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Abstract: Previous studies have shown that Live Fuel Moisture Content (LFMC) is a crucial driver
affecting wildfire occurrence worldwide, but the effect of LFMC in driving wildfire occurrence still
remains unexplored over the southwest China ecosystem, an area historically vulnerable to wildfires.
To this end, we took 10-years of LFMC dynamics retrieved from Moderate Resolution Imaging
Spectrometer (MODIS) reflectance product using the physical Radiative Transfer Model (RTM) and
the wildfire events extracted from the MODIS Burned Area (BA) product to explore the relations
between LFMC and forest/grassland fire occurrence across the subtropical highland zone (Cwa) and
humid subtropical zone (Cwb) over southwest China. The statistical results of pre-fire LFMC and
cumulative burned area show that distinct pre-fire LFMC critical thresholds were identified for Cwa
(151.3%, 123.1%, and 51.4% for forest, and 138.1%, 72.8%, and 13.1% for grassland) and Cwb (115.0%
and 54.4% for forest, and 137.5%, 69.0%, and 10.6% for grassland) zones. Below these thresholds, the
fire occurrence and the burned area increased significantly. Additionally, a significant decreasing
trend on LFMC dynamics was found during the days prior to two large fire events, Qiubei forest
fire and Lantern Mountain grassland fire that broke during the 2009/2010 and 2015/2016 fire seasons,
respectively. The minimum LFMC values reached prior to the fires (49.8% and 17.3%) were close to the
lowest critical LFMC thresholds we reported for forest (51.4%) and grassland (13.1%). Further LFMC
trend analysis revealed that the regional median LFMC dynamics for the 2009/2010 and 2015/2016
fire seasons were also significantly lower than the 10-year LFMC of the region. Hence, this study
demonstrated that the LFMC dynamics explained wildfire occurrence in these fire-prone regions over
southwest China, allowing the possibility to develop a new operational wildfire danger forecasting
model over this area by considering the satellite-derived LFMC product.

Keywords: critical LFMC threshold; forest/grassland fire; radiative transfer model; remote sensing;
southwest China

1. Introduction

Wildfire is a natural phenomenon for many ecosystems since fire affects nutrient cycling, vegetation
succession patterns, and resistance to pests [1]. It also poses a great threat to the ecological environment,
economic development, as well as human life and property [2–6]. There are three major factors that relate
to the incidence of wildfires, spatially continuous and dry enough to burn fuel (biomass), meteorological
conditions conducive to the spread of fire, and ignitions [7–9]. In this context, fuel moisture content
(FMC), defined as the proportion of water content to dry mass within the fuel and traditionally divided

Forests 2019, 10, 887; doi:10.3390/f10100887 www.mdpi.com/journal/forests

http://www.mdpi.com/journal/forests
http://www.mdpi.com
https://orcid.org/0000-0001-5344-1801
https://orcid.org/0000-0002-4049-9315
http://www.mdpi.com/1999-4907/10/10/887?type=check_update&version=1
http://dx.doi.org/10.3390/f10100887
http://www.mdpi.com/journal/forests


Forests 2019, 10, 887 2 of 17

into FMC of live (LFMC) and dead fuels (DFMC) [10], is an important driver affecting fuel ignition and
fire spread rate [11–13]. Additionally, FMC has also been proven to explain fire occurrence at a large
scale as the burned area tends to increase as FMC decreases [14–17]. This is due to the fact that fuels
with higher moisture content require more energy for water evaporation, slowing down the fire spread
rate and decreasing the flame length [18].

Three methods are normally used to estimate FMC: on-ground field measurements, meteorological
data, and satellite imagery [19]. Ground field measurements commonly achieve a high accuracy level
if a standard protocol is followed and have been used to investigate the relation of FMC with wildfire
occurrence, particularly for the Mediterranean region. For example, Chuvieco et al. [17] demonstrated
FMC measurements to have a predictive effect on fire occurrence in central Spain where grassland FMC
change was a significant factor explaining the numbers of fires, and shrub FMC was highly associated
with large fires. Schoenberg et al. [20] showed that the burned area tended to increase when the field
measured FMC was lower than 90%. Dennison et al. revealed an FMC threshold of 70%–80% [21] and
79% [15] in chamise and southern California, that explained the largest fires. However, despite the
locally high accuracy level for FMC taken at the field, the high time- and cost-consuming make the
large-scale and spatial–temporal FMC mapping unfeasible.

Meteorological indices such as the Keetch–Byram Drought Index (KBDI) and Cumulative
Water Balance Index (CWBI) have been commonly used as indicators for FMC variations [22–24].
Ruffault et al. [25] predicted LFMC quantitative variations and critical values by evaluating the capacity
of six drought indices (Duff Moisture Code (DMC), Drought Code (DC), KBDI, the Nesterov Index (NI)
and the Relative Water Content (RWCL and RWCH)). FMC estimated from meteorological data allowed
for long-term and large-scale mapping, however, the coarse spatial resolution and interpolation of
meteorological data also introduce additional errors. Moreover, the LFMC estimate from meteorological
data is still challenged because living plants can utilize moisture stored in the soil and have multiple
drought adaptation strategies [19,26].

Remote sensing techniques are the only way to date to spatially and temporally understand the
FMC dynamics at regional to continental scale. Methods based on remote sensing for FMC mapping
can be broadly classified into two categories: empirical methods and the radiative transfer model
(RTM) based methods [19,27–29]. The former techniques are known to use statistical formulas based
on FMC measurements and corresponding reflectance or vegetation indices derived from remote
sensing images. For example, with optimally averaged Enhanced Vegetation Index, Myoung et al. [30]
developed an empirical model function of LFMC from MODIS satellite data for wildfire danger
assessment in southern California USA. These statistical approaches are simple and have a known
local accuracy, and their effect on wildfire occurrence has also been explored and analyzed in previous
studies [31]. Jurdao et al. [31] suggested that the critical FMC that supported 90% of grassland and
shrubland fire occurrence was 127.12% and 105.51%, respectively, by extracting the burned pixels from
the MODIS Thermal Anomalies product (MOD14) and retrieving pre-fire FMC from empirical models
applied to satellite images. Nolan et al. [9] determined DFMC thresholds of forest and woodland (14.6%
and 9.9%, respectively) across eastern Australia, based on an empirical formula of vapor pressure
deficit estimated from interpolated weather station measurements [32], and determined the LFMC
threshold values that explained fire occurrence in eastern Australia (156.1% and 101.5%) by estimating
LFMC using an empirically exponential model based on MODIS derived vegetation index. They also
demonstrated the “switch” hypothesis [7] that flammable and non-flammable states can change quickly
from one to another when the temporal dynamics of FMC are close to the thresholds. However, these
empirical methods are known to lack reproducibility due to the shortcomings of sensor-specificity and
position-dependence [33,34]. Alternatively, RTM-based methods have proven to be more reproducible
for LFMC retrievals given they are based on physical laws that provide explicit connections between
surface parameters and leaf and/or canopy spectra [35,36]. Furthermore, RTM-based methods for
LFMC retrieval have been demonstrated to be robust, not site-specific, and easy to generalize [37].
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This study aims to explore the effect of LFMC dynamics on wildfire occurrence in the fire-prone
regions over southwest China between 2007 and 2016 using LFMC estimates derived from satellite
data and RTM. Specifically, senescence in grasses results in the conversion of live fuel to dead fuel over
time. Grassland LFMC in the sections below, is considered as the average moisture content of both live
and dead fuel components, and the degree of curing is not explicitly accounted for. This study is novel
as it (i) provides the first analysis of the effects of LFMC on wildfire occurrence over the southwest
China fire-prone regions which are historically vulnerable to wildfire, and (ii) was entirely based on
optical remote sensing data while RTM-derived LFMC offers a unique way to monitor LFMC dynamics
at large scale. The materials and methods mentioned here can be applied to other fire-prone areas due
to the generalization potential and reproducibility of the RTM-based LFMC retrieving methods used.
The overarching objective of this study is to contribute to the development of an operational system
over this region by considering the satellite- and RTM- based LFMC product. This new system will
allow wildfire danger early prediction, suppression, and response, as well as improved awareness of
fire risk to life and property.

2. Materials and Methods

2.1. Study Area

The study area (101◦ E–107◦ E, 22◦ N–27◦ N) is located in southwest China, which is part of the
Yunnan–Guizhou plateau (Figure 1a), with most areas are 1500–2000 meters above sea level. According
to the IGBP (International Geosphere–Biosphere Programme) classification scheme of the MODIS
Land Cover product MCD12Q1 [38], evergreen broadleaf forests, mixed forests, woody savannas,
grasslands, croplands, and cropland/natural vegetation mosaics are dominant vegetation types in this
area (Figure 1b) (Table 1). Under the Koppen climate classification [39], the study area lies within
the subtropical highland zone (Cwb) and humid subtropical zone (Cwa), with mild to warm winters,
and tempered summers (Figure 1b). The annual average temperature of the study area is 15–18 ◦C,
with an annual temperature difference between 12 ◦C and 16 ◦C. The annual precipitation of the study
area ranges from 1000 mm to 1200 mm. The precipitation in May to October accounts for 80%–90% of
the whole year, whereas November to the next April is the dry season with little precipitation, leading
to a high frequency of wildfire occurrence during this period. Figure 2 shows the burned area per
month from 2007 to 2016 within the study area extracted from the MODIS Burned Area (BA) product
MCD64A1 [40], which also illustrated that the wildfires commonly occurred during the dry season and
peak in January to April. Here, we defined the fire season as spanning from September (month with
highest LFMC value) to the next year August (e.g., the 2009/2010 fire season starts from September
2009 to August 2010) in this study in terms of the annual LFMC dynamics. Additionally, two large
fire (burned area greater than 10 km2 following Arganaraz et al. [41]), Qiubei forest fire (104.42◦ E,
24.41◦ N) on the 1th February 2010 and burned 18.2 km2 for around two weeks (Figure 1c), and Lantern
Mountain grassland fire (103.23◦ E, 23.89◦ N) on the 13th February 2016 and burned about 35.4 km2 for
around three days (Figure 1d), were selected as the case studies to explore the relation between LFMC
and fire occurrences.
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Figure 1. (a) Study area showing the historical (2007–2016) burned areas extracted from MCD64A1 
Burned Area product and the DEM (Digital Elevation Model) as the background image. (b) 
Dominated vegetation types and Koppen climate classification. The location and burned pixels of (c) 
the Qiubei forest fire event on the 1st February 2010, and (d) Lantern Mountain grassland fire event 
on the 13th February 2016. Cwa: Subtropical Highland Zone; Cwb: Humid Subtropical Zone. 
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Figure 1. (a) Study area showing the historical (2007–2016) burned areas extracted from MCD64A1
Burned Area product and the DEM (Digital Elevation Model) as the background image. (b) Dominated
vegetation types and Koppen climate classification. The location and burned pixels of (c) the Qiubei
forest fire event on the 1st February 2010, and (d) Lantern Mountain grassland fire event on the 13th
February 2016. Cwa: Subtropical Highland Zone; Cwb: Humid Subtropical Zone.
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Figure 2. Burned area per month from 2007 to 2016 extracted from MCD64A1 product over
southwest China.
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2.2. LFMC Measurements

LFMC measurements taken at west China were used to validate the accuracy of the LFMC
retrieved by RTM. The field campaigns were conducted at three areas during four periods, (i) Ruoergai
Grassland (102.46◦ E–102.67◦ E, 33.38◦ N–33.98◦ N), 2013, (ii) Qinghai Lake (98.30◦ E– 101.09◦ E,
36.38◦ N–38.25◦ N), 2014, (iii) Qinghai Lake (98.48◦ E–101.07◦ E, 36.34◦ N–37.78◦ N), 2015, and (iv)
Wenquan Town (102.44◦ E–102.46◦ E, 24.99◦ N–25.00◦ N), 2016. A total of 192 sampling plots (50 plots
in 2013, 62 plots in 2014, 70 plots in 2015, and 10 plots in 2016) covering grass and forest areas were
selected and sampled. The positions for each plot were measured through a global positioning system
(GPS, Trimble Geo 3000). In each plot of grassland area (30 m × 30 m), the plants (0.5 m × 0.5 m)
were randomly measured and destructively sampled. The forest samples were taken within 20 m
from the center of the plots (i.e., the area of the plot is around 40 m × 40 m), and we used a telescopic
scissor to sample the tree canopy leaves that were not easily reached. The fresh samples were first
sealed in plastic bags to prevent the loss of water and then transported to the laboratory, weighed, then
oven-dried, and finally weighed again to determine the LFMC. For details on the sampling protocol,
please refer to refs. [36,42].

2.3. Satellite Data

Satellite products from two different sensors were used in this study, MODIS products and Landsat
8 OLI product. MODIS products were supplied by the Land Processes Distributed Active Archive
Center (LPDAAC) at the U.S. Geological Survey (USGS) Earth Resources Observation and Science
Center (EROS). Landsat 8 OLI product provided by USGS via Google Earth Engine (GEE).

2.3.1. Land Cover

The IGBP classification scheme integrated into the MODIS land cover product MCD12Q1 Collection
5 [38] was selected and used to re-classify the vegetation types into three fuel classes (Table 1): forest,
grassland, and shrubland following Yebra et al. [43]. Since MCD12Q1 Collection 5 was only available
from 2001 to 2013, we continued to use the year 2013 for the years 2014 to 2016. Notably, since little
shrubland (around 0.46% of total vegetation coverage area) was identified in the study area, and the
corresponding cumulative burned area was less than 10 km2, we masked those shrubland pixels out
and did not estimate their LFMC.

Table 1. Re-classified fuel classes based on the IGBP classification scheme and its corresponding
coverage area and cumulative burned area.

Fuel Class IGBP Coverage Area
(km2)

Cumulative Burned
Area (km2)

Forest

Evergreen Needleleaf Forests 28.9 *
Evergreen Broadleaf Forests 4263.6 117.7

Deciduous Needleleaf Forests 1.7 *
Deciduous Broadleaf Forests 10.7 *

Mixed Forests 26,680 1880.2

Grassland

Woody Savannas, 22,384 2079.2
Savannas 30 *

Grasslands 5784.7 417.8
Permanent Wetlands 108.9 *

Croplands 9794.9 429
Cropland/Natural Vegetation Mosaics 5687.9 281.5

Shrubland
Closed Shrublands 139.6 *
Open Shrublands 206.4 *

The coverage area was calculated based on IGBP in 2013. The cumulative burned area was calculated from 2007 to
2016 based on IGBP in 2013. * denotes the cumulative burned area of this vegetation type from 2007 to 2016 is less
than 5 km2.
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2.3.2. Reflectance

The MODIS MCD43A4 Collection 5 product [44] provides 8-day temporal resolution and 500 m
surface reflectance adjusted by Nadir Bidirectional Reflectance Distribution Function (BRDF), and
the MODIS MCD43A2 Collection 5 product records the quality information of the MCD43A4 pixel
reflectance. MCD43A4 is based on a 16-day period, which makes LFMC retrieval less influenced by
clouds or shadows [45]. Moreover, adjustment by BRDF makes the observed reflectance closer to RTM
simulations that were based on zero zenith angles [46].

Directly validating satellite-derived LFMC with LFMC measurements is unreasonable since the
LFMC was measured at 30/40 m scale which was mismatched with the spatial resolution of MCD43A4
(500 m). Therefore, Landsat 8 Operational Land Imager (OLI) products with spatial resolution of 30 m
and acquired at the closest sampling periods were used to filter out the LFMC measurements sampled
in heterogeneous areas (Section 2.4.1).

2.3.3. Burned Area

The MODIS Burned Area (BA) product MCD64A1 Collection 6 [40] was proven to be of high
accuracy and large-scale BA product [47] was selected as the measure of fire occurrence in this study.
The product is generated monthly at a spatial resolution of 500 m. All pixels with values greater than
zero in the “Burn Date” layer were identified as burned pixels and were used to determine the burn
locations and burn dates in the study area.

2.4. Data Analysis

2.4.1. LFMC Retrieval and Validation

LFMC dynamics were retrieved and mapped from MCD43A4 based on the Look-Up Table
(LUT) algorithm following Quan et al. [28] (grassland) and Quan et al. [36] (forest). In these studies,
the PROSAIL RTM (PROSPECT [48] + SAILH [49,50]) was used for the LFMC retrieval for grassland,
and the PROSAIL RTM coupled with PROGeoSAIL RTM (PROSPECT + GeoSAIL [51]) was used for
forest. The latter was coupled to better represent a two-layered forest characteristic with upper tree
species and understory of grass. To validate the approach, LFMC field measurements (see Section 2.2)
were used, however, directly validating estimations with field measurements may cause errors because
of scale discrepancy [52] (Figure 3). To alleviate the scale discrepancy between sampling plots (30 m
for grassland and 40 m for forest) and MCD43A4-derived LFMC pixels (500 m) only homogeneous
plots within the MODIS footprint were selected. The homogeneity of the plots was assessed using the
standard deviation of NDVI (Normalized Difference Vegetation Index, Equation (1), Figure 3) derived
from the Landsat 8 OLI pixels within a 500 m × 500 m buffer (SDNDVI) and the CVNDVI (Equation (2)).
We argue that plants within the 500 m × 500 m MODIS pixel size buffer should be more homogeneous
in both species composition and moisture condition when the CVNDVI (ranges from 0.05 to 0.15) and
SDNDVI (ranges from 0.15 to 0.30) are lower than a certain threshold [53]. Finally, the threshold values
that resulted in high R2 and low RMSE were selected for the final methodology. Noteworthily, 152 field
data were finally obtained after calculating the average value of field LFMC measurements (originally
192 LFMC measurements) at MODIS scale (Figure 3b).

NDVI =
ρNIR − ρred

ρNIR + ρred
(1)

CVNDVI =
SDNDVI

MEANNDVI
(2)

where ρNIR and ρred are the near-infrared and red reflectance of Landsat 8 OLI product, respectively.
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Figure 3. A case showing the spatial location of field plot, Landsat 8 OLI pixel and MODIS pixel.
The black boxes indicate the 3× 3 MODIS grid (1.5 km× 1.5 km). (a) homogeneous and (c) heterogeneous
LFMC measurement plots of vegetation at MODIS spatial resolution and (b) an example of a MODIS
pixel containing multiple LFMC measurement plots, and 152 field data were finally obtained after
calculating the average value of the field LFMC measurements in such a case.

The processing of the Landsat data was conducted using the Google Earth Engine [54] and the
LFMC retrieval algorithm was implemented in MATLAB (R2017a version, The MathWorks, Natick,
Massachusetts, United States of America).

2.4.2. Critical LFMC Thresholds and Their Relation to Fire Occurrence over Southwest China

The MCD64A1 burned area product was used to extract the historical wildfire location and date
which, however, were almost provided at the pixel level, rather than specific fire events (normally
with the burned area more than one pixel). The KD-Tree based DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) algorithm [55] was used to extract the total burned area for
each of the studied fire events. Figure 1c,d show the cluster results of the Qiubei forest fire and the
Lantern Mountain grassland fire. To analyze the influence of pre-fire LFMC on the burned area and
frequency, the critical LFMC thresholds should be determined beforehand. We identified the burn
dates of all pixels within each fire event based on the information of “Burn Date” layer of MCD64A1
BA product. The pre-fire LFMC value of each pixel was equal to the LFMC prior to the burning date of
that pixel and the median value of all pre-fire LFMC values was used to characterize the overall LFMC
condition before the fire broke out. The cumulative burned area by fire event was therefore calculated
as a function of decreasing the pre-fire median LFMC value following Dennison and Moritz [15] and
Nolan et al. [9]. A segmented regression model [51] was then applied to fit the relation between pre-fire
LFMC and cumulative burned area for all the fire events, thus identifying critical LFMC thresholds.
The model with the lowest Akaike’s Information Criterion (AIC) was selected as the optimal [9].
Breakpoints that indicate a significant increase in the cumulative burned area were finally identified as
the critical threshold and other breakpoints were discarded because of the small significance. Here,
we divided the study area into four areas (forest across Cwa and Cwb, grassland across Cwa and
Cwb), and this methodology based on cumulative burned area was applied to each area. Moreover,
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the LFMC dynamics before and after the Qiubei forest fire and Lantern Mountain grassland fire were
analyzed as two case studies to illustrate the effect of LFMC critical thresholds on fire occurrence.

Finally, the median LFMC values for forest and grassland over southwest China were calculated
for each of the LFMC maps from 2007 to 2016, and then a boxplot was used to characterize the overall
LFMC distribution on each DOY (Day of Year) at 8-day temporal resolution through the ten years.
Because of the similarity of critical LFMC thresholds in Cwa and Cwb climate zones (see in Section 3.2),
we did not distinguish here two climatic zones and analyzed the relation between LFMC climatology
and fire occurrence based on different fuel classes (forest and grassland). We additionally analyzed
the median LFMC and corresponding burned area dynamics for forest in 2015/2016 fire season and
grassland in 2009/2010 fire season. Those periods were selected because of the occurrence of the large
wildfires subject to investigation in this research. In this case, temporal resolution for the burned area
was re-calculated to 8-days according to the burn date extracted from the MCD64A1 product.

3. Results

3.1. LFMC Validation and Mapping

The accuracy in the LFMC retrievals improved (R2 increased and RMSE decreased) when
decreasing the CVNDVI and SDNDVI threshold values used to filter out heterogeneous plots (Figure 4).
Specifically, R2 increased from 0.52 to 0.67, and RMSE slightly decreased from 41.8% to 40.5% as the
CVNDVI and SDNDVI increased.

A result of this study is a multi-temporal LFMC dataset over the study area from 2007 to 2016.
An example of the monthly LFMC distribution during the 2009/2010 fire season is shown in Figure 5.
The LFMC in the study area was low from Nov 2009 to May 2010, particularly during the months of
January to April. These months coincide with the dry season and peaks in the burned area in the study
area (Figure 2). The rainy season generally begins in June and lasts until October. Consequently, high
LFMC values are observed during this period but also more data gaps due to frequent cloudy and
rainy weather (Figure 5).
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3.2. Critical LFMC Thresholds and Their Relation to Fire Occurrence over Southwest China

The relations between the burned area and pre-fire LFMC were non-linear for both grassland and
forest (Figure 6). However, the critical pre-fire LFMC thresholds that explain an increase in wildfire
occurrence were different for these fuel classes. The burned area increased significantly when the
LFMC was below the thresholds (Figure 6). Moreover, the thresholds of the same fuel class were
similar under different climatic zones. More specifically, three LFMC thresholds were observed for the
forest under the Cwa climate, 151.3% (95% Confidence Interval, CI: 146.8%–155.9%), 123.1% (95% CI:
121.8%–124.3%) and 51.4% (95% CI: 51.2%–51.7%). The ratio of the burned area below these thresholds
to the total burned area accounted for 93.1%, 86.5%, and 34.2% of the total burned area, respectively
(Figure 6a, Table 2). Ten large forest fires (burned area >10 km2) were also detected in this region, and
out of which 10, 9, and 5 occurred below the corresponding LFMC thresholds (Table 2). There were
three additional breakpoints identified at 101.8% (95% CI: 100.2%–103.4%), 48.3% (95% CI: 47.9%–48.6%)
and 39.8% (95% CI: 38.5%–41.1%), which were not identified as thresholds and were discarded since
they did not indicate a significant increase in burned area (e.g., the slope between 51.4% and 101.8%
was lower than the slope between 101.8% and 123.1%). Three LFMC thresholds were also observed
for grassland across the Cwa climate (138.1% (95% CI: 134.1%–142.0%), 72.8% (95% CI: 70.8%–74.8%),
and 13.1% (95% CI: 12.1%–14.1%)) (Figure 6b). Similarly, 17, 14, and 4 out of 21 large grassland fires
occurred below the corresponding threshold (Table 2).

Two thresholds were found for forest in the Cwb zone (115.0% (95% CI: 113.6%–116.3%) and
54.4% (95% CI: 53.6%–55.2%)) (Figure 6c). These two threshold values were close to those found for
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the second (123.1%) and third (51.4%) thresholds for forest in the Cwa zone. The maximum LFMC
supporting forest fire occurrence in this region was 124.3% and no wildfire was detected at the wetter
range of pre-fire LFMC, thus, no threshold was identified. For grassland across Cwb, 137.5% (95% CI:
129.4%–145.6%), 69.0% (95% CI: 66.5%–71.4%), and 10.6% (95% CI: 10.2%–11.0%) were identified as
critical LFMC thresholds (Figure 6d). The three thresholds were similar to the LFMC thresholds for
grassland across the Cwa zone.
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Figure 6. Relationship between pre-fire LFMC and cumulative burned area for forest (a) and grassland
(b) across the Cwa climate zone, and forest (c) and grassland (d) across Cwb.

Table 2. Value and range of critical LFMC thresholds, and proportion of burned area and the number
of large fires below the corresponding threshold for forest and grassland across Cwa and Cwb zones.

Fuel Class Climate Zone Threshold (%) 95% CI (%) Burned Area
Proportion (%)

Large Fire
Number

Forest
Cwa

151.3 146.8–155.9 93.1 10/10
123.1 121.8–124.3 86.5 9/10
51.4 51.2–51.7 34.2 5/10

Cwb
115.0 113.6–116.3 92.2 2/2
54.4 53.6–55.2 34.1 0/2

Grassland

Cwa
138.1 134.1–142.0 81.6 17/21
72.8 70.8–74.8 67.5 14/21
13.1 12.1–14.1 33.7 4/21

Cwb
137.5 129.4–145.6 94.4 2/2
69.0 66.5–71.4 81.1 2/2
10.6 10.2–11.0 30.7 0/2

95% CI (%) represents the range of this threshold under the 95% confidence interval. Burned area proportion
represents the ratio of the burned area below this threshold to the total burned area. Large fire number denotes the
number of large fires (greater than 10 km2) below this threshold and the total number of large fires for forest or
grassland across Cwa (Subtropical Highland Zone) or Cwb (Humid Subtropical Zone).
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The Qiubei forest fire, which occurred on the 1st February 2010, affected 75% of the forested area
and 25% of the grassland area in the region. In six months, the median LFMC within the burned
area gradually decreased from a maximum of 179.7% (YEAR-DOY 2009-241) to a minimum of 49.8%
(2010-025), and a fire broke out when the LFMC was below the 51.4% threshold reported for forest
across the Cwa zone (Figure 7a). After the fire, the median LFMC value across the burned area
stabilized around 49% for more than one month. Similarly, the median LFMC for the vegetation within
the final burned area of the Lantern Mountain fire (78% grassland and 22% forest) declined from
286.8% (2015-249) to 151.7% (2015-345) (Figure 7b). Two months before the fire occurred, the median
LFMC (125.2%, 2015-353) was already below the 138.1% critical LFMC threshold found for grassland
across Cwa zone and further decreased to 17.3% (20156-041), which was slightly higher than the 13.1%
grassland LFMC threshold, just before the fire broke out. Different to the Qiubei forest fire, the LFMC
recovered quickly after the fire probably due to a quicker regrowth of the grass in this region.
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Figure 7. Temporal LFMC dynamics before and after the Qiubei (a) and the Lantern Mountain (b) fire
events across the Cwa zone. The dotted lines represent the critical LFMC thresholds. The pie chart
shows the percentage of the total burned area per land cover.

The dynamics variation of the median grassland (Figure 8b) and forest (Figure 8a) LFMC across
the study area are similar in terms of alignment with the fire season (see Section 2.1). The lowest
LFMC were observed from DOY 337 to DOY 113 which coincided with the dry season and the months
with the highest fire occurrence (Figure 8). Additionally, the median LFMC for grassland and forest
of the study area (red lines) reached the critical LFMC thresholds (dotted lines) earlier during the
highest fire activity fire seasons (2009/2010 and 2015/2016) than for the whole time period (shown as
boxplots). Moreover, the median LFMC values during these two fire seasons were almost lower than
the first quartile value of the boxplot on the same DOY and were much more likely to be observed as
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the low outliers (dots traversed by the red line). For example, 14 and 21 median LFMC values were
observed as the outliers in the 2015/2016 (Figure 8a) and 2009/2010 (Figure 8b) fire seasons, respectively.
Furthermore, the period of lower LFMC coincided with the larger burned area (Figure 8). This suggests
that the critical LFMC thresholds effectively explain the burned area. For example, almost all grassland
fires in 2009/2010 occurred when the regional median LFMC was below the 70.9% threshold (Figure 8b).
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Figure 8. Dynamics of LFMC and burned area over forest (a) and grassland (b) in southwest China.
Each boxplot indicates the distribution of median LFMC values of the forest or grassland on the same
DOY over ten years (2007 to 2016). Red lines indicate the LFMC dynamics during the fire seasons
when the studied fires broke down (a) 2015/2016 and (b) 2009/2010. Dotted lines denote the critical
LFMC thresholds. The bar chart indicates the re-calculated 8-day burned area for (a) 2015/2016 and
(b) 2009/2010.

4. Discussion

High-quality spatial information on LFMC is needed to explore the effect of LFMC on fire
occurrence at a regional scale. In this study, we followed the methodologies by Quan et al. [28,36] to
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retrieve LFMC over southwest China using the MCD43A4 product. There was a statistically significant
(p <0.01) agreement between retrieved and measured LFMC at field sites used to evaluate the inverse
RTM method. The R2 and RMSE of LFMC improved from 0.52 to 0.67 and from 41.8% to 40.5% when
we removed pixels heterogeneous within the MODIS footprint. This indicated the heterogeneity in the
sampling site highly influences the accuracy assessment of the LFMC retrievals and therefore it should
be considered when it comes to model evaluation.

In this study, cumulative burned area methodology was applied to identify breakpoints, and
thus to determine the thresholds in forest and grassland classes across Cwa and Cwb climatic regions.
Pimont et al. [56] suggested that this kind of methodology should be considered with caution because
it is biased by the frequency distribution of LFMC values. However, we argue that the LFMC threshold
is not only affected by the distribution of pre-fire LFMC but also by the corresponding burned area.
For example, we found that in low LFMC condition (under 15%, Figure 6b,d), cumulative burned area
significantly increases, mainly because of the occurrence of several fire events with a large burned
area. Therefore, it is reasonable to use this methodology to find LFMC thresholds values below which
fires are prone to break out and burn large areas. On the other hand, Pimont et al. [56] also found that
fire activity saturated at low LFMC values when cumulative burned area methodology was applied.
For example, the cumulative burned area basically did not increase when LFMC was lower than 37.2%
(Figure 6c). However, this saturation does not suggest that a low LFMC corresponds to a low fire
occurrence. It suggests that it is enough to support fire when the LFMC condition is slightly higher
than 37.2%. Therefore, a higher LFMC threshold of 54.4% (Figure 6c) was considered.

Similar to these previously reported studies [9,15,21,31], we found that most wildfires occurred
under low LFMC conditions and when LFMC crossed critical LFMC thresholds. Conversely, when
pre-fire LFMC exceeded 200% only 0.29% (forest across Cwa) and 0.19% (grassland across Cwb) of the
total burned area occurred (Figure 6a,d). However, four large fires with pre-fire LFMC greater than
200% were unexpectedly detected for grassland across Cwa (Figure 6b). Yebra et al. [43] also found
high pre-fire LFMC (232%–256%) in the Linksview Road Grassland Fire which occurred in New South
Wales on 16th October 2013. This suggests that FMC is not the only driver of wildfire occurrence and
therefore, other factors such as meteorological data (e.g., temperature, precipitation, air humidity, etc.)
should be accounted for full characterization. For both forest and grassland over southwest China, the
first threshold (137.5%–151.3%) is similar to the LFMC threshold identified by Nolan et al. [9] at 156.1%
in eastern Australia forest and woodland. The second thresholds changed between different fuel
classes with 115.0%–123.1% for forest and 69.0%–72.8% for grassland. Among them, 115.0%–123.1%
for forest is similar to the threshold identified by Nolan et al. [9] at 113.6% in eastern Australia, and
69.0%–72.8% for grassland is similar to those reported in other researches [9,15,21]. The third threshold
(51.4%–54.4%) for forest is close to the lowest value of LFMC that results in wildfire occurrence in
other studies [9,15,17,20,21]. The third threshold (10.6%–13.2%) for grassland is consistent with the
previously reported results that the occurrence of wildfires increases when the DFMC decreases to
12.4%–15.1% [9].

LFMC dynamics over a 10-year time series showed that median forest and grassland LFMC values
were significantly lower during fire seasons with relatively higher fire activity than other fire seasons.
Additionally, those LFMC values were commonly detected as the outliers of the 10-year time series.
This suggested that the LFMC is an effective driver and an early indicator of wildfire occurrence over
southwest China.

We used optical remote sensing data for LFMC mapping in near real-time. However, because of
the weak penetration ability of optical spectral signals through clouds, its applications over cloudy
areas are largely limited [57,58]. For example, the computed LFMC maps had many data gaps in June,
July, and August over the study area (Figure 5) in spite of the monthly image composite of MCD43A4
data used. Fortunately, this has little impact on analyzing the effects of LFMC on fire occurrences
because seldom have wildfires been recorded during this period over the past 10 years (Figure 2).
Nevertheless, it poses the question that wildfires may be highly frequent in cloudy areas (e.g., the
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tropics are inevitably affected by fire [59] and are often covered by clouds [60]). Microwave remote
sensing data has been demonstrated to have better potential application in LFMC inversion because of
its strong penetration ability [61] and high sensitivity to surface moisture [62–65]. The combination of
multi-source optical and microwave remote sensing may be an effective way to alleviate the missing
data problem caused by weather conditions, allowing high quality and long-term LFMC products for
wildfire risk assessment to be generated. This will be explored in future work.

5. Conclusions

In this paper, we presented the first study on exploring the effect of LFMC on wildfire occurrence
over southwest China. The LFMC dynamics from 2007 to 2016 were first retrieved using RTM and
reflectance from the MODIS MCD43A4 product and then validated using field LFMC measurements.
Wildfires events were identified through the KD-tree based DBSCAN algorithm under two Koppen
climate zones (Cwa and Cwb). Statistical results showed that the LFMC dynamic remarkably affects
both grassland and forest fire occurrence: Forest and grassland wildfires between 2007 and 2016 were
controlled by three pre-fire critical LFMC thresholds which varied slightly between different fuel classes
but were similar for the two climate zones. Furthermore, regional median LFMC during a fire season
with high fire activity was significantly lower than the ten year average LFMC. Therefore, this study
demonstrated that LFMC dynamics have clear effects on wildfire occurrence over southwest China,
allowing the possibility to develop a new operational wildfire early-warning model over this area.
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Abbreviation Meaning
LFMC Live Fuel Moisture Content
RTM Radiative Transfer Model
Cwa Subtropical Highland Zone
Cwb Humid Subtropical Zone
BA Burned Area
IGBP International Geosphere–Biosphere Programme
KBDI Keetch–Byram Drought Index
DEM Digital Elevation Model
BRDF Bidirectional Reflectance Distribution Function
Landsat 8 OLI Landsat 8 Operational Land Imager
NDVI Normalized Difference Vegetation Index
SDNDVI Standard Deviation
CVNDVI Coefficient of Variance
DBSCAN Density-Based Spatial Clustering of Applications with Noise
CI Confidence Interval
DOY Day of Year
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