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Abstract: African landscape fires are widespread, recurrent and temporally dynamic. They burn
large areas of the continent, modifying land surface properties and significantly affect the atmosphere.
Satellite Earth Observation (EO) data play a pivotal role in capturing the spatial and temporal
variability of African biomass burning, and provide the key data required to develop fire emissions
inventories. Active fire observations of fire radiative power (FRP, MW) have been shown to be linearly
related to rates of biomass combustion (kg s−1). The Meteosat FRP-PIXEL product, delivered in
near real-time by the EUMETSAT Land Surface Analysis Satellite Applications Facility (LSA SAF),
maps FRP at 3 km resolution and 15-min intervals and these data extend back to 2004. Here we
use this information to assess spatio-temporal variations in fire activity across sub-Saharan Africa,
and identify an overall trend of decreasing annual fire activity and fuel consumption, agreeing
with the widely-used Global Fire Emissions Database (GFEDv4) based on burned area measures.
We provide the first comprehensive assessment of relationships between per-fire FRE-derived
fuel consumption (Tg dry matter, DM) and temporally integrated Moderate Resolution Imaging
Spectroradiometer (MODIS) net photosynthesis (PSN) (Tg, which can be converted into pre-fire fuel
load estimates). We find very strong linear relationships over southern hemisphere Africa (mean
r = 0.96) that are partly biome dependent, though the FRE-derived fuel consumptions are far lower
than those derived from the accumulated PSN, with mean fuel consumptions per unit area calculated
as 0.14 kg DM m−2. In the northern hemisphere, FRE-derived fuel consumption is also far lower and
characterized by a weaker linear relationship (mean r = 0.76). Differences in the parameterization of
the biome look up table (BLUT) used by the MOD17 product over Northern Africa may be responsible
but further research is required to reconcile these differences. The strong relationship between fire
FRE and pre-fire fuel load in southern hemisphere Africa is encouraging and highlights the value of
geostationary FRP retrievals in providing a metric that relates very well to fuel consumption and
fire emission variations. The fact that the estimated fuel consumed is only a small fraction of the
fuel available suggests underestimation of FRE by Spinning Enhanced Visible and Infrared Imager
(SEVIRI) and/or that the FRE-to-fuel consumption conversion factor of 0.37 MJ kg−1 needs to be
adjusted for application to SEVIRI. Future geostationary imaging sensors, such as on the forthcoming
Meteosat Third Generation (MTG), will reduce the impact of this underestimation through its ability
to detect even smaller and shorter-lived fires than can the current second generation Meteosat.
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1. Introduction

1.1. Significance of African Landscape Fires

Landscape fires modify the physical and radiative properties of the surface, and the chemical
composition of the atmosphere [1–4]. Africa contributes on average almost half of all carbon emitted
by landscape fires [5], around 1.0 (±0.22) Pg C yr−1 annually [6], though the continent is generally
considered a small carbon sink [7,8], because assimilation of carbon by the growing vegetation is of a
similar magnitude to the respiration, and because of its low fossil fuel emissions (4% of global total).
Satellite remote sensing is key to better understanding the magnitude of fire on African landscapes,
and we here use this technique to investigate the temporal dynamics of fuel consumption across
sub-Saharan Africa, and its relationship to the available fuel load.

1.2. Remote Sensing of African Landscape Fires

Data from the Moderate Resolution Imaging Spectroradiometer (MODIS) onboard the Terra
and Aqua polar orbiting satellites is used to provide burned area products [9–12]. These data
feed into so-called ‘bottom-up’ fire emissions inventories, such as the widely-used Global Fire
Emissions Database (GFED; [13,14]). Using MODIS burned area data plus model-based estimates
of vegetation productivity (kg C m−2 d−1) and combustion completeness (unitless), total fuel
consumption is estimated by GFED on a monthly, 0.25◦ grid-cell basis. African landscape fires, on
average, are estimated to burn a mean of 242 Mha annually from these analyses, equivalent to around
70% of global annual burned area [15]. The inter-annual variability of African burned area is considered
small compared to other continents [15], though there are significant spatial and temporal variations
in intra-African patterns of landscape fire which are captured well by the burned area data. Andela
and van der Werf [16] indicates that over roughly the last decade, annual burned area in southern
hemisphere Africa has been on a generally slightly upward trajectory (possibly driven by climate
anomalies occurring over this period) whilst a decreasing trend is observed in northern hemisphere
Africa which is attributed to the expansion of cropland into savanna.

Fire activity can also be quantified using retrievals of the fire radiative power (FRP; [17–20]),
which describes the rate of radiative energy release from the fires when they are actively burning.
FRP retrievals have been used to describe ‘fire intensity’ in characterising fire regimes, investigating
climate-fire-vegetation interactions and in quantifying the ecological impacts of fire such as post-fire
vegetation regrowth and changes in vegetation composition [21–24]. FRP retrievals also provide
a measure of the rate of fuel consumption (kg−1 s−1) by reverse-calculating the amount of fuel
required to combust in order to produce the measured energy output. The increased availability
of near real time FRP products has seen these data used to estimate fuel consumption and smoke
emissions at continental [25–28] and global scales [29–32]. However, FRE-derived fuel consumption
estimates are typically lower than those provided by ‘bottom up’ emissions inventories such as
GFED [26,27]. A number of environmental factors contribute to this underestimation including the
omission of small and/or low intensity active fires [33], FRP interception by overstory vegetation [34]
and differences in the FRE to fuel consumption coefficient values which may result from different
fuel and fire characteristics [28,35]. Validation remains a key challenge in quantifying regional and
continental scale fuel consumption as very few field observations exist (e.g., reference [36]) and fuel
consumption estimates per unit area (e.g., kg DM m2) may not fully capture the spatial variability of
fuel consumption within a burned area.

Whilst polar orbiting sensors such as MODIS can also quantify FRP, their limited temporal
resolution hampers their ability to estimate FRE [25,37]. Geostationary sensors, such as the
Geostationary Operational Environmental Satellite (GOES) Imager and Advanced Himawari Imager
(AHI) can provide data for very high temporal resolution FRP retrievals that is very beneficial for
estimation of FRE, albeit their coarser pixel areas compared to polar-orbiting sensors, such as MODIS,
results in a failure to detect more of the smaller and/or lower intensity fires [38–40].
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The geostationary Meteosat FRP-PIXEL product [41] delivered in near real-time by the EUMETSAT
Land Surface Analysis Satellite Applications Facility (LSA SAF) was the first operational geostationary
FRP product. It uses data from Meteosat’s Spinning Enhanced Visible and Infrared Imager (SEVIRI) to
retrieve FRP signals at 3 km resolution and 15-min intervals, and these data now extend back to 2004.
The product’s performance, in terms of active fire detection omission errors, has been demonstrated to
be significantly better than all other tested operational active fire products generated from SEVIRI [42]
and we use this data here to assess spatio-temporal variations in fire activity across sub-Saharan Africa
from 2004 onwards. We also use temporally integrated SEVIRI FRP data to estimate fire radiative
energy (FRE), from which we calculate the landscape fire fuel consumption, and we compare these
estimates to those related to the accumulated fuel available to burn, which we derive from MODIS
vegetation productivity and burned area products. Overall, our aim is to investigate the temporal
dynamics of FRP-derived fuel consumption and its relationship to the available fuel load. This will
increase our knowledge of fire behaviour and impacts across sub-Saharan Africa.

2. Materials

2.1. Fire Radiative Power (METEOSAT FRP-PIXEL Product)

Meteosat’s SEVIRI acquires multispectral imagery every 15-min across the full Earth disk,
extending to Europe, North and South Africa and part of South America. The ground sampling
distance (GSD) is 3 km at the sub-satellite point (SSP), and grows larger as the viewing zenith angle
increases away from this location [43]. The FRP-PIXEL product provided by the LSA SAF is generated
via an operational version of the Fire Thermal Anomaly (FTA) geostationary active fire detection
algorithm of reference [44] and the middle-wave infrared (MWIR) radiance FRP retrieval approach of
references [18,20]. Comparisons to 1 km MODIS FRP data collected concurrently with the SEVIRI data
indicates that the SEVIRI product suffers from major omission errors for fires with an FRP less than
≈40 MW compared to MODIS due to SEVIRI’s much coarser pixel area. However, for higher FRP fires
detected by SEVIRI near simultaneously with MODIS, 76% had a SEVIRI retrieved FRP within 30%
of the matching MODIS measure [42]. Given the rapidly changing nature of fire activity, the up to 6
min time difference between the two sensors views, and the fact that even absolutely simultaneous
MODIS views of the same fire indicate a ±24% uncertainty exists in the MODIS FRP measures [45],
this comparison exemplifies the strong performance of the SEVIRI FRP-PIXEL product. Thus, whilst
SEVIRI underestimates regional fire activity through the omission of small or low intensity fires, it
is capable of reliably measuring FRP from fires that are sufficiently large and/or intense enough to
be above the 40 MW detection threshold, and indeed, the inter-comparison to other SEVIRI-based
active fire products [42] over southern Africa indicates the FRP-PIXEL product has the best active fire
detection performance of any such product.

2.2. Gross and Net Primary Productivity (MODIS MOD17A2H/MOD17A3)

A variety of MODIS primary productivity datasets were considered for derivation of pre-fire
fuel availability. The MODIS MOD17A2 and A3 products quantify gross primary productivity (GPP;
kg C m-2 day−1), whilst the MODIS MOD17A3 product describes the net primary productivity
(NPP; kg C m-2 yr−1) which is the fraction of the GPP remaining after accounting for autotrophic
respiration [46].

The MODIS GPP data are delivered via the MOD17A2 algorithm on an 8-day basis at 0.5 km,
using the MODIS-derived leaf area index (LAI), fPAR (MCD15A2H; [47]) and land cover (MOD12;
reference [48]) data products as inputs. Meteorological information and biome-specific physiological
parameters are also used, and estimates of NPP and net photosynthesis (PSN; kg C m-2 day−1) are
also provided.

PSN = GPP − Rml − Rmr (1)
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where GPP is gross primary productivity (kg C m-2 day−1), and Rml and Rmr are the maintenance
respiration by leaves and fine roots respectively (kg C kg C−1 day−1). The PSN product does not
include live wood maintenance or growth respiration costs, which are removed when calculating the
annual NPP (MOD17A3) using:

NPP =
365

∑
i=1

PSN −
(

Rmo + Rg
)

(2)

where Rmo is the maintenance respiration of all living matter except leaves and fine roots (kg C kg C−1

day−1) and Rg is the growth respiration (kg C kg C−1 day−1).
In contrast to the relatively high temporal resolution GPP data, the MODIS NPP products

delivered via the MOD17 algorithm are produced only on an annual basis (at 0.5 km resolution).
They are based on the light use efficiency (LUE) approach originally developed in reference [49],
where NPP is expressed as a function of the plants LUE (ε) and the amount of absorbed
photosynthetically active radiation (aPAR) [46,50]. Due to its very limited temporal information,
we chose to focus on the 8-day MODIS GPP product and the derived parameter of PSN.

Processing refinements applied to mitigate the impact of residual cloud contamination on the
MODIS data, along with improved spatial interpolation of the air temperature, vapour pressure deficit,
and incoming solar radiation have improved the temporal consistency of the MOD17 GPP product [46].
Wang et al., [51] evaluated these data at ten eddy covariance sites in China, predominantly covering
croplands and grasslands, and found that the product captured temporal dynamics very well, but
underestimated GPP by around 70% compared to the eddy covariance method. Similar evaluations
in Africa also showed significant GPP underestimation, particularly at arid sites in the Sahel [52],
and this was attributed to the parameterisation of the LUE term and to residual noise in the MODIS
fPAR product. Fensholt et al., [53] compared MODIS (Collection 4 and 4.5) annual NPP and annually
integrated PSN data against field measurements of above ground biomass (AGB) at semi-arid open
shrubland and savanna sites in the Sahel, and found integrated PSN to be far better related to AGB
(r2 = 0.77; slope of linear best fit = 0.59) than was annual NPP (r2 = 0.37; slope of linear best fit = 0.37).
We selected to use the MODIS PSN (MOD17A2H) product because it is available on an 8-day basis,
facilitating temporal integration between successive fires. The apparent better performance of the
MOD17 product in southern hemisphere Africa relative to that in northern hemisphere Africa, adds a
degree of uncertainty to our analysis in the northern hemisphere.

2.3. Burned Area (MODIS MCD64A1) and Land Cover (MODIS MCD12)

Since a SEVIRI-detected active fire may fill only a very small fraction of the SEVIRI pixel (e.g.,
down to 10−4 of the ≈10 km2 pixel area; reference [41]) we used the 500 m MCD64A1 MODIS burned
area product [54] to identify the actual area burned by each discrete fire event. The MCD64A1 product
maps burned area using time-series of burn-sensitive vegetation indices, along with active fire (AF)
detections to seed the algorithm and help identify the date of burning [54]. The MCD64A1 product
performs well in Africa [55], is used within GFED, and has shown reasonable agreement with far
higher spatial resolution burned area estimates derived from 30 m Landsat data [56]. It does however
show a tendency to underestimate burned area, typically by between 5 and 41% depending on tree
canopy cover [54].

To identify the land cover affected by each fire we used the 500 m spatial resolution MODIS land
cover product (MCD12Q1, reference [48]), which was updated annually until 2012. Five different
classification schemes are available, and we selected the 16 class International Geosphere-Biosphere
Programme (IGBP) land cover scheme [57]. Similar to reference [32], we simplified the number
of classes into five broad fire-relevant types (closed canopy forest, shrubland, woodland savanna,
grassland savannah and cropland/managed lands). The majority land cover type present within each
SEVIRI active fire pixel was identified using these data.
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3. Methodology

We used the SEVIRI FRP-PIXEL product to identify fire-affected pixels, which were grouped
into individual fires using the spatio-temporal cluster-based procedures of reference [42] and then
had their FRE estimated. To relate the FRE to pre-fire fuel load we narrowed the focus to fires in
areas which burned in two successive years according to MCD61A1, enabling us to constrain the
duration of the pre-fire period over which the MOD17A2H vegetation productivity information was
temporally integrated to estimate fuel load. We assume that in these predominantly herbaceous burns
the burnable material is removed during the first burn, so following reference [39], the total above
ground biomass present and available to burn in the second burn was calculated via the MOD17A2H
vegetation productivity information integrated over the duration of the pre-fire fuel build-up and
across the burned area identified by the MCD64A1 product. This pre-fire fuel was then compared
to the fires FRE taken from the FRP-PIXEL product integration. Full details of this calculation are
included in reference [39], albeit they are applied to only a handful of fires and using an alternative to
the MODIS-derived vegetation productivity information.

4. Results

4.1. Annual and Seasonal Fire Dynamics

The interannual dynamics of the SEVIRI-derived FRE estimates for the northern and southern
African hemispheres (shown in Figure 1a) match quite closely those of the MODIS burned area
measurements (Figure 1b) and GFED total fuel consumption estimates (Figure 1c), though in general
somewhat greater interannual variability is seen in the FRE data. The annual variation in SEVIRI FRE
indicates that, in the northern hemisphere, fire activity peaked in 2007 and is decreasing by 11 Tj/year.
A decreasing trend in also evident in the annual burned area (−2.75 Mha/year) although it is less
pronounced than that of the FRE. Using the same burned area product although a different time-series
(2001–2012), reference [16] found a decreasing trend in burned area in the northern hemisphere which
was attributed to the expansion of cropland into savanna reducing the occurrence of fire. In the
southern hemisphere, trends in these parameters are similar and are rather weak but slightly negative
over the thirteen years examined and with local peaks around 2010/11. Over a different time frame,
reference [16] found an increasing burned area trend in southern hemisphere Africa which was
attributed to El Nino Southern Oscillation (ENSO) climate anomalies leading to increased fire activity.
Figure 1b clearly demonstrates a fall in burned area since 2012, however. As evident from Figure 1a,b,
annual dry matter (DM) fuel consumption estimates from GFED (version 4; not yet including the
unvalidated small fire correction of reference [58]; Figure 1c), follow a similar trend to burned area and
FRE, but do exhibit some different dynamics.
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Figure 1. (a) Annual estimates of Spinning Enhanced Visible and Infrared Imager (SEVIRI) fire radiative
energy (FRE, Tj); (b) Moderate Resolution Imaging Spectroradiometer (MODIS) MCD64 burned area
(Mha) and (c) Global Fire Emissions Database (GFED, version 4) fuel consumption (Tg, DM) in the
northern and southern hemisphere Africa. A least-squares linear trend line is shown. Note that in
2013, three months of SEVIRI data (March, April and May) were unavailable which will have a greater
impact in the northern hemisphere where fire activity is higher during these months.

Using the conversion factor (0.37 kg DM MJ−1) described in reference [20] and whose magnitude
has recently been confirmed as valid for satellite data retrievals by reference [28], SEVIRI-derived FRE
retrievals deliver annual fuel consumption estimates ranging from 127–214 Tg and 208–299 Tg in northern
and southern hemisphere Africa respectively, far lower than the GFED fuel consumption estimates (by
77 to 85%). Cloud obscuration, tree cover obscuration of surface fire FRP, and the inability of SEVIRI to
detect fires burning below ≈40 MW very likely contribute to these low totals, but the relatively consistent
ratio between the FRE-derived and GFED estimates (0.14–0.23 between 2004–2016) shown in Figure 1a,c
suggests a relationship between these two approaches which apply quite different methods to estimate
landscape fire fuel consumption. Despite the findings of reference [28], other relatively recent research
suggests that the relationship between FRE and fuel consumption might not be the same for larger fires,
which contain propagating fire fronts and greater fuel moisture variability [35,59].

The annual dynamics of monthly FRE-derived fuel consumption in northern and southern
hemisphere Africa (Figure 2a,b) indicates that the months in which fuel consumption is greatest are
broadly consistent on an annual basis, whilst fuel consumption outside of the fire season is more
variable albeit much lower in magnitude. June, July, August and September are the peak months of
fuel consumption in the southern hemisphere although annual variations of 25–50% are evident in
the latter two months. The peak months of fuel consumption (June–September) are characterised by
very weak trends over time (both positive and negative). Fire activity during the biomass burning
season, which in the northern hemisphere occurs between November–March and May–October in
the southern hemisphere, drive the interannual trends observed in Figure 1a. The large increases in
southern hemisphere fuel consumption in August and September in 2008 and 2010 coincide with the
extensive fire activity that occurred in Botswana in these two years, where 11 and 13 Mha burned,
respectively [60]. The peak fire season in the northern hemisphere extends between November and
March which, as evident in the southern hemisphere, has large annual variations in monthly fuel
consumption of 20–30% and typically display negative trends. Note that some SEVIRI data was
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missing in 2004 (January) and 2013 (March, April, May). A noticeable feature in Figure 2b is that
several months outside of the biomass burning season (e.g., November–March) have strong positive
trends in fuel consumption albeit at low magnitudes, which may have implications for emissions
mitigation schemes employing early season burning as fires at these times tend to be low intensity due
to higher fuel moisture content and relative humidity [61]. Korontzi et al., [62] found the modified
combustion efficiency (MCE) to vary seasonally over southern African grassland and woodland, which
can have a significant impact on the chemical composition of the smoke emissions although similar
seasonality was not found by reference [63] in Australian savanna fires. In the northern hemisphere,
a weak positive trend in fuel consumption in months outside of the fire season is evident although
the large variability makes the interpretation of these dynamics more uncertain than those in the
southern hemisphere.
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4.2. MOD17 Productivity Assessment

Prior to their use in fuel load estimation, an assessment of the MODIS productivity estimates (which
include both growth and maintenance respiration terms) was carried out using the Copernicus dry
matter productivity (DMP) product of reference [64] which is driven by Proba-V data and available from
the Copernicus Global Land Service at 10-day temporal resolution and 1 km spatial resolution. Using
three years of data (2013–2016), the productivity estimates were integrated over the MODIS burned areas
(e.g., ‘fire clusters’) which burned in successive years, as described in Section 3. The results shown in
Figure 3 indicate a stronger relationship between both datasets in southern hemisphere Africa (r = 0.96)
than in the northern hemisphere (r = 0.8). A difference in magnitude is also evident between the MODIS
and Copernicus products, with the former lower (albeit the latter does not account for below ground
biomass or the costs associated with growth and maintenance respiration in woody tissue).
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Figure 3. Comparison between MODIS net photosynthesis (PSN) (Tg) and Copernicus dry matter
productivity (DMP, Tg DM) estimates that have been temporally integrated over MODIS burned areas
that burned in successive years in the northern (a) and southern (b) African hemispheres. The grey
shaded area represents the prediction interval and the blue shaded area is the slopes 95% confidence
interval. Note that the x- and y-axis range differs among plots.

To assess the impact of these respiration terms, the average ratio between annual MODIS NPP and
annually accumulated MODIS PSN was calculated and reveals that, over Africa, 88% of pixels have a
NPP/PSN ratio between 0.7–0.8 and that 40% of the pixels have a value of 0.79. The annual NPP/PSN
ratio is more variable in northern hemisphere Africa where lower ratios occur in the tropical forests of
central and west Africa (0.68–0.75) and the parts of Sahel and CAR (<0.65). The basis for comparing
FRE-derived fuel consumption estimates to MODIS PSN estimates, which includes maintenance
respiration and growth respiration of woody material, rather than the Copernicus DMP estimates is
that these data only cover 2013–present whilst a longer time-series is available from MODIS.

4.3. Comparison between FRE-Derived Fuel Consumption and MODIS Accumulated PSN and Copernicus Dry
Matter Productivity (DMP)

Here we provide the first comprehensive assessment of the relationship between FRE-derived fuel
consumption (Tg DM) and temporally integrated MODIS PSN productivity (Tg) and Copernicus DMP
(Tg DM) estimates. MODIS PSN estimates (2004–2016) are used as a surrogate for NPP since the latter
is only available on an annual basis, which is inconsistent with the seasonal dynamics of landscape
fires. It is acknowledged that FRE-derived fuel consumption is not directly comparable to PSN, since
the latter contains contributions from woody material maintenance, growth respiration and below
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ground biomass. Therefore, irrespective of variations in the combustion completeness, the temporally
integrated PSN value should be greater than the FRE-derived fuel consumption estimates.

The focus was on areas whose burning encompassed twenty or more MCD64A1 MODIS 500
m burned area pixels, thus omitting the smaller fires which SEVIRI finds harder to identify [41,65].
The accumulated productivity estimates between the two years of burning were remapped into
SEVIRI’s grid and the total available fuel per burned area ‘fire cluster’, or contiguous cluster of pixels,
calculated using the burned area (m2) measurements (assuming 47% fuel carbon content; reference [66]).
The matching FRE estimates were calculated via temporal integration of the SEVIRI FRP data between
the first and last day the pixel was detected as being burned in the current year, with a 10-day buffer
added to account for any offset between the burned area and active fire observations (e.g., due to
cloud cover or differences in fire detectability using the burned area and active fire approaches;
references [26,67,68]). FRE-derived fuel consumption for each fire cluster was then estimated using the
conversion coefficient of 0.37 kg MJ−1 found by reference [20], which provided good relations between
fuel availability and FRE-derived fuel consumption metrics in reference [39]. A timeseries of SEVIRI
FRP retrievals and the mean MODIS PSN and GPP estimates from a single 57.7 km2 fire which burned
in an area of woody savanna are shown in Figure 4 (a and b respectively). This fire affected an area
of 18 discrete SEVIRI pixels over its lifetime (with a mean of 22 FRP observations per pixel), and the
accumulated PSN and total fuel consumed over the 57.7 km2 burned area were calculated as 96,950
and 13,700 tonnes respectively. The FRE-derived fuel consumption per unit area is 0.23 kg DM m−2

which is somewhat lower than field measurements made in African savannas which ranges between
0.29–0.45 kg DM m−2 [36].
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Figure 4. (a) Daily fire radiative power (FRP, MW) timeseries from a fire cluster that first burned in 2007
and then again in 2008 in an area of woody savanna in southern hemisphere Africa. The red vertical
lines indicate the time period between which FRP retrievals are integrated to estimate the FRE and fuel
consumption on the basis of the burned area detection dates. Note that only the time periods where
fire activity was detected in each year are shown. (b) Mean fire cluster productivity (MODIS Gross
Primary Productivity (GPP) and PSN; kg C m-2 day−1). The dashed grey lines indicate the DOY where
the fire cluster was last detected as burning in 2007 and first detected as burning in 2008 (according to
the MCD64 product), between which the PSN were accumulated.
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Active fire detection and FRP retrievals are influenced by a number of factors including sensor
characteristics, obscuration due to cloud/smoke or an upper canopy, fire size, fuel moisture content
and flame emissivity [59,69–71]. One approach to mitigate for certain of these issues is to focus
analyses on “well-observed” active fire clusters. Using data between 2005 and 2016, Figure 5 illustrates
the relationship between FRE-derived fuel consumption (Tg DM) and accumulated MODIS PSN
(Tg) for fire clusters in the northern (Figure 5a) and southern (Figure 5b) African hemispheres as a
function of the mean number of per-pixel SEVIRI FRP retrievals in each cluster. Clusters with, on
average, fewer than 10 FRP retrievals per-pixel exhibit greater variability whilst fires observed with
an average of >10 observations display a much stronger relationship. This is clear in the northern
hemisphere which displays a weaker relationship and greater variability than found in the southern
hemisphere. For the remainder of the analyses presented, only fire clusters where pixels are observed
on average ≥10 times are retained, omitting 46% and 48% of the fire clusters in the northern and
southern hemispheres respectively.

Remote Sens. 2018, 10, x FOR PEER REVIEW  10 of 22 

 

and flame emissivity [59,69–71]. One approach to mitigate for certain of these issues is to focus 

analyses on “well-observed” active fire clusters. Using data between 2005 and 2016, Figure 5 

illustrates the relationship between FRE-derived fuel consumption (Tg DM) and accumulated 

MODIS PSN (Tg) for fire clusters in the northern (Figure 5a) and southern (Figure 5b) African 

hemispheres as a function of the mean number of per-pixel SEVIRI FRP retrievals in each cluster. 

Clusters with, on average, fewer than 10 FRP retrievals per-pixel exhibit greater variability whilst 

fires observed with an average of >10 observations display a much stronger relationship. This is clear 

in the northern hemisphere which displays a weaker relationship and greater variability than found 

in the southern hemisphere. For the remainder of the analyses presented, only fire clusters where 

pixels are observed on average ≥10 times are retained, omitting 46% and 48% of the fire clusters in 

the northern and southern hemispheres respectively.  

 

Figure 5. Cont.



Remote Sens. 2018, 10, 1591 11 of 22
Remote Sens. 2018, 10, x FOR PEER REVIEW  11 of 22 

 

 

Figure 5. The relationship between FRE-derived fuel consumption (Tg DM) and accumulated 

MODIS PSN (Tg) on a per-fire cluster basis in the northern (a) and southern (b) hemisphere Africa as 

a function of the average number of SEVIRI fire detections per pixel within each fire cluster. The grey 

shaded area represents the prediction interval and the blue shaded area is the slopes 95% confidence 

interval. Note that the x- and y-axis range differs among plots. 

Figure 6 shows scatterplots between FRE-derived fuel consumption and integrated PSN in the 

northern and southern African hemispheres for the remaining fire clusters for each year (2005–2015). 

In the northern and southern hemispheres, the average annual number of fire clusters per year is 

2040 and 2588 respectively. Overall, there is little interannual variation in terms of changes in the 

correlation and slope of the relation between FRE-derived fuel consumption and accumulated PSN. 

The relationship in the northern hemisphere is weak (mean r = 0.76) and the slope indicates that the 

FRE-derived fuel consumption estimates are between 11 and 18% of the accumulated PSN. Of 24,249 

fire clusters that cover the full time-series, 99% of the clusters have a lower FRE-derived fuel 

consumption estimates, with an average relative difference of −73% (mode of 92%) and the average 

scatter (0.13 Tg), bias (−0.03 Tg) and RMSD (0.004 Tg) are also high. In contrast, a strong relationship 

is evident in the southern hemisphere (mean r = 0.96) with the fuel consumption being 7–8% of the 

accumulated PSN. Of 30,948 fire clusters, 99% have a lower fuel consumption estimate, with an 

average percentage difference of −88% (mode of −96%) and the average annual scatter (0.57 Tg), bias 

(−0.12 Tg) and RMSD (0.07 Tg) are also relatively high.  

Figure 5. The relationship between FRE-derived fuel consumption (Tg DM) and accumulated MODIS
PSN (Tg) on a per-fire cluster basis in the northern (a) and southern (b) hemisphere Africa as a function
of the average number of SEVIRI fire detections per pixel within each fire cluster. The grey shaded area
represents the prediction interval and the blue shaded area is the slopes 95% confidence interval. Note
that the x- and y-axis range differs among plots.

Figure 6 shows scatterplots between FRE-derived fuel consumption and integrated PSN in the
northern and southern African hemispheres for the remaining fire clusters for each year (2005–2015).
In the northern and southern hemispheres, the average annual number of fire clusters per year
is 2040 and 2588 respectively. Overall, there is little interannual variation in terms of changes in
the correlation and slope of the relation between FRE-derived fuel consumption and accumulated
PSN. The relationship in the northern hemisphere is weak (mean r = 0.76) and the slope indicates
that the FRE-derived fuel consumption estimates are between 11 and 18% of the accumulated PSN.
Of 24,249 fire clusters that cover the full time-series, 99% of the clusters have a lower FRE-derived fuel
consumption estimates, with an average relative difference of −73% (mode of 92%) and the average
scatter (0.13 Tg), bias (−0.03 Tg) and RMSD (0.004 Tg) are also high. In contrast, a strong relationship
is evident in the southern hemisphere (mean r = 0.96) with the fuel consumption being 7–8% of
the accumulated PSN. Of 30,948 fire clusters, 99% have a lower fuel consumption estimate, with an
average percentage difference of −88% (mode of −96%) and the average annual scatter (0.57 Tg), bias
(−0.12 Tg) and RMSD (0.07 Tg) are also relatively high.



Remote Sens. 2018, 10, 1591 12 of 22

Remote Sens. 2018, 10, x FOR PEER REVIEW  12 of 22 

 

 

 

Figure 6. The relationship between FRE-derived fuel consumption (Tg DM) and accumulated PSN 

(Tg) per-fire cluster basis for the northern (a) and southern (b) hemisphere Africa between 2005 and 

Figure 6. The relationship between FRE-derived fuel consumption (Tg DM) and accumulated PSN (Tg)
per-fire cluster basis for the northern (a) and southern (b) hemisphere Africa between 2005 and 2015.
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confidence interval. Note that the x- and y-axis range differs among plots.

The FRE-derived fuel consumption and Copernicus DMP in northern and southern hemisphere
Africa (Figure 7) also display a strong relationship although the fuel consumption is 37% (northern
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hemisphere) and 31% (southern hemisphere) of the accumulated DMP. Accounting for the difference
in the ratio between MODIS NPP and MODIS PSN discussed in Section 4.2, which indicates PSN
estimates were ≈21% greater than NPP over southern hemisphere Africa, suggests FRE-derived fuel
consumption is between 29–31% of the primary productivity estimate. Roberts et al., [39] compared
SEVIRI fuel consumption estimates with integrated SPOT VGT NPP estimates over 18 fires and found
closer agreement (i.e., higher combustion completeness) than found here, albeit across a far smaller
number of samples (and using NPP data derived from SPOT VGT using a process similar to that used
for the Copernicus DMP product). This difference in primary production data may help to explain the
difference in slope between the analysis conducted here and that of reference [39].

Unlike the comparison between accumulated MODIS PSN and SEVIRI FRE-derived fuel
consumption (Figure 6a,b), where the correlation between the datasets differed in northern and
southern hemisphere Africa, the relationship shown in Figure 7 is similar in both hemispheres.
The comparison between the MODIS PSN and Copernicus DMP (Figure 3), also shows good
agreement in the southern hemisphere but a weaker relationship in the northern hemisphere.
Studies have found MOD17 productivity estimates to be underestimated in the Sahel region (e.g.,
references [52,72]) which may explain the closer agreement in magnitude between FRE-derived fuel
consumption and the accumulated MODIS productivity in the northern hemisphere. Fensolt et al., [53]
suggests the underestimation of MODIS productivity estimates may result from uncertainty in
the parameterisation of the Biome specific lookup-table (BLUT). Sjostrom et al., [52] highlights the
importance of meteorological input data (e.g., vapour pressure deficit and photosynthetic active
radiation) on GPP estimation and found that replacing the National Center for Environmental
Prediction Department of Energy (NCEP-DOE) reanalysis data with tower measured meteorological
data improved the correlation between eddy covariance and MODIS GPP at sites in northern and
southern hemisphere Africa. Northern hemisphere Africa has been subject to increased land cover
change since 2001 [16] which may influence MODIS productivity estimates if this change is not
adequately captured in the MOD17 algorithm. The similar ratio between FRE-derived and GFED v4
fuel consumption estimates in both hemispheres suggests there is little bias in the SEVIRI FRE data.
Further assessment of MODIS productivity dataset over Africa is needed to elucidate the apparent
differences observed between the northern and southern hemispheres.
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4.3.1 Fuel Consumption Per Unit Area (m−2) 

Figure 7. Relationship between FRE-derived fuel consumption (Tg DM) and accumulated Copernicus
dry matter productivity (DMP, Tg DM) for fire clusters that burned between 2013 and 2016 in northern
and southern hemisphere Africa. The grey shaded area represents the prediction interval and the blue
shaded area is the slopes 95% confidence interval. Note that the x- and y-axis range differs among plots.

Fuel Consumption Per Unit Area (m−2)

Despite the consistency in the relationship between the FRE-derived fuel consumption and
accumulated PSN, it is clear that SEVIRI FRE-derived fuel consumption is underestimated. Here we
assess the agreement between fuel consumption and productivity as a function of land cover type and
fuel consumption per unit area (kg DM m−2). The land cover type for a given fire cluster is assigned
on the basis of the dominant land cover within the fire cluster.
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Figure 8 illustrates the relationship between FRE-derived fuel consumption and accumulated PSN
for fire clusters in northern and southern hemisphere Africa for land cover types with >50 fire clusters.
Similar to that shown in Figure 6, the correlation between fuel consumption and integrated PSN is
strong in the southern hemisphere (the northern hemisphere delivers a weaker relationship), although
there is also limited variation in the proportion of fuel consumed as a function of land cover type.
Savanna, cropland and grassland are the dominant cover types in both hemispheres, and demonstrate
similar slopes between FRE-derived fuel consumption (Tg DM) and MODIS PSN (Tg). This may
result from grass and litter comprising the largest fraction of combusted fuel in African savanna fires,
with relatively little of the woody material being consumed by comparison [73,74]. The fuel moisture
content of these fine fuels is also typically low during the peak fire season, which leads to high (a mean
of ≈0.93) combustion completeness [36,73–75].
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Figure 8. Relationship between FRE-derived fuel consumption (Tg DM) and accumulated MODIS PSN
(Tg) on a fire cluster basis as a function of land cover type in northern (a) and southern (b) hemisphere
Africa. The grey shaded area represents the prediction interval and the blue shaded area is the slopes
95% confidence interval. Note that the x- and y-axis range differs among plots.

The fire clusters in this analysis were selected on the basis that they burned in consecutive
years, and this frequent fire occurrence may help explain the similarity in the relationship between
fuel consumption and integrated PSN between land cover types. Savanna fuel loads, principally
grasses, tend to be greater in areas where fires occur on a biennial or longer timescale due to fuel
build up (e.g., in moribund and unpalatable grass), which is influenced by the fire return interval,
precipitation patterns, productivity and grazing pressure [61]. Large areas of Africa burn frequently
(Figure 9) and the majority (81%) of the pixels in the fire clusters used in this analysis burned every
three years or fewer between 2005 and 2016. Differences in fire occurrence may lead to variations in
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fuel build up within each fire cluster, since the accumulated PSN only accounts for the contribution
of productive vegetation through fPAR measurements. Variations in the build-up of senescent fuel
are not represented, and could increase the variability between fuel consumption and accumulated
PSN measures.
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Figure 9. MCD64A1 burned area derived fire occurrence (2004–2016) at 0.25◦ resolution using MCD64
A1 burned area product between 2004 and 2016.

The similarity in the proportion of fuel consumed relative to the accumulated productivity as a
function of land cover type is reflected in Figure 10, which presents the FRE-derived fuel consumption
per unit area (kg DM m-2) and the integrated PSN (kg m-2) for northern (Figure 10a,b) and southern
(Figure 10c,d) hemisphere Africa. The upper and lower bounds of the bars depict the 25th and 75th
percentiles and the black line is the 50th percentile. As with many natural phenomena, the fuel
consumption estimates are best described by a power law where the 25th percentile is close to the
highest frequency.

The average fuel consumption estimates are approximately 0.1 and 0.2 kg DM m−2 at 25th
and 50th percentiles respectively. Savanna, grassland and croplands show similar fuel consumption
estimates, which lends support to the notion that herbaceous fuel is the primary material burned. In
the southern hemisphere, the MODIS PSN estimates for forest, savanna and croplands are higher than
the fuel consumption estimates at all percentile ranges, whilst shrublands and grasslands are lower
in most cases. The FRE-derived fuel consumption estimates should be lower than the accumulated
PSN since combustion completeness is rarely 100% and the PSN estimates contain contributions from
woody respiration and maintenance and below ground biomass. The average accumulated PSN
estimates are 1.32 and 1.65 (kg m−2) at 25th and 50th percentiles respectively and are greater than
those of the northern hemisphere. The FRE-derived fuel consumption estimates for savanna, which
is the dominant land cover type, is 89% and 70% lower at the 25th and 75th percentiles, respectively,
which is close to the slope shown in Figure 8.

Fuel consumption per unit area estimates for dambo grassland (0.22–0.29 kg DM m−2), savanna
(0.35 kg DM m−2) and miombo woodland (0.42–0.45 kg DM m−2) contained in references [27,74,76,77]
are typically around twice those of the FRE-derived estimates. Despite constraining the fire clusters
to those which are best observed (i.e., ≥10 observations on average per-pixel), the FRE-derived fuel
consumption estimates appear underestimated. Roberts et al., [26] compared MODIS and SEVIRI
FRE-derived fuel consumption estimates (g DM m−2) and found those from SEVIRI were around three
times lower than those from spatially coincident ground measurements. Applying this adjustment to
fire cluster fuel consumption estimates for savanna, grassland and cropland in southern hemisphere
Africa increases it to 0.33 (kg DM m−2) at the 25th percentile. This is closer to the range of fuel
consumption estimates found in African grassland savanna (0.21–0.65 kg DM m−2) and woody
savanna (0.29–0.73 kg DM m−2; reference [36]), though the slope characterising the relationship
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between FRE-derived fuel consumption and accumulated PSN for fire clusters in southern hemisphere
Africa in savanna, grassland and cropland remains far below unity (at 0.23, 0.23 and 0.15 respectively).Remote Sens. 2018, 10, x FOR PEER REVIEW  16 of 22 
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A number of factors contribute to the underestimation of FRE-derived fuel consumption including
FRP retrieval, fire detection bias and fuel characteristics. SEVIRI FRP has been compared to spatially
and temporally coincident MODIS FRP for fire clusters >50 MW where over half (57%) were within 20%
of the corresponding MODIS FRP [42]. However, whilst good agreement is found on sufficiently intense
fires, SEVIRI underestimates fire activity over a wider area due to the omission of small and/or low
intensity fire which fall below its detection limit [41,42], or are omitted due to cloud mask over efficiency
for example [69]. Sensor imaging characteristics can also impact the retrieved FRP. For example,
the point spread function (PSF) distributes fire emitted radiance into neighbouring pixels, and may
result in these not being detected or falling outside of the MODIS burned area [78,79]. Vegetation
structure can also reduce the retrieved FRP through preventing the detection of actively burning
pixels [65,69] and intercepting the fire emitted radiance from fires beneath an upper canopy [34]. Fuel
moisture content also has an impact since energy is lost to vapourisation which reduces the potential
for combustion and, should combustion occur, the retrieved FRP [59,80]. In this study, the majority
of the fires were detected in the dry season, and account for 91% and 88% of all fire clusters in the
northern and southern hemisphere respectively. The fuel moisture content of herbaceous fuels is
typically low in the dry season but does vary over time and with the proportion of green grass. These
factors are typically at a minimum at the peak of the dry season [73,81]. Recent studies have also found
different FRE to fuel consumption coefficient values to that found by reference [20] which could be
caused by differences in sensor characteristics, fuel moisture, fuel type and fire size [35,79,82–84].
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5. Conclusions

This study has used a variety of remotely sensed datasets to investigate the spatial and temporal
variations in fire activity and fuel consumption across sub-Saharan Africa, focusing on years between
2004 and 2016. For the first time, an extensive comparison between FRE-derived fuel consumption and
temporally integrated MODIS productivity data (PSN) on a fire cluster basis has been conducted, and
it has indicated strong correlations between the two in the southern hemisphere. This is encouraging
given the very different methods used to characterise fuel load and fuel consumption. The agreement
in the southern hemisphere (r >= 0.9) is stronger than that found in the northern hemisphere
(r > 0.66) and is consistent on an annual basis, but it is clear that the FRE-derived fuel consumptions
are underestimated.

Annual SEVIRI FRE-derived fuel consumption estimates are consistently far lower than those
from GFED when the standard 0.37 MJ kg−1 conversion factor is used. However, the annual dynamics
of FRE and GFED burned area do show similar trends over time. The data used in this study indicates
that FRE-derived annual fuel consumption has decreased in both northern (mean of −4.3 Tg/year)
and southern (mean of −0.57 Tg/year) hemisphere Africa across the 2004–2016 period. However,
analysis of the monthly dynamics reveals that large shifts in fuel consumption of 20–50% can occur
even during the peak biomass burning season, and that temporal trends are stronger outside the fire
season albeit much lower in magnitude. The latter may have implications for emissions mitigation
schemes that employ early season burning to reduce fire impacts on the environment.

Further research is needed to reconcile differences found in the relationship between FRE and
fuel consumption. A key difficulty in fire emissions estimation concerns validation and, to date,
there have been limited opportunities to do so. The RxCADRE field campaign [85] validated ground,
airborne and spaceborne FRP retrievals but, despite incorporating 10 prescribed fires, concluded
that a greater number of experiments were required to adequately assess FRP retrievals made from
different platforms. Validation of fuel consumption is equally challenging due to the logistics involved
in measuring fuel load and fuel consumption. Surface measurements of fuel consumption per unit
area (kg DM m−2) are useful but may not fully capture the heterogeneity of fuel distribution and
consumption, whilst estimating this metric using satellite data requires integrating different data
products which each introduce their own uncertainties. Xu et al., [86] highlights the benefits that the
improved temporal and spatial resolution of the next generation of geostationary sensors (e.g., the
Advanced Himawari Imager, AHI) will bring with regards to fire characterisation. The Meteosat Third
Generation (MTG) series of satellites, proposed for launch in 2021, will provide enhanced capabilities
over Africa, and thereby further improve FRE-derived fuel combustion estimates.
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