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Abstract: Wildfire simulations depend on fuel representation. Present fuel models are mainly based
on the density and properties of different vegetation types. This study aims to improve the accuracy
of WRF-Fire wildfire simulations, by using synthetic-aperture radar (SAR) data to estimate the fuel
load and the trend of vegetation index to estimate the dryness of woody vegetation. We updated the
chaparral and timber standard woody fuel classes in the WRF-Fire fuel settings. We used the ESA
global above-ground biomass (AGB) based on SAR data to estimate the fuel load, and the Landsat
normalized difference vegetation index (NDVI) trends of woody vegetation to estimate the fuel
moisture content. These fuel sub-parameters represent the dynamic changes and spatial variability
of woody fuel. We simulated two wildfires in Israel while using three different fuel models: the
original 13 Anderson Fire Behavior fuel model, and two modified fuel models introducing AGB alone,
and AGB and dryness. The updated fuel model (the basic fuel model plus the AGB and dryness)
improved the simulation results significantly, i.e., the Jaccard similarity coefficient increased by 283%
on average. Our results demonstrate the potential of combining satellite SAR data and Landsat NDVI
trends to improve WRF-Fire wildfire simulations.

Keywords: wildfire; WRF-Fire; Landsat; SAR; Mediterranean; fuel model; AGB

1. Introduction

Wildfires can cause direct damage to property and human lives, indirect damage to
human health by wildfire smoke [1], damage to the environment by altering the functioning
and structure of the ecosystem [2–4], and they can serve as a major source of greenhouse gas
emissions that contribute to global warming [5]. In the Euro-Mediterranean region alone, a
yearly average of c. 450,000 ha are burned [6], with the majority of fires being caused by an-
thropogenic activities [2,3]. Climate change and land-use/land-cover changes are projected
to increase the frequency of wildfires in the Mediterranean region [7–10]. Wildland fires are
highly complex phenomena determined by fuels, topography, and weather [11], but they
are also greatly impacted by previous fires (e.g., fire interval and fire severity) and human ac-
tivities [7]. They can be modeled as part of a large scale climate–vegetation–fire model such
as FATES-SPITFIRE [12], as a single wildfire by using a two-dimensional semi-empirical
model such as FARSITE [13], or by a much more computationally expensive model such as
WRF-Fire [14], which is a numerical weather prediction (NWP) model combined with a 2D
fire spread model that represents two-way fire–atmosphere interactions.

The results of these models depend on model inputs (fuel, topography, and weather),
where fuel (distribution and quantity) is the only parameter that can be managed. Fuel
mapping is therefore critical for improving the prediction of wildfire likelihood and inten-
sity and for modeling fire behavior [15]. In many cases, it is the most important variable
affecting the accuracy of the prediction of wildfire growth [16].
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Fuel types refer to an identifiable association of fuel elements of different vegetation
species, form, size, and height, as well as fuel density with a similar predicted fire behav-
ior [17]. For example, the fuel loading is defined as the dry weight of the above-ground
biomass (AGB) per unit area. Categorizing measurements into fuel classes usually results
in a loss of fuel spatial heterogeneity [18]. Euro-Mediterranean standard fuel models tend
to overestimate burned areas in contrast with local models that are based on field samples
that better represent the local fuel [19].

LANDFIRE is the USA’s “standard” fuel maps product (provided for the continental
USA). LANDFIRE maps are based on optical satellite and ground data and are used for mod-
eling fire spatial behavior and spread in support of fire management decisions [20–22] as,
for example, in operational wildfire simulations in Colorado [23]. CORINE is a land-cover
maps product [24] provided through the EU’s “Copernicus” data hub. The operational
fire modeling system in Greece uses CORINE as the basis for fuel model classification
with the addition of custom fuel types based on the literature [25]. Operational wildfire
simulations in Israel are based on government vegetation data maps that were converted
into 13 fuel categories [26]. All of these fuel maps are based on the Scott and Burgan [27]
and the Anderson [28] fuel model classification schemes.

Li et al. [29] used the time series of the MODIS and Landsat products and a standard
fuel model to improve wildfire simulations. They used the MODIS NDVI and NPP products
to estimate the annual accumulated AGB dead fuel load of shrubland/grassland fuel type
in the Western USA. This information was used to update the fuel load in LANDFIRE,
which improved the simulation of wildfire behavior with respect to the original LANDFIRE
product. A similar approach, based on the Landsat vegetation structure index [30] and
fuel accumulation model, was used to simulate wildfires in dry sclerophyll forests and
woodlands in Western Australia [30].

It has been shown that in a Mediterranean climate, it is possible to map the AGB
of woody vegetation by decomposing the NDVI time series into woody and herbaceous
vegetation components [31,32]. The declining multi-year woody trend is used as a marker
for increasing dry matter and the risk of wildfire spread [33,34] especially in dense Mediter-
ranean woodlands [31,35]. Spaceborne synthetic-aperture radar (SAR) can supply direct
information on fuel load (AGB) on the global scale (e.g., Sentinel-1 C band and L band
PAL-SAR-2/ALOS-2 SAR). The SAR backscatter typically increases with the amount of
AGB to the point of saturation [36]. This was used to assess Mediterranean forest biomass
in central Italy [37] but is not commonly used [18]. Airborne SAR was also used to estimate
the distribution of fuel load (AGB) for wildfire modeling in Yellowstone National Park [38].

The goal of this study was to improve the spatial representation of woody fuel, which
is used as input in wildfire spread models in Mediterranean woodlands but which is
missing in current fuel models [18]. We used the global SAR AGB product [39] to include
the spatial representation of AGB, and the time series of NDVI woody vegetation [35] from
Landsat to depict drying trends in woody vegetation that are related to the amount of dry
matter [31,35]. Drying trends are not represented in current fuel models. The drying of
woody vegetation is expected to intensify wildfire spread in the future [40] if the climate
is drier. The effect of these changes in the representation of fuel on the predicted wildfire
spread (area) will be examined here.

This methodology can be implemented, for example, by the Greek Fire Service fore-
casting system, which currently uses the open-source pan-European vegetation and land
use datasets [25]. It can also be implemented in the operational wildfire system currently
used in Israel [26].

2. Materials and Methods

The main focus of this study is to create a dynamic fuel model for input into the
wildfire spread model. Figure 1 presents a flowchart summarizing the steps of this study.
The dynamic fuel model is created by adding two components to the basic static fuel model:
(a) the SAR-based fuel load (AGB), and (b) fuel moisture due to long-term dry periods as
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assessed by the trends of NDVI. These fuel models (static and dynamic), together with
topography, and weather data are used to evaluate the potential improvement of the fire
spread model.
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2.1. The Wildfire Prediction Model

For this study, we used the WRF-Fire wildfire modeling system, which is the opera-
tional system currently used in Israel [26]. WRF-Fire consists of the atmospheric model
and the fire spread module based on Rothermel [41]. The WRF atmospheric model is a
mesoscale numerical weather prediction model used for atmospheric research and opera-
tional forecasting applications. The model features a dynamical core that solves the fully
compressible non-hydrostatic equations using terrain-following hydrostatic-pressure verti-
cal coordinates and the Arakawa C-grid staggering spatial discretization for variables [42].
The atmospheric model was run on two one-way nested domains with horizontal grid
spacings of 6000 m (D01) and 2000 m (D02), respectively. The fire spread module provides
the two-way fire–atmosphere interactions modeling capability, which is schematically
represented in Figure 2. Surface air temperature, relative humidity, rain, and wind were
introduced from the WRF atmospheric model. Other inputs are the static topography layer,
and the dynamic fuel load and moisture content which were changed in this study to assess
their contribution to the predicted (output) wildfire perimeter. The fire module provides
feedback to the atmospheric model through the surface heat and moisture fluxes.
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2.2. The Study Region

The region considered in this study is the center of Israel (Figure 3a,b). This region has a
semi-arid, Mediterranean climate with a mean annual precipitation of 480 mm concentrated
between December and March [43]. The woody vegetation in the area includes woodlands
with intermixed trees and shrubs. There are shrublands with shrubs of 0.5–2 m height [44]
and planted conifer forests mainly composed of native Pinus halfpennies pine and cypress
species [45], which are usually more uniform in structure and composition [44]. Many of
the wildfires occur in the late spring/early summer months (April–September) [46], while
large fires are more common during spring and autumn under the influence of hot and
dry synoptic systems. Large wildfires covering extensive areas have been associated with
herbaceous vegetation, planted pine forests, and military training areas [33,47].
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Figure 3. (a) The multi-scale WRF setup in this study (red boxes) D01 and D02 with horizontal grid
spacings of 6000 m and 2000 m, respectively. The sub-grid resolution of the fire sub-model is of 200 m.
(b) Locations of the two wildfires in central Israel (case A and B) are marked by the blue stars, and
the locations of the meteorological stations by the green circles.

Two historical wildfires, which will be described below in Section 2.5, were used as
case studies in this study. The locations of these two fires are indicated by the letters A and
B in Figure 3b.

2.3. Fuel Maps
2.3.1. Base Fuel Map

We used the Israeli National Ecosystem Assessment Program 25 m spatial resolution
2016 vegetation formation map [48], which is based on several datasets including the Israeli
operational wildfire forecasting system fuel map [26]. This fuel map was resampled to a



Remote Sens. 2022, 14, 2941 5 of 14

spatial resolution of 100 m. A single static fuel model was assigned to each major vegetation
formation based on the fuel classification [26] and was used as the base fuel map for the
simulations (Table 1).

Table 1. Fuel models [28] for the base fuel map used for the simulations.

Eastern Mediterranean
Vegetation Type

US Forest Service
Model Name

Model
Number

AGB
[t ha−1]

Herbaceous vegetation Short grass 1 2.68
Deciduous Oak (Quercus ithaborensis)

dominated woodland park Chaparral 4 24.68

Pine dominated forest Timber 10 25.58

2.3.2. Base Fuel Map and AGB

The default settings for the AGB timber fuel model used a fixed value of
24.68 t ha−1 [28]. We used the 100 m spatial resolution global SAR AGB product for
the year 2017, which is based on a combination of C Band (Sentinel-1) and L band (PAL-
SAR-2/ALOS-2) SAR [39] to estimate three levels of timber (pine-dominated forest) AGB
using natural breaks classification (low = 110; medium = 120; high = 130 t ha−1). Similarly,
three levels of chaparral fuel type (original value of AGB 25.58 t ha−1) were set (low = 120,
medium = 154, high = 180 t ha−1) (Figure 4c,g). The original AGB fuel values are based on
the default fuel model which was developed in California [28].

Table 2. The three fuel maps used in the WRF-Fire simulations.

Fuel Map Spatial Information Used in the Fuel Map

I Base fuel map
II Base fuel map + AGB
III Base fuel map + AGB and NDVI trend

2.3.3. Base Fuel Map, AGB, and Browning of Woody Vegetation (NDVI Woody Trend)

Landsat 8 NDVI data at 100 m spatial resolution (resampled from the original 30 m
data) retrieved from Google Earth Engine [49] were decomposed into annual and woody
vegetation [31,32]. The woody vegetation trend was calculated using five years (2013–2018)
of the NDVI time series [35]. We used cloud-free yearly minimum NDVI which occurs
in the mostly cloud-free dry summer. This approach takes advantage of the distinctive
phenology of the main vegetation components (woody and herbaceous) in Mediterranean
environments.

Decline in the 5-year woody vegetation trend is used as a marker for increasing dry
matter which can be caused by drought [31,35,50]. Long-term effects of drought are not
represented in the fuel model by a physical variable [28]. To overcome this limitation, we
used the default amount of fuel moisture content (FMC) for each fuel class as a proxy for
the woody vegetation trend. In areas with timber or chaparral fuel types with no significant
negative trends (p < 0.1), we increased the FMC values by 25% based on several sensitivity
tests (Figure 4c,g).

2.4. Configuration of the WRF-Fire Wildfire Modeling System

As noted above, the atmospheric component of WRF was configured to run on two
one-way nested modelling domains with horizontal grid spacings of 6000 m (D01) and
2000 m (D02). Land use and soil type were represented using the default terrestrial datasets
distributed by WRF [42]. The simulation of the wildfire spread was conducted at a high-
spatial resolution, embedded as a sub-grid in D02 with a grid refinement ratio of 10:1
(Figure 3a), using the SRTM 90 m resolution global DEM.
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Figure 4. The two case studies: (a–d) Bet Shemesh (case A in Figure 2), and (e–h) Modiin (case B in
Figure 2). (a,e) Maps of the actual (black line) and predicted wildfire perimeters (light blue, dark
blue, and yellow lines, for fuel maps I, II, and III in Table 2); (b,f) topography at the two case studies;
(c,g) land-cover fuel maps: the dots in the pixels represent the negative trend of woody vegetation,
the letters represent low (L), medium (M), and high (H) levels of AGB for chaparral (L = 120, m = 154,
H = 180 t ha−1) and timber (L = 110, M = 120, G = 130 t ha−1); (d,h) 2 m air temperature and wind
vectors in the zone of the wildfire at 12:00 using the WRF forecasting model. The star represents the
location of ignition. (Additional details of the WRF-Fire results from the three fuel map simulations
for three observed times are shown in Figure A1 in Appendix A).
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Initial and lateral boundary conditions for WRF were extracted from publicly available
forecast data from the National Centers for Environmental Prediction (NCEP) Global
Forecasting System (GFS) with a spatial resolution of 0.25 degrees and a 3-h temporal
resolution. The WRF simulations started at 00:00 (local time), while the fire began 8 h later.
The updated fuel and FMC values were introduced by changing the WRF-Fire name list of
fuel parameters and updating the spatial fuel input data of surface fuel [42].

2.5. Case Studies

The model was used to simulate two wildfire cases which have different characteristics
in terms of the amount of woody vegetation. The locations are indicated above in Figure 3b.
Following is a brief description of the two cases.

Case A. On 23 May 2019, a major wildfire broke out in the northern zone of the Tzora
forest, which is a mature pine forest planted in the year 1950 by the Keren Kayemet Le’Israel–
Jewish National Fund (KKL–JNF) and is situated north of the city of Beit Shemesh [43].
The fire ignition occurred in the morning during an extreme heatwave with a mean air
temperature of 38.5 ◦C and a relative humidity of 10.3% between the hours of 8:00–17:00 as
measured at the meteorological station of the Israel Meteorological Service (IMS), south
of the Tzora forest (Figures 3b and 4a–d). The spread of the fire towards the north was
driven mainly by a gentle slope. It ended between noon and evening of the same day after
burning 32.4 ha of adult pine [43]. This case was one of the many wildfires that occurred
during the same week and was chosen to represent a fire in a dense conifer forest.

Case B. On 16 May 2019, a wildfire broke out in a low-elevation woodland area in the
Northern Judean Mountains, northeast of the city of Modi’in-Maccabim-Re’ut (Figure 3b).
The weather was normal for the season with a mean air temperature of 31.8 ◦C and a
relative humidity of 48.5% as measured at the closest meteorological station of the Ministry
of Agriculture (Figures 3b and 4e–h). The fire started in the woodland area and spread
towards the southeast driven by a mild slope and westerly winds. It was extinguished by
nightfall. A total of 63.5 ha of mainly Pinus halepensis Mill and local shrub species were
burned. This case was chosen to represent fire in a woodland area with a low density of
woody vegetation.

In both cases, the ignition coordinates were estimated using MODIS and VIIRS hotspot
data [51,52]. The ignition time was assumed to be 8:00 a.m. local time in both cases, and
the actual wildfire perimeter was taken from the KKL–JNF database [7]. The perimeter
represents all of the burned areas.

Each wildfire case was run with the original fuel map and with our two new fuel maps
as listed in Table 2. We expect the fuel maps with additional details to positively affect the
simulations. In general, we assume that the results of the simulations will be useful only
for the first 3–4 h of the forecast [53], since the model does not consider external activities
(e.g., firefighters’ or civilians’ actions) that may affect the spread of the fire. In Israel, most
wildfires occur close to populated areas [7], and therefore firefighter response is usually
rapidly activated in order to minimize the risk to life and property.

2.6. Comparing the Performance

We assessed the skill of the forecasts of the different fuel maps using the Jaccard simi-
larity coefficient, in which the value is defined as the area of the intersection of the observed
and simulated fire areas divided by the area of the union of the observed wildfire perimeter
and the simulated wildfire [54]. The values range is between 0 and 1, where 1 means perfect
similarity between the wildfire and the simulation, and 0 means no similarity [54,55]. The
Jaccard similarity index is defined as:

J(A, B) =
|A ∩ B|
|A ∪ B| =

|A ∩ B|
|A|+ |B| − |A ∩ B| . (1)

where A and B are the actual and simulated wildfire areas, respectively.
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3. Results
3.1. Model Performance with Different Input Fuel Maps

Table 3 summarizes the performance of the simulated wildfire perimeter using the
model with the three different fuel maps, assessed using the Jaccard similarity coefficient.
In both cases, A and B, the accuracy when using the basic fuel map is quite low with a
value of 0.13. Similar results were obtained in a previous study [25]. The simulations in
case A which were in a dense conifer forest show an improvement in performance between
fuel model II and III, while in the case B woodland area, with a low density of woody
vegetation, a similar performance is seen for fuel models II and III.

Table 3. Jaccard similarity coefficient for the three fuel models [28] used for the simulations.

Wildfire Case
Fuel Models

I II III

A 0.13 0.38 0.48
B 0.13 0.20 0.20

3.2. Case A

Figure 4a–c, show the results for the pine forest area of case A with the actual and
predicted fire perimeters superimposed on the geographical map (Figure 4a), the topog-
raphy map (Figure 4b), and the land-cover fuel map (Figure 4c) four hours after ignition.
Meteorological conditions showing the 12 h WRF predicted 2 m temperature (extreme
weather/heatwave) and the wind vectors are shown in Figure 4d for the 23 May 2019
event. The black line in each map shows the actual perimeter, while the results of the
WRF-Fire simulations using the three fuel maps listed in Table 2 are indicated by the light
blue, dark blue, and yellow lines for fuel maps I, II, and III, respectively. The observed
perimeter indicates that the fire spread mainly to the north and northeast. All simulations
show the advance of the wildfire to the north in a downslope direction, which is the same
as the WRF-predicted wind direction. With fuel maps I and II, the model predicted the
fire spreading to the south as well as to the northeast and northwest. The simulation skill
(Jaccard similarity coefficient) of fuel map II was 292% higher than in the simulations with
the original fuel map I. The simulation with fuel map III shows the best forecasting skill,
which is 369% higher than the simulation with base fuel map I. It correctly restricts the
wildfire from spreading too far out of the forest to the northwest, although it does show the
spread to the south as in the other two simulations.

3.3. Case B

Figure 4e–g, show the results of case B in the WRF-Fire simulation 4 h after fire
ignition, with the actual and predicted fire perimeters superimposed on the geographical
map (Figure 4e), the topography map (Figure 4f), and the land-cover fuel map (Figure 4g)
with the wildfire moving upslope in a southeast direction. Meteorological conditions for
the 12 h WRF predicted 2 m temperature and wind vectors are shown in Figure 4g. The
wildfire perimeter from the KKL–JNF data is shown in black. The simulation based on
the original fuel map I progressed too far to the southeast, significantly overestimating
the wildfire area in the downwind direction along the ridge and then downslope. The
results of the simulations with fuel maps II and III were similar, with both significantly
restricting the incorrect predicted spread to the southeast as seen in fuel map I. However,
both underestimated the wildfire perimeter. The forecast skill of fuel maps II and III showed
an improvement of 153% compared to the results from the simulation using base fuel map I.

4. Discussion

Adding more datasets and details (SAR, NDVI trends) to the fuel maps is expected to
improve the model performance, although it may also potentially increase uncertainty. The
new datasets were added in two stages in this study. Adding SAR-based AGB improved
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the Jaccard similarity coefficient in both cases (A and B). This improvement is attributed to
the inclusion of spatial representation of the fuel load, which was lacking in the original fuel
model. Adding NDVI trend-based information improved the Jaccard similarity coefficient
in case A (forest) but not in case B (area with sparse woody vegetation). These results are
in accordance with similar findings in Greece [35]. Following is a brief discussion of the
effects of different aspects of the fuel maps on the model performance.

4.1. General Predictability of the WRF-Fire Model

As in [25], here too, the WRF-Fire simulation correctly captured the general direction
of the wildfire spread. The fuel parameters affected only the rate of spread (ROS) while
preserving the general shape of the fire perimeter. ROS values in the forest area were lower
as was also reported in a study based on FARSITE wildfire simulations, probably due to
down-slope wind flow, which slowed down the ROS in the forest area [56]. Furthermore,
in Case A, significant shifts in the wind directions may have also helped limit the spread of
the fire. The WRF-Fire prediction results produced relatively low skill probably due to the
lack of calibration of the ROS, which has been shown to improve the skill of the model by
up to 100% and, in some cases, even more [25].

4.2. Fuel and AGB

AGB values of the woody vegetation fuel type from the CCI biomass product [39] were
similar to those reported in studies conducted in Mediterranean forests in Spain [57,58] and
Northern Israel [32]. These values are much higher than the AGB values of the 13 fuel-type
model that was developed for the Mediterranean climate of California [26,28] and that is
used in the Israeli operational WRF-Fire forecasting system. The AGB values of timber
and chaparral are fixed and lower than the spatially variable SAR product estimation
(Figure 4c,g), which is one of the sources of errors in wildfire simulation [59,60].

The higher AGB values improved the characterization of the fuel, and therefore
improved the skill of the model (Table 3) by reducing the overestimation of the perimeter
errors (Figure 4a,e). A simulation of wildfires in other Mediterranean landscapes that
included a standard pine tree fuel-type model and a customized fuel type with a higher
AGB [19] also reported a reduction in the overestimation errors. Similar reductions in errors
were reported in Mediterranean shrubland [56]. In the California king Megafire WRF-Fire
simulation [61], reducing AGB values caused an amplification of the ROS. This effect was
probably due to the self-reinforcing dynamics of fire-generated winds, rather than direct
effects imposed by individual external factors such as fuel or drought [61].

4.3. Fuel, AGB, and NDVI Trend

Adding NDVI trend information improved the model performance in a high-AGB
dense pine forest (case A), but not in the lower-AGB woodland (case B). The NDVI trend
information was introduced to the model by adding 25% FMC to all areas, which did not
show a significant negative NDVI trend (p < 0.1). The different effects of NDVI trends in
low and high AGB woodlands were observed in another Mediterranean environment, in
Greece, where the amount of fuel had a stronger effect on the wildfires than the amount of
dead fuel [35]. Also, the effect of a negative NDVI trend (higher dead fuel) was significant
only in a dense forest case as was shown in [35] where the relative influence of the amount
of dead fuel was very low and increased with the amount of biomass.

4.4. Limitations of the Study

We acknowledge some limitations of this study. These include: (a) the estimation of
the ignition point location using hotspot data based on MODIS and VIIRS as was done
in [62,63]; (b) the assumption regarding the impact of rapid deployment of firefighting
forces to wildfires in Israel is reasonable as almost all wildfires are close to populated areas,
including the wildfires studied here in cases A and B; (c) errors are also introduced to the
predicted fire due to the WRF-Fire representation of fire propagation as only a surface
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fire [60,64]; and (d), in this study, browning was modeled as a binary value. We recommend
modeling the long-term effects (NDVI trends) in combination with the short-term effects
(dynamic FMC, NDWI) in WRF-Fire [26], which was also suggested by [34].

5. Conclusions

In this study, we have demonstrated the advantage of running wildfire simulations
using a high spatial resolution, global SAR AGB product, which provides the spatial
variability of a given fuel type of woody vegetation. Using AGB from the global SAR
product can reduce the need for expensive field measurements and appears to be able
to improve regional wildfire spread forecasting systems such as the operational system
in Greece that is currently based on the CORINE land-cover map for the fuel model [24],
which is probably one of the sources of error in fire spread simulations [25].

In addition, we showed that incorporation of trends into the vegetation index of
woody vegetation in Mediterranean climate regions may improve the results of wildfire
simulation in dense forests through a better representation of the dryness status of woody
vegetation due to the cumulative effects of drought. Nevertheless, further examination
of the best method of integrating this information into the latest version of the WRF-Fire
or other wildfire prediction systems is required. This may be especially relevant when
considering new remote sensing data from global SAR which are expected to be available
in the next few years.
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