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Abstract
Climate conditions play a key role in determining the occurrence and severity of wildfires. Despite
the impacts of wildfires on ecosystems, human livelihoods, and air quality, little is known
conceptually about how natural or anthropogenic shifts in climate may influence the fire activity
on a regional or global scale. Here, we introduce a new low order dynamical model that describes
the nonlinear interactions between climate, vegetation (fire fuel) and fire probabilities. This
1-dimensional model describes the influence of precipitation and temperature on burned area and
fuel availability. Estimating key parameters from observations, the model successfully reproduces
the spatio-temporal variability of wildfire occurrences, particularly, in semi-arid regions in Africa,
South America, and northern Australia. The fidelity of the model translates into a high degree of
longer-term predictability of fire conditions in these vulnerable regions. Our new low-order
modeling framework may provide guidance to forestry managers to assess fire risks under present
and future climate conditions.

1. Introduction

The occurrence and statistics of wildfires are strongly
controlled by the prevailing climate conditions [1, 2].
Mean dry and warm climate conditions increase fire
activity [1–3]. According to recent climatemodel sim-
ulations, the globally-averaged fire risk has been pro-
jected to intensify in response to global warming
[4–6]. Moreover, due to the nonlinear sensitivity of
fires to prevailing climate conditions, interannual cli-
mate variability, associated for instance with the El
Niño—Southern Oscillation (ENSO) phenomenon,
can also control mean fire occurrences over multiple
continents [7–11]. For example, the extreme El Niño
event from1997 to 1998 intensified natural fire occur-
rences as well as the spreading of man-made fires in
fire-prone regions including Southeast Asia, North
and South America, Australia, Eurasia, and Southern
Africa [8, 12].

To understand how climate impacts fire, stat-
istical approaches, and complex fire models have
been used. The former approach identifies statist-
ical linkages between climatic conditions and fire
activity (e.g. [7–9, 11]). The latter uses process-
based models that explicitly resolve fire processes
on a more detailed level through parameterization
schemes [2, 13]. Thesemodels can simulate global fire
activity under various climatic conditions including
future global warming scenarios (e.g. the Fire Mod-
eling Intercomparison Project referred to as FireMIP
[14]), and specific climatic events (e.g. historical El
Niño events [10]). Process-based firemodels are com-
monly embedded in form of fire-enabled dynamic
global vegetation models (DGVMs) [15, 16].

However, none of previous studies have fully
unraveled the fundamental dynamics of the climate-
fire process. The process-based fire models offer rel-
atively accurate and reliable predictions of global fire
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activity; thus, it is possible utilize them as tools for
examining the climatic impacts of fire. However, the
complexity of the models makes it difficult to under-
stand the fundamental dynamics behind the sim-
ulated climate-fire processes. The statistical models
have the same limitation as well; it can represent
observed climate-fire relationship within high fidelity
but cannot reveal the dynamics behind them. A new
type of model is necessary to elucidate the dynam-
ics behind the observed climate-fire process. The
desired newmodel would be a mathematically simple
and understandable form, and at the same time it
should retain the key features of observed climate-fire
processes.

In this paper, we introduce a low-order ordin-
ary differential equation model which captures key
aspects of the fire-vegetation-climate system. The
model explicitly links climate influences on fire flam-
mability (e.g. fuel dryness) and fuel availability (e.g.
amount of vegetation/biomass), and describes fire
activity based on these two drivers. We further exam-
ine how well the new model explains observed
global fire patterns, including long-term means and
monthly variations.

2. Data

We use burned area (BA) as measure of fire activity.
The monthly burned area (BA) is obtained from the
Global Fire Emissions Database (GFED) version 4.0
satellite product with 0.25◦ × 0.25◦ spatial resolu-
tion [17]. We use the leaf area index (LAI) as meas-
ure of vegetation amount, and as a proxy for fuel
availability. Biomass would be a more suitable met-
ric for fuel amount, but there is no publicly available
global monthly biomass data. Therefore, we use LAI.
Monthly LAI is retrieved from NASA’s moderate res-
olution imaging spectroradiometer (MODIS) satel-
lite product (MCD15A2H) with a 500 m spatial res-
olution [18]. We consider precipitation and surface
air temperature as climate variables that control LAI
and BA. The monthly precipitation and surface air
temperature are obtained from the Climatic Research
Unit gridded Time Series (CRU TS) version 4.05 with
0.5◦ × 0.5◦ resolution [19]. The CRU TS dataset is
derived from the global weather station network. The
LAI and BA are interpolated into 0.5◦ × 0.5◦ grid res-
olution using bilinear interpolation. All datasets span
a period from 2003 to 2015. We shall refer to these
datasets as the observation throughout this paper.

3. Observed relationship between fire,
vegetation, and climate

As a first step to build the model, we investig-
ate the observed relationship between fire activity,
fuel resources (i.e. vegetation), and climate. Using

observation datasets spanning 2003–2015, a global
long-term mean of burned area (BA) and leaf area
index (LAI) are linked with precipitation and sur-
face air temperature (hereafter, temperature) which
are key drivers for fire activity and vegetation [1, 2, 4].
For the globally aggregated long-term mean BA and
LAI, we calculate the average BA and LAI per bin of
precipitation and temperature. The size of the bin is
set as 50mmyr−1 and 1 ◦C for precipitation and tem-
perature, respectively, and the results are shown in
figures 1(a) and 2(a).

We find a relationship with precipitation show-
ing maximum BA at an intermediate level of precip-
itation at 1320 mm yr−1 (figure 1(a)). In contrast,
the LAI exhibits an overall increasing pattern with
precipitation within a certain range of precipitation,
indicating that the fuel availability of fire increases
with precipitation (figure 2(a)). Here, the nonlin-
ear relationship between BA and precipitation can
be explained by the combined effect of fuel flam-
mability and availability. Higher (lower) precipita-
tion decreases (increases) fuel flammability leading to
lower (higher) fire activity, whereas at the same time it
also increases (decreases) the amount of fuel encour-
aging (suppressing) fire activity. Therefore, these two
competing effects create the characteristic distribu-
tion of BA with a peak at an intermediate level of
precipitation. It is consistent with the intermediate-
fire-productivity framework model, referred to as the
varying constraint hypothesis [20] which predicts fire
activity peaks at intermediate levels of aridity and
resource productivity.

In contrast to the precipitation, BA peaks at
regional temperature levels between 20 ◦C–30 ◦C
(figure 1(a)) where the LAI is nearly maximum as
well (figure 2(a)). It can be explained on the basis of
fuel flammability and availability as well. As temper-
ature increases, both fuel flammability and availab-
ility increase, resulting in peak BA at a high level of
temperature and vegetation. The higher temperature
makes fuel drier and easily reaches an ignition tem-
perature, leading to higher fuel flammability. Empir-
ically, for an individual fire event, the daily maximum
temperature is more related than the mean temper-
ature according to the fire weather index systems
(e.g. National Fire Danger Rating System [21] and
Canadian Forest Fire Danger Rating System [22]).
Following such a relationship, we also examine the
relationship between BA and a monthly maximum
temperature. The BA increases as maximum temper-
ature increases by higher fuel flammability (figure
S2). A long-term mean of monthly max temperat-
ure (Tmax) can be statistically linked with the mean
temperature (T) by the simple relationship, Tmax =
T+ 5.4 ◦C (R2 = 0.99) (see regression line in figure
S3). Therefore, we can reliably relate the BAwith both
maximum and mean temperature even though the
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Figure 1. (a) Climatological mean BA for 2003–2015 is plotted with the precipitation and temperature. The colored cell denotes
averaged BA per bin size of 50 mm yr−1 by 1 ◦C. The upper subpanel plots the bin averaged BA with precipitation, and the right
subpanel plots with temperature. The number of sampled data per each grid cell is shown in figure S1. (b) Steady-state BA
solution of the model. The solution, Bst is plotted for the wide range of precipitation (R) and temperature (T) over
domain of (0 mm yr−1, 7000 mm yr−1)× (−35 ◦C, 35 ◦C). The upper subpanel shows mean Bst against precipitation,
Bst (R) =

1
∆T

´
Bst (R,T)dT where∆T is difference between max and min T. The integral is performed over the two different

types of domains, the one is full range of R and T (gray line) and another one is specifically for the observed R and T value (black
line). The later one excludes the unrealistic values of R and T which are not seen in the observation (white color cells in figure
1(a)), allow us to directly compare the model solution with the observation in the upper subpanel in (a). The right subpanel is the
same as the upper one but for the temperature, Bst (T) =

1
∆R

´
Bst (R,T)dR.

Figure 2. (a) Climatological mean LAI for 2003–2015 is plotted with the precipitation and temperature. Same as figure 1(a), but
for LAI. (b) Steady-state LAI solution of the model. Same as figure 1(b), but for LAI.

maximum temperature is more likely to be related to
individual fire events.

Another noticeable feature found in the global
BA pattern is that there is a distinct climate boundary
for fire activity. If the precipitation is higher than
3600 mm yr−1, the fire does not occur anymore
(figure 1(a)) even if fuel resources are abundant in
those regions (figure 2(a)). Similarly, if the temperat-
ure is lower than −10 ◦C, the fire probabilities drop
significantly (figure 1(a)) even if there are resources

to burn (figure 2(a)). This suggests nonlinear
threshold-like behaviour of fires sensitivity to climatic
conditions.

4. A low-order dynamical model for
fire-vegetation-climate system

Following these observed sensitivities, we build a low-
order model for the fire-vegetation-climate system.

3
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We construct a dynamical model for fire, veget-
ation, precipitation, and temperature components.
The model captures the precipitation and temperat-
ure influence on fuel availability (i.e. vegetation) and
fire flammability, linking them to fire activity.

The BA is written as:

B= kVΘ(Rc −R)Θ(Tmax −Tc)(Rc −R)qR

× (Tmax −Tc)
qT , (1)

where B, V, R and Tmax are the BA, LAI, mean
precipitation, and maximum temperature respect-
ively. In this model, fire activity is dominated by
two main drivers, fire flammability (Θ(Rc −R)Θ
(Tmax −Tc)(Rc −R)qR(Tmax −Tc)

qT) and fuel avail-
ability (V). The model assumes that fire flammab-
ility increases for lower precipitation and higher
temperature following the observed sensitivities
(figure 1(a)). The Θ(x) is the Heaviside step func-
tion which imposes a threshold to fire flammability.
The BA is only positive when precipitation is smaller
than the Rc and temperature is larger than the Tc.
It reflects nonlinear threshold-like behavior in the
observed precipitation-temperature-BA relationship
(figure 1(a)). The parameter qR and qT character-
ize the relationship between climate components and
fire flammability For example, if qR = 1 (qR ̸= 1), pre-
cipitation linearly (nonlinearly) decreases fire flam-
mability over the fire activated regime (R< Rc and
Tmax > Tc). If qR = 0, precipitation does not affect
the flammability level anymore and only controls the
activation of fire.We assume that BA is linearly related
to the vegetation, V (i.e. amount of fuel resource).
The parameter k relates fuel availability and flam-
mability with the BA. For simplicity, we translate
the model to the function of the mean temperature
(T) based on the tight linkage between T and Tmax

(figure S3):

B= kVΘ(Rc −R)Θ(T−T∗
c )(Rc −R)qR(T−T∗

c )
qT ,
(2)

where T∗
c is fire threshold for the mean temperature.

Now the fire occurs when the T drops below the T∗
c .

As discussed in section 3, the LAI is linked with
precipitation and temperature (figure 1(b)), which
means V is not independent with the R and T in the
BA model (equation (2)). Therefore, to fully describe
the system, the vegetation model that links the R and
V will be established as follows:

dV

dt
= α(1+ γR R+ γT T)V−βV2 −ΦB. (3)

where the α represents the climate-independent
growth rate of LAI and β relates to the mortality
of the LAI. The LAI equation is essentially a mod-
ified logistic growth equation, which is the typical
model of population dynamics [23]. Here, we modi-
fied the growth rate term to reflect the effect of climate
factors, and also added the impact of fire. The growth
rate of the LAI linearly increases with the precipita-
tion (temperature) following sensitivity which is fur-
ther captured by the parameter γR (γT). It reflects the
observed LAI sensitivities to precipitation and tem-
perature (figure 2(a)). The term Φ expresses the effi-
ciency by which LAI is reduced in response of an
increase in BA. The vegetation reduction effect by fire
is supported by a series of DGVM modeling stud-
ies (e.g. [24, 25]). Replacing B in equation (3) with
equation (2) and rearranging the equation with V,
the vegetation equation can be written in compact
form:

dV

dt
= αeffV−βV2, (4)

where αeff = α(1+ γR R+ γT T)−ΦkΘ(Rc −R)Θ
(T−T∗

c )(Rc −R)qR(T−T∗
c )

qT . Equation (4) shall be
referred to as the low-order dynamical model that
describes the precipitation-temperature forced fire-
vegetation system.

Steady-state solutions (dV/dt= 0) of the low-
order model (equation (4)) can be calculated as:

Bst = k

[
α(1+ γR R+ γT T)−Φk(Rc −R)qR(T−T∗

c )
qT
]
(Rc −R)q(T−T∗

c )
qT

β
Θ(Rc −R)Θ(T−T∗

c ) , (5)

and

Vst =
α(1+ γR R+ γT T)−ΦkΘ(Rc −R)Θ(T−T∗

c )(Rc −R)qR(T−T∗
c )

qT

β
. (6)

Steady-state solutions for BA and LAI (equations
(5) and (6), respectively) are calculated for a
wide range of precipitation and temperature.
We consider precipitation and temperature range

of (0 mm yr−1, 7200 mm yr−1) and (−35 ◦C,
35 ◦C), respectively. The parameters are set as
α = 0.8 yr−1, γR = 0.008 yr mm−1, γT = 0.1 ◦C−1,
β = 10 yr−1, Φ = 2 × 10−10/(yr × km2),

4
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k = 12 × 10−8 km2/(◦C2 × mm2 yr−2), Rc =
3600 mm yr−1, T∗

c = −10 ◦C, qR = 2, and qT = 2.
We empirically chose these parameters based on the
observations (figures 1(a) and 2(a)), not applying a
specific statistical fitting process. The resultant solu-
tions are presented in figures 1(b) and 2(b).

The BA solution of the model shows a peak at
an intermediate level of precipitation (gray line in
figure 1(b)). The competing effects between the fire
flammability (Θ(Rc −R)(Rc −R)q) and vegetation
fuel availability (V) cause fire activity to peak at an
intermediate level of precipitation. In contrast, the
BA solution peaks at a maximum level of temperat-
ure at T = 35 ◦C due to the combined effect of fire
flammability (Θ(T−T∗

c )(T−T∗
c )

qT) and vegetation
fuel availability (V) (gray line in figure 1(b)). To dir-
ectly compare the model solution with the observa-
tion, we recompiled the model solution specifically
for the observed climatological domain (black lines
in figure 1(b)). The model consistently captures the
key features of the observed BA, large BA in inter-
mediate level of precipitation and high temperature.
It shows that our model can fairly describe observed
fire-climate relationship in low level of complexity.
However, it fails to consider the details of observed
BA sensitivity to precipitation and temperature. The
model solution does not show the strong bimodal BA
peak at 22 ◦C and 28 ◦C, and overestimates BA over
temperature range of 0 ◦C–20 ◦C. It also has high BA
bias over the wide range of precipitation.

The model LAI also shows overall good agree-
ment with the observations—larger LAI over higher
precipitation and temperature (figure 2). The model
temperature-LAI relationship almost coincides
with the observation, capturing its detailed pat-
tern (black line in figure 2(b)). However, the model
precipitation-LAI relationship shows large differ-
ences in high precipitation regime. The observed
LAI level is saturated as precipitation increases, while
the model solution linearly increases to precipita-
tion for entire range. It might be mainly due to the
linear growth rate assumption made on the vegeta-
tion model (equation (3)). If the LAI growth rate is
formulated as a nonlinear function for precipitation
(e.g. [26]), the model would show more consistent
LAI with the observation at high precipitation. The
linear vegetation assumption made in the BA model
(equation (1)) can also cause such amismatch.Never-
theless, the simple vegetation equation of the model
is sufficient to represent key characteristics of fire
climatology.

Note that we do not consider the weather
scale variation of the precipitation and temperature
[27, 28] since it is out of the scope of this paper
discussing climatic scale dynamics. A supplement-
ary discussion of the stochastic model including a
weather scale variation of the precipitation and tem-
perature can be found in supplementary text 1. The

weather scale variation of precipitation and temper-
ature does not fundamentally change the key features
of the model.

5. Predictability of monthly variation of
BA and LAI by the low-order model

The low-order model can explain the overall global
pattern of long-term fire and vegetation reflecting the
fuel flammability-resource dynamics. However, the
results shown in the previous section fail to capture
the detailed pattern of the fire-vegetation distribu-
tion (see color shading in figures 1 and 2). Because,
in the previous comparison, a single parameter set is
imposed for the entire globe, it cannot thus account
for the detailed regional differences of fire and veget-
ation characteristics, such as vegetation growth rate
and fire threshold. To reflect such details, the model
should be considered to have regionally distinct
parameter.

Here, narrowing down the spatio-temporal scale
of the model, we examine how well the low-order
models explain the observed monthly variation of BA
and LAI at a regional scale. We conduct the regionally
calibrated experiment using the model.

We first estimate the model parameters using
the monthly LAI, BA, precipitation, and temperature
data for 2003–2015. At each land grid point, the para-
meters for the BA (equation (1); k, Rc, Tc, qR and qT)
are fitted using the Levenberg–Marquardt algorithm
[29]. Then, the vegetation parameters (equation (3);
α, γR, γT, β andΦ) are also fitted against the observed
LAI using the linear regression method discretiz-
ing the differential term (dV/dt) as (Vi+1 −Vi)/∆t
where i= 1,2, . . . 155, and ∆t= 1 month. More
detailed explanation of the parameter fitting process
can be found in supplementary text 2. The result for
the fitted LAI and BA parameters is shown in figures
S4 and S5, respectively.

Using the observationally fitted parameters, the
model is then numerically integrated from 2003 to
2015 for 13 years with a time step size of 0.01 months
using the Euler method. The observed precipitation
and temperature data are imposed as the forcing for
the integration. As an example, the Northern Africa
Savanna grid point (24.0◦ N, 8.5◦ E) is demonstrated
in figure S6. An animation of the globally reproduced
monthly LAI and BA are shown in movies S1 and
S2, respectively. The model climatology and correl-
ation with the observation is also shown in figure
S7. For further analysis, we focus on the global trop-
ical Savanna region which includes the vast major-
ity of global BA with a distinct dry and wet sea-
son [30]. Specifically, we select the region which
exhibits a standard deviation of precipitation larger
than 60 mm month−1. Also, regions which exhibit
very small annual mean BA, less than 50 km2/grid
cell are excluded from our analysis. The selected

5
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Figure 3. Observed climatology of LAI and BA compared with the regionally calibrated experiment results for global tropical
Savanna regions. (a) and (b) are observed climatology maps for LAI and BA spanning 2003–2015, respectively. (c) and (d) are the
model reproduced LAI and BA climatology, respectively. (e) and (f) are difference between model and observation climatology
for LAI and BA, respectively.

region includes Southern and Northern Africa, part
of South America, Northern Australia, and South
East Asia.

The climatology (i.e. time mean) of reproduced
LAI by the model shows good agreement with the
observation, capturing the key pattern of global
Savanna vegetation distribution (figures 3(a) and
(c)). The difference between the model and obser-
vation is less than 0.5 for all in the analysis regions.
The model successfully captures seasonal variation in
major Savanna regions exhibiting correlations with
the observation about 0.7–0.9 such as for Northern
and Southern Africa Savanna, central and eastern
parts of South America, India, part of Southeast Asia,
and Northern Australia (see figure 4(a) and movie
S1). However, the model fails to reproduce high-
frequency variations of LAI in tropical rainforests in
central Africa, Southeast Asia, and northern South
America.

The model reproduces key observed features of
global BA climatology over major Savanna regions
such as in Northern and Southern Africa, North-
ern Australia, South America, which contain the vast
majority of global BA (figures 3(b) and (d)). The dif-
ference between observed BA climatology is up to
20% except in some regions in Northern Africa and
South America including Sudan and Paraguay which
are overestimated at over 80%. The overall difference
range is within the performance level of the FireMIP

models which show the difference of−92%–46% for
a similar period, region and dataset (2002–2012 over
30◦ N–30◦ S with GFED4) [31] indicating that the
model reproduces BA climatology at a reasonable
level. The model captures the overall seasonal variab-
ility pattern of those major Savanna regions as well,
namely the increasing (decreasing) BA followed by
the dry (wet) seasons (see figure 4(b) and movie S2).
Northern and Southern Africa, characterized by dis-
tinct wet/dry periods, have a high correlation with
the observation of about 0.6–0.8. Also, Northern Aus-
tralia, South America, Southeast Asia, and part of
Central America show a high correlation of 0.5–0.8.
However, some regions have a low correlation of less
than 0.3, such as Madagascar, part of South Amer-
ica including Brazil and Paraguay, indicating that the
model is not able to reproduce a detailed pattern of
BA variation in those regions (figure 4(b)).

However, the model cannot explain fire activity
outside of the Savanna regions such as—boreal and
temperate forest in Northern Russia, North Amer-
ica, and agricultural band in Central Asia (figures S7,
S8, and movie S2). In these regions, our model has
a reasonable agreement in the BA climatology, but it
fails to capture the temporal variation of the BA. The
poor model performance in these regions is presum-
ably caused by neglected climate variables (e.g. wind),
simplified linear parameterizations of the model, and
different fire dynamics.
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Figure 4. Correlation of model reproduced monthly LAI and BA with the observation for global tropical Savanna regions. (a) and
(b) are the results for the LAI and BA, respectively. The color shading denotes the correlation.

6. Caveats: missing factors in the
low-order model

Our low-order model assumes that fire dynamics are
only dependent on the variation of the precipitation,
temperature, and LAI. Other physical drivers of fire
are missing in the model, for example, wind speed,
lightning frequency, and solar insolation [32]. In par-
ticular, the model does not account for the fire igni-
tion process including lightning, and only focuses on
drivers of fuel loads and flammability. The lacking
physical drivers can potentially undermine the model
performance. For example, the low model perform-
ance in high latitude boreal forest regions (figure S7,
movies S1 and S2)might be caused by the lack of solar
insolation impact on LAI and the lightning ignition
process [33].

Vegetation topography and fragmentation effect
are missing as well [34–36]. Because our model is
built for area averaged quantity of BA and LAI, it can-
not consider a spatial continuity of vegetation and
related fire dynamics. Importantly, human manage-
ment and agricultural effects are not accountedwhich
can suppress the fire activity and mute climate for-
cing signals. The human management effect would

extensively occur in populated regions and coun-
tries with better infrastructure, and agriculture effect
would occur in croplands. Agricultural activity can
effectively mask climate forcing signals, and poten-
tially hinder the model predictability. For example, in
Central Asia, agricultural fire actively occurs follow-
ing out-of-phase seasonality with precipitation, signi-
ficantly weakening the impact of climate forcing [37].

Our model simplifies the effect of precipitation
and temperature on BA and LAI by applying linear
assumptions: linear dependency of vegetation in the
BA part (equation (1)) and linear growth rate sens-
itivity of precipitation and temperature in LAI part
(equation (3)). Therefore, the model cannot simulate
the fire activity driven by nonlinear or more com-
plex dynamics. For example, over the boreal forest
including parts of North America, the overwintering
fires (known as zombie fires) actively occur, re-flaring
up in the subsequent spring after the initial burn-
ing event [38]. Such complex variation of fire cannot
be modeled as the simple linear formulations in the
model.

However, even though these factors are not expli-
citly considered in the model, the model can reflect
these unconsidered effects in implicit manner. One

7



Environ. Res. Lett. 17 (2022) 094004 S-K Kim et al

way is to be included in the observationally fitted
model parameters. For example, the fire suppression
effect by the human-management would be reflected
as the low k value in the BA model. Thus, the model
can partially consider the human-management effect
in an indirect and implicit way. Another way to
reflect the unconsidered effect is the statistical pre-
dictor effect. For example, our model has good per-
formance in African Savanna fires which are influ-
enced by agricultural activities [39, 40], even though
it does not consider the agricultural effect directly.
This is because, in this region, agricultural activit-
ies are tightly linked to the monsoon cycle, thus the
climate forcing becomes a good predictor for fire
activities. Thus, our model can partially include these
unconsidered effects in an empirical way, and it can
potentially increase model performance. This is one
of the reasons why our model has good perform-
ance despite a few numbers of factors being explicitly
considered.

7. Concluding remarks

In this paper, we introduced a low-order dynamical
model for the climate-forced fire-vegetation dynam-
ics. The model consistently explains the observed
long-term global pattern of fire, which has an optimal
climatological window at an intermediate level of pre-
cipitation (1320 mm yr−1) and high surface temper-
ature (30 ◦C) (figures 2(a) and (c)). One of the strik-
ing features is that the model explains monthly fire
activity in global tropical Savannas including part of
Southern andNorthern Africa, South America, Cent-
ral Asia, and Central America with correlations ran-
ging from 0.6 to 0.9, and a similar level of long-
term mean difference to state-of-art fire models (e.g.
FireMIP [14, 31]). It indicates that in those regions,
the monthly fire variation can be explained by the
low-order dynamics driven by climate forcing (pre-
cipitation and temperature).

Especially, the region that exhibits very high
correlation levels of about 0.9 in Southern Africa
includes countries—Democratic Republic of Congo,
Tanzania, Angola, and Zambia. Thus, the model can
be utilized as an alternative to the process-basedmod-
els for monthly fire prediction, requiring remarkably
small computational costs. It can be also implemen-
ted in a global climate model to simulate fire and
vegetation variation at the lowest complexity level
using minimal computational resources.

Understanding fire complexity is still a challen-
ging scientific problem. Here, we have revealed the
fire dynamics just in the tropical Savanna which fol-
lows the simple low-order dynamics, driven by pre-
cipitation and temperature. The dynamics of the rest
of the regions are not clear yet so far, and thus there
is plenty of room for exploration. Building up on
the ideas presented here, a further study would aim
to build a more complex model for fire, explaining

diverse aspects of fire activity over the globe. Our
new low-order modeling framework may provide a
powerful basis for building fire models in the future.
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