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ABSTRACT
Based on regional climate model simulations conducted with RegCM3 and NCEP Reanalyses, the impact of anomalous
climate forcing on environmental vulnerability to wildfire occurrence in Africa is analyzed by applying the Potential
Fire Index (PFI). Three different model-based vegetation distributions were analyzed for a present day simulation
(1980-2000) and for the end of the twenty-first century (2080-2100). It was demonstrated that under current climate and
vegetation conditions the PFI is able to reproduce the principal fire risk areas which are concentrated in the Sahelian
region from December to March, and in subtropical Africa from July to October. Predicted future changes in vegetation
lead to substantial modifications in magnitude of the PFI, particularly for the southern and subtropical region of Africa.
The impact of climate changes other than through vegetation, was found to induce more moderate changes in the fire
risk, and increase the area vulnerable to fire occurrence in particular in sub-Saharan. The PFI reproduces areas with
high fire activity, indicating that this index is a useful tool for forecasting fire occurrence worldwide, because it is based
on regionally dependent vegetation and climate factors.
Keywords: Climate Changes; Soybeans; Maize; Amazon

1. Introduction
Vegetation fires are extensive in Africa, and any changes
in the risk of fires in a changing climate will have important impacts on societies in several African countries.
Burning of biomass plays an important role in global
emissions of carbon and other trace gases [1,2]. Vegetation fires on a global scale are the second largest anthropogenic source of greenhouse gas emissions [3]. Reference [4] reported that the amount of carbon dioxide release from Indonesian fires in 1997 and 1998, which was
equivalent to 25% of total CO2 emissions resultant from
combustion of fossil fuels worldwide.
As discussed by [5], Africa is a continent highly prone
to lightning storms and fire distribution is associated with
both dry and wet periods. In the past two million years,
lightning was the primary ignition source of fires in the
Africa savannas, however, at present humans are playing
a more important role in starting fires [6]. In this sense,
in the year 2000 the most extensively burned areas were
Open Access

located in sub-Saharan Africa with the total area burned
estimated at 959,480 km2 [7].
Based on satellite data [8] demonstrated that in northern hemisphere Africa between 2001 and 2004, over
106 km2 burned. It should be noted that the total burned
area during this period in the Northern and Southern
Hemisphere Africa represents 70% of the total area
burned globally. Nevertheless, due to the coarse resolution of satellite detected-fire and scarcity of spatial distribution, a systematic evaluation of long term interannual variability of fire and burned area remain a matter of
discussion. However, based on modeling results [9] claim
that, by the year 2060 Africa may experience a strong decrease of burned area of ca. 20% - 25%. This is attributed to
be linked to changes in social conditions and land use. There
is a lively debate on the importance of anthropogenic and
climate factors contributing to the ignition of vegetation
fires [e.g. 10]. Under current condition, [11,12] found the
best agreement between simulation and observations for
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the fire by explicitly considering human caused ignition
and fire suppression as a function of population density
[12], however, based on temperature, precipitation, relative humidity, lightning activity, land cover and population density datasets, argued that future climate conditions will play the major role in driving global fire trends,
overcoming the human effect on fire ignition. It has also
been demonstrated that increased surface soil moisture
conditions limit the extent of burned area [9,13].
Fire occurrence is determined by factors which start
the combustion reaction and that allows its continuation
depending on the potential energy stored in the combustible material [e.g. 14-17]. It has also been demonstrated that changes induced in biome distribution may
also alter atmospheric/landscape susceptibility to fire occurrence [18,19]. Reference [20] argued that the clearing
of tropical savannas increases temperatures and wind
speeds while reducing precipitation and relative humidity.
This is a situation which may occur in a climate influenced by anthropogenic factors and may substantially increase fire frequency.
Despite the relevance of vegetation fires in determining global vegetation patterns and the atmospheric concentration of greenhouse gases [4,15,21], there is a lack
of systematic investigations focusing on future fire risk
in Africa based on models which include interaction between climatic variables and vegetation patterns. Africa
is subject to a majority of number of fires detected globally (50% of all detected) mainly occurring in savanna
regions [9,22].
Distinct changes in vegetation patterns associated to
future climate changes have been found to increase potential free activity [2,23,24]. Using the Potential Fire
Index (PFI), [18] found that under greenhouse warming
conditions the PFI indicates an increase in the fire risk
area, particularly for the Amazon region. Model-based
investigations have also been conducted to understand
the interaction between fire, the CO2 fertilization effect
and Earth’s ecosystems and dominant plant communities
[e.g. 2,15,25].
It should be noted that these more advanced methods
based on process-based fire regime models coupled with
ecosystem dynamics models [e.g. 15,26] have been successfully used to investigate the spatial and temporal evolution of fires, and their interaction with vegetation dynamics. Several parameters are used for simulating fire
processes involving soil characteristics, carbon allocation,
fuel loads and the moisture content of litter. One limitation of using these complex models is the need for several parameters that must be included to simulate the link
between fire and ecosystem dynamics [15]. Reference
[27] argued that these models may also include a considerable level of uncertainties due to difficulties in properly
simulating the fuel biomass and plant competition.
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This study aims to investigate how changes in climate
and vegetation impact the risk of fire in Africa (vulnerability of a region to fire initiation). The method proposed here to investigate climate and vegetation factors
which may induce wildfire, is built on the Potential Fire
Index (PFI), in a simpler approach than estimating fires
in e.g. by using dynamic global vegetation models
(DGVMs) [e.g. 15,28]. This is carried out through climate simulations using the RegCM3 climate model associated with three vegetation biome distributions derived
from the present day (1980-2000) and global warming
induced climate (2080-2100). Moreover, the PFI methodology provides the possibility of calculation of fire risk
as a result of computation of equations which are function of four parameters only, allowing for calculation of
fire risk on regional and local basis. It must be noted that
the ignition of fires is not taken into account, so that the
risk is only potential in this respect.

2. Data and Methodology
2.1. Climate Data
The African climate is affected by regional and global
climate processes [e.g. 29-31] which involves the interaction between sea surface temperatures [32,33], vegetation/land cover and soil moisture [34].
To evaluate the fire risk in Africa climate data provided by ENSEMBLES Regional climate models and
future projections were utilized [35]. We have used results from an experiment with the RegCM3 which was
integrated in a continuous transient scenario simulation
for a 120-year period from 1980-2100 [35]. RegCM3 is a
3-dimensional, sigma-coordinate, primitive equation regional climate model. Initial and 6-hourly lateral boundary conditions and SSTs necessary to run the model were
obtained from a corresponding simulation with the
ECHAM5 AOGCM (European Centre Hamburg Model—
Atmosphere Ocean Global Climate Model) [36]. The experiment was based on the SRESAIB scenario (Special
Report on Emission Scenario A1B) [37].
As demonstrated by [35,38], analysis of the present
day period (PD, 1980-2000) shows that the regional model
is able to capture the basic climate characteristics of the
African continent. For instance, the main African circulation such as tropical jet streams, monsoon flows and
the mid-tropospheric African easterly jet (AEJ) stream
are well reproduced, although the model has a tendency
to produce a weaker AEJ. The position and strength of
the core of the AEJ and monsoon flow are located correctly as well as the strength of the tropical easterly jet
stream core and the height of the AEJ.
The December-January-February (DJF) maximum temperature bias is low and confined between ± 2 degrees
except over the Sahara desert were the negative bias is
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slightly larger. Positive biases are mainly located over
the tropical forest regions of the Congo Basin, in the
southwestern coasts of the continent. JJA temperature
biases are similar in magnitude to that of the DJF. Generally the cold bias is found in the central Sahara and a
strong positive bias over the Southern Saudi Arabian
peninsula. Over the rest of the continent the RegCM3
presents a more mixed distribution of positive (e.g. over
the Congo Basin) and negative (e.g. over the Ethiopian
Plateau) biases. The precipitation bias in DJF shows an
area of negative bias extending in a southwestward direction from the Congo Basin to the southwestern African
coast. A positive bias is found over eastern equatorial
Africa and the southeastern African coast and a dry bias
over the African monsoon region. An overestimation of
precipitation is evident over the Ethiopian highlands.
These biases do not exceed 2 mm/day during the rainy
season.
We also use climate data from the RegCM3 for a future climate to access changes in fire risk. In this case,
data for the period 2080-2100 have utilized in the A1B
experiment described above. We denote this a Greenhouse Warming (GW) simulation.

2.2. Formulation of the Potential Fire Index
(PFI)
The PFI is formulated on the principle that the vegetation
fire risk increases with the increasing duration of dry
periods. Type and natural cycle of vegetation phenology,
maximum temperature and relative humidity of the air
are also required to compute the PFI. The reference of
the calculations is the Number of Dry Days or Days of
Drought (DD), which is the number of days without precipitation during the proceeding 120 days [18].
For the PFI calculation, a set of parameterization equations applied for Brazil are utilized for Africa. It is briefly
described below, and is presented in details by [18]. A
set of modification are conducted, however, to compute
the basic risk (BR) for the African vegetation types considered:
BRi  f 1  sin  Ai  DD  

(1)

i = 1, 7, DD must be in radians. The 7 values of “A” vary
as a function of vegetation flammability, and f = 0.45 and
are given in Table 1. The resulting 7 values for BR are
showing in Figure 1.
The A and f values are fitted based on 30 years of fire
observation in Brazil from satellite. Specifically, the presence of fire has been taken in association with the amount
of precipitation occurrence in the last 120 days in 11 discreet periods. Afterwards, empirical equations have been
set to correlate the fire, the amount of precipitation (precipitation factor) and the vegetation type. The Basic
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Table 1. Vegetation types and respectives A values used to
define the basic risk (BR). African vegetation is in italic.
Vegetation

Vegetation Class

A Value

0

Water

-x-

1

Evergreen Needleleaf Forest

2

2

Evergreen Broadleaf Forest

1.5

3

Deciduous Needleleaf Forest

2

4

Deciduous Broadleaf Forest

1.72

5

Mixed Forest

2

6

Closed Shrublands

2.4

7

Open Shrublands

3

8

Woody Savannas

2.4

9

Savannas

3

10

Grasslands

6

11

Permanent Wetlands

1.5

12

Croplands

4

13

Urban and Built-Up

-x-

14

Cropland/Natural Vegetation Mosaic

4

Risk (BR) increases as a sine curve over time. This pattern has been chosen because the variation of intensity
and duration of sunlight along the year is also sinusoidal
and phenology of vegetation naturally follows the same
pace.
The “A” values may represent the amount of the combustible material during periods without precipitation or
drought. In this sense the dense evergreen broadleaf forests attain “A” value of 15, savannas of 3 and cropland
and grassland (4 and 6) which are more susceptible to
fire. Figure 1(f) shows that 30 consecutive days without
precipitation results in a BR maximum (0.9) assuming
grassland. It important to note that soil moisture, which is
tightly linked to the precipitation amount, and will increase leaf litter is not explicitly included in the parameterization.
Two other factors are considered for calculation of the
potential fire risk (PFI): the minimum relative humidity
and the maximum temperature of the air:
PFI  BR   a  RH min  b    c  Tmax  d 

(2)

where the values a = −0.006, b = 1.3, c = 0.02 and d =
0.4 are taken from [18]. RHmin is the minimum daily relative humidity and Tmax is the maximum daily temperature.
It should be noted that the PFI is computed on daily basis
but results presented here are shown based on the monthly
average.
The PFI has been extensively used in South America
and Cuba to evaluate the atmospheric susceptibility to
fire development [39,40]. It has been demonstrated that
among 290 thousand fires in the continent in 2003, 94%
occurred in areas of high and critical risk (PFI) in the fire
season.
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Figure 1. Vegetation distribution simulated by CLM-DGVM driven by climate forcing from CCSM (left), HadCM3 (middle)
and ECHAM (right) for pre-industrial conditions (a)-(c) and for greenhouse warming conditions (d)-(f) (Alo and Wang, 2008).
See Table 1 for the biomes denomination, (g) Time evolution of the basic risk as a function of the days of drought.

It has been considered to derive new parameters for
Africa but the ones derived for Brazil are shown to work
well in Africa, which is reasonable as they are fitted in
the tropics and subtropics. In fact, the main point here is
that changes in vegetation types play a major role. It
should be noted that the PFI parameterization as proposed here does not work properly for extra-tropical climates with different precipitation regimes and lower temperatures.
Open Access

2.3. Vegetation Data
We base our vegetation data on the results from the study
of [19] which used CLM-DGVM to derive vegetation
distributions in equilibrium with climates of several global
climate models. In this paper we use the results based on
the CCSM, HadCM and ECHAM models. The CLMDGVM is composed of a land surface scheme CLM3.0, a
phenology module, and biogeochemistry and vegetation
dynamic modules based on CLM-DGVM [41]. BioAJCC
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geophysical and biogeochemical processes are simulated
with a 20-min time step while plant phenology is evaluated daily. Vegetation structure and distribution are updated yearly based on knowledge of the integrated processes for shorter time steps.
CLM-DGVM models 10 plant functional types (PFTs),
namely, needleleaf evergreen temperate trees, needleleaf
evergreen boreal trees, broadleaf evergreen tropical trees,
broadleaf evergreen temperate trees, broadleaf deciduous
tropical trees, broadleaf deciduous temperate trees, broadleaf deciduous boreal trees, C3 artic grasses, C3 nonartic
grasses and C4 grasses. Up to 10 PFTs may coexist in
each grid cell. The fractional coverage of the PFTs was
used to assign the grid cells to the biome-type vegetation
classes in Table 1 (following the biome types and associated PFTs) [42].
Pertaining to each of the three GCMs employed (i.e.,
CCSM, HadCM and ECHAM), control vegetation was
simulated with CLM-DGVM driven by the present day
mean climate (derived based on a 30-year period of model
integration from the present day (PD) control GCM (CO2
concentration held at 275 ppm experiment), and simulated future vegetation with the vegetation model based
on the 2100 mean climate data derived for the period
2071-2100 from the GCMs SRESA1B stabilization denoted as the global warming (GW) case. In this case CO2
concentration stabilizes at 720 ppm beyond 2100. In all
the vegetation simulations, the CLM-DGVM was initiated considering bare ground and run for 200 years in
order to attain vegetative equilibrium with the specified
climate forcing (i.e., with respect to leaf area index (LAI)
and vegetation coverage). A detailed description of the
CLM-DGVM and vegetation simulations is given in
[19].

3. Results and Discussion
3.1. Present Day Analysis
In order to investigate the impact of climate and vegetation changes on fire susceptibility in Africa, three evaluations were performed: the first is based on the present
day (PD) climate (1980-2000) as predicted by the RegCM3
and simulated pre-industrial vegetation from [19] (Fig-
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ures 1(a)-(c)). The second calculation uses results of the
RegCM3 greenhouse warming simulation (GW simulation) and the greenhouse vegetation distribution (GW,
Figures 1(d)-(f)). One should note that we have used
equilibrium vegetation for both epochs. The third analysis was performed for future climate conditions (2080 to
2100) and disregarded changes in vegetation, using the
current biome distribution.
In what follows the monthly evolution of the PFI as
well as some related parameters are shown in Figure 2. It
should be noted that the largest number of vegetation
fires in Africa occurs between December and February
(DJF) in the equatorial/Sahelian region (10˚N - 20˚N)
and between August and October (ASO) in the subtropical region of the Southern Hemisphere [43,44]. Therefore,
the analyses conducted herein are restricted to these
months. Figure 3(a) shows the averaged daily maximum
air temperature at 2 m averaged from December to February for the PD simulation (1980-2000). There are evidently higher temperatures along the equatorial belt and
in subtropical Africa with values as high as 37˚C. Lower
values are predominant in Northern Africa.
As expected, analyzes for relative humidity demonstrated that areas with high temperatures are also dominated by low relative humidity (Figure 3(b)). These conditions intuitively may favor intensified fire occurrence.
However, climate conditions in accordance with the days
of drought (DD) shed some light on the role of precipitation. For instance, the equatorial region (5˚N - 15˚N)
exhibits larger DD values or long periods without rain
(up to 1), whereas the sub-tropical region is dominated
by small DD values which indicates frequent precipitation (Figure 3(c)).
The combination of these three factors (maximum temperature, relative humidity and days of drought) associated with the vegetation pattern allows for simulation of
the potential fire risk (PFI). As shown in Figures
3(d)-(f), the atmospheric susceptibility to fire or higher
PFI is located between 10˚N and 20˚N (Western Africa)
in the area covered by non-forest, with high temperature
and low relative humidity. Impact of the DD on the PFI is
highlighted by the decreasing fire risk between 0 - 20˚S
latitude. Despite high temperatures and moderate relative

Figure 2. Flowchart presenting the sequence (as represented by numbers) of calculation for the PFI.
Open Access
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Figure 3. Present day maximum temperature ((a), ˚C), relative humidity ((b), %) and number of days of drought (c) averaged
for December-January-February (DJF). (d), (c) and (f) is the potential fire index (PFI) based on CCSM, HadCM3 and
ECHAM forced-vegetation. Figures from (g) to (m) are the same for NNR2.
Open Access
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humidity this region does not show high PFI due to the
small DD which indicates frequent precipitation associated with the ITCZ. Furthermore, the dominant vegetation pattern in this region is evergreen or semi-evergreen
forests, where the fuel consists of densely packed litter
layers. It is interesting to note that the vegetation pattern
based on by the CCSM, HadCM3 and ECHAM disagree
on the Saharan desert extension but they do show similar
biomes in central Africa. The CLM-DGVM forced by the
CCSM and ECHAM simulates the African tropical forests more confined as compared to the simulation with
the HadCM3 forcing (Figures 1(a)-(c)).
Because the PFI is based on RegCM3 model data, it is
important to identify possible model biases in the predicted present-day maximum temperature, relative humidity and days of drought, and consequently in the PFI
as represented by RegCM3. This is done by comparing
the modeled data and the daily NCEP Reanalyses 2
(NNR2) for the period of 1980-2000 [45]. Figures 3(a)(I) demonstrated that the two datasets, the RegCM3 and
NNR2 yield many similarities, particularly in the Sahelian region and southern Africa (10˚N and 10˚S, Figures
1(a)-(c) and (g)-(i)).
Regarding to evaluation of the PFI, it may be noted
that the NNR2 exhibits higher PFI as compared to the
modeled output, over the Sahelian region due to lower
DD values and higher (lower) air temperature (relative
humidity). Differences between the two datasets are also
identified in the southern part of Africa where the NNR2
shows higher PFI is linked to the DD values or long periods without precipitations. In general, the PFI shows
many similarities in both datasets.
Vegetation fires primarily follow seasonal climate shifts
[e.g. 10,46,47]. During ASO (August-September-October)
maximum temperature values are observed in the Saharan region accompanied by lower relative humidity. Contrary to DJF climate features, ASO exhibits moderate
temperatures and higher relative humidity along the equatorial belt (Figures 4(a)-(c)). Influence of the ITCZ is
noted by the extremely low value of DD which extends
from 10˚N to 5˚S.
A second interval with substantial fire activity in Africa is in agreement with the onset of the dry season due
to the northward displacement of the ITCZ, which is located in the Northern Hemisphere. During ASO, the
highest PFI occurs in Central and Southern Africa, which
include Angola, Zambia, Zimbawe, Namibia and Botswana, due to high Tmax, low RH and critical DD (Figure 4), whereas Malawi and central Africa, for instance,
have relatively low PFI magnitudes. Higher PFI in parts
of the African continent is associated with the dominance
of deciduous forest-woodland savanna and brush-grass
savanna. According to the formulation of the PFI these
biomes are associated with increased susceptibility to fire
Open Access
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activity due to the vulnerability of drought-induced fuel
properties. Comparison with the climate variables and
PFI provided by the NNR2 (Figures 4(g)-(i)), shows a
reasonable agreement for maximum temperature, relative
humidity and days of drought over the vast majority of
Africa. Some discrepancies may be found in southern
Africa. In this region the PFI attains critical values in the
NNR2 model that extends for a larger area, whereas in
the RegCM3 the critical PFI is confined in particular to
the western part (Figures 4(c), (d) and (j)-(m)).
Comparison with previous results based on models
with higher complexity [e.g. 11,15], reveals that the PFI
is able to reproduce areas dominated by frequent fire
activity (see Figure 1 in [15]). According to [15], moderate fire activity is shown in central Africa, whereas the
highest fire incidence is located in the Sahel and southern
Africa, similar to the results proposed in the present study. It should be noted that [11] shows present time averaged data.
In order to further validate the PFI, Figure 5 shows
the satellite based hot spots/fires from the World Fire
Atlas. This data forms a unique long time series of global
fire location and timing
(http://dup.esrin.esa.int/ionia/wfa/index.asp), and may be
compared with satellite data obtained from MODIS [43,
44], http://rapidfire.sci.gsfc.nasa.gov/firen. This may be
used to represent fire activity during DJF and ASO because fire is detected with brightness temperature higher
than 308 K. Figure 5 includes all fire activity during DJF
and ASO detected in 2004 and 2008. The year 2004 was
characterized by a weak El Niño and 2008 experienced a
recovery from La Niña conditions which may provide a
range of climate-induced vegetation fires. It should be
noted that the spatial resolution of the RegCM3 model
(40 km) makes it difficult to compare the PFI with small
scale observed hot spots. By showing hot spots it is only
intended to give the preferential location of fire occurrence in Africa, to provide inferences about the validity
of the presented PFI.
One may argue that there is no substantial inter-annual
modification in the climate-driven preferable area of fire
incidence, since distribution of savannas, shrubland and
grasslands must be sufficiently dry to ignite (Figure 5).
Since this study aims to identify areas with fire risk the
comparison of the PFI with hot spots is a reasonable assumption. The close correspondence between higher PFI
(0.7 - 0.9) and the detected fires is remarkable. One
should keep in mind, however, that the presented PFI is
smoothened by utilizing the seasonal average contrary to
what is shown for fires which accumulates on a daily
basis.
The satellite-based wildfires reveal the high number of
fires in the Sahelian region which are more recurrent in
DJF, and in the subtropical region of Africa which mostly
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Figure 4. Same as Figure 3 but for August-September-October (ASO).
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Figure 5. Satellite-detected hot spots with brightness temperature higher than 308 K in the years 2004 and 2008 during December-January-February and August-September-October. Source: http://dup.esrin.esa.int/ionia/sfa/index.asp.
Open Access
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occur during ASO on the west and east coasts. Fires occuring on the east coast are not entirely supported by the
PFI since these countries show low PFI, except in Madagascar where the PFI is reasonable. Similarly, fires identified in South Africa are in areas dominated by high PFI
in particular based on the NNR2 results. The high agreement between the fire index and the satellite-based fires
in Angola, Zambia, Zimbabwe and Namibia may be
stressed.
It should be emphasized that anthropogenic factors
contribute to the discrepancy between the PFI and active
fire observations. For example, in Namibia the climatic
conditions (and PFI) appear conducive to biomass burning. However, the active fire observations are quite sparse
which may be due to low fuel loads (i.e. that is unable to
sustain a fire under real conditions). Secondly, this area
is sparsely populated and may be affected with less anthropogenic burning. Reference [48] found relationships
between precipitation (drought extent) to be weakly correlated with active fire observations over parts of Africa,
suggesting that other factors (such as land management
and precipitation quantity in the proceeding wet season)
may play an important role. It should be noted that despite these drawbacks, the PFI is able to reproduce the
most susceptible area for vegetation fire development in
response to climate (Figures 4(d)-(g)). Results presented
here are very similar in terms of area with high PFI with
those discussed in [9,12]. It should be noted however that
[9] focused on fraction of area burned.
In relation to natural and anthropogenic fire occurrence based on climatic factors, the PFI indicates risk
and vulnerability to erratic fire. It is crucial to assess the
potential for fire development in order to avoid the occurrence of erratic wildfires which may cause substantial
changes to the plant community, animal habitats and human health. The PFI methodology has been successfully
applied in Brazil by political and economic decision markers in order to reduce hazards.

3.2. Greenhouse Warming Analyzes
In the following section the PFI response to climate and
vegetation changes is evaluated. As previously discussed,
forcing the vegetation model with outputs based on
ECHAM, HadCM3 and CCSM model leads to a reduction in the evergreen forest and enlargement of savannas
by the end of the 21st Century. The most pronounced
changes occur when the vegetation model is forced with
HadCM3 input data (Figure 1(e)).
These modifications play an important role in defining
the fire risk level by increasing the basic potential risk
(BR, Equation (1)). Figures 6(a)-(c) show the climate
anomalies between the GW and PD experiments for averaged maximum temperature, relative humidity and days of
drought for DJF. Positive Tmax anomalies of 5˚ Celsius (C)
Open Access
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are evident in southern Africa and along 10˚N. This region also exhibits lower relative humidity by up to 10%.
It is interesting to observe that no remarkable changes
are predicted to occur in terms of the periods of dry days.
Comparison between the current and simulated number
of drought days (DD) in the GW simulation in general
shows values ± 0.1. This demonstrates that in the RegCM3
the daily frequency of precipitation is not as distinct as
could be expected between the two climate regimes.
These results agree with previous investigations for the
southern Africa continent [49-51]. It might be noted,
however, that parts of equatorial Africa in the GW simulation experiences lower DD as compared to the PD simulation. In this region the number of dry days was already quite low in the PD. It should be stressed that close
to the south coast of Mozambique there is presently a
low number of dry days, but this is predicted to increase
substantially in future scenarios (Figure 6(c)).
Figures 6(d)-(f) illustrate the fire risk (PFI) in response to future climate changes. Throughout the African
continent the PFI increases as a result of simulated warmer climate expected for the end of the 21st Century.
During DJF the dominant area of high susceptibility to
wild-fire activity is the Sahelian region, which corroborates with present day analyzes (Figures 6(d)-(f)). Small
changes are predicted to occur in the central part of Africa despite a shrinkage in the area covered by evergreen
forests (Figures 1(d)-(f)). This feature is reasonable since
the DD plays a leading role in defining the fire risk, as
expressed by Equation (1) (Figure 6(c)). As previously
shown DD does not experiences large changes between
the two epochs. The PFI in DJF shows an additional region with high vulnerability to wildfire located between
10 - 30˚S (Figures 6(d)-(f)). This has not been identified
under current conditions (PD simulation). This feature is
closely linked to positive (negative) air temperature (relative humidity) anomalies (Figures 6(a) and (b)).
However, the role of vegetation clearly stands out
when comparing the PFI anomalies between PD and GW
simulation (Figures 6(g)-(i)). Since the HadCM3 forcing
leads to the most severe changes in vegetation (Figure
1(b)), the corresponding PFI configuration is also associated with larger values as compared to anomalies resulting from the ECHAM and CCSM. The effect of climate change, however, reduces the fire risk in areas
which experience increasingly more frequent precipitation such as the majority of equatorial Africa (0 - 10˚S).
For instance, Sudan which exhibits substantial number of
fires under PD conditions is expected to show a decrease
in the future.
Regarding evaluation of the PFI in ASO (August-September-October) (Figure 7), more favorable climate
conditions for vegetation fire occurrence can be observed.
Under PD conditions the most susceptible region for fire
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Figure 6. Greenhouse warming anomalies as compared to present Day in DJF. Maximum temperature ((a), ˚C), relative humidity ((b), %) and days of drought (c). (d)-(f) show the PFI estimated from the greenhouse warming simulation based on
CCSM, HadCM3 and ECHAM forced-vegetation. (g)-(i) show the PFI anomalies between greenhouse warming and present
day simulation.
Open Access
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Figure 7. Same as Figure 6 but for August-September-October (ASO).

development is found in southern Africa (Figures 4(d)(f)). In the GW simulation there exists an enlargement of
Open Access

this region as well as high fire risk between 10 - 20˚N
and on the Island of Madagascar (Figures 6(g)-(i)). These
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results are similar to those found by [12] (their Figure 3)
who found increased (reduced) projected fire activities in
Sahel, East Africa and South Africa (Central Africa).
Fire risk is expected to increase also on the west coast
from the equator to 20˚S. This is more evident in the
HadCM3 case (Figure 6(h)).
To further evaluate the fire risk in Africa, Figure 8
shows the zonally averaged PFI computed at latitude belts
between 5˚N - 20˚N, 10˚S - 5˚N, 25˚S - 10˚S and 40˚S 25˚S throughout the year. This aids in identifying changes in the amplitude of the seasonal cycle under both climate regimes and in determining the individual month
with the highest fire risk. According to the figure, the
region confined between 10˚S - 20˚N shows higher PFI
in March and gradually attains its minimum fire risk in
November (Figures 8(a) and (b)). This is closely linked
with the meridional migration of the ITCZ and its associated precipitation over the region. In this region there is
an increase in the fire risk in 10 out of 12 months when
future climate and vegetation conditions are applied.
Vegetation distribution as predicted based on HadCM3
leads to the highest values of the PFI. It should be noted,
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however, that under current conditions the PFI associated with the HadCM3 model attains the smallest value.
A similar evaluation for the region between 40˚S 10˚S shows that, in comparison to current conditions, the
fire risk in the future increases substantially and it is high
from July to October, especially between 25˚S - 10˚S
(Figure 8(c)). Under PD conditions this is critical in
September only. This suggests that an increase in the
length of the fire season in sub-Saharan Africa is likely
in the future. The same is also predicted in the Amazon
region [18,52]. Moreover, in subtropical Africa (Figure
8(d)), the PFI increases from low in the PD simulation to
moderate in the GW simulation.
The interannual variability of the PFI as represented
by the standard deviation (STD, not shown), for present
day and greenhouse warming show that higher values of
the STD are located in Sahel and in the southern part of
Africa. Lower values of the STD are, however, found in
the equatorial belt where the Congo forest has a moderate
vulnerability to fire occurrence. These findings are common features in CCSM, HadCM3 and ECHAM based
estimates.

Figure 8. Monthly zonally averaged current and future PFI for (a) 5˚N - 20˚N; (b) 10˚S - 5˚N; (c) 25˚S - 10˚S and (d) 40˚S 25˚S.
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It should be mentioned that the regions experiencing
higher standard deviation are larger than those with maximum or critical PFI (Figures 6 and 7), which demonstrates the north-south shift of the PFI throughout the
year. An interesting picture emerges by comparing present day and greenhouse warming simulations. For instance, the interannual variability is partially reduced in
the Northern Hemisphere tropical region but increases in
the Southern Hemisphere counterpart.
Therefore, one may argue that climate changes increase the area vulnerable to fire occurrence in particular
in sub-Sahara. Previous studies have shown that substantial changes are predicted to occur in precipitation extremes [e.g. 53], in particular an increase in consecutive
dry days.
The investigation of fire risk under GW climate conditions but with PD vegetation (figure not shown) yields
PFI similar to those under present day conditions (Figures 3(c), (d), (f) and 4(c), (d), (f)). In this sense, taking
into account a warmer and drier climate, as predicted to
occur in the future, does not substantially change the fire
risk. This reveals the dominant role of vegetation changes
in determining environmental susceptibility to fire occurence.
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Limitation of our modeling approach may be noted
since the PFI depends strongly on the number of dry
days and thus on precipitation. Precipitation is a very
uncertain parameter in future and present day climate
predictions and significantly differs even in sign between
different climate models. It is not unlikely that using a
different global climate model as boundary condition will
lead to a different change in fire risk over Africa. Taking
into account the full range of future climate predictions is
beyond the scope of this study. A final remark is that our
PFI concept does not take ignition of fire into account.
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