LUT for each fuel class was generated by 
running the RTMs forward using MATLAB software R2017a version (The 
Mathworks; Natick, MA, USA; www.mathworks.com). 

3.2. LUT-based RTM inversion 

The inversion searches within the LUT to find the most similar 
simulated spectra to the observed spectra. This process requires making 
decisions involving (i) the spectral information included, (ii) the selec-
tion of the cost function, (iii) the percentage of solutions from the cost 
function, and (iv) the measurement of central tendency to ensemble 
them. Different options for i to iv were explored to find the optimal 
inversion strategy. 
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InternationalJournalofAppliedEarthObservationsandGeoinformation101(2021)102354

5

Table 1 
Input parameters for the parameterization of the RTMs to simulate spectra for the three fuel classes.  

RTMs Parameters Units Symbol Grassland  Shrubland  Forest 
Parameterization Sources  Parameterization Sources  Parameterization Sources 

GeoSail(Tree 
canopy 
level) 

Sun zenith 
angle 

(◦) tts       27 – 51 Yebra et al. (2008) 

Leaf area index m2/ 
m2 

LAI       0 – 5(1.67, 1.23) MCD15A3H product 

Leaf 
inclination 
distribution 
function 
(LIDF) type  

LIDF       PlagiophileErectophileSpherical Jurdao et al. (2013) 

Height to 
width ratio of 
the crown  

CHW       1 – 3 Quan et al. (2017) 

Crown 
coverage  

ccov      0.2 – 1.0 Quan et al. (2017) 

Shape of the 
crowns        

Cone/cylindrical Jurdao et al. (2013) 

4SAIL(Grass 
and shrub 
canopy 
level) 

Sun zenith 
angle 

(◦) tts 27 – 51 Yebra et al. (2008) 27–51 Yebra et al. (2008)  / This study 

View zenith 
angle 

(◦) tto 5 Yebra et al. (2008) 5 Yebra et al. (2008)  / This study 

Relative 
azimuth angle 

(◦) psi − 30 Yebra et al. (2008) − 30 Yebra et al. (2008)  / This study 

Leaf area index m2/ 
m2 

LAI 0 – 7(1.12, 1.21) MCD15A3H product 0 – 7(1.76, 1.56) MCD15A3H product  0, 1 and 2 Quan et al. (2017) 

Hot spot factor / hspot 0.5/LAI Quan et al. (2015) 0.01 Casas et al. (2014)  0.5/LAI Quan et al. (2017) 
Soil factor / psoil 0 – 1 Quan et al. (2015) 0 – 1 Quan et al. (2015)  0.5 Quan et al. (2017) 
Leaf 
inclination 
distribution 
function or 
average leaf 
angle 

/ LIDF Erectophile, 
Spherical, 
Planophile 

Wang et al. (2013) 50 – 90 Casas et al. (2014)  Spherical Quan et al. (2017) 

PROSPECT-5 
(Leaf 
level)         

Overstory Understory  

Leaf structure 
parameter 

/ N 1.1 – 3(1.7, 0.32) Angers2003&LOPEX1993 1.27–3(1.79, 
0.36) 

Angers2003&LOPEX1993  1.05 – 2.74 
(1.54, 0.27) 

1.7 Angers2003&LOPEX1993 

Chlorophyll a 
+ b content 

μg/ 
cm2 

Cab 1.36 – 98.80 
(43.50, 19.29) 

Angers2003&LOPEX1993 0.78 – 77.53 
(35.37, 22.02) 

Angers2003&LOPEX1993  0.87 – 106.72 
(41.13, 20.63) 

43.5 Angers2003&LOPEX1993 

Leaf 
equivalent 
water 
thickness 

g/ 
cm2 

EWT 0.0001 – 0.036 
(0.0131, 0.0071) 

Angers2003&LOPEX1993 
&Yebra et al. (2008) 

0.0001 – 0.052 
(0.011, 0.061) 

Angers2003&LOPEX1993 
&Casas et al. (2014)  

0.001 – 0.029 
(0.0098, 
0.0037) 

0.005, 0.01, 
0. 02 

Angers2003&LOPEX1993 
& Quan et al. (2017) 

Dry matter 
content 

g/ 
cm2 

DMC 0.0017 – 0.0096 
(0.0042, 0.0018) 

Angers2003&LOPEX1993 0.0017 – 0.033 
(0.0053, 0.0033) 

Angers2003&LOPEX1993  0.0018 – 0.0189 
(0.0052, 
0.0027) 

0.0042 Angers2003&LOPEX1993 

Brown 
pigment 

/ Cbp 0 Quan et al. (2015) 0 Quan et al. (2015)  0 0 Quan et al. (2015) 

Carotenoid 
content 

μg/ 
cm2 

Car 8 Casas et al. (2014) 10 Casas et al. (2014)  10 8 Casas et al. (2014)  
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3.2.1. Spectral information 
The FMC retrieval tested seven MCD43A4 spectral bands and 12 VIs, 

hereafter simplified as the spectral information (Table 2). R2 and RMSE 
values between observations and retrievals assessed the performance of 
this spectral information. This test firstly checked each variable inde-
pendently and then all their combinations. Secondly, a jackknife 
approach removed the spectral information one at a time from all 
combinations to determine the optimal spectral information. The model 

kept this variable only if R2 decreased and RMSE increased, as it had a 
positive effect on the FMC retrieval. Finding the final optimal combi-
nations relied on repeating this step until removing spectral information 
showed no further improvement in FMC retrieval. 

3.2.2. Cost function 
The direct LUT spectra comparison against observed spectra through 

a cost function constitutes the most common model inversion approach 

Fig. 3. Relations between FMC field samples and LAI values extracted from the corresponding MCD15A3H product for three fuel classes.  

Fig. 4. Relations among EWT, DMC, and Cab for the three fuel classes (values obtained from the LOPEX1993 and ANGERS2003 databases).  
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(Verrelst et al., 2014; Verrelst et al., 2015). Leonenko et al. (2013) 
suggested that different cost functions may provide different robustness 
to estimate biophysical parameters. The availability of many cost 
functions gives a high degree of flexibility since it allows model opti-
mization for a wide range of error distributions. Given this, the above- 
described studies showed how cost functions impact the model perfor-
mance to retrieve LAI, leaf chlorophyll content, fractional vegetation 
cover and the fraction of photosynthetically active radiation absorbed 
by the green parts of the vegetation canopy. Meanwhile, no studies to 
date explicitly evaluate the effect of these cost functions on FMC esti-
mates. Therefore, this study assessed 12 cost functions in the retrieval of 

FMC to find the best estimate by solving the minimization problem 
(Table 3). 

3.2.3. Percentage of solutions 
The similarity between the simulated spectra from the LUT and the 

observed spectral information ranked the f(v,w) solutions generated 
from the cost function. The retrieved FMC value came from the central 
tendency (see section 3.2.4) of a large ’ensemble’ of FMC values in the 
LUT corresponding to an ensemble of ’near-optimal’ ranked f(v,w) so-
lutions. This study tested how the ’ensemble’ selection affected the FMC 
retrievals. Rather than adopting the number as the ’ensemble’ as nor-
mally presented in previous literature (Yebra et al., 2018a), the per-
centage of the ranked f(v,w) solutions from 1 to 100% were investigated 
and compared, where 1 indicated the minimum f(v,w) one solution and 
100% meant using all the solutions. 

3.2.4. Central tendency 
The retrieved FMC depended on the central tendency values of the 

percentage of the ranked f(v,w) solutions. This study tested six central 
tendencies, including the arithmetic mean (FMCA, Eq.4), the median 
value (FMCm), the geometric mean (FMCG, Eq.5), the harmonic mean 
(FMCH,Eq.6), the quadratic mean (FMCQ,Eq.7), and the mode (FMCo, Eq. 
(8)). 

FMCA =

∑n
i=1FMCi

n
(4)  

FMCG =

[
∏n

i=1
FMCi

]1/n

(5)  

FMCH =
n

∑n
i=1

1
FMCi

(6)  

FMCQ = sqrt
[∑n

i=1FMC2
i

n

]

(7)  

FMCo = FMCA − 3(FMCA − FMCm) (8) 

where i is the ith value (default: i = 1) in the derived FMC solution, 
and n is the total number of the ranked f(v,w) solutions. 

Table 2 
VIs for FMC retrieval and calculated based on the MCD43A4 Collection 6 
reflectance band 1 ~ 7.  

VIs Equations References 

Normalized Difference 
Infrared Index 

NDII=(Band2 – Band6)/ (Band2 +
Band6) 

Hardisky et al. 
(1983) 

Normalized Difference 
Infrared Index7 

NDII7=(Band2 – Band7)/ (Band2 +
Band7) 

Normalized Difference 
Vegetation Index 

NDVI=(Band2 – Band1)/ (Band2 +
Band1) 

Tucker (1979) 

Enhanced Vegetation 
Index 

EVI = 2.5(Band2 – Band1)/ (Band2 
+ 6Band1-7.5Band3 + 1) 

Huete et al. 
(2002) 

Normalized Difference 
Tillage Index 

NDTI=(Band6 – Band7)/ (Band6 +
Band7) 

van Deventer 
et al. (1997) 

Visible Atmospheric 
Resistant Index 

VARI=(Band4 – Band1)/ (Band4 +
Band1 – Band3) 

Gitelson et al. 
(2002) 

Normalized Difference 
Water Index 

NDWI=(Band2 – Band5)/ (Band2 +
Band5) 

Gao (1996) 

Global Environmental 
Monitoring Index 

GEMI = [μ(1 – 0.25μ) – (Band2 – 
0.125)]/ (1 – Band4),μ = [2(Band12 – 
Band22) + 1.5Band1 + 0.5Band2]/ 
(Band1 + Band2 + 0.5)  

Pinty and 
Verstraete 
(1992) 

Global Vegetation 
Moisture Index 

GVMI = [(Band2 + 0.1) – (Band6 +
0.02)]/ [(Band2 + 0.1) + (Band6 +
0.02)] 

Ceccato et al. 
(2002) 

Moisture Stress Index MSI = Band6/ Band2 Rock et al. 
(1986) 

Greenness index Gratio = Band4/ Band1 Zarco-Tejada 
et al. (2005) 

Three-band spectral 
indices 

3BSI=(Band4 – Band7)/ (Band5 +
Band7) 

Verrelst et al. 
(2015)  

Table 3 
Cost functions assessed. v denotes the bands or VIs from satellite data and w denotes the modeled bands or VIs. * Cost functions modified from their original form, using 
absolute values to avoid the negative ones that may cause the calculation to collapse.  

Cost functions Equations References 

Root-mean-square error (RMSEf) 
f(v,w) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(vi − wi)
2

n

√ Darvishzadeh et al. (2008) 

Spectra angle (SA) 
f(v,w) = cos− 1(

∑n
i=1viwi

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
i=1v2

i

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
i=1w2

i

√ )
Kruse et al. (1993) 

Least absolute error (LAE) f(v,w) =
∑n

i=1 |vi − wi| Verrelst et al. (2015) 

*Shannon (1948) (S1948) f(v,w)= | −
∑n

i=1(
vi + wi

2
)ln(

vi + wi

2
) +

1
2
∑n

i=1
(viln(vi) + wiln(wi))|

Verrelst et al. (2015) 

L-divergence lin (LDL) f(v,w) =
∑n

i=1(viln(vi +wi)ln(2wi − vi)ln(
vi + wi

2
))

Verrelst et al. (2015) 

Bhattacharyya divergence (BD) f(v,w) = − ln(1+
∑n

i=1(
̅̅̅̅̅̅̅̅̅viwi

√
−

vi + wi

2
))

Verrelst et al. (2015) 

*Jeffreys–Kullback–Leible (JKL) f(v,w) =
∑n

i=1 |(vi − wi)||ln(vi) − ln(wi)| Verrelst et al. (2015) 

*Neyman chi-square (NCS) 
f(v,w) =

∑n
i=1

(vi − wi)
2

|vi|

Verrelst et al. (2015) 

*Pearson chi-square (PCS) 
f(v,w) =

∑n
i=1

(vi − wi)
2

|wi|

Verrelst et al. (2015) 

Normal distribution-LSE (NDL) f(v,w) =
∑n

i=1(vi − wi)
2  Verrelst et al. (2015) 

Geman and McClure (GM) 
f(v,w) =

∑n
i=1

(vi − wi)
2

(1 + (vi − wi)
2
)

Verrelst et al. (2015) 

*Exponential (Exp) f(v,w) =
∑n

i=1 |wi(exp(−
vi − wi

wi
) − 1)| Verrelst et al. (2015)  
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3.3. Validation 

The stability of FMC measurements in consecutive observations and 
homogeneity for each site tested the data quality to be used for valida-
tion. For the former one, a temporal rule (Eq. (9)) filtered out the 
abnormal values in the scale of 3 consecutive FMC observations 
following Yebra et al. (2018a). 

FMCi − μ
σ < x (9) 

where FMCi is the ith FMC value in 3 consecutive FMC observations, μ 
is their median value, σ is the standard deviation across the time series, 
and x is the critical value. Lymburner et al. (2011) applied Eq. (9) to 

filter out spikes in VIs time series for landcover classification and sug-
gested x = 2.1. Subsequently, Yebra et al. (2018a) applied a more 
restrictive value x = 1 to better avoid unrealistic abrupt changes in FMC 
within consecutive sampling dates. In this study, x ranged from 0.4 
(most strict) to 3 (no filter). Notably, Eq. (9) requires at least three FMC 
measurements in a site. For each coordinate in China, the FMC was only 
sampled once and therefore Eq. (9) was not applied. 

The coefficient of variation (CV, %) provided in the global field 
measured FMC database by Yebra et al. (2019) assessed the site homo-
geneity. CV was calculated as the ratio of the standard deviation and 
mean NDVI of all the Landsat pixels within a 500 × 500 m buffer that 
matched the MODIS pixel size (CVLandsat , Eq. (10)) using Google Earth 
Engine (Gorelick et al., 2017) as, 

Fig. 5. R2 and RMSE between FMC field measurements and retrievals for different fuel classes and using (a) different spectral information, (b) cost functions, (c) 
percentage of selected solutions, and (d) central tendency. 
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NDVIStd,500mbuffer

NDVImean,500mbuffer
× 100% < CVLandsat (10) 

where NDVIStd,500mbuffer and NDVImean,500mbuffer denote the NDVI stan-
dard deviation and mean value of all the Landsat pixels (Landsat 5 TM, 7 
ETM+, or 8 OLI) within the buffer corresponding to MODIS pixel size, 
respectively. CV ranged from 5 (most strict) to 50 (no filter). 

4. Results 

4.1. Evaluation of FMC estimates from different RTM inversion strategies 

Starting with an evaluation of the spectral information for the 
inversion (Fig. 5 a), all the VIs outperformed the original MODIS bands 
for the FMC retrieval for all three fuel classes. Among them, the NDII, 
EVI, NDVI, NDII7, VARI, NDWI, GVMI and MSI performed well for 
grassland; NDII, EVI, NDII7, VARI, GVMI, MSI and Gratio for shrubland, 
and NDII, EVI, NDII7, NDWI, GVMI and Gratio for forest sites. When using 
all bands and VIs at the same time for the FMC retrievals, the accuracy 
levels did not significantly improve compared to the performance of 
single VIs (e.g., NDII worked the best for grassland and shrubland, and 
NDWI for forest). However, simultaneously selecting the best perform-
ing VIs improved the retrieval results in comparison to using a single VI. 
More interestingly, when simultaneously combining Gratio with other 
VIs, FMC estimates improved for all three fuel classes (Fig. 5 a). The final 
optimal VIs combinations were then the EVI, NDVI, NDII, MSI and Gratio 
for grassland; NDII, EVI, VARI and Gratio for shrubland; and NDII, EVI, 
GVMI and Gratio for the forest. 

The evaluation of different cost functions revealed that all of them 
generally performed similarly except S1948, LDL and BD that resulted in 
the highest RMSE values for all the fuel classes (Fig. 5 b). More in detail, 
the RMSEf and Exp cost functions outperformed the others for grassland. 
However, RMSEf has a higher computational efficiency than Exp due to 
its simpler equation (Table 3). The RMSEf also worked well for shrub-
land, whereas LAE outperformed the others for forest (Fig. 5 b). 
Therefore, the final optimal cost functions were RMSEf for grassland and 
shrubland, and LAE for the forest. 

With the increase from the first minimum of one to 100% f(v,w) 
solutions, the FMC retrieval accuracy increased with R2 to its maximum 
at 1%, slowly decreased up to 10%, with a sharp decrease from 10% to 
20% and a significant drop from 40% on to 100% solutions. Conversely, 
the RMSE reached its minimum at 1%, slightly increased up to 40%, and 
increased drastically from 40% on to 100%. All three fuel classes have a 
similar trend, but grasslands have the widest variation (Fig. 5 c). Among 
all options tested, the 1% of f(v,w) solutions kept the highest R2 and the 
lowest RMSE and therefore was selected for the product. 

Among the six measures of central tendencies explored (Fig. 5 d) the 
median worked better for FMC retrieval than the other central ten-
dencies for grassland (R2 = 0.70, RMSE = 51.06%, p < 0.01) and forest 

(R2 = 0.28, RMSE = 27.60%, p < 0.01) and was selected for the gen-
eration of the FMC product. However, the median was selected for 
shrubland given a slightly higher R2 than the harmonic mean (R2 = 0.48, 
RMSE = 35.83%, p < 0.01). 

4.2. Global FMC validation 

Different combinations of x (Eq. (9)) and CVLandsat (Eq. (10)) filtered 
out anomalous FMC values measured in the field. When no filter rule was 
applied, the results were the worst, followed by the strict rule and then 
the optimal filter that obtained the highest R2 and lowest RMSE values 
for the three fuel classes (Table 4). When pooling all fuel classes 
together, the total number of measurements available for validation 
decreased from 3,034 to 2,008 and 1,058 cases for none, optimal and 
strict filtering, respectively. The optimal filter rule also rendered the best 
accuracy (R2 = 0.71, RMSE = 32.36%, p < 0.01) (Table 4 and Fig. 6). 

4.3. Global FMC mapping 

The daily global FMC maps from 2001 to 2019 were produced based 
on the best inversion strategy for each fuel class using the high- 
performance parallel computing platform of the University of Elec-
tronic Science and Technology of China. This dataset can be accessed via 
https://firewatching.cn/world_FMC. Given storage limitations, the FMC 
product was stored in 8 days interval instead of daily. Fig. 7 shows the 
global three-month median composite FMC maps at 500 m from 2017 to 
2018 as an example while Fig. 8 illustrates the average FMC curves for 
different latitudes, fuel classes and periods in terms of the maps in Fig. 7. 
Overall, the grassland FMC curves rendered the highest dynamics during 
the four periods, followed by the shrubland and forest curves. 

Over 33◦N latitude and between 8◦N and 5◦S, the highest grassland 
FMC was observed in the Jun-July-Aug period and the lowest in Dec- 
Jan-Feb (Fig. 8). The grassland FMC increased from 33◦N to 18◦N lati-
tude, except for the Mar-Apr-May period when the FMC decreased. 
Noted that here the highest grassland FMC occurred in the Sep-Oct-Nov 
rather than the Jun-Jul-Aug as commonly recognized. Between the 18◦N 
and 8◦N, a sharp drop in grassland FMC was observed. This phenomenon 
also appeared in the shrubland case between 22◦N and 8◦N. For the 
region between 5◦S and 32◦S, Mar-Apr-May was the highest FMC period, 
whereas Sep-Oct-Nov was the lowest grassland FMC (Fig. 7). Below 32◦S 
latitude, the Sep-Oct-Nov and Dec-Jan-Feb were the highest and lowest 
FMC periods, respectively. For both the shrubland and forest over 55◦N 
latitude, the highest and lowest FMC periods were the Mar-Apr-May and 
Dec-Jan-Feb, respectively. Between 20◦S and 40◦S latitude, the shrub-
land FMC curves in the four periods did not change much. Below 56◦N 
latitude, forest FMC did not show significant dynamics during the four 
periods observed. 

5. Discussion 

5.1. Model development and the inversion strategy selection 

PROSAIL RTM modeled FMC on grassland and shrubland and pro-
vided a good performance (Fig. 6). This model was built for a turbid- 
medium plane-parallel simulation and specifically designed to best fit 
a continuous cover structure (Verhoef, 1984), such as grassland. Thus, it 
is theoretically not suitable for the discontinuous and heterogeneous 
shrubland, particularly for an open shrubland type. Nevertheless, pre-
vious literature also reported the feasibility of this RTM to retrieve 
shrubland FMC (Casas et al., 2014; Trombetti et al., 2008; Yebra et al., 
2018a). 

The PROSPECT-5 RTM was designed for simulating the reflectance 
and transmittance of a broadleaf while the LIBERTY RTM was for needle 
leaf (Dawson et al., 1998). This study only applied the PROSPECT-5 
RTM for all the needle and broad leaves, since previous studies 
showed that the PROSPECT-5 RTM was still reasonable for retrieving 

Table 4 
Detailed information on the number of field measurements (n), R2 and RMSE 
between observed and estimated FMC values for grassland, shrubland and forest 
with the selection of none, optimal and strict x and CVLansat filter rules (p < 0.01).  

Filter rule Fuel class x CVLandsat n R2 RMSE (%) 

None Grassland / / 955 0.71 50.86 
Shrubland / / 566 0.48 26.83 
Forest / / 1315 0.27 27.60 
All   3034 0.62 34.57 

Optimal Grassland 2.2 15 765 0.75 44.00 
Shrubland 1.7 30 408 0.59 22.09 
Forest 1.5 20 835 0.45 21.53 
All   2008 0.71 32.36 

Strict Grassland 0.5 10 449 0.74 45.92 
Shrubland 0.5 10 195 0.51 23.78 
Forest 0.5 10 414 0.33 21.25 
All   1058 0.69 34.05  
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canopy water content, chlorophyll content and burn severity for needle 
leaf (Cheng et al., 2006; De Santis et al., 2009; Zarco-Tejada et al., 
2004). 

The multiple ecological information was considered which led to 
more realistic RTMs simulated scenarios. Linear relationships integrated 
this information on previous studies (Jurdao et al., 2013; Quan et al., 
2017b; Yebra and Chuvieco, 2009b) or also using a correlation matrix 
(Feret et al., 2011; Quan et al., 2015). The linear relationship can only 
characterize the relations for two inputs. Meanwhile, a correlation ma-
trix can simultaneously characterize the relations between multiple 
RTM inputs, but the relationship between each input in the matrix is 
essentially linear. While relations between RTM inputs were normally 
none-linear, such as the LAI vs. FMC and EWT vs. DMC (Fig. 3 and 4). 
This study utilized a new method, i.e., Eq. (3), to characterize the non- 
linear relationship between RTM inputs. The correlation test validated 
the statistical relationship between these variables were significant (p <
0.01) or not (p > 0.01). Afterward, Eq. (3) was used to integrate the 
correlation into the RTM modeling phase by sampling the variable 
combinations. A higher r-value illustrated in Fig. 3 and 4, a strict sam-
pling strategy was made (Fig. S3). This method can avoid introducing 
big bias into the FMC retrieval even for a low r-value, unless no signif-
icant correlation was found (p > 0.01). That is, the combinations of RTM 
inputs with high posterior probability are more likely sampled and vice 
versa. Thus, this method can more realistically model the relationships 
between each one of the model inputs. 

The relations between model-free parameters are different between 
this work and previous studies. For example, Fig. 4 showed that there 
was no significant correlation (p > 0.01) between EWT and DMC for 
grass and shrub species based on the LOPEX1993 and ANGERS2003 
datasets. However, our previous studies found that there was a positive 
correlation between EWT and DMC (R2 = 0.46, p < 0.01) for the alpine 
wetlands located in western China in the Summer season (Quan et al., 
2017b), with a similar degree as reported by Feret et al. (2011). 
Therefore, a universal and representative way of characterizing the 
ecological information is preferred for reliable global-scale FMC map-
ping. This is the reason to use LOPEX1993 and ANGERS2003 datasets, as 
they comprise diverse leaf properties from a large number of vegetation 
species. 

In the backward inversion process, the LUT algorithm was used to 
derive the FMC from the MCD43A4 product. A key aspect of this study 
was the selection of the best performing inversion strategy for different 
fuel classes. For the selection of spectral information, a single VI pre-
sented superior accuracy than a single band, whereas when all the bands 
and VIs were used together, the accuracy level did not improve signifi-
cantly. Furthermore, this study confirmed previous researches that NDII 
can be a good indicator for FMC retrieval of these three fuel classes 
(Fig. 5) due to the strong absorption features of water in the near- and 
shortwave-infrared spectral regions (Caccamo et al., 2012; García-Haro 

et al., 2020; Jurdao et al., 2013; Yebra and Chuvieco, 2009b; Yebra 
et al., 2008; Yebra et al., 2018a). The EVI and Gratio were also found to 
perform well to retrieve FMC for these three fuel classes even they do not 
include the short-wave band. The likely cause is spatial and temporal 
variation in response to the FMC dynamics in the vegetation canopy 
structure and pigment, e.g., LAI and Cab (Bowyer and Danson, 2004). 
Compared to the spectral band, VIs can minimize the topographic effects 
and influence from background soil on the reflected radiance (Liao et al., 
2015; Matsushita et al., 2007). Additionally, the three-band spectral 
index (3BSI) suggested by Verrelst et al. (2015) worked well for LAI 
retrieval but was not suitable here for FMC retrieval. 

5.2. Validation of the global product 

The accuracy of the FMC retrievals highly improved when filtering 
out the FMC observations from heterogeneous sites within the MODIS 
footprint and abnormal values in 3 consecutive FMC observations 
(Table 4 and Fig. 6), revealing that the methods proposed to assess the 
stationarity and heterogeneity of the field sites were effective. Usually, 
studies consider FMC measurements taken at the field as the “ground 
truth” values for the validation purpose, yet uncertainties inevitably 
existed. Yebra et al. (2018a) reported the factors causing these un-
certainties, such as the FMC sampling after rain or dew events; the in-
clusion of fruits, galls or twigs other than leaves; or the different 
proportion of juveniles and adults leaves sampled. Matthews (2010) also 
pointed out that the drying temperature also has a significant effect on 
the oven-dry mass (i.e., affect FMC) of dead grass, pine and eucalyptus 
fuels. Cheng et al. (2014) furtherly showed that the diurnal declines of 
canopy water content also introduce uncertainties on FMC retrievals. 

Moreover, applying the restrictive filter decreased the number of 
measurements for all fuel classes (Table 4), particularly for forests (1315 
to 414 cases), followed by shrubland (566 to 195) and grassland (955 to 
449). This proves that the FMC measurements in forest sites are highly 
heterogeneous. Taking representative samples in the forest is far more 
complex and time-consuming than in grassland and shrubland. The top 
of the canopy should be more closely related to optical remote sensing, 
but it requires the use of a slingshot or similar devices to reach these 
leaves at the top (Youngentob et al., 2016). Besides, the forest deep root 
system reduces the seasonal FMC variation in comparison to grassland 
and shrubland (see Table S1), making it more difficult to validate. 
Moreover, forest can also have an understory grass and shrub layer 
(García-Haro et al., 2020). Hence, the reflectance from grass and shrub 
mixed with overstory forest canopy results in more impure mixed pixels. 
The coupled RTM was set to model this, but the higher dimensional 
unknown inputs of this coupled RTM, compared to the grassland and 
shrubland (Table 1), may aggravate the forest FMC retrieval 
uncertainty. 

Additionally, FMC field measurements used for the validation were 

Fig. 6. FMC estimates vs. measurements when selecting none (left), optimal (center) and strict (right) × and CVLansat filter rules (p < 0.01).  
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biased towards grassland (31.28%) and forest (49.87%) with substan-
tially less shrubland samples (18.85%) (Table S2 & S3). The sampling 
sites were not evenly distributed across the globe to represent the main 
plant functional types (being tropical sites underrepresented) nor the 
different countries (overall more data collected in the USA), and data 
were collected throughout different seasons (Except for China and 

Senegal) but generally more during the hot dry season, which is more 
prone to wildfires. 

Although a full comparison of performance is not possible given the 
difference in the samples used as ground truth, compared with two 
recent large scale FMC mapping studies from satellite data, the accu-
racies reported here are better than Yebra et al. (2018a) study for 

Fig. 7. Global median seasonal FMC spatial distribution at 500 m resolution in 2017–2018.  
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continental Australia with MODIS MCD43A4 Collection 5 reflectance 
data and RTM approaches (R2 = 0.58 and RMSE = 40%) and slightly 
worse than Rao et al. (2020) accuracies reported for the western US with 
Sentinel 1 & Landsat 8 and a recurrent neural network model (R2 = 0.63 
and RMSE = 25%). In fact, the selection of optimal (R2 = 0.71, RMSE =
32.36%, p < 0.01) and strict (R2 = 0.69, RMSE = 34.05%, p < 0.01) filter 
rules, resulted in higher R2 than that reported by Rao et al. (2020) 
considering the three fuel classes, but with a higher RMSE. Discrimi-
nated by fuel class, the optimal filter rule showed a higher R2 (0.75) and 
RMSE (44.00%) than Rao et al. (2020)’s accuracy for grassland (R2 =

0.56, RMSE = 31.00%), lower R2 (0.59) and RMSE (22.09%) for 
shrubland (R2 = 0.69, RMSE = 28.90%), and a slightly lower R2 (0.45) 
and similar RMSE (21.53%) for forest (R2 = 0.49 ~ 0.61, RMSE =
20.00%~27.7%). Finally, the advantage of this FMC product is its 
higher temporal resolution (daily) than Rao et al. (2020)’s product (15- 
day) and the larger scale (global). Consequently, the product presented 
in this study is better-suited for near-real-time monitoring of fuel flam-
mability and ignition potential at a global scale. 

The latest MODIS IGBP landcover product Collection 6 classified the 
grassland, shrubland, and forest classes by merging several of its original 
17 classes that met the assumptions from specific RTMs and each fuel 
class had a specific LUT and inversion strategy. For example, regions like 
the Indian subcontinent and most of the cropland areas of eastern Brazil 
were classified as grasslands. However, this re-classification did not 
affect the retrieval of FMC because assumptions made by PROSAIL RTM 
(model used to generate the LUT for grasslands) resemble the conditions 
found in both cropland and grassland. Similarly, the savanna class was 
re-classified as forest rather than grassland class despite the low forest 
canopy coverage in this ecosystem. This re-classification was considered 
adequate because both forest and savannas are ecosystems composed of 
two layers of canopies and, therefore, their reflectance was modeled by 
coupling PROSAIL RTM (lower grassland canopy) and PROGeoSail RTM 
(overstory tree canopy). 

Nevertheless, even if the MCD12Q1 Collection 6 algorithm highly 
outperformed Collection 5 (Sulla-Menashe et al., 2019), misclassifica-
tion between classes with different LUTs and inversion strategies may 

still exist. This misclassification will propagate errors in the FMC 
computation given an incorrect LUT and inversion strategy, which will 
result in different retrieved FMC values. The potential improvements 
could be achieved by adding more fuel categories and using more 
complex RTMs, but this remains unknown given the lack of a validation 
data set with enough samples of fuel classes. 

Grassland FMC presented the highest annual dynamics, in all lati-
tudes followed by the shrubland and forest. However, the highest 
grassland FMC between 33◦N to 18◦N latitude occurred in the period of 
Sep-Oct-Nov rather than in Jun-Jul-Aug. This is partly because of the 
rainy season and high coverage of clouds in India and Southeast Asia in 
Jun-Jul-Aug (Fig. 7) and no data available in this period. Between the 
22◦N and 8◦N, the sharp drop in grassland and shrubland FMC is mainly 
explained because of the low FMC values in areas of North Africa closed 
to the Sahara Desert (Fig. 7). The shrubland FMC did not change much 
between 20◦S and 40◦S latitude, given the low FMC values of vast dry 
central Australia (Fig. 7). Overall, the global FMC dynamics obtained 
were consistent with vegetation drought seasonal patterns (SPEI Global 
Drought Monitor. Available online: http://sac.csic.es/spei/index.html). 

5.3. Future applications 

Due to climate changes, the trend, frequency and burn severity of 
wildfires are increased and have already reached an alarming scale in 
many regions of the world, such as recent mega-fires in the western USA 
(2018), Amazon jungle (2019) and eastern Australia (2019–2020) 
(Argañaraz et al., 2015; Johnston et al., 2020; Littell et al., 2016; Moritz 
et al., 2012; Ward et al., 2020). Wildfire danger assessment is thus 
essential for wildfire early warning and management and is a critical 
part of fire prevention (Chuvieco et al., 2010). As a critical factor driving 
the fuel ignition and fire spread, the importance of FMC for wildfire 
danger assessment is evident in the different ecosystems in the world 
(Arganaraz et al., 2016; Chuvieco et al., 2004a; Dennison et al., 2008; 
Luo et al., 2019; Nolan et al., 2016; Yebra et al., 2018a). The produce 
developed here provides near-real-time, high temporal resolution 
(daily) and moderate spatial resolution (500 m) highly accurate (R2 =

Fig. 8. Average global FMC for the four periods and three fuel classes between 2017 and 2018 calculated for different latitudes.  
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0.71, RMSE = 32.36%, p < 0.01) FMC estimates on a global scale. This 
dataset is encouraging for operational wildfire danger assessment. Since 
the FMC characterizes the status of water in vegetation, this product also 
has potential applications in monitoring drought and vegetation health 
and guiding forest cultivation. 

Another dominant feature of this global FMC product is its genera-
tion from the RTMs inversion techniques. Empirical models require 
calibration only valid for a local region. The generalization power of 
RTMs makes them applicable to the global scale. This is important as 
most prior work to estimate FMC from remote sensing data was carried 
out and concentrated in Europe, the USA and Australia (Yebra et al., 
2013). Other fire-prone regions such as the Amazon rain forest, Africa 
and East Asia lack such information. 

Since the launch in 1999 (Terra) and 2002 (Aqua), MODIS has suc-
cessfully operated for>18 years. However, the expected lifetime of the 
Terra and Aqua satellites has already been exceeded, and at some point, 
in the not-too-distant future, they will become inoperative. Yebra et al. 
(2018b) evaluated the feasibility and relative benefits of data sources 
including the geostationary Japanese Himawari-8 satellite (10 min, 2 
km), the European Sentinel-2 (5 days, 20 m), the Landsat (16 days, 30 m) 
and Visible Infrared Imaging Radiometer Suite (VIIRS) (daily, 750 m) 
satellites for FMC retrieval in Australia. They reported a similar accuracy 
of these satellite data for FMC retrieval when applied the RTM-based 
methodology. Among them, the VIIRS obtained the highest accuracy 
retrieval, followed by Sentinel-2, Landsat-8 and Himawari-8. One 
possible explanation is that the VIIRS has five bands in the SWIR, which 
are key for water content estimation, followed by Sentinel-2 (3 bands), 
Landsat and Himawari-8 (two bands each). Therefore, the VIIRS is likely 
the best candidate to ensure data continuity. Currently, designed and 
built by the same instrument vendor as MODIS, two VIIRS instruments 
are operating in space, one on board the S-NPP satellite launched in 
October 2011 and another on the NOAA-20 satellite (formerly known as 
the JPSS-1) launched in November 2017 (Xiong and Butler, 2020). After 
compensating for the spectral response in RTM between sensors, this 
MODIS data-based FMC methodology can be therefore applied to the 
VIIRS data due to their similar spectral range, spatial resolutions, and 
calibration capability. This may enable the FMC product from VIIRS to 
be extended beyond 2040 (Xiong and Butler, 2020). 

6. Conclusions 

This study presented the first global FMC product based on RTMs and 
MODIS MCD43A4 reflectance data. The IGBP landcover type classified 
the vegetation into grassland, shrubland and forest fuel classes. For each 
fuel class, available prior information on model parameters carefully 
parameterized the RTMs, analyzing different inversion strategies. 
Selecting the VIs most sensitive to FMC variations obtained the optimal 
inversion strategy for each fuel class with EVI-NDVI-NDII-MSI-Gratio, 
NDII-EVI-VARI-Gratio, and NDII-EVI-GVMI-Gratio for grassland, shrub-
land and forest, respectively. The cost functions were RMSEf for grass-
land and shrubland; and LAE for forest. The median value of the FMC 
values from 1% of the ranked f(v,w) solutions rendered the final 
retrieved FMC. A large number of FMC measurements (3,034) from a 
global database assessed the accuracy of the FMC estimates. FMC esti-
mates compared favorably to measurements when using a optimal rule 
to filter poor quality data (R2 = 0.71, RMSE = 32.36%, p < 0.01). Pre-
liminary analysis of FMC dynamics in 2017 and 2018 showed that FMC 
presents different patterns for different periods and latitudes. Overall, 
grassland FMC has the highest annual dynamics, followed by the 
shrubland and forest curves. Hence, this FMC product is encouraging for 
guiding future wildfire prevention, suppression, and response. 
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