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Abstract

Wildfires are fundamental to the distribution of vegetation on Earth. Wildfires vary in size,
frequency, and intensity and are controlled by climate, vegetation, and human activity. A fire
regime refers to the long-term, repeated patterns of wildfires under a given set of conditions. Shifts
in global fire regimes in response to changing environmental conditions are a growing concern.
Many global vegetation models include wildfire but struggle to predict fire properties beyond the
first-order patterns of burnt area and disagree on its environmental responses and historical trends.
This thesis develops robust empirical models of burnt area, fire size and a measure of intensity and
uses them to explore the global sensitivity of fire regimes to changes in climate, atmospheric CO>
and human activity. Simulation of fire regimes under the very different conditions of the Last
Glacial Maximum predicts reduced fire activity consistent with evidence from sedimentary
charcoal records, while allowing for the separation of CO; and climate change effects (both
significant). Simulation of future fire regimes under low- and high-mitigation scenarios indicates
a global shift in wildfire patterns by 2100 CE with burning reduced in tropical regions but larger
and more intense wildfires in extra-tropical regions. Under low mitigation, increases in burnt area
worldwide overwhelm the current human-driven declining trend, with fire size and intensity
increasingly limited by dryness and vegetation fragmentation. These model experiments highlight
the distinct controls of different fire properties. Whilst burnt area is driven by fuel availability and
dryness, fire intensity is limited by fuel build-up, and fire size by fuel continuity. This decoupling
occurs because of the different temporal and spatial scales on which the controls of burnt area, fire
size and fire intensity operate. These findings have immediate implications for the improvement

of process-based fire models, which currently do not take these distinctions into account.
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Figure 2. These plots were produced using climate data from the WFDES ERAS dataset (Cucchi
et al., 2020), GPP outputs are from the p model (Wang et al., 2017; Stocker et al., 2020) burnt area
data from GFED4 (Randerson et al., 2018). A generalized linear model was fitted between GPP,
precipitation and BA and the plots above are the resulting underlying and emergent relationships.
On the left, the monotonically positive partial residual relationship fitted between annual GPP
(annual mean from 2010-2015) and BA (annual mean from 2010-2015) when precipitation is held
constant, in the middle the monotonically negative partial residual relationship fitted between
monthly precipitation (monthly mean from 2010-2015) and BA when GPP is held constant, and
on the right emergent relationship between monthly precipitation and BA.

Figure 3. “Bottom up” and “top down” approaches to global fire modelling.

Figure 4. Global fire regimes from 2010-2015. Burnt area from GFED4 (Randerson et al., 2018)
on the left, fire size from the Global Fire Atlas (Andela et al., 2019) in the middle and fire intensity
derived from MCD14ML (Giglio et al., 2006).

Figure 5. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cover, (roads) road density, (crop) cropland, (VRM) vector ruggedness measure,
(TPI) topographic position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour
pressure deficit, (DTR) diurnal temperature range, (wind) wind speed, (popd) population density
and (light) lightning ground-strikes . Green represents vegetation and land cover predictors; purple
represents fragmentation predictors; red represents climate predictors; blue represents ignition
source predictors.

Figure 6. 7-values for each predictor included in the final burnt area (A), fire size (B) and fire
intensity models (C) showing relative importance of each predictor. The larger the absolute #-
values of a predictor within a model, the more variance that individual predictor explains in that
model. Green represents vegetation and land cover predictors; purple represents fragmentation
predictors; red represents climate predictors; blue represents ignition source predictors.

Figure 7. Observed (left) and predicted (right) annual burnt area (fraction), monthly median fire
size (km?) and monthly median fire intensity (W km ™).

Figure 8. Flowchart of the method to obtain each of the four scenarios: MOD climate and MOD
CO., LGM climate and LGM CO, MOD climate and LGM CO; and LGM climate and LGM COs.
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seasonality of dry days, (¢) maximum monthly VPD, (d) maximum monthly DTR, (e) maximum
monthly mean wind speeds, (f) mean monthly temperature and (g) mean monthly total
precipitation. The zero-intercept line represents no change between LGM and MOD climate, with
negative values representing lower values at the LGM and positive values representing higher
values at the LGM.

Figure 10. Experiments for BA, FS and FI for MPI-ESM1.2 LGM scenario (MOD 395 ppm and
LGM 185 ppm represent the realistic modern-day simulation and LGM simulation, whilst MOD
185 ppm and LGM 395 ppm represent the CO2 and climate sensitivity experiments respectively.
The ice is shown in grey). (The other experiments can be found in S3)

Figure 11. Boxplots showing relative importance of each predictor (GPP: gross primary
production, GPP.s.: GPP seasonality, tree; tree cover, shrub; shrub cover, grass; grass cover, DD:
dry days, DD.s.: dry days seasonality, VPD: vapour pressure deficit, DTR: diurnal temperature
range, wind: wind speed) in driving the BA, FS or FI anomaly between the MOD 395 ppm and
LGM 185 ppm experiment. For each grid cell common to both experiments (on modern-day
continental shelves and masking the LGM ice sheets), the predictor which caused the largest
change in the anomaly between the two experiments when it was excluded from the GLM model
was retained, it is the change in anomaly that is shown here. This was taken as an indicator of
relative importance of that predictor in driving the observed change for (a) the AWIESM1 LGM
scenario, (b) the MPI-ESM-1.2 LGM scenario and (c) the CESM1.2 LGM scenario. A positive
anomaly indicates the variable caused an increase in BA, FS or FI at the LGM and a negative
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Figure 12. Map showing selection of four variables (GPP in green, DD in red, VPD in orange and
wind in grey) responsible for some of the most important grid-cell drivers in reducing BA,
increasing FS and FI for (a) AWIESM1 LGM scenario, (b) MPI-ESM1.2 LGM scenario and (c)
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Figure 13. Comparison of BA anomalies between the experiment outputs from the MPI-ESM1.2
LGM scenario with charcoal records from the Reading Palaeofire Database (RPD) for (a) the
realistic LGM experiment (b) the LGM climate/MOD CO; sensitivity experiment and (c) the MOD
climate/LGM CO; sensitivity experiment The modelled positive LGM-MOD anomalies are shown
in red and LGM-MOD negative anomalies in blue. Dotted red (positive anomaly) and blue
(negative anomaly) points show the location of the RPD records for the LGM. The LGM ice sheets
are shown in dark blue.

Figure 14. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right). Regions where all three
properties increase are shown in red, regions where all three properties decrease are shown in dark
blue.
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Figure 15. Percentage change in burnt area (BA), fire size (FS) and fire intensity (FI) per biome
for (a) the high mitigation scenario and (b) the low mitigation scenario. See Supplementary
Chapter 4 for more detail.

Figure 16. Predictors responsible for driving changes in burnt area (BA), fire size (FS) and fire
intensity (FI) respectively of (a) the high mitigation scenario and (b) the low mitigation scenario.
The top row shows predictors driving increases and the bottom row shows predictors driving
decreases in the fire properties.

Figure 17. Importance of four switches for burnt area (BA), fire size (FS) and fire intensity (FI)
for each statistical model (shown by t-values) with darker red being more important. White values
are not significant at the significance threshold used. Fuel availability (gross primary production:
GPP, GPP seasonality, tree, grass, shrub) and fuel continuity (cropland, road density, topography)
are separated out here. The arrows above show whether changes in climate, CO»-induced changes
in vegetation or human activity influence the different drivers in simulations of the past and future.

Figure 18. Latitudinal distribution of normalized median FRP values derived from MCD14ML
(Giglio et al., 2006) (red) and the intensity metric used in this analysis (blue). The asymmetry can
be observed in the median FRP values between the latitudes 0-25°S (with a rapidly increasing
slope) and 0-25°N (with a much flatter slope that only increases after 25°N.

Figure 19. Global distribution of observed median FRP values (in W.km™) (left) and the fire
intensity metric used in this analysis (in W.km ') (right)

Figure 20. Percentage change in global total BA, median FS, and median FI between the modern,
low mitigation 2100CE, high mitigation 2100CE and LGM experiments for the climate only
sensitivity experiment.

Figure 21. Global distribution of modelled burnt area (BA) in km?, fire size (FS) in km?, and fire
intensity (FI) in W.km™' for the original model (including human activity) (top) and for the
sensitivity analysis in which all human predictors are set to zero (excluding human activity)
(bottom)

Figure 22. Breakdown per biome of total annual burnt area (in km?), mean fire size (in km?) and
mean fire intensity (W.km™) for the modelled values with and without human presence

Figure S1. Partials residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cover, (roads) road density, (crop) cropland, (VRM) vector ruggedness measure,
(TPI) topographic position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour
pressure deficit, (DTR) diurnal temperature range, (wind) wind speed, (popd) population density
and (light) lightning ground-strikes . Green represents vegetation and land cover predictors; purple
represents fragmentation predictors; red represents climate predictors; blue represents ignition
source predictors.
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Figure S2. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cove (crop) cropland, (VRM) vector ruggedness measure, (TPI) topographic
position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour pressure deficit,
(DTR) diurnal temperature range, (wind) wind speed, (popd) population density and (light)
lightning ground-strikes . Green represents vegetation and land cover predictors; purple represents
fragmentation predictors; red represents climate predictors; blue represents ignition source
predictors.

Figure S3. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cover, (roads) road density, (crop) cropland, (VRM) vector ruggedness measure,
(TPI) topographic position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour
pressure deficit, (DTR) diurnal temperature range, (wind) wind speed, and (light) lightning
ground-strikes . Green represents vegetation and land cover predictors; purple represents
fragmentation predictors; red represents climate predictors; blue represents ignition source
predictors.

Figure S4. Figure 1. Partial residual plots for burnt area, fire size and fire intensity as functions of
(GPP) gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass)
grassland cover, (tree) tree cover, (crop) cropland, (VRM) vector ruggedness measure, (TPI)
topographic position index, (DD) dry days, (DD (s)) dry days seasonality, (DTR) diurnal
temperature range, (wind) wind speed, (popd) population density and (light) lightning ground-
strikes . Green represents vegetation and land cover predictors; purple represents fragmentation
predictors; red represents climate predictors; blue represents ignition source predictors.

Figure S5. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (shrub) shrubland cover, (grass) grassland cover, (tree) tree cover,
(roads) road density, (crop) cropland, (VRM) vector ruggedness measure, (TPI) topographic
position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour pressure deficit,
(DTR) diurnal temperature range, (wind) wind speed, (popd) population density and (light)
lightning ground-strikes . Green represents vegetation and land cover predictors; purple represents
fragmentation predictors; red represents climate predictors; blue represents ignition source
predictors.

Figure S6. Histograms showing the distribution of the fitted values by the GLM BA model when
observed BA values are 0 in the 2010-2015 climatology for (a) the whole range and (b) the range
up to the 95" percentile. The red line shows the median value, and the black lines show the 10™
and 90™ percentile values.

Figure S.7 Maps of BA ignition mask (where no burning is assumed to occur) under modern-day
conditions (2010-2015 climatology) showing in red (a) where the observational BA values are 0
and (b) where the fitted BA values are equal or lower to 0.0011.
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Figure S8. Changes in burnt area (BA), fire size (FS) and fire intensity (FI) using modern day
climate (MOD) or Last Glacial Maximum (LGM) climate from the MPI-ESM1.2 simulation with
either modern (395 ppm) or LGM (185 ppm) CO..

Figure S9. Changes in burnt area (BA), fire size (FS) and fire intensity (FI) using modern day
climate (MOD) or Last Glacial Maximum (LGM) climate from the AWIESMI1 simulation with
either modern (395 ppm) or LGM (185 ppm) CO..

Figure S10. Changes in burnt area (BA), fire size (FS) and fire intensity (FI) using modern day
climate (MOD) or Last Glacial Maximum (LGM) climate CESM1.2 simulation with either modern
(395 ppm) or LGM (185 ppm) COa.

Figure S10. Changes in burnt area (BA), fire size (FS) and fire intensity (FI) using modern day
climate (MOD) or Last Glacial Maximum (LGM) climate CESM1.2 simulation with either modern
(395 ppm) or LGM (185 ppm) COa.

Figure S11. Map showing which model variable was responsible for some of the most important
grid-cell changes between the realistic modern-day climate (MOD) 395 ppm experiment and the
realistic Last Glacial Maximum (LGM) 190 ppm scenarios for BA, FS and FI for (a) the
AWIESMI1 LGM scenario, (b) the MPI-ESM1.2 LGM scenario and (c) the CESM1.2 LGM
scenarios. Faded colors represent that the effect was a negative one, leading to a decrease in the
wildfire property at the LGM whilst full colors represent an increase in the wildfire property at the
LGM.

Figure S12. Map showing which model variable was responsible for some of the most important
grid-cell changes between the MOD 395 ppm and LGM 395 ppm experiment (LGM climate/MOD
CO») for BA, FS and FI for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM1.2 LGM scenario
and (c¢) the CESM1.2 LGM scenarios. Faded colors represent that the effect was a negative one,
leading to a decrease in the wildfire property at the LGM whilst full colors represent an increase
in the wildfire property at the LGM.

Figure S13. Boxplots showing relative importance of each predictor (GPP; gross primary
production, GPP.s.; GPP seasonality, tree; tree cover, shrub; shrub cover, grass; grass cover, DD;
dry days, DD.s.; dry days seasonality, VPD; vapour pressure deficit, DTR; diurnal temperature
range, wind; wind speed) in driving the anomaly between the MOD 395 ppm and LGM 395 ppm
experiment. For each grid cell common to both experiments (on modern-day continental shelves
and masking the LGM ice sheets), the predictor which cause the largest change in the anomaly
between the two experiments when it was excluded from the GLM model was retained, it is the
change in anomaly that is shown here. This was taken as an indicator of relative importance of that
predictor in driving the observed change for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM-
1.2 LGM scenario and (¢) the CESM1.2 LGM scenario. A positive anomaly represents the variable
driving an increase in BA, FS or FI at the LGM and a negative anomaly represents the variable
driving a decrease in BA, FS or FI at the LGM.

Figure S14. Map showing which model variable was responsible for some of the most important
grid-cell changes between the realistic MOD 395 ppm and MOD 190 ppm experiment (MOD
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climate/LGM CO,) for BA, FS and FI for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM1.2
LGM scenario and (c) the CESM1.2 LGM scenarios. Faded colors represent that the effect was a
negative one, leading to a decrease in the wildfire property at the LGM whilst full colors represent
an increase in the wildfire property at the LGM.

Figure S15. Boxplots showing relative importance of each predictor (GPP; gross primary
production, GPP.s.; GPP seasonality, tree; tree cover, shrub; shrub cover, grass; grass cover, DD;
dry days, DD.s.; dry days seasonality, VPD; vapour pressure deficit, DTR; diurnal temperature
range, wind; wind speed) in driving the anomaly between the MOD 395 ppm and MOD 190 ppm
experiment. For each grid cell common to both experiments (on modern-day continental shelves
and masking the LGM ice sheets), the predictor which cause the largest change in the anomaly
between the two experiments when it was excluded from the GLM model was retained, it is the
change in anomaly that is shown here. This was taken as an indicator of relative importance of that
predictor in driving the observed change for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM-
1.2 LGM scenario and (¢) the CESM1.2 LGM scenario. A positive anomaly represents the variable
driving an increase in BA, FS or FI at the LGM and a negative anomaly represents the variable
driving a decrease in BA, FS or FI at the LGM.

Figure S16. Comparison of anomalies between the experiment outputs from the MPI-ESM1.2
LGM scenario with charcoal records from the Reading Palacofire Database (RPD) for (a) the
relatistic BA LGM experiment (b) the BA LGM climate/MOD CO; sensitivity experiment and (¢)
the BA MOD climate/LGM CO: sensitivity experiment (d) the relatistic FS LGM experiment (e)
the FS LGM climate/MOD CO: sensitivity experiment and (f) the FS MOD, (g) the relatistic FI
LGM experiment (h) the FI LGM climate/MOD CO; sensitivity experiment and (i) the FI MOD
climate/LGM CO; sensitivity experiment climate/LGM CO> sensitivity experiment. The modeled
positive LGM-MOD anomalies are shown in red and LGM-MOD negative anomalies in blue.
Dotted red (positive anomaly) and blue (negative anomaly) points show the location of the RPD
records for the LGM. The LGM ice sheets are shown in dark blue.

Figure S17. Comparison of anomalies between the experiment outputs from the AWIESM1 LGM
scenario with charcoal records from the Reading Palaeofire Database (RPD) for (a) the relatistic
BA LGM experiment (b) the BA LGM climate/MOD CO: sensitivity experiment and (c) the BA
MOD climate/LGM CO; sensitivity experiment (d) the relatistic FS LGM experiment (e) the FS
LGM climate/MOD CO; sensitivity experiment and (f) the FS MOD, (g) the relatistic FI LGM
experiment (h) the FI LGM climate/MOD CO; sensitivity experiment and (i) the FI MOD
climate/LGM COz sensitivity experiment climate/LGM COz sensitivity experiment. The modeled
positive LGM-MOD anomalies are shown in red and LGM-MOD negative anomalies in blue.
Dotted red (positive anomaly) and blue (negative anomaly) points show the location of the RPD
records for the LGM. The LGM ice sheets are shown in dark blue.

Figure S18. Comparison of anomalies between the experiment outputs from the CESM1.2 LGM
scenario with charcoal records from the Reading Palaeofire Database (RPD) for (a) the relatistic
BA LGM experiment (b) the BA LGM climate/MOD CO: sensitivity experiment and (c) the BA
MOD climate/LGM CO; sensitivity experiment (d) the relatistic FS LGM experiment (e) the FS
LGM climate/MOD CO; sensitivity experiment and (f) the FS MOD, (g) the relatistic FI LGM
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experiment (h) the FI LGM climate/MOD CO:; sensitivity experiment and (i) the FI MOD
climate/LGM COs; sensitivity experiment climate/LGM CO; sensitivity experiment. The modeled
positive LGM-MOD anomalies are shown in red and LGM-MOD negative anomalies in blue.
Dotted red (positive anomaly) and blue (negative anomaly) points show the location of the RPD
records for the LGM. The LGM ice sheets are shown in dark blue.

Figure S19. Global 10-year trend in burnt area (BA) from 2006-2015 in Mha from the model (red),
GFEDA4(s) (light green) and GFEDS (dark green).

Figure S20. Global 10-year trend in burnt area (BA) for the (A) northern hemisphere, (B) southern
hemisphere, (C) above 60°N, (D) Africa, (E) northern hemisphere America and (F) southern
hemisphere America from the model (in red), GFED4(s) (in light green) and GFEDS (in dark
green)

Figure S21. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
CO2> levels are 424ppm and 651ppm respectively and human activity follows a SSP2 trajectory.
Red represents an increase in the fire property by the end of the century and blue represents a
decrease.

Figure S22. Percentage change for all three fire properties between realistic modern-day
conditions and the realistic future experiments broken down by biome type. The mean is across all
four of the climate model experiments for each scenario.

Figure S23. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment and the realistic future high
mitigation (left) and low mitigation (right) experiment for the GFDL-ESM2M climate model
outputs. Muted colours show that the effect was negative, leading to a decrease in the wildfire
property at under future conditions, whilst full colours represent an increase in the wildfire
property under future conditions.

Figure S24. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment and realistic future high mitigation
(left) and low mitigation (right) experiments for the IPSL-CMS5A-LR climate model
outputs. Muted colours show that the effect was negative, leading to a decrease in the wildfire
property at under future conditions, whilst full colours represent an increase in the wildfire
property under future conditions.

Figure S25. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment realistic future high mitigation
(left) and low mitigation (right) experiment for the HadGEM2-ES climate model outputs. Muted
colours show that the effect was negative, leading to a decrease in the wildfire property at under
future conditions, whilst full colours represent an increase in the wildfire property under future
conditions.
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Figure S26. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment realistic future high mitigation
(left) and low mitigation (right) experiment for the MIROCS climate model outputs. Muted
colours show that the effect was negative, leading to a decrease in the wildfire property at under
future conditions, whilst full colours represent an increase in the wildfire property under future
conditions.

Figure S27. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where CO- levels and human
activity were held constant. Regions where all three properties increase are shown in red, regions
where all three properties decrease are shown in dark blue.

Figure S28. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
CO> levels are held constant at 395ppm and human activity is held constant at the 2010-2015
baseline. Red represents an increase in the fire property by the end of the century and blue
represents a decrease.

Figure S29. Percentage change for all three fire properties between realistic modern-day
conditions and the climate only future experiments broken down by biome type. The mean is taken
across all four climate-model experiments for each scenario.

Figure S30. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where climate and human
activity were held constant. Regions where all three properties increase are shown in red, regions
where all three properties decrease are shown in dark blue.

Figure S31. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
CO; levels are 424ppm and 65 1ppm respectively and climate human activity are held constant at
the 2010-2015 baseline. Red represents an increase in the fire property by the end of the century
and blue represents a decrease.

Figure S32. Percentage change for all three fire properties between realistic modern-day
conditions and the CO; only future experiments broken down by biome type. The mean is taken
across all four climate-model experiments for each scenario.

Figure S33. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where human activity were
held constant. Regions where all three properties increase are shown in red, regions where all three
properties decrease are shown in dark blue.

Figure S34. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
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CO; levels are 424ppm and 65 1ppm respectively and human activity are held constant at the 2010-
2015 baseline. Red represents an increase in the fire property by the end of the century and blue
represents a decrease.

Figure S35. Percentage change for all three fire properties between realistic modern-day
conditions and the climate and CO only future experiments broken down by biome type. The
mean is taken across all four climate-model experiments for each scenario.

Figure S36. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where climate and CO; were
held constant. Regions where all three properties increase are shown in red, regions where all three
properties decrease are shown in dark blue.

Figure S37. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
only human activity changes (SSP2 scenario) and in which climate and CO> levels are held
constant at the 2010-2015 baseline. Red represents an increase in the fire property by the end of
the century and blue represents a decrease.

Figure S38. Percentage change for all three fire properties between realistic modern-day
conditions and the human activity only future experiments broken down by biome type. The mean
is taken across all four climate-model experiments for each scenario.

sTable 1. Summary of the models included in the first FireMIP phase

Table 2. Summary of the remotely sensed satellite products available
Table 3. Summary of predictor and fire response variables

Table 4. Summary statistics with regression coefficients, 7-values, and variance inflation factors
(VIF) for each of the final models. Predictors included were all significant at > 4.5 (p <107°).

Table 5. Total annual gross primary production (GPP) (in PgC) estimates for each scenario.

Table 6. Comparison of signs in BA anomalies (between the MOD climate/MOD CO; experiment
and other three experiments respectively) at the location of each RDP charcoal-based
reconstruction record. A positive anomaly represents increased biomass burning, and a negative
anomaly represents decreased biomass burning. Successful identification means that the sign of
the experiment anomaly and the sign of the RPD charcoal-based reconstructions are the same.

Table 7. Summary of modern and future realistic experiments and the associated counterfactual
tests. Additional information on the source and availability of the data for each experiment can be

found in the Supplementary Chapter 4 Materials.

Table 8. Total burnt area per biome under modern, high, and low mitigation scenarios

17



Table S1. Inputs used for the calculation of GPP in the p-model (Wang et al., 2017; Stocker et al.,
2020)

Table S2. Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05),. (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Table S3 Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Table S4 Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Table S5 Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Table S6. Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Table S7. Statistics for the fitted BA distribution when observed BA is 0 for the 2010-2015
climatology.

Table S8. Comparison of sign in BA anomalies (between the MOD climate/MOD CO» experiment
and other three experiments respectively) at the location of each RDP (Harrison et al., 2022)
charcoal-based reconstructions record. A positive anomaly represents increased biomass burning,
and a negative anomaly represents decreased biomass burning. Successful identification means
that the sign of the experiment anomaly and the sign of the RPD charcoal-based reconstructions
are the same.

Table S9. Comparison of sign in FS anomalies (between the MOD climate/MOD CO> experiment
and other three experiments respectively) at the location of each RDP (Harrison et al., 2022)
charcoal-based reconstructions record. A positive anomaly represents increased biomass burning,
and a negative anomaly represents decreased biomass burning. Successful identification means
that the sign of the experiment anomaly and the sign of the RPD charcoal-based reconstructions
are the same.

Table S10. Comparison of sign in FI anomalies (between the MOD climate/MOD CO> experiment
and other three experiments respectively) at the location of each RDP (Harrison et al., 2022)
charcoal-based reconstructions record. A positive anomaly represents increased biomass burning,
and a negative anomaly represents decreased biomass burning. Successful identification means
that the sign of the experiment anomaly and the sign of the RPD charcoal-based reconstructions
are the same.
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Table S11. Burnt area correlations and benchmarking scores of modelled burnt area and the global
fire models included in the first Fire Modeling Intercomparaison Project (FireMIP) compared to
GFED4(s) and GFEDS. The normalized mean error (NME) scores for the spatial patterns (Kelley
et al., 2013; Hantson et al., 2020) are for the overlapping period (2006-2013). A perfect score is 0,
and a score below 1 is better than the mean model. The mean value and the range (in brackets) are
given for the FireMIP models.

Table S12. Global annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI) values
for the realistic experiments.

Table S13. Global for annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI)
values for the climate only experiments.

Table S14. Global annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI) values
for the CO; only experiments.

Table S15. Global annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI) values
for the climate and CO. only experiments.
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Code availability

The work in this thesis relied heavily on computer code. The code and data for each chapter can

be found in the following figshare projects:

Chapter 2: https://figshare.com/account/home#/projects/131081

Chapter 3: https://figshare.com/account/home#/projects/162328

Chapter 4: https://figshare.com/account/home#/projects/188589

All analysis for this thesis was conducted in R using the raster, stats, car, benchmarkMetrics,

visreg, caret, lubricate, ggplot2, reshape2, formattable, Geolnterpolation and tidyverse packages.
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Chapter 1: Introduction and literature review

Wildfires have gained significant attention in the recent decades both in academic and
larger societal settings. Whilst fundamental to the distribution of vegetation on Earth (Bond et al.,
2005; Pausas & Keeley, 2009; Harrison et al., 2010; Pausas & Ribeiro, 2017; Mucina, 2019) they
can also be a destructive force and the response of wildfires to changing climate and land cover is
a growing concern (Pausas and Keeley et al., 2021; Jones et al., 2022; UNEP, 2022). Different
properties of wildfires, such as size or intensity, also influence the impact of a given wildfire,
notably on vegetation and people. Wildfires are explicitly included in many global vegetation
models. However, the formulation of these models varies greatly in complexity, and they struggle
to predict the dynamics of wildfires beyond the broad geographic and temporal patterns of burnt
area (Hantson et al., 2016; Hantson et al., 2020). As such, there is a pressing need to provide better

tools to address the growing concern of wildfire regimes in a changing climate.

Wildfires are controlled by vegetation, climate, and human activity (Rabin et al., 2017) and
there is a growing understanding of how these factors influence wildfires at a global scale (Bistinas
et al., 2014; Knorr et al., 2014; Forkel et al., 2019a, Forkel et al., 2019b; Kelley et al.,
2019). However, a lot of this knowledge, specifically related to vegetation and human activity has
not made its way into global fire models (Forkel et al., 2019a). As such, many of these models do
not capture the underlying properties controlling burning on Earth adequately (Forkel et al.,
2019a). The sensitivity of these wildfire models to changing conditions also vary greatly
(Teckentrup et al., 2019) which means there is large uncertainty as to how wildfires will respond
to changing climate, vegetation, and human activity. Although vegetation is a key driver of
wildfires, there has been little consideration of how the impact of changing atmospheric CO; levels

on vegetation productivity and hence fuel loads will influence wildfires. It is not just the increasing
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wildfire frequency, but also increasing size and intensity in some regions has led to renewed
concern over future trajectories (e.g. Mueller et al., 2019; Abatzoglou et al., 2019; Duane et al
2021; Mansoor et al., 2022; Jones et al., 2022). Nevertheless, there is also limited knowledge of
global controls of distinct aspects of wildfires, such as wildfire size or intensity on a global scale
(Forkel et al., 2019a; Hantson et al., 2020). Developing a better understanding of how climate,
vegetation and human activities influence different fire properties, and using this understanding to

create better fire models, is a research priority.

This thesis aims to make use of newly available datasets and vegetation models to develop
empirical models of different fire properties, including burnt area, individual fire size and fire
intensity and then to use these models to study the sensitivity of distinct aspects of global fire
regimes to changes in climate, atmospheric CO; levels and human activity. In this first chapter, I
review the current understanding of fire regimes on Earth drawing attention to a focus on burnt
area, which has resulted in modelling efforts that struggle to reproduce other fire properties. I
discuss the opportunities offered by other datasets to go beyond modelling burnt area. I then turn
my attention to model validation and show that evidence from the past can provide tools in which
to build more robust models for the future. I highlight ways in which we can also make use of the
past to explore the sensitivity of different fire regimes to changing conditions. Finally, I present a
coupled biogeography biogeochemistry model and a first-principle, vegetation model which
provide a way to decouple the effect of changes in climate from the effect changes in CO2 on
vegetation. As such, this review is broken into the following sections: (a) Fire regimes as a
fundamental component of the Earth System (b) Wildfire controls: A focus on burnt area, (c)
Wildfire controls: Moving beyond burnt area, (d) Current global wildfire modelling efforts, (e)

Mapping global wildfire regimes, (f) Global change and fire regimes: evidence from the past, (g)
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Global change and fire regimes: looking to the future and (h) Sensitivity analysis as a tool to
explore the impact of changing conditions on fire regimes. Following this review, I present the
three research questions which motivate my thesis. These research questions are addressed in
following three chapters, which are based on two published (Chapter 2 and Chapter 3) and one
submitted paper (Chapter 4). The closing chapter (Chapter 5) provides a discussion of my findings,

their limitations and future research directions.

Fire regimes as a fundamental component of the Earth System

There is no single interpretation of the term wildfire, with varying definitions offered both
within and between disciplines (Tedim and Leone, 2020). In this thesis, a wildfire refers to the
unplanned, free burning of vegetation caused by an ignition source, which could be natural or
anthropogenic. Fossil records show that wildfires appeared on Earth soon after the establishment
of terrestrial plants, around 420 million years ago (Scott et al., 2006; Harrison et al., 2010). Today,
they occur on all continents except Antarctica, with around 4-6% of global vegetated area on Earth
burning each year (Giglio et al., 2013; Van Der Werf et al., 2017; Chen et al., 2023). Though most
ecosystems have conditions favourable to wildfires at some point in the year, wildfire properties
differ greatly across ecosystems, offering a rich variety of burning patterns on Earth (Archibald et
al., 2013). As such, wildfires are viewed as a fundamental ecological control of global vegetation
composition and distribution with a long ecological history (Bond et al., 2005; Pausas and Keeley,
2009; Bowman et al., 2009; Harrison et al., 2010; He et al., 2019; McLauchlan et al., 2020;
Harrison et al., 2021). The recognition of the key role of wildfires by ecologists has led to a recent
paradigm shift, with fire managers as well as general society increasingly moving away from
wildfires being viewed as a solely destructive force to a fundamental ecological one (Pausas and
Keeley, 2023).
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Figure 1. Controls influencing wildfires on different temporal and spatial scales based on the ‘fire
triangle’ (Countryman et al., 1972; Pyne et al., 1996) and adapted from Moritz et al. (2005).
Arrows have been added below the triangles to represent the different ways in which the controls
of fire spread are conceptualized (and modelled) on different scales.

A fire regime can be understood as the long-term, repeated patterns, and properties of
wildfires under specific spatial and temporal conditions (Lavorel et al., 2007; Archibald et al.,
2018). However, as exemplified by Krebs et al. (2010), the way in which the term fire regime is
employed varies in complexity. Its definition can encompass everything from the “spatial-temporal
unit in the fire distribution” to describing single binary variables such as the presence or not of
wildfires, depending on the availability of information (Krebs et al., 2010). Commonly cited

properties of fire regimes are fire size, seasonality, intensity, extent, and frequency (Harrison et

al., 2010; Krebs et al., 2010; Archibald et al., 2018). It has been suggested that established fire
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regimes, known as “pyromes,” act as a key global control of vegetation (Archibald et al., 2013).
Some ecosystems rely on frequent wildfires for the establishment of dominant plant-types, whilst
others can only support infrequent burning (Archibald et al., 2013; Archibald et al., 2018; Harrison
et al., 2021; Foster et al., 2018; Simpson et al., 2021; Shen et al., 2023). For example, feedback
between fire and the C4 grasses allows for the maintenance of savanna ecosystems, which are the
most frequently burnt ecosystem in the world (Beerling and Osborne, 2006). C4 grasses utilize a
different photosynthetic pathway to C3 grasses and has a competitive advantage over the latter
under low CO: conditions, high temperatures and water deficit conditions. This gives it an
advantage in post-fire conditions due to its ability to accumulate fuel fast due to higher
photosynthetic capacity and water-use efficiency (Edwards et al., 2010). Fire occurrence prevents
the encroachment of trees which in turn favours the establishment of flammable C4 grasses (Bond
et al., 2005; Keeley and Rundel, 2005). Furthermore, the same fire regime can be found in different
biomes and different fire regimes within the same biome (Archibald et al., 2018). An example of
this is the boreal forests in North America and Eurasia, where crown fires, which spread through
the tree canopies, and surface fires, which spread along the surface below the canopy, are
respectively dominant. This is a factor that is thought to be due in part to differences in dominant
tree species and plant traits (Wooster & Zhang, 2004; Wirth, 2005; Sitnov & Mokhov, 2018). For
example, in North America the dominance of black spruce (Picea mariana) contributes to crown
fires whereas in Eurasia, established Scots Pine (Pinus Sylvestris) and larch drive ground fires
(Rogers et al., 2015).

Multiple plant traits can be considered adaptations to particular fire regimes (Kelley and
Pausas, 2011; Kelley and Pausas, 2022). North American conifers have thick bark which protects

them from damage during low-intensity surface fire whereas in higher latitudes, trees exposed to
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infrequent, high-intensity stand-replacing fires have thin bark but serotinous cones (Pausas, 2015;
Pausas, 2017; Lamont et al., 2020). Serotiny and resprouting capacities after fire are also common
plant traits found in fire prone regions, such as the Mediterranean (Keeley et al., 2011; Enright et
al., 2014; Lamont et al., 2020). These traits are not adaptations to fire, but rather reflects the
established fire regime, as they favour survival under specific fire conditions (Keeley et al., 2011;
Harrison et al., 2021; Lamont et al., 2022). The established fire regime in a particular location
influences long-term vegetation distribution and traits, and these traits enable the persistence of
that same fire regime in that location (Archibald et al., 2018; Foster et al., 2018; Lamont et al.,

2022).

Wildfire controls: A focus on burnt area

Wildfires on EEarth are controlled and maintained by interactions between climate,
vegetation, and human activity (Bowman et al., 2009; Harrison et al., 2010; Bowman et al., 2011).
At a global scale, the most studied wildfire property is fractional burnt area (BA), which represents
the fractional amount of burnt vegetation in a given area over a given period and is often used to
represent wildfire occurrence. The global controls of burnt area are relatively well understood
compared to other wildfire properties (e.g. Bistinas et al., 2013; Bistinas et al., 2014; Knorr et al.,
2014; Forkel et al., 2019a; Forkel et al., 2019b; Kuhn-Régnier et al., 2021). The “four switches”
framework is a useful way of conceptualizing the controls of burnt area. Four conditions must be
met for an ignition and a resulting wildfire to occur. There must be sufficient fuel; it must be dry
and therefore flammable; weather conditions must be suitable (fire weather); and there must be an
ignition source (Bradstock, 2010). Only when all four switches are “on” can an ignition and a
wildfire occur. Climate, vegetation, and human activity have the potential to influence each of

these four switches independently and through their interactions.
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Climate affects burnt area on multiple time scales. On longer timescales (months to years),
temperature and precipitation influence the distribution of burnt area through their control on
vegetation productivity and type, which controls the availability and continuity of fuels (e.g. Falk
et al., 2007). On shorter timescales (days to hours), in addition to temperature and precipitation,
other climatic variables such as wind speed and atmospheric moisture affect the flammability of
fuels and the probability of fire spread. Combinations of these climate conditions favourable to
fire ignition and spread are known as fire weather, with indexes such as the Canadian Fire Weather
Index (FWI) or the hot-dry-windy index used by many practitioners to determine the risk of
wildfire occurrence on a given day (van Wagner et al., 1974; Stocks et al., 1989; Srock et al.,
2018). Whilst there is a lot of focus on fire weather as a driver of current and future wildfire activity
globally (e.g. Field et al., 2015; Abatzoglou et al., 2019; Vitolo et al., 2019) vegetation also

controls the distribution of burnt area, independently and through its interaction with climate.
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Figure 2. These plots were produced using climate data from the WFDES ERAS dataset (Cucchi
et al., 2020), GPP outputs are from the p model (Wang et al., 2017; Stocker et al., 2020) burnt area
data from GFED4 (Randerson et al., 2018). A generalized linear model was fitted between GPP,
precipitation and BA and the plots above are the resulting underlying and emergent relationships.
On the left, the monotonically positive partial residual relationship fitted between annual GPP
(annual mean from 2010-2015) and BA (annual mean from 2010-2015) when precipitation is held
constant, in the middle the monotonically negative partial residual relationship fitted between
monthly precipitation (monthly mean from 2010-2015) and BA when GPP is held constant, and
on the right emergent relationship between monthly precipitation and BA.

A key emergent property from these vegetation-climate interactions is the humped
relationship between burnt area and precipitation. This emergent relationship can be explained by
the underlying relationships between burnt area, primary production, and precipitation respectively
(Bistinas et al., 2014). The relationship between burnt and primary production can be explained in
its simplest form as a positive linear relationship, with increasing primary production promoting
fuel availability and thus likelihood of burning. On the other hand, precipitation has a negative
linear relationship with burnt area, as increased moisture decreases fuel dryness and thus the
likelihood of burning. The spatial interaction of these two linear relationships with burnt area leads

to the emergent humped relationship with precipitation and burnt area to be highest at intermediate

levels of productivity (van der Werf et al., 2008; Harrison et al., 2010; Prentice et al., 2011; Pausas
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and Ribeiro, 2013; Bistinas et al., 2014). It also causes two domains to emerge: regions in which
burnt area is fuel-limited and regions in which it is aridity-limited. In very dry environments fuel
is limited and more discontinuous preventing ignition and spread. In very wet environments on the
other hand, fuel is abundant but too wet to burn (Harrison et al., 2010; Boer et al., 2021). In fuel-
limited regions, burnt area has been shown to be sensitive to antecedent vegetation conditions
responsible for the build-up of fuel, whilst in moisture-limited regions the current weather
conditions which cause fuel drying are more important (e.g. Kuhn-Régnier et al., 2021).

Though vegetation availability and type are controlled by climate, they are also influenced
by independent factors such as atmospheric CO. concentrations. CO> acts as a substrate for
photosynthesis (Farquhar et al., 1982). Changes in the concentration of atmospheric CO> directly
affect photosynthesis, with rising levels enhancing photosynthesis through the ‘CO» fertilization
effect’ (Ruehr et al., 2023). As such, atmospheric CO> levels play an indirect role on global wildfire
activity through its effect on vegetation productivity and load (Martin Calvo et al., 2014; Knorr et
al., 2016). Studies have shown that reduced atmospheric CO, levels may have been in part
responsible for reduced burning activity in the geologic past, for example at the Last Glacial
Maximum, ca 21,000 years ago (Martin Calvo et al., 2014; Martin Calvo et al., 2015; Sato et al.,
2021). However, it is difficult to disentangle the effect of changes in CO; on wildfires from that
of climate from observations alone due the fact both affect vegetation and are temporally
correlated. There has been limited research exploring the impact of changes in CO> on fire regimes,
though it has been suggested as an area of future research (Hantson et al., 2020)

In addition to climate and vegetation, human activity also affects burnt area. Capturing the
underlying relationships between human activity and burnt area on a global scale has proved

difficult, and the sensitivity of wildfires to human activity is a heavily debated topic (Pechony and
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Shindell, 2010; Scott et al., 2016; Riley et al., 2019; Bowman et al., 2020; Harrison et al., 2021).
This challenge is in part due to a prevailing but erroneous perception that humans are responsible
for increasing wildfire ignitions on Earth (Santin and Doerr, 2016). There is a wide range of
reasons for human-ignited fires, ranging from deliberate ignitions for crop preparation and residue
burning, vegetation clearance or pasture management for example, to accidental ignitions
(Millington et al., 2022). An emergent humped relationship between population density and burnt
area has been observed and explained by the interaction of a positive relationship between
population density and fire ignition (dominant under low population densities) and a negative
relationship between population density and fire spread (dominant under high population densities)
(Pechony and Shindell, 2010; Lasslop and Kloster, 2017). However, empirical studies (e.g.
Bistinas et al., 2014; Knorr et al., 2014; 2016) have shown that globally, the relationship between
burnt area and population density is negative when accounting for climate and vegetation. In
addition, analysis of past fire regimes through sedimentary charcoal records and ice cores (Marlon
et al., 2008; Marlon et al., 2013; Harrison et al 2010, Wang et al., 2010; Power et al., 2008; Calder
et al., 2019; Marlon, 2020) show no universal trend of increasing wildfire activity with increasing
human population, with a period of high wildfire activity in the pre-industrial era, attributed to
land clearance for agriculture especially in North America, followed by decreasing fire activity
with increasing population during the 20™ century (Marlon et al., 2008). The shape of the emergent
relationship can also be explained through interactions with climate and vegetation: low vegetation
productivity due to dry or cold conditions limits human population, whereas high vegetation
productivity favours large population densities (Hantson et al., 2016). Although there is a
perception that humans are causing increases in wildfire activity globally through fuel

accumulation, increased ignitions and anthropogenic climate change (Running et al., 2006; North
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et al., 2015; Doerr and Satin, 2016; Balch et al., 2017), remote-sensing data shows there has been
a decline in recent decades, which has specifically been attributed to agricultural expansion and
intensification in grasslands and savannas (Andela and Van Der Werf, 2014; Andela et al., 2017).
The magnitude of this change is dependent on the data set and the specific interval considered, and
changes in climate and vegetation also explain some of the trend (Forkel et al., 2019b).
Nevertheless, the evidence that human activity is reducing the incidence of wildfire in many
regions is compelling. This negative effect comes about because fire spread is restricted by the
clearance of natural vegetation and landscape fragmentation in many ecosystems (Harrison et al.,
2021) and there is active fire suppression in regions of large human settlement or permeant
agricultural. This conceptualization of humans as actors of landscape fragmentation explains the
global negative correlation between population density and burnt area (Harrison et al., 2021). The
only regions in which a positive correlation is observed between burnt area and human population
is in densely forested such as the tropical forests of Borneo and areas of the Amazon (Armenteras
et al.,, 2017; Harrison et al., 2021). In these regions, increased human activity through
deforestation, logging and road building increases the likelihood of both natural and anthropogenic
ignitions through increased human presence as well increased wind and fuel drying because of
vegetation clearing (Pausas & Keeley, 2021; Harrison et al., 2021). Additionally, the presence of
humans in fire-free ecosystems such as temperate or boreal forests may greatly increase the
chances of ignition (Balch et al., 2017). These areas also correlate with low burnt area, suggesting
different relationships between human activity and burnt area in fire-prone and fire-free regions

(Harrison et al., 2021).
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Wildfire controls: Moving beyond burnt area

Beyond burnt area, the properties of global fire regimes are much less constrained with
only a few studies attempting to identify their distribution (Ichoku et al., 2008; Chuvieco et al.,
2008; Archibald et al., 2013; Luo et al., 2013; Luo et al., 2017; Hantson et al., 2015). Authors have
suggested that the distribution of global wildfire size can be approximated by a power-law (Drossel
et al., 1993; Malamud et al. 1999). As such, power-laws have been fitted to global burnt area data
(e.g. Archibald et al., 2013; Hantson et al., 2015; Andela et al., 2017). One study (Hantson et al.,
2015) made use of generalized additive models to establish the relationship between fire size
(obtained from a power-law) and climatic and human drivers. The analysis fitted a negative linear
relationship between cropland cover and fire size, levelling off at high precipitation values. For
population density, the fitted relationship was humped, with fire size peaking at intermediate levels
of population densities. Another study, making use of similar assumptions, suggested that
expansion of agricultural activity is a key driver in decreasing fire size over the last decade
especially in northern Africa (Andela et al., 2017), though this agricultural expansion has a smaller
influence on reducing fire sizes than it does on reducing wildfire numbers globally.

Studies have also focused on describing different aspects of fire regimes (e.g. size,
frequency, intensity) in relation to each other. Such work has led to the establishment of the
intermediate fire occurrence-intensity (IFOI) hypothesis, which proposes a humped relationship
between fire frequency and fire intensity globally (Luo et al., 2017). Hypothesized explanations
for these humped relationships include the effect of previous burns on landscape fragmentation
and fuel availability. As the fire season progresses, previous burns fragment the landscape and
limit the spread of wildfires, thus restricting fire size (Laurent et al., 2019). Additionally, frequent

burns limit the amount of available fuel, thus limiting wildfire intensity (Luo et al., 2017) and
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season length (Archibald et al., 2013). Using fire radiative power (FRP) to represent fire intensity
and a power-law to represent fire size, Archibald et al. (2013) identified a set of five distinct
“pyromes”, characterised by specific combinations of fire properties, specifically burnt area, fire
return intervals, fire intensity, fire size and the length of the fire season. They argue, for example,
that high intensity fires cannot be frequent or have long fire seasons, as too much biomass is
consumed by early, intense fires to sustain this (Archibald et al., 2013). They identify four
combinations of “natural” pyromes, frequent intense and large (FIL), frequent cool and small
(FCS), rare, intense, and large (RIL), rare, cool, and small (RCS). They also identify a pyrome
driven by human activity, the intermediate, cool, and small (ICS) fire regime. However, there are
some surprising results in this analysis, since the RIL pyrome, characteristic of crown fires, are
found inland in southwestern Australia where there is very little vegetation such as in the Gibson
desert. A similar relationship was established between fire size and fire intensity by Laurent et al.,
(2019). They showed that the two fire properties have a humped relationship globally, with fire
size peaking at intermediate levels of intensity. This result suggests that the positive relationship
between the fire line intensity and fire spread of an individual fire, described by the Rothermel rate
of spread (RoS) equations (1972), does not scale up to describe fire size globally. They
hypothesized that the decrease in fire size with higher fire intensities is a consequence of the
increasing landscape fragmentation as the fire season progresses, and thus controlled by fuel
connectivity. This is in line with previous work showing that fire spread is limited by the

connectivity of fuels (Archibald et al., 2012).
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Current global wildfire modelling efforts
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Figure 3. “Bottom up” and “top down” approaches to global fire modelling.

Wildfires are explicitly included in most dynamic global vegetation models (DGVMs)
through coupled fire modules. The first DGVM to be published was developed in 1996 (IBIS;
Foley et al., 1996) and the first model to explicitly include fire disturbance (MC-FIRE Lenihan
and Neilson, 1998) followed soon after. The aim of these early coupled vegetation-fire models was
to dynamically simulate global vegetation patterns and their associated fluxes and provide a way
on incorporating vegetation dynamics into atmospheric models more accurately. These new
modelling tools also provided a way in which to test theoretical ecological assumptions, by
comparing modelled outputs to observations, as well as coming up with new hypotheses. Over the

last two decades, the development of numerous global fire modules, for coupling with DGVMs,
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have developed alongside each other, and used varying approaches which can be loosely divided

into empirical and process-based approaches (Hantson et al., 2016).

Empirical fire models rely on statistical relationships between grid-cell level climate,
vegetation, land use, and ignition sources to simulate burnt area. They do not simulate individual
fire sizes or intensities at a sub-grid cell resolution and have been referred to as “top down”
modelling approach (Hantson et al., 2016). There are many different approaches to empirical fire
modelling. For example, Glob-FIRM (Thonickle et al., 2001) was the first semi-empirical fire
model and simulates burnt area as a scaling product based on regional published estimates of
burning, and an estimated fire season length. JULES-INFERNO (Mangeon et al., 2016) makes use
of a set of climatic factors and a reworked versions of the Pechony and Shindell (2009) fire
parametrization algorithm. This algorithm simulates the humped relationship between human
population and burnt area. It assumes a linear increase in the number of ignitions per km? with
population density and a linear increase in fire suppression with increasing population density.
LPJ-GUESS-SIMFIRE-BLAZE uses an alternative approach, based on optimizing a simple

function for fire frequency using non-linear parameter estimations (Knortr et al., 2014).

Process-based fire models explicitly simulate full small-scale fire behaviour through
theoretical equations (based on rate of spread (RoS) equations) and then scale up to grid-cell burnt
area, providing outputs of different complexity levels (e.g. spread and fire sizes as well as burnt
area). For this reason, they have been referred to as “bottom up” modelling approaches (Hantson
et al., 2016). Using a rate-of-spread (RoS) model, based on the Rothermel (1972) equations, MC-
FIRE was the first attempt to explicitly simulate fire spread. The framework has inspired many
other process-based models with different levels of complexity. The Regional Fire Model (Reg-

FIRM: Venevsky et al., 2002) took a different approach which is now also widely used of
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simulating burnt area as the product of number of fires and average fire size (Hantson et al., 2016).

SPITFIRE (Thonickle et al., 2010) takes the Reg-FIRM approach but explicitly considers ignition

rates and then simulates fire spread as a two-step process. It determines is there is sufficient and

flammable fuel present. Then it simulates fire spread, explicitly simulating fire intensity and only

allows fires to spread if a sufficient surface fire intensity is reached and if the resulting fire has

sufficient height to reach the crowns (Thonickle et al., 2010).

Table 1. Summary of the models included in the first FireMIP phase.

Fire module

Coupled DGVM  Modelling approach  Reference

GlobFIRM LPJ-GUESS Empirical Smith et al., 2014
SIMFIRE-BLAZE LPJ-GUESS Empirical Knorr et al., 2014
INFERNO JULES Empirical Mangeon et al., 2016
MC2 Process-based Bachelet et al., 2015
SPITFIRE LPJ-GUESS Process-based Lehsten et al, 2009
CLM Process-based Lietal., 2013
SPITFIRE ORCHIDEE Process-based Yue et al., 2014
SPITFIRE JSBACH Process-based Lasslop et al., 2014
CTEM CLASS Process-based Melton and Arora 2016

An attempt to systematically compare the performance of different global fire models

began in 2014, with the first Fire Model Intercomparison Project (FireMIP) (Hantson et al., 2016;

Rabin et al., 2017). The first round of FireMIP included nine fire models, three of which were

empirical models and six of which were process-based. Excluding the two oldest models (LPJ-

GUESS-GlobFIRM and MC2) all FireMIP models were able to spatially reproduce the patterns of
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burnt area, the annual total burnt area (345-468 Mha) as well as its seasonality relatively well
(Hantson et al., 2020). However, models disagree on historical trends over the last century, leading
to low confidence in their ability to project future trends (Teckentrup et al., 2019; Jones et al.,
2022). FireMIP ran a set of transient sensitivity analysis to determine the sensitivity of the different
fire models to atmospheric COz levels, population density, land-use change, lightning, and climate
to determine what may be causing the divergence in trends between models. The largest
differences were driven by differences in the representation of anthropogenic activity and the effect
of land use on vegetation and fire. All the fireMIP models showed a significant trend associated
with changes in CO» levels, but they disagreed in the direction of this trend. Conversely, they
showed no significant trend to changes in climate, though it showed a strong control on the inter-
annual variability of burnt area for all models (Teckentrup et al., 2019). The models show a
consistent trend in burnt area in response to population density changes (especially since 1921),
with fire suppressed under high population densities (Teckentrup et al., 2019). All models
struggled with simulating the length of the fire season and interannual variability (Hantson et al.,
2020). This underperformance has been attributed in part to the underestimation and
misrepresentation of the importance of previous-season leaf area index, plant productivity and the
effect of climate on fuel moisture. Indeed, satellite-derived relationships have shown that these
factors have strong controls of interannual variability on burnt area (Forkel et al, 2019b). Only the
SPITFIRE (Thonicke et al., 2010) fire module explicitly simulated fire size and count as output
variables. Although it was coupled with three different DGVMs, none were able to outperform the
null model, which assumes a mean value everywhere. However, the DGVMs coupled with

SPITFIRE did simulate the number of fires reasonably well (Hantson et al., 2020).
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Despite added complexity, process-based models did not outperform the empirical ones
(Hantson et al., 2020). The poor performance of process-based models in simulating global fire
properties beyond burnt area (specifically fire size) suggest that the current “bottom up”
approaches, based on simulating individual fire behaviour, do not capture the global distribution
of these properties. This poor performance may be because of incomplete understanding on the
controls of individual fire properties (Forkel et al., 2019a), and the fact that RoS equations may
not scale up globally. Another issue is the varying spatial and temporal scales on which these
assumptions operate. An example of this can be found in the way process-based models’ make use
of the rate of spread (RoS) equations. Derived from the theoretical Rothermel (1972) equations,
which represent the energy released from a flaming front, or the fire line intensity, the RoS
equation assumes the larger the fire line intensity, the faster the fire spread and thus the larger the
resulting fire. Burnt area is then often derived from the product of mean simulated fire sizes and
simulated ignitions. As such, these parametrizations assume linear relationships between fire
intensity, fire size, and burnt area and rely heavily on ignition counts. Furthermore, they assume
that fire size is completely driven by environmental and vegetation controls. Nevertheless, several
studies suggest that many of these relationships between fire intensity, ignitions and fire size
saturate globally as the season progresses (e.g. Luo et al., 2017; Laurent et al., 2019) and that
human activity influences fire size in addition to climate and vegetation (Hantson et al., 2015).
Furthermore, RoS equations require many parameters the values of which are poorly known, and

it is computationally very difficult to calibrate RoS equations within a global process-based model.

Recent work has shown that different fire properties have independent and contrasting
global controls, but they are yet to be modelled independently from each other (Forkel et al., 2019a;

Hantson et al., 2020). The findings of FireMIP also highlight areas of opportunity. The ability of
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empirical models to reproduce the spatial patterns of burnt area based on statistical relationships
derived from data suggests that they could also be used to explore the controls on other aspects of

the fire regime, such as fire intensity or fire size, given the available data.

Mapping global wildfire regimes

WAL hon ik e | W
E % ¥
= 2 )
@© 3 o
—
percent FS km? FIW km™
e{mo 8 051 0o 575 | 15-25 |0 o 23 B8 79 | 20-25 | 0 0O 1015 0O 2530 = 50-100
B <01 0125 @ 7510 W >25 B <05 0O 35 0 10-12 W >15 B <5 0O 1520 @ 30-35 W >100
g B 01-05 O 255 | 10-15 B 052 0O 57 B 12-15 | 510 0O 20-25 @ 35-50

T T T T T T T
-150 100 50 o 50 100 150 -150 -100 100 150 -150 -100 -50 0 50 100 150

Eonéhuae

Figure 4. Global fire regimes from 2010-2015. Burnt area from GFED4 (Randerson et al., 2018)
on the left, fire size from the Global Fire Atlas (Andela et al., 2019) in the middle and fire intensity,
represented by median FRP derived from MCD14ML (Giglio et al., 2006). The unit for fire
intensity here is W.km? as FRP represents the energy released from the active fire integrated over
a whole pixel. Issues that arise from this representation of fire intensity are discussed later in the
chapter.

Much of the current knowledge on the controls of wildfire regime and the subsequent
development of global fire models has been made possible thanks to the recent emergence of
remotely sensed active fire (AF) products which provide long-term quality data from regional to
global scales and with a variety of temporal resolutions (e.g. Landsat, MODIS, Sentinel, VIIRS).
Active fire pixels identify the location, timing, and fire radiative powerpower (FRP) of fires at the
time of the satellite overpass (Wooster et al., 2021; Chuveico et al., 2019). Algorithms then convert
active fire information into burnt area data, determining the fraction of vegetation burnt at a
particular location in a given time period (Hantson et al., 2013; Chuveico et al., 2019; Wooster et

al., 2021). Although these burnt area products were originally developed to provide information
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on fire emissions, they are now widely used for a variety of purposes, including modelling and
regional fire management (Mouillot et al., 2014). In the past decade, the quality of burnt area
datasets derived from AF pixels has improved. The most recent product, GFED5 (Chen et al.,
2023) provides improvements in adjusting for biases associated with small fires and unburned
islands (Chen et al., 2023). GFEDS represents a 93% increase in global burnt area compared to
MCD64A1 and a 61% compared to GFED4. This large increase compared to previous datasets is
due primarily to the inclusion of small fires which are difficult to detect and as such omitted from
previous products (Randerson et al., 2012).

Most global studies on wildfires use these burnt area products as a proxy for wildfire
activity. However, burnt area does not provide information on global fire regimes beyond wildfire
occurrence, extent, and frequency, which is often understood as the inverse of burnt area (Knorr
et al., 2014; 2016; Bistinas et al., 2014; Kelley et al., 2019; Shen et al., 2023). Within a given BA
grid cell, a variety of different fire sizes and intensities are possible. For example, the same burnt
area could represent a grid cell with multiple small and high-intensity wildfires or a very large,
low-intensity wildfire. Fire radiative power (FRP), which represents the rate at which fires are
emitting thermal energy, is provided with active fire pixels and has been used as a proxy for fire
intensity (e.g. Smith and Wooster, 2005; Ichoku et al., 2008; Chuvieco et al., 2008; Archibald et
al.,2013; Heward et al., 2013), However, it is not a direct measure of fire intensity as it is integrated
over the whole pixel, whereas fire line intensity only represents the energy released at the flaming
front (Giglio et al., 2006). As such, caution should be taken when using FRP to represent fire
intensity, and it cannot be used as a direct proxy (Wooster et al., 2021; Giglio et al., 2006). Some
of the highest FRP values are detected over areas with very low vegetation cover, notably in

deserted regions of southwestern Australia. Without accounting for this, misleading conclusions
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about global fire intensity can be drawn such as Archibald et al., (2013) assigning the rare, intense,
and large fires (RIL) pyrome (crown fires) in regions of southern Australia were there is very little
tree cover.

One way around this would be to obtain FRP values for the flaming fronts of individual
fires. However, obtaining individual fire properties such as size from active fire products is also
not a straightforward endeavour (Hantson et al., 2013; Mouillot et al., 2014; Andela et al., 2019).
Characterizing individual fire scars is a crucial step towards this, and one that has been highlighted
as an important aim (Mouillot et al., 2014). The recent publication of three datasets of individual
fire properties, the FRY database (Laurent et al., 2018), the Global Fire Atlas (Andela et al., 2019),
and the GlobFire database (Artés et al., 2019) is a big step forward and provides new opportunities
to explore the individual drivers of fire regimes beyond burnt area.

Table 2. Summary of the remotely sensed satellite products available

Time span  Temporal resolution ~ Reference

Global BA products
GLOBSCAR >2000 Monthly Simon et al. (2004)
GBA2000 2000 Monthly Tansey et al. (2004)
GBS 1982-1999  Weekly Carmona-Moreno et al.
(2005)
GLOBCARBON 1998-2007  Monthly Plummer et al., 2006
MCD45A1C51 2000-2017  Monthly Roy et al. (2006)
Global fire patch products
FRY 2005-2011  Individual fires Laurent et al 2018
GLOBFIRE 2001-2017  Individual fires Artés et al., 2019
GLOBAL FIRE 2003-2016  Individual fires Andela et al., 2019

ATAS

Global change and fire regimes: evidence from the past

Many of the recent advances in global wildfire modelling have relied on the information
derived from the study of present-day fire regimes, which itself relies heavily on satellite data.

However, this data only covers the last few decades in which anthropogenic climate change and
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increasing CO; concentrations were already occurring. The study of palaeo-fires provides a way
to document fire history on decadal to millennial scales, giving us a picture of how wildfires have
changed throughout history (Marlon et al., 2020). Changes in past fire regimes have been
documented through tree-ring scars, fire-related biomarkers in sediments and ice cores, as well as
charcoal preserved in lake and bog sediments and soils. Charcoal data are the most common source
of information about wildfires before the last few centuries (Marlon et al., 2020). The Global
Palaeofire Working Group (GPWG), established in 2006, has provided global compilations of
charcoal data covering much of the Late Quaternary (Power et al., 2008, 2010; Daniau et al., 2012;
Blarquez et al., 2014; Marlon et al., 2016). The most recent compilation of such data is the Reading
Palaeofire Database (RPD) (Harrison et al., 2022). The recently published RDP is a 128% increase
in the number of records compared to previous versions.

Trends in fire regimes over thousands of years have been attributed in the most part to
changes in climate (Daniau et al., 2010; Marlon et al., 2009; Daniau et al., 2012; Power et al.,
2013; Marlon et al., 2020). Indeed, fire regime shifts have been observed on glacial-interglacial
timescales as well as during rapid warming associated with Dansgaard-Oeschger (D-O) events
during the last glacial interval. Global fire history seems to suggest the lowest fire activity during
the coldest periods and the highest under warm periods (Daniau et al., 2010; Power et al., 2008).
Analyses of the charcoal data have shown that during the height of the LG Maximum (LGM)
LGMthere were very low levels of biomass burning compared to the present (Power et al., 2008).
Since then, records show increasing wildfire activity, this through until the Holocene, although
these increases were spatially heterogeneous (Power et al., 2008). In addition to climate, the role
of vegetation is also hypothesized to be key in explaining past fire regimes, in some cases

overriding the climate signal (Higuera et al., 2009). Vegetation records show that vegetation

44



productivity and forest cover were reduced at the LGM compared to present (Harrison and
Prentice, 2003; Kaplan et al., 2016) and this reduction was driven by changes in atmospheric CO»
levels as well as climate (Bragg et al., 2013). This reduction in vegetation was a crucial factor in
the low levels of biomass burning at the time (Martin Calvo, 2015). Model experiments
demonstrate the importance of productivity in shaping fire regimes in the past (Bond et al., 2005;
Martin Calvo et al., 2014; Martin Calvo et al., 2015). There is evidence that humans made use of
fire throughout the Holocene (Bowman et al., 2009; Bowman et al., 2020). Analysis of
palaeorecords from the last two millennia show a decline in global biomass burning from 1 CE to
around 1750 CE. From 1750 CE, the records then show a sharp increase in biomass burning for
about a hundred years, followed by a sharp decline until the present (Marlon et al., 2008). From
1750 CE, the sharp rise in fire activity on Earth is decoupled from climate and vegetation changes,
and this spike has been attributed to humans (Marlon et al., 2008). The following decrease, from
now until present has also been largely attributed to humans and is understood as a response to
increased landscape fragmentation and fire management (Marlon et al., 2008), with the current
trend in satellite data being understood as a continuation of this fragmentation (Jones et al., 2022;
Andela et al., 2017).

In contrast to current wildfire information, which describe the characteristics of wildfires
over a relatively short (days to years) period in a well-defined region (identifiable in order of km),
the study of past wildfires does not offer the same precision. Nevertheless, these long-term datasets
provide information about wildfire regimes under dramatically different conditions than today.
Not only do they allow us to document how wildfires have responded to large-scale changes in
climate and CO;, levels, but they also provide insights into burning on Earth before humans became

a major influence. Importantly, simulating past wildfire regimes during periods of radically
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different conditions provides a way of simulating the past but also as a test for our climate models
(Kageyama et al., 2018). By testing the ability of models to simulate realistic reconstructions of
the past outside of the range of values on which the models were trained (known as an out-of-
sample experiment) we can evaluate how robust and sensitive models are to dramatically different
conditions (Burls et al., 2022). Given that conditions by the end of the 21 century are expected to
be radically different than today, the only way to ensure confidence in our ability to project future
changes is to rely on such out-of-sample experiments for model evaluation.
Global change and fire regimes: looking to the future

Recent increases in wildfire activity globally (Mueller et al., 2019; Jones et al., 2022;
Mansoor et al., 2022; Jones et al., 2022, Abatzoglou et al., 2019; Duane et al 2021) have led to
concerns that, under climate change, these trends may continue. Increasing temperatures and
dryness are often cited as the key drivers of projected increases in fire activity (Pausas & Keeley,
2021; Jones et al., 2022; Williams et al., 2019; Goss et al., 2020, UNEP, 2022). Studies focusing
on fire weather conditions have shown widespread increases across much of the world under future
conditions (Flannigan et al., 2009; Lui et al., 2009; Jones et al., 2022), especially in boreal regions,
with more than a doubling in FWI expected in parts of Canada (Lund et al., 2023) but also large
increases across Africa, Central Asia, southern hemisphere South America (Jones et al., 2022) and
southern Europe (Dupuy et al., 2020). Though these increases vary in magnitude, future trends in
fire weather are spatially homogenous, with practically no regions in which decreases are
predicted.

However, whilst the effect of climate change on temperature and precipitation has the
potential to increase flammability through accelerated drying rates and drought conditions, the

drivers of wildfire activity are not limited to climatic factors. The sensitivity of global fire regimes
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to changes in human pressures, land use, productivity and fuel load under higher CO> levels are
still all relatively unknown however their impact will vary spatially and temporally and have
contrasting effects (Forkel et al., 2019a; McLauchan et al., 2020; Tang et al., 2021; Chuvieco et
al., 2021). Despite increasing trends in FWI over the last decades (Jones et al., 2022) a global
decreasing trend in burnt area has been observed over the same period (Andela et al., 72017). This
observed decline in burnt area has been attributed to agricultural intensification and population
growth (Andela et al., 2017). Human activities strongly control both fuel continuity and fuel load
and will most likely have one of the largest impacts on future global fire regimes (UNEP, 2022).
Fire suppression policies in some regions are also known to have altered established fire regimes
(Harrison et al., 2021). Another, often overlooked part of how fire regimes will respond to change,
will depend on their sensitivity to CO»-enduced changes to vegetation productivity and structure.
Atmospheric CO» levels directly affect productivity through its control on photosynthesis, but also
on plant growth and structure (Grossiord et al., 2020; Park Williams et al., 2013; Martin Calvo &
Prentice, 2015). Net primary production has been estimated to have decreased by 25% under low
CO:2 levels during the Last Glacial Maximum (Bond et al., 2005; Martin Calvo & Prentice, 2015).
The positive feedback between changes in productivity as a response to CO» changes and wildfires
has been shown to be strongest in the tropical regions as well as dryer regions (Bond et al., 2005;
Martin Calvo & Prentice, 2015). Observed increases of woody species in savannas over the last
few decades have been attributed to increasing CO; levels, with changes in land use also playing
a role (Bond et al., 2000; Buitenwerf et al., 2012; Stevens et al., 2017; Venter et al., 2018). In
addition, greening has been observed in the tropics as a response to high CO> and increased

precipitation amongst other factors (Cai et al., 2023). These changes in vegetation as a response
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to COz level changes and land use changes will influence fire regimes and may have an opposing
effect to that expected from changes in climate alone.

The fact that fire weather is expected to increase globally under climate change but that
future simulations identify regions of decreasing fire activity also highlights the importance of
considering factors beyond climate. Future global simulations of wildfire activity agree somewhat
on the broad geographic trends, with increased burnt area by the end of the century especially
present in the mid to northern latitudes and decreases observed in the tropics (Krawchuk et al.,
2009, Power et al., 2013; Moritz et al., 2012; Huang et al., 2015; Knorr et al., 2016; Kloster et al.,
2016; Wu et al. 2021) However, regional trends in these projections differ, especially in the
Amazon with some studies projecting decreases in fire activity (Krawchuk et al., 2009; Moritz et
al., 2012) and others projecting increases (Huang et al., 2015; Knorr et al., 2016; Wu et al., 2021,
UNEP, 2022). In the northern latitudes, some studies show decreasing fire activity across northern
Russia (Krawchuk et al., 2009; Wu et al., 2021) whilst other show significant increases (Moritz et
al., 2012; UNEP, 2022). There is also disagreement over the sign of the global trend in burnt area
under high-emission scenarios, with some studies showing an increasing trend (UNEP, 2022;
Moritz et al., 2012), some no significant trend (Krawchuk et al., 2009) and some a decreasing trend
(Knorr et al., 2016; Wu et al., 2021; Kloster et al., 2017). The differences in the magnitude of these
trends can be explained by model sensitivities to climate, CO; and human activity, with very few
of the studies accounting directly for the effect of COz-enduced changes on vegetation. Knorr et
al., (2016) simulated future fire regimes on a global scale and accounted for the direct effect of
CO»- fertilization on vegetation. The authors found opposing effects of climate and COz on both
burnt area and fuel loads. Whereas climate change decreased fuel load (through increased

decomposition rates), increasing CO> increased fuel loads (through CO,—fertilization). However,
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whereas climate change increased global burnt area (through fire weather increases), increasing
CO; had a negative trend on global burnt area due to woody thickening in tropical savannas (Knorr
et al., 2016). These results contrast that of previous work (Kloster and Lasslop, 2017) which did
not observe the decreasing trend in burnt area. Large divergences in projected regional trends
means that large uncertainties remain surrounding how fire regimes may respond to global change.
Nevertheless, given that the performance of these models has not been systematically tested in
dramatically different climate and CO, conditions, it is difficult to assess their ability to accurately
predict the response of fire regimes to large-scale global change and as such to determine which
trends are most realistic.
Sensitivity analysis as a tool to explore the impact of changing conditions on fire regimes

When conceptualizing the global controls of fire regimes, the “four-switches” (Bradstock
et al., 2010) are useful for a few reasons. Firstly, they provide a conceptual framework through
which to determine the critical ‘switch’ under different conditions. By focusing on which switch
is limiting wildfire occurrence instead of trying to simulate the individual behaviours of wildfires,
simple but robust boundaries can be established between varying global controls of wildfire
occurrence. This approach provides a way in which to further our understanding of the underlying
controls and distribution of wildfire occurrence globally. This is the methodology Boer et al.,
(2021) used to establish a hydroclimatic model which simulated the global distribution of fire
potential and was able to establish fuel-limited and dryness-limited regions respectively simply
but robustly. Their analysis showed that 80% of the global variation in the 99" quantile of the
observed mean annual fractional burned area could be explained from a combination of mean
annual precipitation and potential evapotranspiration (Boer et al., 2021). Although the model

explored differences between biomes, similar approaches could be used to investigate the effects
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of human activity through changes in ignition regimes or manipulation of vegetation, as well as
the effects of changing climate. This framework can also help us think about how the critical
constraints of different properties of fire regimes may differ. Indeed, wildfire occurrence is
conditional on ignition, and therefore, relies on all four switches being met. However, once ignition
has occurred, the other three switches become more important in determining whether a wildfire
spreads, how rapidly, and how intense it will be (Archibald et al., 2013). We may expect that fuel
load and fuel continuity will greatly influence the size and intensity of resulting fires and will not
necessarily have the same constraints as ignition. Indeed, as with burnt area, global fire size is
thought to be controlled by precipitation, with larger fires occurring at greater levels of aridity
(Hantson et al., 2015). However, lack of precipitation and atmospheric dryness limits fuel build-
up and plant growth (Keeley & Syphard, 2021; Fu et al., 2022; Valdez et al., 2017; Kuhn-Régnier
et al., 2021). Thus, we might expect that intense fires, which require large fuel loads, may be
negatively related to dryness (Kuhn-Régnier et al., 2021; Forkel et al., 2019). Even if we can
identify the key drivers of different aspects of global fire regimes, the challenge becomes how to
determine the sensitivity of these drivers to change. However, this is crucial if we want to address
uncertainties about future trends in fire regimes.

A major limitation to exploring this question is the short time frame of remotely sensed
products (~40 years). Many fire regimes may have fire return intervals of over a hundred years,
meaning that they are not captured in the satellite data record (Giglio et al., 2020). There have been
some attempts to remedy this with reconstructions of relatively recent fire history (e.g. Mouillot et
al., 2005; Yang et al., 2014). However, these reconstructions either rely on models themselves, or
on historical fire data which is not always available. An alternative approach is to make use of

models themselves by exploring the sensitivity of outputs to the varying inputs (Harrison et al.,
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2023). Such sensitivity analysis allows us to run models in hypothesis-testing mode and determine
influential drivers. This kind of analysis also allows us to explore the output of conditions that
cannot observed, either because they are counterfactual due to temporal or spatial correlations (for
example atmospheric CO> levels and climate), or because it is impractical (for example studying
systems with or without human presence). An empirical burnt area model, SOFIA (Forkel et al.,
2019b) was used to investigate the impact of people on fire return intervals by running two
simulations, one with all variables and one in the effect of the human variable (population density)
was removed. The results showed that in some biomes, wildfires would be more frequent without
humans, whereas in others it would remain unchanged or be less frequent (Harrison et al., 2021).
Studies have also used sensitivity analysis when projecting future fire regimes to determine key
drivers (Moritz et al., 2012; Knorr et al., 2016). Running models in hypothesis-testing mode can
also allow us to make use of our knowledge of past climates, by simulating wildfires under past
climates with varying conditions and comparing the outputs to palaeorecords. An example of this
methodology is the work of Bond et al., (2005) and more recently Lasslop et al., (2020) in which
the authors ran fire-enabled a DGVM to simulate vegetation in a world with and without fire. Their
simulations allowed them to determine that without fire, the extent of forested ecosystems on earth
has the potential to double would increase, with a global increase of 10% [3-25%] in the most
recent study (Lasslop et al., 2020). This increase in forest cover would occur primarily at the
expense of C4vegetation. Their study also showed that the spread of C4plants, driven by wildfire
activity, occurred before the presence of humans, adding to the body of literature that argues
wildfires were an important ecological force long before humans could manipulate fire regimes.
A similar methodology was used by Martin Calvo et al., (2015). By running experiments on a

DGVM of “fire on” vs “fire off” they showed that the removal of fire caused a global expansion
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of forest. They also applied counter factual combinations of climate and atmospheric CO: levels
to show that CO; at the last glacial maximum was a strong driver in the low levels of net primary
production. Their study suggests that CO» (through its control on photosynthesis) along with fire
(through its control on biome distribution) are important drivers of vegetation. Another study by
the same group (Martin Calvo et al., 2014) inferred that the increases in biomass burning that we
have observed since the LGMLGM can be attributed to increasing CO> concentrations and its
effect on vegetation productivity. This analysis was particularly interesting because of the
difficulty of studying the effect of CO; levels on wildfire-vegetation interactions.

An added complication of using models to run sensitivity analysis in out-of-sample
experiments is that estimations of vegetation type and productivity often rely on prescribed
parameter values for plant functional type (PFTs) based on the classical biome's distribution
(Stocker etal., 2020; Wang et al., 2017). Nevertheless, we know these PFTs may not be appropriate
to predict vegetation’s response to fire regimes, since traits specific to fire may play a significant
role (Archibald et al., 2018). Additionally, these parameters are fixed, making the effect of
changing conditions difficult to observe. Here as well, empirically developed models provide
opportunities to deal with these limitations. BIOME4 is a coupled biogeography-biogeochemistry
model that simulates potential natural vegetation types solely from information on latitude, CO>
levels, climate, and soils. It simulates competition between different vegetation types as a function
of productivity and has been used as a diagnostic tool as well as to simulate palaeo-vegetation
patterns (Kaplan et al., 2003). Furthermore, the P model (Wang et al., 2017; Stocker et al., 2020)
is a data-driven vegetation model which provides robust gross primary production (GPP) estimates
in a PFT and biome independent way. Both these vegetation models may provide significant new

opportunities to explore the interaction of COz-enduced changes on vegetation and fire regimes.
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By using an optimality-based approach that focuses on predicting the ratio of leaf-internal to
pressure and ambient CO> concentrations, the P model also reduces the number of prescribed
values. In addition, it uses a first-principles model of GPP which allows continuous acclimation
of photosynthetic parameters to environmental variations in space and time, allowing it to account
directly for the effect of CO> on vegetation (Wang et al., 2017; Stocker et al. 2020). Previous
models such as LPJ (Stich et al., 2000; Stich et al., 2003) have considered the effect of acclimation,
however this response remains constant and PFT-specific. By focusing solely on the need of plants
to maintain long-term average photosynthetic capacity (Vcmax) in the most efficient way, the P
model makes abstraction from these PFT-specific parameters, providing a flexible way to explore
the effect of GPP under changing climate. This approach means that changes in CO, levels can
be observed directly under past and future conditions, providing a new way to test the response of
fire regimes-vegetation dynamics to changing conditions. Combining the use of sensitivity
analysis of empirical wildfire models based on wildfire constraints, out-of-sample experiments and
an optimality-based vegetation model provides a real opportunity to assess the impact of climate,

CO2 levels and human activity on fire regimes in a novel way.

Research questions

This PhD thesis aims to adds to the existing body of knowledge presented above by
exploring the impacts of changes in climate, atmospheric CO; levels and human activity on the
spatial distribution of global burnt area, fire size and fire intensity. As a first step, I develop
statistical models that represent these three wildfire properties independently (Chapter 2). In
addition to validating the performance of these models under modern conditions (Chapter 2), I also
evaluate their performance in an out-of-sample experiment, the Last Glacial Maximum (Chapter

3). The Last Glacial Maximum is a time when the change in climate forcing was as large, albeit in
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the opposite direction, as that projected change in climate forcing by the end of the 21st century
under low climate change mitigation scenarios. I then use a set of sensitivity experiment to explore
the response of fire regimes to large-scale changes in climate, CO> levels and human activities at
the Last Glacial Maximum (Chapter 3). Finally, I explore the impacts of changes in climate, CO»
levels and human activity on the spatial distribution of global fire regimes by the end of the 21st
century under different climate change mitigation scenarios (Chapter 4). The associated published

work and my role in this work is briefly described below.

RQ1: How do the global spatial controls of burnt area, fire size, fire intensity differ?

This work was published in Environmental Research Letters in May 2022 under the title “Global
environmental controls on wildfire burnt area, size, and intensity”. I was entirely responsible for
the data curation, processing, and analysis, as well as producing all the associated graphics and
tables. I shared the responsibility for the development of the concepts, strategy, and interpretation
of the results with my co-authors. I wrote the first draft of the paper and my co-authors contributed
to the final draft.

Haas, O., Prentice, I. C., and Harrison, S. P., Global environmental controls on wildfire burnt area,

size, and intensity. Environmental Research Letters 17 065004, https://doi.org/10.1088/1748-

9326/ac6a69, (2022).

RQ2: Were low atmospheric CO; levels’ impact on vegetation, cooler climate, or a
combination of both responsible for limiting wildfire activity at the Last Glacial Maximum

and what were the effects on the distribution of global fire regimes?
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This work was published in Biogeosciences in September 2023 under the title “The response of
fire regimes to Last Glacial Maximum carbon dioxide and climate”. I was entirely responsible for
the data curation, processing, and analysis, as well as producing all the associated graphics and
tables. I shared the responsibility for the development of the concepts, strategy, and interpretation
of the results with my co-authors. I wrote the first draft of the paper and my co-authors contributed
to the final draft.

Haas, O., Prentice, I. C., and Harrison, S. P., The response of fire regimes to Last Glacial Maximum

carbon dioxide and climate. Biogeosciences 20, 3981-3995, https://doi.org/10.5194/bg-20-3981-

2023, (2023).

RQ3: How do we expect global fire regimes to respond to 21st century CO: levels and climate
conditions when also accounting for demographic and land use changes?

This work was submitted to Science in December 2023 under the title “Global wildfires on a
changing planet”. I was entirely responsible for the data curation, processing, and analysis, as well
as producing all the associated graphics and tables. I shared the responsibility for the development
of the concepts, strategy, and interpretation of the results with my co-authors. I wrote the first draft

of the paper and my co-authors contributed to the final draft.
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Chapter 2: Global controls on the spatial distribution of wildfire burnt area, size,
and intensity

The aim of this chapter is to address the question of how the global spatial controls of burnt
area, fire size, fire intensity differ (RQ1). It is structured as a paper, with an introduction, followed
by a description of the methodology, a presentation of the results and finally a discussion. This
work was published in Environmental Research Letters in May 2022 under the title “Global
environmental controls on wildfire burnt area, size, and intensity” and has been reworded in some

parts, however the methodology, results and discussion remain unchanged.

Introduction

Fire is a necessary component of some ecosystems, but a destructive influence in others
(Keeley et al., 2011; Archibald et al., 2018; Harrison et al., 2021). In both cases, however, it
represents a major influence on vegetation structure and composition. Recent changes in wildfire
regimes, especially the incidence of exceptionally large fires in some regions, have raised serious
concerns about how they will develop in response to projected future changes in climate and land
use (Bond et al., 2005; Pausas and Keeley, 2009; Pausas and Ribeiro, 2017a).

Wildfire regimes are characterized as combinations of specific fire properties (Krebs et al.,
2010; Archibald et al., 2018, 2013), of which the most cited are total burnt area and the sizes and
intensities of individual fires. Although all these properties are understood to be jointly controlled
by climatic, vegetation and land-cover conditions (Archibald et al., 2013; Rogers et al., 2020;
Kelley et al., 2019; Archibald et al., 2018), the specifics remain unclear. This is manifested in the
poor performance of process-based models designed to predict wildfire and its interactions with
vegetation. Fire-enabled dynamic global vegetation models (DGVMs) have been used to simulate

fire during the historical period (e.g. Teckentrup et al., 2019), and to predict how fire regimes
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might change in future (Kloster et al., 2012; Sheehan et al, 2015; Wu et al., 2021). However, the
Fire Model Intercomparison Project (FireMIP: Hantson et al., 2016; Rabin et al., 2017) showed
that process-based models performed no better than empirical models in predicting burnt area
(Forkel et al., 2019a; Hantson et al., 2020). Furthermore, no fire-enabled DGVM could predict
global patterns in fire size better than a null model that assumed the same mean size everywhere
(Hantson et al., 2020). This failure has been attributed to inadequate understanding, and therefore
incomplete or incorrect representation, of the key processes and their relationship to environmental
factors (Forkel et al., 2019a; Hantson et al., 2020) in process-based models.

Several empirical studies have investigated the relationships between environmental
factors and remotely sensed burnt area (e.g. Bistinas et al., 2014, 2013; Knorr et al., 2016; Knorr
etal., 2014; Andela et al., 2017; Forkel et al., 2019b, 2017; Kuhn-Régnier et al., 2021). Global fire
size has been shown to vary along precipitation gradients, with greater aridity linked to larger fires
(Hantson et al., 2015). Human activity on the other hand strongly restricts fire size through
landscape fragmentation, which limits fire spread (Laurent et al., 2019; Hantson et al., 2015;
Andela et al., 2017). Intensity depends on fire type, with crown fires generally more intense than
ground fires (Sugihara et al., 2006; Keeley, 2009; Archibald et al., 2018). However, research into
the controls of the geographic patterns in fire size and fire intensity has been limited, mainly due
to the lack of observations (Bowman, 2018). Novel products from newly available satellite data
sets (eg Laurent et al., 2018; Andela et al., 2019; Artés et al., 2019) provide new opportunities to
investigate these controls.

Four conditions must be met for a fire to start. There must be sufficient fuel; it must be dry,
and therefore flammable; weather conditions must be suitable; and there must be an ignition source

(Bradstock, 2010). Once ignition occurs, however, other factors may influence whether the fire

57



spreads, how rapidly it spreads, and how intense it is (Archibald et al., 2013). In fire-enabled
DGVMs, burnt area is sometimes derived as the product of the number of fires started and a mean
fire size. This concept intrinsically links ignition frequency to the total amount of burning, an
assumption that has been challenged (Bistinas et al., 2014; Harrison et al., 2021). Globally, fire
intensity has been observed to increase with fire occurrence up to a threshold, also known as the
intermediate fire occurrence-intensity (IFOI) hypothesis (Pausas & Ribeiro, 2013; Luo et al.,
2017). In process-based models fire size is often dependent on fire intensity, defined as the amount
of energy released by a wildfire, through rate-of-spread equations (Yue et al., 2014; Hantson et al.,
2016). Indeed, as a key component of the Rothermel equation (Rothermel, 1972), greater fire
intensity is assumed to increase the speed of fire spread, thus producing larger fires. However, this
relationship has been shown to saturate in much of the world (Laurent et al., 2019).

In this chapter, we explored the causal relationships between environmental factors and
geographic variation in fractional burnt area, fire size and fire intensity. These underlying
relationships may differ from the emergent relationships with individual drivers. We develop
generalized linear models (GLM) for each fire property, using a common set of quantitative
predictors representing vegetation, land cover, climate, and ignition sources. We explore the
direction and power of the linear relationships fitted between each predictor and each fire property,
when all other variables are held constant, to identify significant drivers and constraints for

different aspects of the fire regime and assess their (differing) relative importance.

Data and methods

Burnt area (BA) data were derived from monthly mean fractional burnt area from the

Global Fire Emissions Database (GFEDv4; Randerson et al., 2018). This provides monthly burnt
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area at 0.25 x 0.25° resolution for the period from June 1995 to December 2016. Fire size (FS)
was represented by median monthly fire size from the Global Fire Atlas (Andela et al., 2019). This
provides global vector shapefiles gridded at 500 m with the timing and location of each individual
fire, along with its key properties, from 2003 to 2016. The median was used to account for the
highly skewed distribution of fire size. Fire intensity (FI) was approximated by a metric based on
the median monthly fire radiative power (FRP) in the MCD14ML dataset (Giglio et al., 2006).
This provides geographic coordinates of active ~ 1 km x 1 km fire pixels detected by the MODIS
sensor onboard the Terra and Aqua satellites, from 2000 to 2017. FRP in MW is provided for each
pixel. Only type 0 pixels (presumed vegetation fires) and with confidence > 50% were retained.
We divided the monthly median values by the square root of monthly median fire size in the Global
Fire Atlas. Although FRP has been used directly to indicate fire intensity (Wooster and Zhang,
2004; Wooster et al., 2005), it is a measure of the instantaneous energy emission over the whole
pixel. Normalizing by the square root of median fire size provides a measure (in units of W m™")

more closely related to the fire line intensity of any given fire (Supplementary Chapter 2).

A set of predictors representing vegetation, landcover, climate and ignition sources was
identified from previous research on the drivers of wildfire regimes globally (Forkel et al., 2019b,

2018; Bistinas et al., 2014).

Vegetation, land cover and landscape fragmentation.

Mean annual gross primary production (GPP) obtained from monthly outputs of the P-
model (Stocker et al., 2020), a first-principles model of GPP that allows continuous acclimation
of photosynthetic parameters to environmental variations in space and time (Supplementary

Chapter 2), was used as an index of vegetation productivity. Land cover categories were used to
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represent vegetation types. Annual fractional shrubland, grassland and tree cover were obtained
by converting the land cover types from the European Space Agency (ESA) Climate Change
Initiative (CCI) Land Cover dataset, which provides annual maps from 1992 to 2015 (Li et al.,
2018), to fractional cover following Poulter (2015) using the conversion table in Forkel et al.
(2017). Landscape fragmentation was represented by cropland cover, two landscape heterogeneity
indexes and road density. This categorization is by no means exhaustive, however all three of these
factors have been shown to influence fire activity and spread (Pfeiffer et al., 2013; Andela et al.,
2017; Povak et al., 2018; Kelley et al., 2019; Harrison et al., 2021; Pausas and Keeley, 2021).
Vector ruggedness measure (VRM) and topographic position index (TPI) were used to represent
topographic controls (Sappington et al., 2007). VRM captures variability in slope and aspect into
a single measure, providing a measure for terrain heterogeneity, whilst TPI provides information
on valleys (negative values) and ridges (positive values). We obtained 50km aggregated
information for these variables, derived from the digital elevation model products of global 250 m
GMTED2010 and near-global 90 m SRTM4.1dev (Amatulli et al., 2018). Although the data layers
only cover 2010, it was assumed that there would be no significant changes in VRM or TPI from
2010 to 2015 at this resolution. Fractional annual cropland cover was taken from version 3.2 of
the HistorY Database of the global Environment (HYDE 3.2: Klein Goldewijk et al., 2017)
database, which provides annual data from 2000 to 2017 at 0.25 x 0.25° resolution. Road density
was obtained from the Global Roads Inventory Project (GRIP) database (Meijer et al., 2018),
which provides average road density from 1979-2015 (although >50% of the data is from 2010 or

later) at 0.5 x 0.5° resolution.

Climate
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We calculated the total monthly number of dry days (DD), monthly mean daily vapour
pressure deficit (VPD), monthly mean daily diurnal temperature range (DTR) and monthly mean
wind speed from the WFDES bias-adjusted ERAS dataset (Cucchi et al., 2020) (Supplementary

Chapter 2). This provides hourly data from 1979 to 2018 at 0.5 x 0.5° resolution.

Ignition sources

Annual values of population density, representing the potential for human ignitions, were
taken from HYDE3.2. Mean monthly lightning ground-strike density, representing potential
natural ignitions, was obtained from the Worldwide Lightning Location Network (WWLLN)
Global Lightning Climatology (WGLC) dataset (Kaplan & Lau, 2021). This contains global

monthly gridded data at 0.5 x 0.5° resolution from 2010 to 2020.

A seasonal climatology over the common 6-year period from 2010 to 2015 was constructed
for all variables with monthly data, eliminating inter-annual variability. This was the only common
period for all the variables but, given the strong spatial patterns involved, we assume this is
sufficiently long for our purpose. Annual variables were averaged over the six years. For monthly
data, a single global layer was constructed from the seasonal climatology. For each grid cell, the
value of the month with (on average) the largest DTR, and the highest VPD and mean number of
dry days were selected. Wind speed value was taken from the hottest month of the year (determined
from the WFDES 2 m air temperature (Cucchi et al., 2020)). For lightning, the mean value over
the seasonal climatology was selected.

Additionally, we included two seasonality predictors to account for periods of high vs low

productivity (seasonality of GPP) and wet vs dry seasons (seasonality of DD). These seasonality
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predictors were constructed from the GPP and DD climatology, respectively. To capture the
seasonality of GPP, we divided the range of monthly values from the seasonal climatology by the
mean value of all 12-months. The same was done to capture the seasonality of DD. For road density
and the vector ruggedness measure, no additional processing was performed. This provided a set
of 16 predictors (Table 3). For the fire variables, the mean value over the seasonal climatology
was selected. All variables were re-gridded to a 0.5 x 0.5 ° resolution grid to order to be compatible

with the lowest resolution datasets and all analysis were conducted at this scale.
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Table 3. Summary of predictor and fire response variables

Predictors

Data source

Vegetation, land cover and landscape fragmentation

Annual gross primary production (g
Cm?2al)

Gross primary production
seasonality (unitless)

Fractional shrubland cover
Fractional grassland cover
Fractional tree cover

Road Density (km)

Fractional cropland cover

Vector Ruggedness Measure
Topographic Position Index
Climate

Mean monthly number of dry days

Seasonality of monthly number of
dry days (unitless)

Maximum mean monthly vapour
pressure deficit (Pa)

Maximum mean monthly diurnal
temperature range (K)

Mean wind speed of the hottest
month (m s™)

Ignition sources

Population density (km™)

Mean monthly lightning ground-
strikes (km2)

Fire variables

Monthly mean burnt area (fraction)

Monthly median fire size ( km?)

Monthly median fire intensity (W.
km™)

P-model (Stocker et al.,

2020)

P-model (Stocker et al.,

2020)

ESA CCI Landcover
ESA CCI Landcover
ESA CCI Landcover
GRIP (Meijer et al.,
2018)

HYDE 3.2 (Klein

Goldewijk et al., 2017)

(Amatulli et al., 2018)
(Amatulli et al., 2018)

WEFDES (Cucchi et al.,
2020)
WEFDES (Cucchi et al.,
2020)
WEFDES (Cucchi et al.,
2020)
WEFDES (Cucchi et al.,
2020)
WEFDES (Cucchi et al.,
2020)

HYDE 3.2 (Klein
Goldewijk et al.,
2017)

WGLC WWLLN
(Kaplan et al., 2019)

GFEDv4 (Randerson et

al., 2018)
Global Fire Atlas
(Andela et al., 2019)

MCD14ML (Giglio et
al., 2006)

Abbreviation
GPP
GPP_seasonality
Shrub

QGrass

Tree

Roads

Crop

VRM
TPI

DD

DD _seasonality
VPD

DTR

Wind

Popd

Light

BA

FS

FI

Transformation
logarithmic
Logarithmic

none
none
none
square root

none

none
none

logarithmic
logarithmic
logarithmic
logarithmic

logarithmic

square-root

square-root

none (logit link
function)
min-max
normalized (log
link function)
Median FRP
divided by square
root of median
fire size, min-max
normalized (log
link function)
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Predictor variables were transformed appropriately (Table 3) to reduce differences in
scale and improve interpretability (Schielzeth, 2010). GPP was the only predictor with zero
values. We applied logarithmic transformation to GPP, ignoring zero values in the model. Since
we assume no fire occurs where GPP was zero, the missing values were re-coded as zero
afterwards. Square root transformation was applied to predictors representing densities, for
which zero values were assumed to be meaningful. To reduce distortion introduced by a few
(extremely rare) very large values, fire size and intensity were transformed to z-scores:

zi = (x; — 1)/ 0 (1
where ; is the mean and o; is the standard deviation of the variable xi, and values of x; yielding
z-scores > 3 or < -3 were excluded (Shiffler, 1988). The remaining values were scaled using the
min-max transformation:

Xn; = [x; — min(x)]/[max(x;) — min (x;) (2)
to confine the range of the transformed (x,i) values to the interval (0, 1). This scaling helps
interpretability but does not interfere with the statistical distribution of values (Juszczak et al.,

2002).

Generalized linear models (GLMs) have previously been used to model burnt area (Bistinas
et al., 2014; Lehsten et al., 2010) because they provide highly interpretable results (Nelder &
Wedderburn, 1972; McCullagh & Nelder, 1989). GLMs are useful because they (a) handle
response variables with highly non-Gaussian error distributions without the problems introduced
e.g. by log-transformation of response variables, (b) are embedded in a well-established (multiple

regression) framework, which allows quantification of the independent effects of multiple
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predictors even if they are partially correlated with one another, and (c) generate partial residual
plots showing the effect of each predictor while the others are held constant (Larsen & McCleary,
1972). The relative importance of each predictor was assessed using absolute 7-values (the fitted
regression coefficient of each predictor divided by its standard error) calculated with the package
caret in R. These #-values are unitless and scale-invariant, and in addition to providing a simple
measure of the importance of each predictor (Gromping, 2015), are directly related to the
coefficient of determination (R?): the squared #-value of each predictor x; represents the reduction
in R? that occurs when that predictor is removed from the model (Bring, 1996; Darlington, 1968).
Thus, the larger the z-value of a predictor, the more variance it explains. Variance inflation factors
(VIF) were examined to evaluate multicollinearity among predictors. A VIF of 1 indicates no
collinearity; we eliminated predictors with VIF values > 5 (O’Brien, 2007). We used normalized
mean error (NME) to evaluate the performance of the models, following Kelley et al., (2013).
NME is a standard metric to assess global fire model performances, allowing direct comparison

with these other models (Boer et al., 2019; Kelley et al., 2019; Hantson et al., 2020). NME is

> A;lobs;—sim;|
13 13 _l (3)
Y. Aijlobs;—obs]|

defined as NME =
where the difference between observations (obs) and simulation (sim) are summed over all cells
(1) weighted by cell area (Ai) and normalized by the average distance from the mean of the
observations (obs). An NME score has no upper limit, but smaller values signify better
performance with a 0-value meaning perfect fit between observed and simulated values. All
analysis was conducted in R using the stats, car, benchmarkMetrics and visreg packages.

Fractional BA was equated with the probability of burning, ranging between 0 and 1. We assumed

this probability to follow a quasi-binomial distribution, and applied the logit link function. The

distribution of fire size and intensity is hypothesized to follow a power law (Kumar et al., 2011;

65



Hantson et al., 2016a, 2016b). We assumed a quasi-Poisson distribution for both variables (due to

their large overdispersion, with many very small values) and applied the log link function.

All three models were initially constructed using all 16 predictors (Supplementary Chapter
2). Population density has been hypothesized to indicate landscape fragmentation (Bistinas et al.,
2014; Knorr et al., 2014) but is highly correlated with road density (=0.31). Therefore, we made
two additional model runs, with all predictor variables excluding either population density or road
density, to assess how much of the variance was explained by these predictors when the other is
not present (Supplementary Chapter 2). VPD, the absolute difference in water vapor content of the
air and the water holding capacity of the atmosphere, influences long-term plant growth and
photosynthesis (Williams et al., 2013; Abatzoglou et al., 2016; Grossiord, et al., 2020) but GPP
seasonality is correlated with VPD (r=0.71). We therefore made two separate model runs, using
all predictors but excluding either GPP seasonality or VPD (Supplementary Chapter 2) From these
runs, we present the best model for each fire property. Only predictors with p <10~> were retained,

resulting in three final models that includes only predictors with substantial explanatory power.

Results

All 16 predictors showed significant relationships with BA (Table S2). GPP (1 = 63.00),
DD (¢ =70.23) and DD seasonality (¢ = 59.26), grassland cover (¢ = 52.91), and VPD (¢ = 39.11)
showed strong positive relationships with BA. Shrubland cover (¢ = 26.35), DTR (¢ = 19.82) and
TPI (z = 18.86) also showed positive relationships with BA. Lightning (# = 12.35) and population
density (z = 10.64) showed positive relationships with BA (the relationship with population density

however became negative when road density was excluded). Road density (1 =—37.32), VRM (¢ =
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—21.39), tree cover (¢ = —18.74), cropland (¢ = —10.05) and wind (¢ = —6.80) and showed negative
relationships with BA (Figure 5).

Eleven of the original 16 predictors were retained in the final fire size model (Table 4).
GPP, grassland cover, TPI and population density were statistically insignificant, and seasonality
of DD did not meet the #-value threshold (Table S2). DTR (¢#=14.46), and wind speed (= 14.41),
followed in importance by DD (¢ = 11.16), shrubland cover (¢ = 7.61), lightning (¢ = 5.50) GPP
seasonality (¢ = 5.18) and VPD (¢ = 5.12) all showed positive relations with fire size (Figure 5).
Cropland cover (¢ = —22.42), road density (t = —16.47), VRM (¢ = 5.78) and tree cover (¢t = —5.25)
showed negative relationships with fire size (Figure 5).

Only nine of the original 16 predictors were retained in the final model for fire intensity
(Table 4). DTR, wind speed cropland cover and TPI were statistically insignificant and VRM and
seasonality of GPP did not meet the #-value threshold (Supplementary Chapter 2). Tree cover (¢ =
9.08) and road density (¢ = 8.58) showed positive relationships with FI, whereas VPD (¢ =—47.55),
GPP (¢=-18.47), DD (t=—16.18) and DD seasonality (¢t =—14.27) population density ( =—13.49)
and lightning (¢ =—7.15) all showed negative relationships (Figure 5).

Excluding population density did not change the significance or sign of any relationship
with burnt area, fire size or fire intensity. Excluding road density led to a weak (p = 0.05) negative
relationship between population density and BA, a highly significant negative relationship with
FS, but no change for FI (Table S3). Excluding VPD lead the seasonality of GPP to become
insignificant with BA and to show a weak (p=0.06) positive relationship with FS. For FI, the
exclusion of VPD lead to a large increase in the strength of the seasonality of GPP (from 7= 3.32

to t =27.67) (Table S4).
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Table 4. Summary statistics with regression coefficients, z-values, and variance inflation factors
(VIF) for each of the final models. Predictors included were all significant at > 4.5 (p <107>).

Predictors
(intercept)

Gross primary production (g Cm2a!)
Seasonality of gross primary production
Fractional tree cover
Fractional shrubland cover
Fractional grassland cover
Road density (km2)
Fractional cropland cover
Vector Ruggedness Measure
Topographic Position Index
Mean monthly number of dry days
Seasonality of monthly number of dry
days
Maximum mean monthly vapour pressure
deficit (Pa)

Maximum mean monthly diurnal
temperature range (K)

Mean wind speed of the hottest month (m
sh
Mean monthly lightning ground-strikes
(km™?)

Population density (km=)

R? (McFadden, 1974)

Coeffic
ient
-48.25
1.76

0.59

-0.93

1.39

2.93

-0.05

-0.79

-188.70

0.43

4.54

1.33

1.35

0.87

-0.20

0.94

0.02

Burnt area
t-value VIF
-103.6
63.00 4.13
14.78 243
-18.74 2.92
26.35 1.70
52.91 1.56
-37.32 1.44
-10.05 2.15
-21.39 1.55
18.86 1.33
70.23 2.89
59.26 2.57
39.11 1.78
19.82 1.78
-6.80 1.93
12.35 1.66
10.64 1.71
0.69

Fire size

Coefficie = t-value

nt
-13.09

0.30

-0.42

0.64

-0.04

-3.51

-62.28

1.14

0.31

1.24

0.80

0.83

-25.75

5.18

-5.25

7.61

-16.47

-22.42

-5.78

11.16

5.12

14.46

14.41

5.50

0.29

VIF @ Coefficie

3.29

2.19

1.29

1.40

1.42

1.50

2.30

3.72

1.91

2.20

2.06

Fire intensity
t-value

nt

6.43
-0.21

0.19

-0.35

0.00

-0.31

-0.15

-0.66

-0.30

-0.01

44.85
-18.47

9.08

-11.91

8.58

-14.27

-16.18

-47.55

-7.15

-13.49

0.27

VIF

3.04

2.20

1.18

1.80

1.95

1.97

2.03

2.11

1.56
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Figure 5. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cover, (roads) road density, (crop) cropland, (VRM) vector ruggedness measure,
(TPI) topographic position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour
pressure deficit, (DTR) diurnal temperature range, (wind) wind speed, (popd) population density
and (light) lightning ground-strikes . Green represents vegetation and land cover predictors; purple
represents fragmentation predictors; red represents climate predictors; blue represents ignition
source predictors.

The strongest relationships differed between models. BA was driven above all by variables
related to fuel availability (GPP and grass cover: positive relationships) and dryness (DD and the
seasonality of DD: positive relationships) (Figure 6). Cropland cover and road density (negative
relationships) were the two strongest drivers of FS (positive relationships), followed closely by
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DTR and wind speed (positive relationships) (Figure 6). VPD and GPP showed the strongest

relationships with FI (Figure 6), both being negative relationships.
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Figure 6. 7-values for each predictor included in the final burnt area (A), fire size (B) and fire
intensity models (C) showing relative importance of each predictor. The larger the absolute #-
values of a predictor within a model, the more variance that individual predictor explains in that
model. Green represents vegetation and land cover predictors; purple represents fragmentation
predictors; red represents climate predictors; blue represents ignition source predictors.

The predictive power of the BA model (R*>= 0.69) was substantially greater than that for

FS (R?>=0.29) or FI (R*= 0.27), suggesting these last two properties are influenced by factors

not included in the analysis. Despite modest R? values, however, all three models capture the

broad geographic patterns of the observations (Figure 7). We obtained NME scores of 0.51,

0.86 and 0.86 for the burnt area, fire size and fire intensity models, respectively. Our burnt area

and fire size models outperformed all models included in the Fire Intercomparison Project,

which had NME scores ranging from 0.60 to 1.10 for burnt area and 0.96 to 0.98 for fire size

(Hantson et al., 2020).



Although no direct comparison with the Fire Model Intercomparison Project (FireMIP)
models is possible for fire intensity, this model performed as well as the fire size model. All
three models perform better than a null mean model, which assumes the observational mean
globally and produces an NME score of 1. All three GLMs tend to compress the reconstructed
range of values, leading to apparent over- (under-) prediction at the low (high) extremes.
However, the partial residual plots (Figure 5) do not show systematic biases suggesting that
the apparent compression may simply reflect the highly stochastic nature of wildfire. The fitted
models represent an estimate of the most probable outcome, whereas the observations are what
actually happened — including some exceptionally large and/or intense fires, but also many
grid cells where no fires were detected. The observations also have a systematic low-end bias,
as fires smaller than a certain size are not detected by MODIS (Ramo et al., 2021; Roteta et

al., 2019).
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Figure 7. Observed (left) and predicted (right) annual burnt area (fraction), monthly median fire
size (km?) and monthly median fire intensity (W km ™).

Discussion

We have shown that the environmental controls on geographic patterns of burnt area, fire
size and fire intensity are different. Here we discuss these differences, how they might be
interpreted, and their implications for improving predictive models.

Burnt area was shown to be primarily driven by fuel availability (represented by GPP and
grass cover) and dryness (particularly DD, but also VPD and DTR) and constrained by road
density. These results are consistent with previous research (Bistinas et al., 2014; Andela et al.,
2017; Forkel et al., 2019a, b; Kelley et al., 2019; Kuhn-Régnier et al., 2021) and with the global

fire-productivity hypothesis that the main drivers of fire activity are fuel availability and fire

72



weather, varying in importance globally along the productivity gradient (Pausas and Ribeiro,
2013). In addition, both lightning and population density positively influence burnt area. The
apparent fire-suppressing effect of population density (noted by Bistinas et al., 2014 and Knorr et
al., 2014, among others) is represented in our analysis by road density. Roads provide barriers to
fire spread, hence the negative relationship of BA to road density. When this effect is accounted
for, population density relates positively to BA. The positive relationship with TPI suggests that
fractional burnt area increases as we move from valleys to ridges, and that ridges do not constrain
burnt area. This result is in line with previous research suggesting that ridges do not necessary
provide fire breaks, and that valleys, characterized by higher soil moisture, lower insolation, and
higher terrain shading show stronger control on fire spread (Povak et al.,, 2018). Terrain
heterogeneity (VRM) however, strongly constrains burnt area. Although wind speed promotes fire
spread, wind speed was negatively related to burnt area, in line with previous research showing

the limited effect of wind speeds on burnt area at a coarse global scale (Lasslop et al., 2015).

Factors promoting fire spread, namely wind speed and dryness (particularly DTR, but also
VPD) were shown to be the primary drivers of fire size while cropland cover, road density, and
terrain heterogeneity (VRM), all agents of landscape fragmentation, strongly constrain fire size.
The effect of wind speed was significant for fire size. TPI was not statistically significant,
suggesting that the presence of steep slopes and ridges do not necessarily control fire spread (Povak
et al., 2018). This is consistent with research suggesting fuel continuity is important for FS
(Hantson et al., 2015; Laurent et al., 2019; Viedma et al., 2009). In contrast with BA, FS showed
no significant relationship to GPP or grassland cover — indicating fuel availability is less important

for FS than burnt area, and that large fires tend not to occur in highly productive environments.
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The fire intensity metric was shown to be positively influenced by tree cover and road
density and constrained by dryness (particularly VPD, and also DD). Lack of precipitation has
been shown to limit fuel build-up (Keeley and Syphard, 2017; Pausas and Keeley, 2021, Kuhn-
Régnier et al., 2021) and high atmospheric dryness (VPD) limits plant growth (Fu et al., 2022).
The negative relationship with dryness is therefore not surprising since we expect fuel load to be
an important driver of fire intensity. Although GPP is negatively related to the fire intensity
measure, when VPD was excluded, the seasonality of GPP became the strongest driver of the FI
model, an effect that did not translate into the other two models. This would suggest that sufficient
atmospheric moisture along with seasonal changes in productivity, provide the dense fuel loads
necessary for intense fires. These dense fuel loads are mostly restricted to areas with high tree
cover, explaining the negative relationship with grassland and shrubland cover (Archibald et al.,
2018, 2013; Luo et al., 2017). The overall negative relationship with GPP could therefore be
explained by intense fires mainly occurring in regions with a seasonal variation in productivity,
more characteristic of the high latitude forests than the more productive, tropical ones. A plausible
reason for the positive relationship between FI and road density is the correlation between intense
deforestation fires and the access roads required in remote forest areas. The observed negative
relationship between lightning and FI is expected since frequent fire limits fuel build-up (Luo et
al., 2017; Pausas and Ribeiro, 2013). Similarly, the negative relationship between population
density and FI can be interpreted as a trade-off between the frequency and intensity of fires,
probably compounded by active fire suppression in densely populated regions.

The FI metric shared few strong predictors with either of the other models. It was not
limited by landscape fragmentation; wind speed and DTR were insignificant, and it showed an

opposite relationship with dryness to the other models. This implies that the widely assumed
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positive relationship between fire intensity and fire size does not hold generally. Saturation of this
relationship in fire-prone ecosystems (Laurent et al., 2019) has been attributed to feedback between
burnt area and fuel connectivity, with landscape fragmentation increasing through the fire season
due to previous burns, thus limiting fire size. Our results are consistent with this but suggest
additional factors may influence the relationship between fire size and intensity. The limiting effect
of dryness on FI suggests fuel loads are important, consistent with previous research (Kuhn-
Régnier et al., 2021; Forkel et al., 2019a). Antecedent conditions and current dryness may promote
fine and flammable fuels that favour large but cooler fires, while limiting build-up of the larger,
more dense fuels required for intense fires (Hantson et al., 2015; Kuhn-Régnier et al., 2021).
Some of the original 16 predictors proved unimportant for the FS and FI models. Although
all predictors included in the final models were highly significant (p <10~>) the partial residual
plots suggest that there may be cases where the relationship is not linear (e.g. GPP), although in
no case did the inclusion of a non-linear (polynomial) term in the models improve predictability.
Together with the relatively low level of predictability of these two models, this suggests that other
factors need to be investigated. There is growing evidence of fire regimes differing in similar
biomes, as well as different biomes showing similar fire regimes — phenomena that cannot be
explained without consideration of fire-adaptive plant traits (Archibald et al., 2018; Pausas et al.,
2016; Pausas and Ribeiro, 2017b; Pausas, 2015; Hollingsworth et al., 2013). The boreal forests in
North America and Eurasia are a case in point, where crown and surface fires respectively are
dominant (Wooster & Zhang, 2004; Wirth, 2005; Sitnov & Mokhov, 2018). The distribution of
fire-adaptive plant traits may be crucial to understand fire size and intensity (Harrison et al., 2021).

Unfortunately, although there is information about fire-adaptive traits for some regions, including
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southern Europe and eastern Australia (Tavsanoglu & Pausas, 2018; Falster et al., 2021), such
information is limited elsewhere; this is a key data gap.

The results of this Chapter have implications for fire modelling. Process-based models
generally rely on the product of fire counts and fire size to simulate burnt area. Our results suggest
that the controls on burnt area, fire size and fire intensity should be modelled separately. Our results
also add to the growing literature suggesting the use of population density to determine number of
ignitions should be reviewed (Bistinas et al 2014, Knorr et al 2014, 2016, Andela et al 2017). Our
results suggest it would be better to include landscape fragmentation explicitly as a control on fire
spread. Population density apparently has a globally negative effect on burnt area unless an
alternative measure of landscape fragmentation, such as road density, is included (Table S3). Thus,
population density as used in current models is a surrogate for human fire suppression and
landscape fragmentation (Harrison et al., 2021; Knorr et al., 2014; Knorr et al., 2016; Bistinas et
al., 2013); any positive impact of population on ignitions will only be captured when fragmentation
is explicitly considered. Some process-based models account for the emergent relationship
between population and fire properties (Harrison et al., 2021), whereby increasing population
density leads to increased ignitions up to a threshold and further increases lead to suppression
(Rabin et al., 2017). We have shown that some elements of landscape fragmentation show strong
spatial control on fire spread that can be modelled at a global scale. In addition to factors of
landscape fragmentation considered here, additional features such as deforestation, non-flammable
land cover and previous burns can all fragment the landscape and thus effect fuel continuity
(Laurent et al., 2019; Harrison et al., 2021; Pausas and Keeley, 2021). There is a pressing need to
investigate how each of these features of landscape fragmentation influence different aspects of

the fire regime and integrate them to global wildfire modelling explicitly. Although lightning
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showed a positive relationship with BA and fire size, the relationship was not particularly strong.
Lightning also constrained fire intensity, possibly via a trade-off between intensity and frequency.
Process-based models may therefore have overestimated the importance of ignition sources
generally. Indeed, fire-enabled DGVMs struggle to simulate fire starts accurately (Forkel et al.,
2019).

We have represented fire size using data from the Global Fire Atlas and intensity with FRP
values from MCD14ML dataset. The Global Fire Atlas relies on the MODIS sensor, so the
minimum size of a recorded fire is one MODIS pixel (0.21 km?) and thus our data does not include
fires smaller than this. However, the environmental drivers of small fires are not expected to differ
from those of larger fires. Although FRP has been used as a measure of fire intensity, it represents
the radiative energy emitted and does not account for convection and conduction. Fire intensity in
the Rothermel equation represents the intensity of the flaming front of an individual fire, whereas
retrieved FRP values from MCD14ML integrate radiative energy over a 1 km x 1 km pixel. The
normalization introduced here provides a partial solution to this problem and accurately highlights
the regions of high fire intensity. However, work is required to derive fireline intensity more
reliably from remotely sensed products.

This analysis did not account for any inter-annual variability, such as changes in the length
of the fire season or the departure of the established fire regime within a given year. Though these
factors have been shown to influence the different aspects of the fire regime (Pausas, 2004; Pausas
and Keeley, 2021), we were interested in the underlying climatic, land cover and ignition spatial
controls when the effect inter-annual variability was removed. Understanding these controls for
different aspects of the fire regime is a first and crucial step to predicting how they will respond to

different conditions between years and in the future. The timeframe of this analysis was relatively
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short, though like timeframes used in previous empirical analyses due to similar data availability
issues. The strong spatial patterns displayed both by the fire variables and the predictors meant
that key relationships could nonetheless be established. Each model reproduces the spatial patterns
of regions of high burnt area, large fire size and high fire intensity, allowing useful conclusions to

be drawn.
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Chapter 3: The response of global wildfire regimes to Last Glacial Maximum
carbon dioxide and climate

The previous chapter established the key global controls of burnt area, fire size and fire
intensity by developing three standalone GLM models. Making use of these models, the aim of
this chapter is to address the question of whether low atmospheric CO» levels and their impact on
vegetation, cooler climate, or a combination of both were responsible for limiting wildfire activity
and the distribution of global fire regimes at the Last Glacial Maximum (RQ2). It is structured as
a paper, with an introduction, followed by a description of the methodology, a presentation of the
results and finally a discussion. This work was published in Biogeosciences in September 2023
under the title “The response of fire regimes to Last Glacial Maximum carbon dioxide and climate”
and has been reworded in some parts, however the methodology, results and discussion remain

unchanged.

Introduction

Climate influences the occurrence of wildfires both through fire weather, which affects the
probability of wildfire start and spread, and the long-term establishment of vegetation which is
strongly controlled by temperature and precipitation (Bradstock, 2010; Pausas & Ribeiro, 2013).
It has been suggested that current climate change, driven by increasing atmospheric CO> levels,
will increase wildfire risk in many regions through increased fuel dryness whilst potentially
reducing wildfire risk in some regions due to decreasing fuel availability (e.g. Abatzoglou et al.,
2019a; Bowman et al., 2020; Harrison et al., 2021; Rogers et al., 2020). However, atmospheric
CO: levels also affect fuel loads independently of climate through physiological effects on

photosynthesis which cascade into plant growth rates (Bond et al., 2003; Bond & Midgley, 2012;
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Kgope et al., 2010). Much emphasis has been placed on recent and future changes in fire weather
(see e.g. Abatzoglou et al., 2019; Betts et al., 2015; Flannigan et al., 2013; Jolly et al., 2015).
However, increases in atmospheric CO> concentrations promote vegetation productivity, thus
altering fuel availability and loads, as well as affecting fuel types through e.g. woody thickening
(Buitenwerf et al., 2012; Donohue et al., 2013; Knorr et al., 2016; Martin Calvo et al., 2014; Martin
Calvo & Prentice, 2015; Pausas, 2015). Fuel properties have different effects on different aspects
of the fire regime, with fire size strongly constrained by fuel continuity and fire intensity limited
by fuel loads as demonstrated in Chapter 2. Thus, CO»-induced changes in vegetation properties
will most likely affect these aspects of wildfire regimes differently.

One reason the impact of CO; on wildfires is poorly constrained is the difficulty of isolating
it based on observations alone. Satellite records only span ~25 years, a relatively short period to
monitor the effect of changing CO> levels on the vegetation properties that influence wildfires.
Furthermore, changes in atmospheric CO» levels and climate are temporally correlated, and since
both affect vegetation, it is difficult to attribute changes in observations to one or the other. An
alternative approach is to use process-based fire-enabled vegetation models which explicitly
account for the physiological effects of CO, and can be used to examine the temporal and spatial
patterns of wildfires under different conditions. Process-based models have been used to examine
the impact of climate and atmospheric CO2 changes on both vegetation and wildfire at the last
glacial maximum (LGM; 21,000 years ago) (Martin Calvo et al., 2014; Martin Calvo & Prentice,
2015). The LGM is a useful out-of-sample experiment since the climate forcing is of similar
magnitude as the change expected by the end of the century in high-end scenarios, though of
opposite sign (Kageyama et al., 2021). The LGM had a generally colder and drier climate than

today, with COz levels ~ 185 ppm. Palaeorecords show reduced vegetation productivity and forest
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cover (Harrison & Prentice, 2003; Kaplan et al., 2016; Moreno et al., 2018), and ice core and
sedimentary charcoal records indicate reduced biomass burning globally (Albani et al., 2018;
Harrison et al., 2022; Marlon et al., 2016; Rubino et al., 2016). Although this reduction could
reflect the colder and drier conditions, model experiments suggest that low CO; also played a
crucial role. Experiments using the coupled biogeography and biogeochemistry model BIOME4
(Kaplan et al., 2003) showed that it was necessary to include the direct effect of CO> to simulate
observed global and regional reduction in forest cover during the glacial (Bragg et al., 2013;
Harrison & Prentice, 2003). Similarly, Martin Calvo et al. (2015) showed that low CO; was
necessary to simulate the observed reduction of biomass burning in LGM experiments using the
LPX fire-enabled vegetation model.

In this analysis, we use the three empirical models developed in Chapter 2 to explore the
relative importance of climate and of CO> on the global spatial patterns of burnt area, fire size and
fire intensity. We performed two experiments under realistic modern CO- and climate conditions
(MOD climate/MOD CO; and LGM climate/LGM CO;). We also performed two counterfactual
sensitivity experiments to quantify the sensitivity of each wildfire property to climate and CO>
independently (MOD climate/LGM CO; and LGM climate/MOD CO,). Comparisons to LGM
charcoal records from the Reading Palaeofire Database (RPD) (Harrison et al., 2022) were used to

examine which experiments provided the most realistic spatial patterns.
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Data and Methods

Experimental Design
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Figure 8. Flowchart of the method to obtain each of the four scenarios: MOD climate and MOD
CO., LGM climate and LGM CO», MOD climate and LGM CO; and LGM climate and LGM COs.

In chapter 2, we developed empirical models of the global spatial patterns of burnt area
(BA), fire size (FS) and fire intensity (FI) using generalized linear modelling (GLM) of modern
observations. Here we use these models to simulate the global spatial patterns of burnt area (BA),

fire size (FS) and fire intensity (FI) under four climate/ CO> scenarios (Figure 8). We used two
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realistic scenarios: (a) MOD climate and CO> conditions and (b) LGM climate and CO,. We ran
two sensitivity experiments (a) combining MOD climate and LGM CO; and (b) combining LGM
climate and MOD CO; levels. The empirical models use climate, vegetation, topography, lightning
ignitions, land cover, road density and human population density as predictors to represent the

environmental controls on each of the wildfire properties.

Modern (MOD) climate data (daily temperature (T), daily precipitation (P), photosynthetic
photon flux density (PPFD), monthly wind speeds (wind), vapour pressure deficit (VPD), monthly
specific humidity (huss), cloud cover (cld), monthly pressure (Pa)) were obtained from the WFDES
bias-adjusted ERAS database (Cucchi et al., 2020) for 2010 to 2015. The number of monthly dry
days (DD) (days with < Imm of precipitation), monthly diurnal temperature range (DTR) (daily
maximum temperature — daily minimum temperature) and monthly vapour pressure deficit (VPD),
a function of specific humidity, temperature and pressure were all calculated following the
methodology in Chapter 2. Seasonal climatologies were derived for all variables eliminating inter-
annual variability. For each grid cell, values from the month with (on average) the mean number
of DD, the largest DTR, and the highest VPD were selected. Wind speed value was taken from the
hottest month of the year (determined from the WFDES 2 m air temperature (Cucchi et al., 2020)).
For lightning, the mean value over the seasonal climatology was selected. A seasonality predictor
to account for wet vs dry seasons was constructed by dividing the range of monthly values from
the seasonal DD climatology by the mean value of all 12 months. Expanded ice sheets in North
America, Fennoscandia, Greenland, and Antarctica resulted in global sea levels ~ 120 m lower

than today at the LGM. The modern climate data were extrapolated out onto the exposed shelves
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using the ICE-6G_C (Peltier et al., 2015) boundary conditions and a nearest neighbour approach

from the Geolnterpolation package in R.
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Figure 9. Latitudinal distribution of the LGM-MOD climate anomalies for MPI.LESM1.2 (orange),
AWI-ESM1.2 (pink) and CESM1.2 (brown) for (a) the mean number of dry days, (b) the
seasonality of dry days, (¢) maximum monthly VPD, (d) maximum monthly DTR, (e) maximum
monthly mean wind speeds, (f) mean monthly temperature and (g) mean monthly total
precipitation. The zero-intercept line represents no change between LGM and MOD climate, with
negative values representing lower values at the LGM and positive values representing higher
values at the LGM.

LGM climate data were obtained from three models participating in the Palaeoclimate

Modelling Intercomparison Project (PMIP) contribution to the sixth phase of the Coupled Model

Intercomparison Project (CMIP6), AWI-ESM-1-1-LR (short name: AWIESM1) (Lohmann et al.,

2020; Sidorenko et al., 2015), MPI_ESM1.2 (Mauritsen et al., 2019), CESM1.2 (F. Li et al., 2013;
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Tierney et al., 2020) to represent a range of LGM climates (Figure 9). A seasonal climatology was
derived for each climate variable from the PMIP picontrol experiment (pre-industrial conditions,
PI) and the PMIP /gm experiment of the PMIP4-CMIP6 simulations. The difference between the
PI and LGM values (LGM-PI climate anomalies) were calculated and added to the MOD
climatology (LGM-MOD climate anomalies) (Figure 8). In the case of negative values which did
not make physical sense (for example precipitation), these values were set to zero. We use the term
climate anomalies to refer to the difference between the MOD climatology for each climate
variable and the computed bias-adjusted LGM climatology for the same variable, consistent with
the PMIP4 protocol (Kageyama et al., 2017). The use of anomalies is designed to minimize the
impact of systematic model biases on the derived climate. This approach provided three LGM
climate scenarios, resulting in twelve experiments for burnt area, fire size and fire intensity
respectively.

We obtained MOD and LGM vegetation and gross primary production (GPP) using the
coupled biogeography and biogeochemistry model BIOME4 (Kaplan et al., 2003) and a simple
optimality-based model of GPP, the P Model (Wang et al., 2017; Stocker et al., 2020). BIOME4
was used to simulate biome distribution with modern day climate data (T, P, cld) setting COz levels
to 395 ppm (the annual mean from 2010-2015) and 185 ppm in turn. LGM biome distributions
were simulated using the three different LGM scenarios, again setting CO; levels to 395 ppm and
185 ppm respectively. We derived mean fractional tree, shrub, and grass cover for each of these
twelve experiments using the mean values for each biome from ESA CCI Landcover (W. Li et al.,
2018). We also calculated fAPAR for each experiment from the leaf area index (LAI) computed
by BIOME4 and obtained fractional cover of C4 plants (Supplementary Chapter 3). We computed

global monthly C3 and Cs photosynthesis using the P model using appropriate combinations of
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climate (T, VPD, ppfd and Pa), BIOME4-derived fAPAR and CO: concentration for the MOD and

LGM scenarios (Figure 8). Total GPP was calculated as:

GPProntnty = GPPe3(1 = Cpraction) + GPPeaCAgraction » (4)
with GPP.; and GPP., representing monthly C; and C4 GPP values from the P Model and
C4fraction representing the fractional C4 cover from BIOME4 (Table 5).

Table 5. Total annual gross primary production (GPP) (in PgC) estimates for each scenario.

Scenario Modern MPI _ESM1.2 | AWIESM1 CESM1.2
climate

Modern CO:; (395 149.37 106.63 112.06 88.44

ppm)

LGM CO; (185 ppm) | 66.54 55.49 69.61 50.37

This approach led to estimates of total burnt area, median fire size, and median fire intensity
under modern conditions of a similar magnitude to the original GLM models and other global
estimates (Andela et al., 2019; Humber et al., 2019) (Supplementary Chapter 3).

Topographic and lightning variables were assumed not to change between the LGM and
the present day. We used modern values, extrapolated out onto the exposed shelves, for the LGM
experiments. The GLMs developed in Chapter 2 include predictors associated with human activity,
specifically human population density, road density and cropland cover. Population density is used
as a measure of potential human ignitions and road density and cropland cover as measures of
landscape fragmentation. As shown in Chapter 2, including these anthropogenic predictors in the
GLM models was found to be essential to capture the global drivers of the observed spatial patterns

of wildfires. This is because modern fire regimes are influenced by human activity on a global
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scale (e.g. Marlon et al., 2008; Bowman et al., 2020; Harrison et al., 2021). However, although the
practice of foraging for plants by some hunter-gatherer communities at the LGM has been shown
(Liu et al., 2013), we presume that there was no large-scale agriculture (or road networks) at the
LGM. Additionally, information about pre-agricultural population sizes is limited and highly
uncertain (see e.g. Williams et al., 2013; Gautney & Holliday, 2015) and though some regional
models of human population do exist (Tallavaara et al., 2015), a reliable global product is not yet
available. To avoid confounding effects due to the high uncertainty of human impacts on global
wildfire regimes, we decided to exclude these anthropogenic predictors in all the experiments by
setting them to zero. This ensured that differences between the experiments were driven solely by
climate and CO,. We performed sensitivity analysis to examine the impact of setting human
predictors to zero under modern and LGM conditions (Supplementary Chapter 3). Whilst burnt
area and fire size increase in the modern sensitivity analyses (especially in areas with high road
density and cropland density such as Europe and India) the effect was negligible for fire intensity,
highlighting the sensitivity of burnt area and fire size to human activity. Under LGM conditions,
the effect of including human population was negligible for all three fire properties. This reflects
the slight and localized human impact on the natural landscape at the LGM (Black et al, 2007;
Fuller et al., 2014; Portenga et al., 2016).

When modelled GPP values were 0, burnt area, fire size and fire intensity were automatically
set to 0. Modelled burnt area values smaller than 0.001 were assumed to imply no burning, thus
under these conditions fire size and fire intensity were also assumed to be 0 since both GLM
models were trained on data of existing fires (Supplementary Chapter 3).

The resulting burnt area, fire size and fire intensity anomalies refer to the difference between

the MOD climate/MOD CO; experiment and the three other experiments since each experiment is
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considered to represent the long-term average spatial pattern for each fire property under the set
experimental conditions. We used the sensitivity experiments to quantify the separate effects of
CO; and climate on burnt area, fire size and fire intensity independently. We then used the realistic
experiments to identify which predictors were driving the largest change between MOD and the
three LGM scenarios by excluding one predictor at a time from the GLM models, re-running the
LGM experiments and identifying which excluded variable caused the greatest change in the Burnt
area, fire size and fire intensity MOD-LGM anomalies in each grid-cell. Comparing these results
to the burnt area, fire size and fire intensity MOD-LGM anomalies of the full GLM models allowed
us to determine if the predictor was responsible for an increase or a decrease in burnt area, fire size
and fire intensity.

We also compared the spatial patterns of burnt area, fire size and fire intensity with sedimentary
charcoal data from the Reading Palacofire Database (RPD; Harrison et al., 2022). Sedimentary
charcoal records provide a record of fire activity but may reflect changes in both burnt area or
completeness of combustion (Power et al., 2008) so this comparison allowed us firstly to establish
which of the fire regimes properties was most closely reflected in these records and secondly which
of the scenarios produced the most realistic patterns of burning. Model outputs and the charcoal
records were re-gridded to the coarsest resolution of the three climate models (2.5° x 1.875°
resolution). We calculated the number of correctly predicted burnt area, fire size and fire intensity
anomalies (same sign within a given grid-cell), separating positive and negative burnt area, fire
size and fire intensity anomalies to assess the rate of false positives as well as false negatives for

each scenario and each LGM climate scenario.
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Results

Global burnt area was substantially reduced compared to the realistic MOD scenario under
all three realistic LGM scenarios, decreasing by 72% for the coldest CESM1.2 LGM scenario,
62% for the MPI-ESM1.2 LGM scenario and 41% for the warmest AWIESM1 LGM scenario.
The largest decreases were observed in sub-Saharan Africa (excluding the tropical regions) as well
as northern Australia and the Indian subcontinent (MPI-ESM1.2 and CESM1.2 LGM scenarios).
Some increases in BA were observed in Alaska (MPI-ESM1.2 and AWIESM1 LGM scenarios) as
well as south-East Asia, Indonesia, Papua-New-Guinea, and the northern tip of Australia. Increases
in Somalia and Central America were also observed (MPI-ESM1.2 and AWIESM1 LGM
scenarios). The number of grid cells (excluding ice covered cells) in which no burning occurred
was 3 times higher in the MPI-ESM1.2 and AWIESM1 LGM scenarios and 4 times higher in the
CESM1.2 LGM scenario compared to the realistic MOD scenario. This was driven by the
expansion of desert and tundra biomes at the LGM. The Arabian plate, Middle East, inland China
and Australia, and the tips of South America and Africa saw burning reduced to zero. Nearly all
burning above 60°N was excluded, except for Alaska under the MPI-ESM1.2 and AWIESM1
LGM scenarios, with the exclusion extending down to 50°N for the CESM1.2 LGM scenario
(Supplementary Chapter 3).

Globally, there was a large decrease in global median fire size and fire intensity when
considering all grid-cells (not covered in ice) because of overall global reduction in burning. Under
all three LGM scenarios, global median fire size and fire intensity were reduced to 0 compared to
~5km? for FS and 40W.km? for fire intensity. However, when excluding grid-cells in which no
burning occurred, both global median fire size increased compared to the realistic MOD scenario

(by ~16% under the two less conservative scenarios (MPI-ESM1.2 and AWIESM1) and by 12%
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under the CESM1.2 LGM scenario). The main increases in fire size occurred in the Central
America, Amazonia, tropical Africa as well as the Indian Subcontinent and Europe and Asia
between 30°N and 60°N (except for CESM1.2 which had very few positive fire size anomalies).
The largest reductions were observed North America, southern Australia, Middle East, and the rest
of Eurasia. Global median fire intensity also increased in regions that were burning under two of
the LGM scenarios, by 11% under the CESM1.2 LGM scenario and by 4% for MPLLESM1.2 LGM
scenario. Under the AWIESM1 LGM scenario global median fire intensity decreased by 2% even
when excluding grid-cells that were not burning. Despite this, changes in fire intensity were
spatially consistent across all three LGM scenarios, with increases in fire intensity occurring
primarily across the American and African continents, as well as the Mediterranean Basin and

Europe and decreases occurring in Asia and inland Australia.
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Figure 10. Experiments for BA, FS and FI for MPI-ESM1.2 LGM scenario (MOD 395 ppm and
LGM 185 ppm represent the realistic modern-day simulation and LGM simulation, whilst MOD
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185 ppm and LGM 395 ppm represent the CO; and climate sensitivity experiments respectively.
The ice is shown in grey). (The other experiments can be found in S3)

Under low CO> levels with MOD climate (MOD climate/LGM CO2) global burnt area
decreased by ~ 70% under all three LGM scenarios (72% for CESM1.2 and AWIESM1, 73% for
MPI-ESM1.2). Despite larger global decreased burnt area compared to the realistic LGM
scenarios, the number of grid cells in which no burning occurred was only 1.7 times higher for
MPI-ESM1.2 and AWIESM1 LGM scenarios and 1.5 times CESM1.2 LGM scenario compared
to the realistic MOD scenario. The spatial pattern was consistent across all three LGM scenarios,
with very few grid-points showing a positive burnt area anomaly relative to the MOD experiment.
Though fire size increased slightly under this sensitivity experiment when burning did occur, this
increase was concentrated in the tropical regions of South America and Africa (mainly Amazonia),
(except for AWIESMI1 where increases were observed across Eurasia). In burning grid-cells,
global median fire intensity increased by ~ 15-18% in this sensitivity experiment (18% for MPI-
ESM1.2 and CESM1.2, and 15% for AWIESM1). This spatial pattern was also consistent as with
burnt area, with very few negative fire intensity anomalies, except for regions ~ 20-30°N and ~20-
30°S.

Under MOD CO» and LGM climate, burnt area decreased by 41% compared to the MOD
experiment for the CESM1.2 LGM scenario and by 4% for the MPI-ESM1.2 LGM scenario but
increased by 48% for the AWIESM1 LGM scenario, showing a strong sensitivity to climate. The
number of grid cells in which no burning occurred was of similar amplitude to the previous
sensitivity experiment for the MPI-ESM1.2 and AWIESM1 LGM scenarios (~1.8 times higher
compared to the realistic MOD scenario) but was much higher for the CESM1.2 LGM scenario

(~3.5 increase). When burning occurred, the global median fire size increased under all LGM
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scenarios by 17% for CESM1.2, 25% for MPI-ESM1.2 and 23% for AWIESMI. These increases
were concentrated in tropical Africa, central America, and Russia, with decreases shown in North
America and South Africa. Global median fire intensity also increased under this sensitivity
experiment by 2-3% for AWIESM1 and MPI-ESM1.2 but decreased by 5% for CESM1.2 LGM
scenario, with decreases concentrated in Eurasia and North America.
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Figure 11. Boxplots showing relative importance of each predictor (GPP: gross primary
production, GPP.s.: GPP seasonality, tree; tree cover, shrub; shrub cover, grass; grass cover, DD:
dry days, DD.s.: dry days seasonality, VPD: vapour pressure deficit, DTR: diurnal temperature
range, wind: wind speed) in driving the BA, FS or FI anomaly between the MOD 395 ppm and
LGM 185 ppm experiment. For each grid cell common to both experiments (on modern-day
continental shelves and masking the LGM ice sheets), the predictor which caused the largest
change in the anomaly between the two experiments when it was excluded from the GLM model
was retained, it is the change in anomaly that is shown here. This was taken as an indicator of
relative importance of that predictor in driving the observed change for (a) the AWIESM1 LGM
scenario, (b) the MPI-ESM-1.2 LGM scenario and (c) the CESM1.2 LGM scenario. A positive
anomaly indicates the variable caused an increase in BA, FS or FI at the LGM and a negative
anomaly indicates the variable caused a decrease in BA, FS or FI at the LGM.
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Reductions in burnt area between the MOD and LGM scenarios were driven primarily by
changes in GPP, grass cover, vapuor pressure deficit (VPD) and to a lesser extent dryness (dry
days (DD) and dry-day seasonality (DD.s). Changes in fire intensity were driven by changes in
GPP as well as VPD, with changes in GPP seasonality also leading to increased fire intensity in
inland regions, reflecting both changes in climate and COx: levels for burnt area and fire intensity.
Increased fire sie was largely driven by increased wind speeds, as well as DD and diurnal
temperature range (DTR) reflecting a strong climate effect as well as GPP seasonality. Decreases
in fire size were driven by changes in GPP and grass cover, as well as VPD under the CESM1.2
LGM scenario and DTR under the AWIESM1 LGM scenario (Figure 11). Changes in GPP and
grass cover were responsible for the largest reductions in burning, with these vegetation effects
concentrated across Africa and much of Eurasia (Figure 12). In Amazonia, changes in DD were
the most important factor, reducing burnt area and fire size (except for MPI-ESM1.2 which saw
increased fire size driven by DD). Increased burnt area in western Alaska was driven by GPP in
the MPI-ESM-1.2 and AWIESM1 LGM scenarios. Increased burnt area in tropical regions were
driven by grass cover, GPP and DD changes. Changes in VPD across the northern latitudes,
especially of north America and Europe, led to decreased burnt area in the most conservative
CESM1.2 LGM scenario. FS decreased across the Americas and Eurasia in the CESM1.2 LGM
scenario because of low VPD values which reduced the occurrence of burning and offset the
increases caused by wind speed and DTR in the other two LGM scenarios. Low values of VPD
drove increases in fire intensity across eastern North America, South America, western Africa, and

South-East Asia.
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Figure 12. Map showing selection of four variables (GPP in green, DD in red, VPD in orange and
wind in grey) responsible for some of the most important grid-cell drivers in reducing BA,
increasing FS and FI for (a) AWIESM1 LGM scenario, (b) MPI-ESM1.2 LGM scenario and (c)
CESM1.2 LGM scenario. Maps of most important grid-cell drivers for all variables and all
experiments can be found in S3.

Comparing the spatial patterns of the simulated burnt area anomalies with charcoal-based
reconstructions of the sign of changes in biomass burning (RPD; Harrison et al., 2022) showed
that the best overall match occurred when both the climate and CO; effect were considered, with
a success rate of ~ 39-45% depending on the climate scenario. The MPI-ESM1.2 and AWIESM1
LGM scenarios produced the best overall matches. None of the MOD climate/LGM CO»
experiments identified any of the positive BA anomalies shown by the charcoal records. The LGM
climate/MOD CO; experiments identified around half (~ 10-17%) of the negative burnt area
anomalies identified by the realistic experiment (17-20%) and the MOD climate/LGM CO»
sensitivity experiment, and only performed marginally better than the realistic experiment in

identifying the positive burnt area anomalies (Table 6). Thus, although this sensitivity experiment

94




produced a similar overall agreement with the reconstructions as LGM climate/LGM CO
simulations, only the realistic scenarios produced similar success rates for both the negative and
positive burnt area anomalies. Climate change alone produced too few negative anomalies
matches; CO; changes alone resulted in no positive anomaly matches.

(a) LGM 185 ppm {a) LGM 185 ppm {c) MOD 185 ppm

Latitude

Latitude
[
*.
-
i %
-
L :"
. ® .
h
Latitude

Figure 13. Comparison of BA anomalies between the experiment outputs from the MPI-ESM1.2
LGM scenario with charcoal records from the Reading Palacofire Database (RPD) for (a) the
realistic LGM experiment (b) the LGM climate/MOD CO; sensitivity experiment and (c) the MOD
climate/LGM CO3 sensitivity experiment The modelled positive LGM-MOD anomalies are shown
in red and LGM-MOD negative anomalies in blue. Dotted red (positive anomaly) and blue
(negative anomaly) points show the location of the RPD records for the LGM. The LGM ice sheets
are shown in dark blue.
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Table 6. Comparison of the sign in BA anomalies (between the MOD climate/MOD CO»
experiment and other three experiments respectively) at the location of each RDP charcoal-based
reconstruction record. A positive anomaly represents increased biomass burning, and a negative
anomaly represents decreased biomass burning. Successful identification means that the sign of
the experiment anomaly and the sign of the RPD charcoal-based reconstructions are the same.

BA experiments MPI_ESM1.2 AWIESM1 CESM1.2 LGM

Scenario LG MO | LG LG MO | LG LG LG

RP | M D M M D M M MOD |M

D |190 |[190 |395 (190 |190 |395 |190 | 190 395

Negative RPD anomalies

Number of records 35 |20 21 13 17 21 10 20 20 17

Successful
identification

(percentage) 57 60 37 49 60 29 57 57 49

Positive RPD anomalies

Number of records 16 |3 0 8 6 0 5 0 0 3
Successful

identification

(percentage) 19 0 50 38 0 31 0 0 19

Total RPD anomalies

Number of records 51 |23 21 21 23 21 15 20 20 20

Successful
identification

(percentage) 45 41 41 45 41 29 39 39 39
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The sign of the charcoal records could reflect changes in fire size or fire intensity as well as
burnt area. However, the success rates in predicting the sign of the charcoal anomalies (both
positive and negative) were not as good for FS (27-31%) and FI (24-30%) than those obtained for
BA for the realistic LGM experiment. Furthermore, both FS and FI did not perform any better than
BA under any experiment, with the sensitivity experiments matching the charcoal anomalies
slightly better for FS and FI than the realistic LGM experiment (Supplementary Chapter 3).
Discussion

Our simulations show a global reduction in burning at the LGM but increased median fire
size and intensity when burning did occur. Burnt area, fire size and fire intensity were all sensitive
to changes in vegetation driven directly by CO, levels alone. BA and FI were most sensitive to
this effect, with the climate effect dampening the effect of CO, alone when both are included. The
largest reductions in burning occurred when only the CO» effect was considered although this
experiment had fewer regions in which burning was excluded completely. This suggests that the
reduction in burning was more spatially consistent and widespread under these conditions than
when both effects were accounted for. The sensitivity of BA to CO: is explained by the reduction
in fuel availability under low CO., a strong constraint on burnt area. For FI, including a CO- effect
also amplified the overall global signal. This CO effect is most likely driven by the negative
relationship between GPP and FI fitted by the empirical model. Whilst this relationship might seem
counter-intuitive, it has a sound basis. The most intense fires occur in regions with a seasonal
variation in productivity rather than the most productive environments such as tropical forests
(Archibald et al., 2013). High productivity can (under some climate conditions) increase the
frequency of burning, which also reduces fuel loads (Rodrigues et al., 2019). Under appropriate

climate conditions, there can be long-term fuel build-up in areas of low productivity that is not
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offset by frequent burning. All these factors help to explain why FI is not reduced at the LGM
when burning occurs even though BA is. Low CO> decreased FS except for tropical regions and
reduced the impact of climate in the realistic scenarios. We hypothesize this is because of
decreased productivity leading to patchier vegetation, and hence reduced fuel continuity, which is
a factor limiting wildfire spread (Dial et al., 2022; Schertzer et al., 2015).

Changes in climate alone also affected all three modelled wildfire properties. The climate
effect was larger than the CO» effect across all models for FS, with increases in wind, DD and
DTR driving the change. BA was particularly sensitive to the amplitude of climate change: climate
change alone greatly reduced BA under the coldest LGM scenario (CESM1.2), had a limited effect
in the intermediate LGM scenario (MPI-ESM1.2) and increased BA in the warmest LGM scenario
(AWIESM1). The amplitude of change in VPD, a measure of atmospheric moisture, relative to
other climate variables was especially important in influencing overall trends. In the case of BA,
large decreases in VPD under the CESM1.2 climate scenario led to much more substantial
reductions, most likely due to an increase in fuel moisture. Additionally, though stronger winds
and increased DTR were the main drivers of larger wildfires at the LGM, low VPD values in
CESM1.2 severely limited FS and FI in the northern latitudes. VPD has been shown to influence
wildfire ignition and wildfire spread (Sedano & Randerson, 2014), and our results suggest high
atmospheric moisture can inhibit fire spread. When vegetation was sufficiently abundant however,
low VPD values were key in driving intensity. Although vegetation productivity was lower at the
LGM, decreased VPD may have contributed to larger fuel build-ups, thus increasing fuel loads.
This highlights the sensitivity of the fire regime not just to overall climate change but the relative

amplitude of change in individual climate variables.
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Our model results reproduce the global reduction of biomass burning at the LGM observed
from ice cores and sedimentary charcoal records (Daniau et al., 2012; Harrison et al., 2022; Power
et al., 2008; Rubino et al., 2016). Some studies have indicated the occurrence of high-intensity
wildfires on the Palaco-Agulhas Plain of South Africa, tropical regions, northern Australia, and
central China at the LGM (Kraaij et al., 2020; Power et al., 2008; Rowe et al., 2021; Ruan et al.,
2020; M. Song et al., 2023). Our results are consistent with the trends in these regions. The LGM
simulations of BA that account for both climate and CO; appear to fit the charcoal records best.
The spatial patterns of BA at the LGM were more consistent with the patterns shown by
sedimentary charcoal records than FS and FI, consistent with the assumption that charcoal
abundance can be used as a measure of biomass burning. The FS and FI anomaly patterns were
less consistent than that of BA, suggesting a regime of less burning but larger and more intense
wildfires at the LGM could be consistent with the charcoal records. Whilst FI has been
reconstructed from charcoal (e.g. Duffin, 2008; Snitker, 2018) there are currently no comparable
measures that record FS or FI changes globally. Charcoal records are not available from some
regions, further limiting our ability to evaluate the models, particularly in Eurasia and inland South
America where low CO> leads to large reductions in BA that are not observed when only climate
is considered.

Our results are based on simple empirical models for Burnt area, fire size and fire intensity.
However, the inferred changes in BA are like those of Martin Calvo et al. (2015) who used the
Land surface Processes and eXchanges (LPX) dynamic global vegetation model. Empirical models
have been shown to perform as well as more complex process-based models in simulating burned
area under modern-day conditions (Hantson et al., 2020). Thus, our conclusions about the relative

impact of climate and COx changes on fire properties are unlikely to be adversely affected by the
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relative simplicity of the models used. Their simplicity facilitates running multiple scenarios and
diagnosis of the factors influencing changes in wildfire properties.

The effect of human activity was not considered in this analysis and as such no conclusions
can be drawn on how human activity may affect these trends. Although this is a limitation, we
believe it is unlikely that human activity would substantially impact the response of wildfire
regimes to the changes in climate and CO> observed here. Pre-agricultural hunter-gatherer
populations used fire for land management, for example to facilitate hunting and to promote the
local abundance of food plants (Bowman, 1998; Gott, 2005), although recent work indicates that
the burning regimes, they practiced tended to reduce fire overall compared to the natural state (see
e.g. Constantine IV et al., 2023). However, the areas suitable for hunter-gatherer populations was
much reduced at the LGM by generally colder and drier climates and hunter-gatherer populations
were confined to climatically suitable refugia (see e.g. Williams et al., 2013; Blinkhorn et al.,
2022). Furthermore, although the estimates of population density are highly uncertain, the LGM
population of Australia was less than 5% of the modern population and the reduction in Africa was
even larger (Gautney and Holliday, 2015). Palacoecological evidence from Australia suggests that
the use of fire by pre-agricultural hunter-gatherers had a low impact on the environment before the
late Holocene (e.g. Black et al., 2007; Fuller et al., 2014; Portenga et al., 2016). Thus, it is unlikely
that human activities during the LGM would have substantially increased fire or offset the impact
of the changes in climate and CO: on fire regimes. Previous studies show a weak influence of
population and land-use change on driving global wildfire trends prior to the 18th century (e.g
Pechony and Shindell, 2010; Bowman et al., 2020) and a sharp human-driven decline in wildfire
activity since the mid-ninetieth century (e.g. Marlon et al., 2008; Wang et al., 2010). This recent

reduction in global biomass burning was most likely driven by population growth and land-use
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change leading to increased landscape fragmentation, which tends to suppress fire spread (e.g.
Knorr et al., 2014; Andela et al., 2016; Harrison et al., 2021).

These results add to a growing body of literature highlighting the importance of considering
not only changes in wildfire weather but also vegetation properties in projections of future wildfire
regimes (e.g. Harrison et al., 2021; Kuhn-Régnier et al., 2021; Pausas & Keeley, 2021). The impact
of rising CO; levels will most likely enhance vegetation growth and litter accumulation, which are
important controls on fuel availability, continuity, and load. However, climate and specifically
VPD may have opposing effects to that of rising CO, levels. Since VPD controls plant growth,
increasing VPD can limit ecosystem productivity and tree growth, in turn reducing fuel loads
(Williams et al. 2013). Nevertheless, VPD has also been shown to increase litter fall, thus
increasing available dead fuel (Resco de Dios 2020, De Faria et al. 2017). As such, it is important
to consider how temporal and spatial scales affect the response of vegetation to changing VPD
(Grossiord et al., 2020). Although the trade-offs between future increases in CO» and reductions
in productivity due to higher temperatures and atmospheric dryness are not fully understood, this
work highlights the importance of considering both. These effects will most likely not be evenly
distributed across the globe (Gonsamo et al., 2021; Piao et al., 2020; van der Sleen et al., 2015)
and CO> effects may be more important in some regions than others. In fuel-limited ecosystems,
CO; fertilization could increase fuel loads and fuel continuity, increasing overall burnt area but
also the potential for larger and more intense wildfires. This is particularly worrying in regions
with anticipated decreases in atmospheric moisture, especially since evidence suggests rising VPD
may only counteract a small proportion of COz-induced plant growth (Y. Song et al., 2022).
Increased woody thickening, for example in tropical South Asia (Kumar et al., 2021; Scheiter et

al., 2020), may also alter fuel loads in regions that are likely to be vulnerable to ignition under a
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drier and warmer atmosphere (Clarke et al., 2022). Whilst climate variables such as DD and DTR
have also shown to be strong controls of global wildfires regimes (e.g. Bistinas et al., 2014; Forkel
et al., 2019; Kuhn-Régnier et al., 2021), this study highlights the importance of VPD relative to
other climate variables in driving spatial patterns of Burnt area, fire size and fire intensity. This is
in line with previous studies that have highlighted the important role of VPD in promoting fuel
loads and fire spread (e.g. Diffenbaugh et al., 2021; Grillakis et al., 2022; Duane et al., 2021; Balch
et al., 2022). Correctly projecting changes in fuels in the next century will require considering both
the effect of VPD and effects of CO; on plant growth and fuel loads.

Our results stress the importance of accounting for the effects of CO> on vegetation when
considering how future fire regimes may evolve. Different aspects of the fire regime respond
differently to changes in fuel properties. Without accounting for this crucial effect, our

understanding of future risks will remain limited.
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Chapter 4: Future global wildfire regimes under a high and low climate change
mitigation scenario

The previous two chapters established the global controls of burnt area, fire size and fire intensity
(Chapter 2) and showed that the models were able to perform in an out-of-sample experiment
(Chapter 3). The aim of this chapter is to address the question of how we expect global fire regimes
to respond to 21st century CO> levels and climate conditions when also accounting for
demographic and land use changes (RQ3). It is structured as a paper, with an introduction,
followed by a description of the methodology, a presentation of the results and finally a discussion.
This work was submitted to Science in December 2023 under the title “Wildfires on a changing
planet” and has been reworded in some parts, however the methodology, results and discussion

remain unchanged.

Introduction

There is growing concern that recent increasing trends in wildfire occurrence and intensity
in many regions will persist into the future (Abatzoglou et al., 2019; Mueller et al., 2020; Duane
et al., 2021; Jones et al., 2022; Mansoor et al., 2022). Nevertheless, satellite observations show
that area burnt has declined globally over the last two decades, most notably in the tropical
savannas of South America and Africa and grasslands across the Asian steppe (Andela et al., 2017;
Forkel et al., 2019b). Most of this decline has been associated with human activities such as
cropland expansion, although climate and CO; changes may also have played a role (Forkel et al.,
2019b; Pausas et al., 2021). Weather conditions promoting fire, as measured by fire danger indices,
consistently increase in future climate-change projections (Wotton et al., 2017; Abatzoglou et al.,
2019; Dupuy et al., 2020) — contributing to the concern raised by recent megafires. However,

these physical indices do not take account of the potential for changes in vegetation to moderate
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the effect of future climate changes: warmer and drier conditions increase the incidence of fire
weather, for example, but reduce fuel loads and fuel continuity, decreasing fire risk (Hang et al.,
2015; Syphard et al., 2018; Kuhn-Régnier et al., 2021, Harrison et al., 2021; Pausas et al., 2021).
Nor do they take account of the potential for human activities to mitigate wildfire risk (Syphard et
al., 2017). While process-based global fire models that do take account of vegetation and human
impacts on fire risk are being used in the Inter-Sectoral Impact Model Intercomparison Project
(ISIMIP) to assess potential future wildfire regimes under climate change (UNEP, 2022), these
models differ considerably in their predictions of historic trends (Teckentrup et al., 2019) and do
not skillfully capture wildfire seasonality and interannual variability (Hantson et al., 2020). Given
the impact of wildfires on natural resources and human well-being (UNEP, 2022), a better
understanding of potential future wildfire trajectories is needed to devise appropriate management
strategies and mitigate risks.

In this chapter we used the models developed in Chapter 2 to examine the consequences of
two scenarios: one where global warming by the end of the century is kept under 2°C and another
with a global warming of 3-4°C by 2100 CE, both assuming a ‘middle of the road’ socioeconomic
pathway, as run by four state-of-the-art Earth System models. The models have been shown to
capture both modern spatial patterns in fire properties (Chapter 2) and the impact of large changes
in climate on these properties in a realistic way (Chapter 3). We also ran a series of counterfactual
tests in which a set of factors (climate, CO,, climate and CO», human activities) were allowed to
change while others were held constant, to diagnose the causes of observed changes in fire

properties under each scenario (Table 7).
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Data and Methods

Modern burnt area inter-annual variability performance and trends

We ran the burnt area GLM model for the 10-year period from 2006-2015, with lightning
held constant to be consistent with the future scenario experiment. The same roads model was also
used for consistency. We set burnt area fractional values lower than 0.0011 to zero and we also
excluded burning is regions where the ESA CCI land cover bare soil fraction > 95%. We compared
the simulated BA trend with both the observations (van der Werf et al., 2017; Chen et al., 2023)
and simulated burnt area fraction from the Fire Model Intercomparison Project (FireMIP) models
(CLM: Liet al., 2013, CLASS—CTEM: Melton and Arora, 2016, JULES-INFERNO: Mangeon et
al., 2016, JSBACH-SPITFIRE: Lasslop et al., 2014, LPJ-GUESS-SIMFIRE-BLAZE: Knorr et
al., 2016, LPJ-GUESS-SPITFIRE: Lehsten et al., 2009, LPJ-GUESS—GlobFIRM: Smith et al.,
2014, ORCHIDEE-SPITFIRE: Yue et al., 2014). We did not include the MC2 model, as there
were only 3 years overlapping. We used normalized mean error (step 3) to assess performance
(Kelley et al., 2013; Hantson et al., 2020)
Future scenario selection

The choice of future scenarios was motivated by the future wildfire simulations conducted
by the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) for the United Nations
Environment Programme (UNEP, 2022). Climate and human activity data from the ISMIP2b
protocol were selected, providing the high mitigation scenario (RCP 2.6) and the low mitigation
scenario (RCP 6.0). ‘Middle of the road’ socioeconomic activity (SSP2) was assumed in both
scenarios. This allowed comparisons between the general spatial trends with the outputs from the

ISIMIP projections (UNEP, 2022). We conducted five experiments for both scenarios, a realistic
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experiment, which assumed changes in climate, CO, levels and human impacts, and four
sensitivity experiments (see Table 1). This was done using the climate projections from four
different climate models which participated in the ISIMIP simulations, IPSL-CM5A-LR, GFDL-
ESM2M and MIROCS, and HadGEM2-ES (Lange and Biichner, 2017). We downloaded all the
data from the [SIMIP repository:

https://data.isimip.org/search/simulation_round/ISIMIP2b/product/InputData/climate_forcing/gf

dl-esm2m/subcategory/atmosphere/. This provided 40 experiments, the spatial patterns of which

were compared with a modern-day simulation, based on the 2010-2015 period. We explored which
predictors were driving changes between each experiment and the modern-day simulation by
excluding one predictor at a time from the GLM models, re-running all the experiments, and
identifying which excluded variable caused the greatest change in the burnt area, fire size, and fire
intensity respectively when comparing to the modern-day simulation in each grid cell. By
comparing these results to the burnt area, fire size, and fire intensity observed changes between
the experiments and the modern-day simulation with the full GLM models we could determine

whether the predictor was responsible for an increase of decrease in the given fire property.
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Table 7. Summary of modern and future realistic experiments and the associated counterfactual
tests. Additional information on the source and availability of the data for each experiment can be
found in the Supplementary Chapter 4.

Experiments

Realistic modern

2010-2015 WFDES climate (Cucchi et al., 2020)

2010-2015 annual global average CO (gml.noaa.gov/ccgg/trends/)
HYDE 3.2 population density and cropland (Goldewkuijk et al., 2017)
GRIP4 road density (Meijer et al., 2018)

Realistic future

2090-2100 climate from GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A -
LR, and MIROCS for RCP2.6 and RCP6.0 (Lange et al., 2017)

2090-2100 average CO» for RCP2.6 and RCP6.0

SSP2 socioeconomic pathway, average 2090-2100

Counterfactual experiments

Climate change only

2090-2100 climate from GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-
LR, and MIROCS for RCP2.6 and RCP6.0 (Lange et al., 2017)

CO: and human factors held constant at modern levels

CO> change only

2090-2100 average CO> for RCP2.6 and RCP6.0.

Climate and human factors held constant at modern levels

CO2 and climate change
only

2090-2100 climate from GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-
LR, MIROCS for RCP2.6 and RCP6.0 (Lange et al., 2017)

2090-2100 average CO» for RCP2.6 and RCP6.0.

Human factors held constant at modern levels

Human activity change
only

SSP2 socioeconomic pathway, average 2090-2100

Climate and CO: factors held constant at modern levels
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Climate and human activity data from the ISMIP2b protocol were used, providing the high
mitigation scenario (SSP2-2.6) and the low mitigation scenario (SSP2-6.0). ‘Middle of the road’
socioeconomic activity (SSP2) was assumed in both scenarios. A detailed description of the data

collection and processing is provided below.

Climate inputs

For the modern-day simulation we used the same climate data (vapour pressure deficit, monthly
dry days, dry day seasonality, diurnal temperature range and wind speed as used to construct the
original GLM model from WFDES5 (Cucchi et al., 2020). A seasonal climatology was constructed
for all variables based on daily data from 2010-2015. For the future experiments, we obtained the
climate outputs (daily mean temperature: tas, daily minimum temperature: tmin, daily maximum
temperature: tmax, monthly specific humidity: huss, monthly shortwave radiation: rsds, monthly
sea level atmospheric pressure: psl, monthly surface wind speed: sfcWind, and daily precipitation:

pr) on a daily timestep for the 2090-2100 period for all four climate models from the ISIMIP

repository: https://data.isimip.org/. We then computed a monthly climatology for mean daily
temperature (from tas), diurnal temperature range (from tasmin and tasmax), monthly number of
dry days (from daily pr) wind speed (from tas and sfcWind) and vapour pressure deficit (from tas,
huss and psl). We followed the methodology in Chapter 2 to summarize the climate data to obtain

the single layer variable for each input.

Vegetation inputs
To design counterfactual experiments which disaggregated the temporal correlation between
climate and atmospheric CO> levels, we used the methodology developed in Chapter 3 and

summarized below. We obtained modern and future vegetation (tree, shrub, grass) and gross
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primary production (GPP) using the coupled biogeography and biogeochemistry model BIOME4
(Kaplan et al., 2003) and a simple optimality-based model of GPP, the P Model (Wang et al., 2017;
Stocker et al., 2020). BIOME4 simulates biome distribution given a set of climates (temperature,
precipitation, cloud cover) and COz conditions and outputs biome classification, fraction of C4
photosynthesis and leaf area index (LAI). We obtained the temperature and pressure inputs from
the climate inputs (described above). We obtained cloud cover for the future climate scenarios
from shortwave radiation. We fitted a linear model between mean monthly global shortwave
radiation (from 2010-2015) and mean monthly global fractional cloud cover (from 2010-2015)
and then multiplied the future monthly shortwave radiation from all four climate models by the

slope of the fitted model and adding the intercept.
Tree, grassland and shrubland cover

We derived mean fractional tree, shrub, and grass cover for each of these experiments using the
mean values of tree, grass and shrub cover from ESA CCI (Climate Change Initiative) Land Cover
(Li et al., 2018) for each biome simulated by BIOME4 under modern day conditions and applying
that value to the same biome simulated by BIOME4 for each experiment. We also used the biome
classification to examine the characteristics of burning within each biome between different

experiments.
Gross primary production

The first step for obtaining the gross primary production was to run the BIOME4 model to obtain
LALI for each experiment. We then obtained fAPAR (fraction of absorbed photosynthetically active

radiation) using the Beer Lambert law:
fAPAR =1 — e(=kLAD (5)
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where k ~ 0.5, a constant extinction coefficient (Saitoh et al., 2012). BIOME4 tends to overestimate
fAPAR when compared the NASA/GIMMS3g values which were used to calculate GPP in the
original GLM models. We rescaled fAPAR for each experiment by the ratio between the monthly
NASA/GIMMS3g fAPAR averaged from 2010-2015 and the simulated BIOME fAPAR for the
same period as was done in Chapter 3. The second step was to compute global monthly Cs and Cs4
photosynthesis using climate inputs (temperature, vapour pressure deficit, photosynthetic photon
flux density: PPFD, and atmospheric pressure) as input to the P Model (Wang et al., 2017; Stocker

et al., 2020). We derived PPFD from shortwave radiation:
PPFD = 60 * 60 * 24 x 10 —6 * KEC * rsds (6),

where = 2.04 pmol J™' (Meek et al., 1984) We used BIOME4-derived fAPAR, and CO; levels

appropriate to each experiment. Total GPP was then calculated as follows:
GPPmonthly = GPPC3 (1 - C4ﬁ’acti0n) + GPPC4C4ﬁ‘acti0n (7),

with GPPc3 and GPPc4representing monthly C3 and C4 GPP values from the P model and C4action

representing the fractional C4 cover from BIOMEA4.

Human activity inputs
Human activity is represented in the GLM models by three input parameters: population density,

cropland density, and road density.
Population density

Gridded annual global population data at 0.5°x0.5° resolution used in the ISIMIP2b protocol and

based on the national SSP2 population projections (Samir and Lutz, 2014) for 2010 to 2015 and
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2090 to 2100 was obtained from the ISIMIP data repository. These data were averaged to obtain

mean gridded population density for the modern period and the end-of-the-century period.
Cropland density

Gridded global cropland fraction at 0.5°x0.5° resolution was obtained from the ISIMIP data
repository. The ISIMIP2b protocol used transient land-use patterns based on patterns generated by
the land-use model MAgZPIE according to the SSP2 scenario of economic development and
population growth. This model also accounts for climate and atmospheric CO; fertilization effects,
forced with data associated with RCP2.6 and RCP6.0 respectively. We downloaded outputs for
2010 to 2015 and 2090 to 2100 from MagPIE/REMIND based on IPSL-CM4A-LR,
MagPIE/REMIND based on GFDL-ESM2M MagPIE/REMIND based on MIROCS, and
MagPIE/REMIND based on HadGEM2-ES. These outputs were averaged to obtain gridded

population density for the modern period and the end-of-the-century period.
Road density

Gridded future road density was derived using the method discussed in Meijer et al. (2018) and
using the predictors identified by the Global Roads Inventory Project specifically gridded
population density and gridded gross domestic product (GDP). Gridded GDP data, obtained from
downscaling country level estimates using ISIMIP2b gridded population density, for 2010 to 2015
and 2090 to 2100 was downloaded from the ISMIP repository at 0.5°x0.5° resolution. Total GDP
per grid cell was divided by population density data to obtain GDP per capita. The yearly data

were average to provide mean values for each time period.

A linear model was developed using the population density for 2010-2015, the GDP for 2010-

2015, OECD membership (yes/no) (Meijer et al. 2018) and total area (in km?) (obtained with the
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area function in the R raster package) to simulate the spatial pattern of road density. The summary
of the model is presented below. The model performs less well than the country level model
developed from the GRIP dataset (23; adjusted-R? = 0.90) but this is to be expected. It has a good

correlation with the GRIP dataset (r = 0.68).

Table S2. Summary of linear model for road density.

Predictors Coefficient Standard  t-value p-value
error

(Intercept) 0.15 0.42 3.60 0.004

Population density 0.65 0.00 171.51  <0.001

(log-transformed)

GDP per capita (log-transformed) 0.20 0.00 80.09 <0.001
OECD (yes/no) 0.65 0.02 38.27 <0.001
Area (km?) 0.00 0.00 18.85 <0.001
R?/Adjusted-R? 0.47/0.47

We then use this model to predict road density under the SSP2 scenario, using the

population density and GDP per capita data for the mean 2090-2100 period.

To minimize uncertainty related to changes in human activity and to account for potential
biases with the models, we use the same approach as with the climate variables. We compute the
anomalies between the modern day-period population density, cropland cover and road density

and then add the anomalies to the original modern-day data used to build the GLM models.

Lightning and topographic inputs
Lightning ignitions were kept constant at the 2010-2015 WGLC WWLLN background rate

(Kaplan et al., 2021) in all experiments, following the ISIMIP2b protocol in which lightning is
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prescribed. Topographic position index (TPI) and vector ruggedness measure (VRM) were held

constant.

Results

Modelled mean annual burnt area from 2006-2015 was 623 Mha, intermediate between the
values of 450 Mha for the GFED4s (van der Werf et al., 2017) and 764 Mha for the GFEDS5 (Chen
et al., 2023) burnt area data products. The model captured the observed year-to-year variability in
global burnt area reasonably well, and regional differences in trends (Supplementary Chapter 4).
Model performance in predicting global patterns of burnt area comfortably exceeds that of
“process-based” models participating in the Fire Modelling Intercomparison Project (FireMIP);
modelled interannual variability of global burnt area is also better estimated than in the majority
of FireMIP models, especially when compared to the most recent global estimates of burnt area
(GFEDS; Chen et al., 2023). In latitudes above 60°N, where warming will be strongest according
to the IPCC (Hoegh-Guldberg et al., 2018), the model outperformed all FireMIP models for the
recent trend. Over Africa, where the most significant decreasing trend has been observed (Andela

et al., 2017), the model is also one of the best performing.

A global (17%-22%) decline in burnt area was shown under the high-mitigation scenario
with three of the four climate models, reducing annual burnt area from 406 Mha a year today to
316-335 Mha by the end of the century. The fourth model showed a negligible global decrease
(0.04%) because simulated drier conditions caused increases in fire activity in Amazonia and
northern Australia not seen in the other models (Figure 14 and Supplementary Chapter 4). The
modelled reduction in burnt area for all four models was largest in tropical regions, which account

for 83% of global burnt area under modern conditions but only 77-81% at the end of the 21%
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century (Table 8 and Figure 15). The key driver of the reduction in burnt area in the tropics,
particularly in Africa, India, and South-East Asia was increased human activity, as measured by
road density and cropland cover. Climate changes, for example in Central America and the
Amazon basin (primarily increasing dry days and decreasing dry-day seasonality), and vegetation
changes (decreasing GPP and grass cover), drove a reduction in wetter tropical regions of South
America (Figure 16). However, there are differences between tropical regions, with increases in
burnt area in much of South America, especially in drier tropical biomes, driven by increasing
dryness and gross primary production. Increases were also observed in the inland tropical savannas
of Southern Africa (Figure 14). There was no modelled global decline in burnt area when
socioeconomic changes were held constant, although there was a decline in burnt area in tropical
grasslands, xerophytic shrublands, evergreen and semi-deciduous forests in this sensitivity
experiment because of increasing dryness (Supplementary Chapter 4). This decrease was 17-20%
for three of the models, and 1% for the fourth model, compared to 30-34% for the same three
models (and 15% for the fourth model) when human activity was included. These results highlight

the importance of human activities in reducing burnt area in future climates.
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Figufe 14. Regio-ns of changé in burnt aréa (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right). Regions where all three
properties increase are shown in red, regions where all three properties decrease are shown in dark
blue.
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Although there was an overall decrease in modelled burnt area under the ambitious
mitigation scenario, increasing burnt area was shown for some northern extratropical regions
(Figure 14 and Figure 15). Increases in burnt area in temperate and boreal forests, and in tundra
(Figure 16) were driven by decreased precipitation (as reflected by an increase in the number of
dry days) and increased atmospheric dryness (VPD). This was observed in both the climate-only
and the CO;-only experiments (Supplementary). These regional increases were not sufficient to
counteract the impact of reductions in the tropics on the global decline in burnt area (Figure 15,
Table 8).

Under the ambitious mitigation scenario, mean global fire size (23-36%) and mean global
fire intensity (2-5%) increased and this pattern was robust across all climate models. The global
increase in fire size and fire intensity primarily reflects increases in the northern extra-tropics
(Figure 14) and was driven by changes in climate factors (increasing wind strength and dryness)
and by human activities. The largest increases in fire intensity occurred in boreal forests and shrub
tundra north of 60°N (Figure 15 and Figure 16). Modelled increases in fire intensity in these
regions were driven by increased GPP and increased dryness. The number of grid cells in which
wildfires occurred was 27-30% greater globally by the end of the 21st century than under modern
conditions, and most (87-88%) of this increase occurred in the northern extra-tropics. Model
results show global increases in fire size and fire intensity in extra-tropical regions that experience
wildfires today, as well as the occurrence of wildfires in new areas.

Changes in fire size and fire intensity across the tropics are less coherent. The modelled
decrease in burnt area in the tropics is accompanied by an increase in fire size but a decrease in
fire intensity (Figure 16). This signal is primarily driven by increases in fire size in South America,

with larger fires being driven by increased dryness in the tropical rainforests and increased

115



cropland and increasing wind in drier, tropical savannas. Modelled decreases in fire size and fire
intensity in tropical Africa are primarily driven by changes in human activity. Increased dryness,
which led to an increase in vegetation fragmentation, also caused a reduction in both fire size and
fire intensity in these regions (Figure 15 and 16). Even in those tropical savanna regions where
burnt area increased, fire size and fire intensity decreased because of increased atmospheric

dryness and increasing population density (Figure 16 and Supplementary).
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Figure 15. Percentage change in burnt area (BA), fire size (FS) and fire intensity (FI) per biome
for (a) the high mitigation scenario and (b) the low mitigation scenario. See Supplementary
Chapter 4 for more detail.

In stark contrast to the high mitigation scenario, there is a global increase (18-60%) in burnt
area under the low mitigation scenario. Increased burning is seen across all vegetation types, even
in the tropics (Figure 15). Human-driven reductions in tropical regions are offset by the combined
effects of changes in climate and CO». The role of CO; is important, as the increases in burnt area
do not occur in response to changes in climate alone. When only socio-economic changes are
considered, we model large decreases in burnt area in tropical regions of Africa and India, but
much smaller reductions in South America and South-East Asia. This probably reflects

deforestation fires in the Amazon and Indonesia which, though reduced under the future socio-

economic scenario, still occur (deforestation fires are captured through cropland cover and
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population density in the models). In temperate regions, vegetation types that had an increase in
modelled burning under the high mitigation scenario had a much larger increase under the low
mitigation scenario (Figure 15 and Table 8). Changes in climate are more important than changes
in vegetation in driving burnt area increases in the low mitigation scenario, although vegetation
changes still contribute to increasing burnt area in sub-Saharan Africa (Angola, Zambia, Malawi,
Mozambique) (Figure 16 and ss Chapter 4). Increases in dryness and grass cover drove an increase
in burnt area in North America and increases in GPP drove an increase over much of Eurasia.
Increased road density in previously fire-free regions also lead to increases in burnt area in Europe
and the east coast of the United States across all four models. This effect does not occur under the
high mitigation scenario.

Both fire size and fire intensity are reduced globally under the low mitigation scenario
compared to a high mitigation scenario. The global mean fire size increased 19-32% compared to
modern while the global mean fire intensity decreased by 1-12% compared to modern. The largest
increases in fire intensity and fire size compared to modern were concentrated in boreal forests
and shrub tundra above 60°N (Figure 14 and Figure 15). The increase in fire size was substantially
higher than in the high-mitigation scenario across all northern biomes including temperate forests
(50% increase). Increased fire size in these northern regions was driven by increasing dryness and
DTR. However, the increase in fire intensity was somewhat smaller than in the high-mitigation
scenario overall, with large decreases in temperate grasslands and forests as well as conifer forests
compared to the high-mitigation scenario (80% decrease). Whereas increased GPP was the major
cause of increased fire intensity in the high-mitigation scenario, changes in precipitation (as
reflected in the number and seasonality of dry days) and increased atmospheric dryness were the

most important causes of increased fire intensity in the low-mitigation scenario (Figure 16 and
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Supplementary Chapter 4) and this shift is likely the cause of the reduction in fire intensity
compared to the high-mitigation scenario.

In contrast to the increases in fire size and fire intensity in the extra-tropics, both fire size and fire
intensity decreased in tropical regions. The overall modelled decrease in fire intensity is twice as
large (49%) as in the high-mitigation scenario except for tropical grasslands, where fire intensity
increased (Figure 15 and Supplementary Chapter 4). Nevertheless, the changes in the tropics are
insufficient to offset the impact of the large increases in fire size and fire intensity in the extra-
topics on the global signal.

Table 8. Total burnt area per biome under modern, high, and low mitigation scenarios

Biome Modern day High mitigation Low mitigation
burnt areaglobal burnt areaglobal burnt areaglobal
(km?) percentage (km?) percentage (km?) percentage

Tropical evergreen forest 817,813 20.14 842,705 24.20 1,317,980 21.56

Tropical deciduous forest 604,130 14.88 558,277 16.03 766,776 12.54

Tropical 2,010,784 49.52 1,372,585 39.42 2,281,542 37.31
grassland/shrubland/savanna

Temperate deciduous forest 44,004 1.08 4,9132 1.41 121,593 1.99
Temperate 135,381 3.33 219,644 6.31 259,302 4.24
grassland/shrubland/savanna

Conifer and mixed forest 395,355 9.74 394,149 11.32 1,284,318 21.0
Montane taiga evergreenl2,337  0.30 23,794  0.68 36,973 0.60
forest

Montane taiga deciduous38,160  0.94 19,254  0.55 31,589  0.52
forest

Tundra 2,795 0.07 2,413 0.07 14,355 0.23
Global total 4059702 3481953 6114430
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Figure 16. Predictors responsible for driving changes in burnt area (BA), fire size (FS) and fire
intensity (FI) respectively of (a) the high mitigation scenario and (b) the low mitigation scenario.
The top row shows predictors driving increases and the bottom row shows predictors driving
decreases in the fire properties.

Discussion

Model simulations show major changes in the geographic patterns of wildfire occurrence
by the end of the 21 century, under both high- and low-mitigation scenarios. Both scenarios show
a reduction in burning in the tropics but increased burning elsewhere. Our results suggest a general
trend towards larger and more intense wildfires in northern latitudes, under both high-mitigation
and low-mitigation scenarios. The current global trend of decreasing burnt area may continue
under high-mitigation efforts but is unlikely to continue under low-mitigation efforts where
changes in climate promoting wildfires overwhelm the effects of human activities in reducing
wildfires, particularly in the tropics. Differences in trajectories between the tropical regions can be

partly explained as reflecting differing human impacts on wildfire regimes, for example in South
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America deforestation fires are much more prominent than in Africa where the impact of human
activity on wildfire activity is related to cropland expansion (Millington et al., 2022). Our
conclusions are in line with previous studies (UNEP, 2022, Krawchuk et al., 2009; Moritz et al.,
2012; Knorr et al., 2016; Kloster et al., 2018; Wu et al., 2021) in showing a redistribution of global
wildfires under future conditions. Our projected increase in the global burnt area under the low-
mitigation scenario is of similar magnitude to previous estimates (UNEP, 2022; Moritz et al.,
2012). However, there are differences in the regional trends, especially in the Amazon (UNEP et
al., 2022; Moritz et al., 2012) and northern latitudes where some studies show regions of
decreasing fire activity despite an overall increasing trend (UNEP et al., 2022; Krawchuk et al.,
2009; Moritz et al., 2012; Wu et al., 2021). There is disagreement in previous studies over the sign
of the global trend in burnt area under high-mitigation scenarios, with some showing an increasing
trend (UNEP, 2022; Moritz et al., 2012), some no trend (Krawchuk et al., 2009) and some a
decreasing trend (Knorr et al., 2016; Kloster et al., 2018; Wu et al., 2021). Our analysis provides
new insights into key regions in which global fire regimes are sensitive to changing conditions and
suggests distinct trajectories for different climate change mitigation scenarios.

We have not considered the potential impact of changes in lightning frequency, and
therefore lightning-caused ignitions, on future wildfire trajectories because there are large
uncertainties in future lightning projections, even in terms of the sign of the global trend (Krause
et al., 2014; Murray et al., 2018). Increased lightning frequency would be expected to lead to even
larger increases in burning (Janssen et al., 2023), especially in high-latitude regions since drier
fuels in boreal forest ecosystems would increase lightning ignition efficiency (Hessilt et al., 2022;

Chen et al., 2023; Pérez-Invernon et al., 2023).
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Our analysis highlights the sensitivity of future fire regimes to human activities. However,
there are many assumptions and large uncertainties associated with the socioeconomic scenarios
used in these analyses. The effect of human activities on fire is complex and cannot be captured
by simple metrics such as population density (Bistinas et al., 2013; Knorr et al., 2014; Harrison et
al., 2021). The use of road density as a measure of landscape fragmentation provides useful
additional information but future estimates of road density are largely based on estimates of
population changes and economic growth. However, the largest uncertainty in future scenarios is
how policy changes will affect human activities, including landscape and wildfire management
(Bukovsky et al., 2021).

Shifts in wildfire occurrence, as seen in both low- and high-mitigation scenarios, will have
large ecological and human impacts. There are signs that these are already happening (UNEP,
2022, Jones et al., 2022). Given the widely differing trajectories of wildfire regimes in different
regions, contrasting management strategies are likely to be required (Dwomoh et al., 2017). Better
understanding of how human activity influences wildfire regimes is needed to implement any
successful management strategy (Bowman et al., 2011; Gillson et al., 2019; Ford et al., 2021). One
potential consequence of the predicted decrease in burnt area, fire size and fire intensity in the
tropics is woody encroachment, which impacts biodiversity, the carbon cycle, and land-
atmosphere interactions and has consequences for local economies, livestock production, tourism,
and pastoralism. High-intensity fires have been used to limit woody encroachment, but with
limited evidence of success (Luvuno et al., 2018; Morford et al., 2022). Integrated fire management
strategies that include local knowledge and communities are likely to provide the greatest
resilience (Eloy et al., 2019; Mistry et al., 2021; Scholtz et al., 2022; Strydom et al., 2023). In the

extra-tropics and other regions where burnt area, fire size and fire intensity are predicted to
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increase, increased risks to life, property, and commercial activities are a major concern (UNEP,
2022, Humphrey et al., 2021). In currently fire-prone regions such as Mediterranean ecosystems,
the viability of fire suppression policies needs to be reassessed (Moreira et al., 2020; European
Commission, 2021; Commission, E & Centre, 2023). Furthermore, management practices may not
be well defined in regions where wildfires have been infrequent in the past (Moreira et al., 2020;
European Commission, 2021; Commission, E & Centre, 2023). In the northern latitudes, the most
intense wildfires occur under the high mitigation scenario, and it is under these conditions that
successful fuel load management and increased preparedness in the wildland urban interface will
be most needed (Ingalsbee et al., 2017; Iglesias et al., 2022; Regos et al., 2023; Essen et al., 2023).
Larger increases in burnt area in these regions under a low mitigation scenario will require moving
beyond fire-suppression measures and towards adaptive ones in which communities learn to live
with fire (European Commission, 2021; Commission, E & Centre, 2023) as they will be more
common, though less destructive, than under a high mitigation scenario. Forest planting and
restoration projects have received much attention as climate change mitigation tools (Fady et al.,
2021; Basuki et al., 2022; Fucks & Noebel, 2022; Seddon et al., 2022; Kobayashi et al., 2023) but
there has been limited consideration of the effect of wildfires on such projects. Wildfire
management will need to be incorporated into the design of afforestation schemes, given that our
simulations show substantial changes in fire regimes in the future in most regions of the world,
including the tropics under the low mitigation scenario. Indeed, changes in wildfire regimes may
preclude implementation of afforestation schemes in some areas (Lindenmayer et al., 2018;
Hermoso et al., 2021) and wildfire management often conflicts with retaining native ecosystems,

cultural landscapes, and local communities (Holl et al., 2020; Brancalion et al., 2020).
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Chapter 5: Discussion and conclusions

The goal of this thesis was to explore the impacts of changes in factors that influence
wildfires including climate, atmospheric CO; levels on vegetation properties and human activity.
Addressing this goal involved developing new empirical models of three critical properties of
wildfire regimes, specifically burnt area, fire size and fire intensity (Chapter 2), testing these
models both under modern conditions (Chapter 2) and under a radically changed climate (Chapter
3) and then applying them to simulate the response of wildfires to plausible future scenarios
(Chapter 4). These three steps have been presented in three separate papers, each with their own
separate discussion. In this chapter, the overall implications of the research are discussed under
four integrative themes: (1) empirical modelling and drivers of global fire regimes, (2) using the
past to ensure robust understanding of the future, (3) mapping global fire intensity, (4) wildfire

regimes and global change, specifically climate impacts, CO> impacts, and human impacts.

Much of the recent discussion about changes in wildfire regimes has focussed on burnt area
but new and novel wildfires, such as the recent megafires in California, have highlighted the need
to consider different properties beyond fractional burning. Burnt area provides an estimate of area
burnt but does not provide information about the average intensity or size of wildfire events, or
how they may change in the future. Efforts to map global fire regimes (Chuvieco et al., 2008;
Archibald et al., 2013; Garcia et al., 2020) have provided some information about the distribution
of different fire regimes, however, they do not explicitly determine the global controls of each fire
property separately. Consequently, whilst we can identify behavioural clusters, we do not know
which underlying properties are leading to their emergence. Furthermore, whilst studying different

fire properties in relation to each other provides insights into constraints and feedback (Luo et al.,
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2013; Luo et al., 2017; Laurent et al., 2019), it does not provide a way in which to identify the
emergence of novel fire regimes which may not operate under current constraints.

A key aim of this thesis was to explore how the spatial controls of global burnt area, fire
size and fire intensity might differ independently of each other. This was done by developing
statistical models from a common set of sixteen predictors to represent each of the three properties
separately. Since only the most significant predictors were retained for each model, I was able to
determine which of the controls had the biggest influence on a specific wildfire property. Several
statistical models have already been developed for the controls of burnt area (e.g. Bistinas et al.,
2014; Knorr et al., 2014; Kelley et al., 2019) and thus the most important controls have been
identified. I made use of this knowledge in choosing predictors for my burnt area model, and this
is reflected in the performance of that model in which all the predictors were significant. Hantson
et al. (2015) have made a statistical model for fire size, but the focus there was on determining the
distribution of fire size rather than the global controls. Nevertheless, this research did show that
the distribution of fire size changed over aridity gradients (Hantson et al., 2015). My research
explicitly focused on the environmental controls of fire size. The model for fire intensity presented
in this thesis is, to my knowledge, the first empirical stand-alone global model of fire intensity.

The three models were developed starting from a common set of predictors representative
of controls related to climate factors, topography, ignitions, land cover and fragmentation, and
vegetation productivity. My work shows that burnt area, fire size and fire intensity are influenced
by different subsets of these factors. Burnt area was primarily limited by fuel availability and
dryness, fire intensity was limited by fuel load and density and fire size by fuel continuity and

factors promoting spread.

124



Climate Climate Climate Human
Cco2 co2 i activity
Human activity i i

[N
s

i ) v
Fuel Fuel

availability || continuity

Fuel dryness

el

= i .
Sufficient Flammable Fire weather Ignitions
fuels fuels |
amn -

1
I
I
|
¥

Figure 17. Importance of four switches for burnt area (BA), fire size (FS) and fire intensity (FI)
for each statistical model (shown by t-values) with darker red being more important. White values
are not significant at the significance threshold used. Fuel availability (gross primary production:
GPP, GPP seasonality, tree, grass, shrub) and fuel continuity (cropland, road density, topography)
are separated out here. The arrows above show whether changes in climate, CO»-induced changes
in vegetation or human activity influence the different drivers in simulations of the past and future.
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The implications of these findings can be discussed through the framework of Bradstock’s
(2010) four switches, which postulates that wildfire occurrence requires sufficient fuel, flammable
fuel, fire weather and ignitions. My results suggest (1) that different switches are limiting for
different fire properties of the wildfire regime and (2) that the time scales on which these switches
operate vary between the different fire properties. The sufficient fuel switch, when applied to
properties other than burnt area, needs to be considered as two separate switches: sufficient fuel
load and sufficient fuel continuity. The requirement for sufficient fuel is limiting for burnt area,
fire intensity and fire size over much of the world, but the underlying reasons are different. For

fire size, there must be sufficient fuel for fires to spread (and get larger) and this is limited primarily
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by landscape fragmentation driven by human activity (through croplands and road density) but
also patchy fuels under dry and low CO- conditions. For fire intensity, there must also be sufficient
fuel, but the main barrier is not the fuel’s continuity but its load (as demonstrated by insignificant
relationship to cropland and positive relationship to road density). Dry atmospheric conditions (as
measured by vapour pressure deficit: VPD) and dryness seasonality limits plant growth and fuel
build up which inhibits the most intense wildfires, and this is expressed by the negative
relationships between VPD, dryness and fire intensity. Burnt area requires both a minimum fuel
load and a level of fuel continuity. However, since it does not represent an individual fire property
but rather the fractional amount of burning under given conditions, it is less sensitive to both. This
property of burnt area is demonstrated by the strong relationship between gross primary production
(GPP) and burnt area which is not present in the other two models, and which is in line with the
intermediate productivity hypothesis, which states that the most biomass burning occurs at
intermediate levels of productivity (Pausas and Bradstock, 2007; van der Werf et al., 2008; Pausas
and Ribeiro, 2013). This emergent relationship occurs because of the interaction of a positive
relationship between fire activity and productivity under low productivity which becomes negative
at some point due to increasing precipitation needed to maintain high productivity.

Bradstock (2010) postulated that the first switch (1), available fuel, operates on months to
years, the second switch (2), dry fuel, operates on weeks to months, the third switch (3), fire
weather, operates on hours to days and the final switch (4), ignitions, is instantaneous.
instantaneous. However, based on my work, I hypothesize that the timeframes on which the
switches operate may be different for different fire properties and there may be feedback between
them. Although the work in this thesis does not show this directly, I hypothesize that the reason

we see opposing relationships between burnt area and fire intensity is due to the differences in the
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effect of seasonality on these two fire properties. Fuel availability is affected by dryness, through
the control of VPD and dry day (DD) seasonality on plant growth. For fire intensity, this dryness
can have a strong limiting effect, with the strongest (negative) relationships being with VPD and
dryness. However, my work suggests that the timeframes on which the switches operate may be
different for different fire properties and there may be feedback between them. Fuel availability is
affected by dryness, through the control of VPD and dry day (DD) seasonality on plant growth.
For fire intensity, this seasonal cycle can have a strong limiting effect, with the strongest (negative)
relationships being with VPD and dryness. This effect also appears for fire size in future
simulations, with increased dryness in the northern hemisphere reducing fire size. This is in line
with previous work highlighting the importance of antecedent conditions on burning in dryness-
limited ecosystems (Forkel et al., 2019a; Kuhn-Régnier et al., 2021) and shows that the switches
operate on different seasonal timescales with long-term fuel availability requiring lower fuel
dryness in the shorter-term. The ignition switch was only limiting for burnt area, consistent with
the fact that both fire size and fire intensity are properties which implicitly assume that ignition
has already occurred.

The intermediate fire occurrence-intensity (IFOI) hypothesis proposes a humped
relationship between fire frequency and fire intensity globally (Luo et al., 2017). This hypothesis
builds on the assumptions of the global intermediate productivity hypothesis. Luo et al. (2017)
showed a humped relationship between burnt area and fire intensity. This humped relationship is
explained by the fact that under low fire intensity, increasing fire intensity correlated with more
fire-prone weather conditions and fuel conditions (switch 2 and 3), leading to a positive
relationship between occurrence-intensity. Under high fire intensity, increasing fire intensity

means less available fuel (switch 1) leading to a negative relationship between occurrence-
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intensity (Luo et al., 2017). My results are in line with the IFOI hypothesis and provide further
explanation. They show that the humped relationship emerges from the controls of burnt area and
fire intensity operating on different seasonal timescales as well as feedback between them. Burnt
area requires high GPP, to produce available fuel as well as high dryness seasonality to provide
drying out of those fuels. Indeed, there must first be a productive phase for fuel accumulation and
then a dry phase in which this fuel is able to dry out. The highest fire intensity on the other hand,
occurs at low GPP, high GPP seasonality but high GPP seasonality as well as low dryness
seasonality. These conditions are essential to provide adequate fuel build-up over multiple years,
and therefore, productivity must be continuous without the limitation of dryness. Thus, I postulate
that burnt area and fire intensity both have an emergent humped relationship with precipitation but
from opposite directions. These conditions are essential to provide adequate fuel build-up. Large
burnt area on the other hand requires high dryness seasonality to provide drying out of fuels. Thus,
burnt area and fire intensity both have an emergent humped relationship with precipitation but
from opposite directions. Fire intensity monotonically decreases with dryness (as its long-term
effect on fuel-build up dominates) whereas burnt area monotonically increases with dryness (as its
short-term effect on fuel flammability dominates), leading to fire intensity and burnt area peaking
at different values of precipitation. My results show that burnt area and fire intensity have similar
controls (longer-term climate and CO2 levels playing an important role) but operate on different
timeframes, that of drying and of biomass production.

The difference in the timeframes on which burnt area and fire intensity controls operate
does not mean that their interaction is fixed. Burnt area was reduced at the LGM but fire intensity
was increased, whereas both increased in future simulations, suggesting their controls (climate and

vegetation) are decoupled. The negative relationship between fire intensity and ignitions fitted in
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the fire intensity model suggests a long-term limitation of fire frequency on fuel build-up,
providing a feedback which relates to switch (1). In contrast, fire size has different fundamental
controls to both fire intensity and burnt area, with a greater sensitivity to human activity and fire
weather. Given the importance of fire weather, the timeframes on which fire size operates are much
shorter. The fire weather switch (3) is most important for fire size, in line with the hypothesis that
it is most useful in simulating individual fire properties (Boer, 2021). Laurent et al. (2019) found
a humped relationship between fire size and fire intensity. This relationship emerges from
increased fragmentation as season progresses which suggests that connectivity of fuels is a limiting
factor for fire spread (Archibald et al., 2012). Whereas fire size shows a strong sensitivity to
landscape fragmentation in my results, fire intensity does not. The different sensitivity of fire size
and fire intensity to fuel continuity and fuel load respectively provides an explanation for the
emergent humped relationship between fire intensity and burnt area, and between fire intensity
and fire size. A fuel load switch for fire intensity and a fuel continuity switch for fire size emerge
from these results.

There are large uncertainties in projections of some of the essential controls of wildfire into
the future. My results show that road density is a crucial variable in estimating future trends in
wildfire. The GRIP dataset (Meijer et al., 2018) provides future estimates of road density at country
level, but gridded data are required for global modelling. To account for this, I derived gridded
estimates of road density using population and GDP for my projections, but these projections are
highly uncertain. Predicting future human activity is very difficult in general as it relies on many
assumptions about future socioeconomic decisions (Bukovsky et al., 2021). There is also
uncertainty associated with lightning estimates. In my work I have assumed no change in lightning

ignitions because studies disagree on the sign of the global trend of lightning throughout the next
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century (Finney et al., 2018; Murray, 2018). However, some recent studies have projected
increases in lightning-driven ignitions during the 21st century. Boreal regions would be especially
vulnerable to such increases (Chen et al., 2021; Hessilt et al., 2022; Janssen et al., 2023). Given
the importance of both these predictors in driving different wildfire properties, more attention
needs to be given to generate high quality and reliable products for future simulations.

My research has focused on the external drivers of wildfire properties but, from a modelling
perspective, it would be useful in future to consider the interactions between fire regimes and
vegetation. One aspect that is not included in this analysis is the response of fire regimes to
different plant traits (fire adaptive or traits promoting fire resilience and resistance). The presence
of these traits depends on the established fire regime and but also help maintain that fire regime
(Harrison et al., 2021). This feedback is because the presence of different plant traits influences
fuel properties, which in turn influence fire regimes. For example, resprouting can lead to
dramatically different recovery times between ecosystems after fire, affecting fuel continuity
(Shen et al., 2023). The variation in fire regimes across savannas has been shown to depend on
traits in grassy species (Simpson et al., 2022). Fire regimes also explain global variability of bark
thickness, which in turn affects fuel load (Pausas, 2015). The inclusion of resprouting and adaptive
bark thickness in the fire-enabled Land surface Processes and eXchanges dynamic global
vegetation model (LPX-Mvl) led to large improvements, suggesting they are important in
explaining variability of global fire regimes (Kelley et al., 2014). Nevertheless, this model was
developed and tested only for Australia, and no global fire model currently accounts for such
traitstraits. The absence of trait information in global models is because much of the knowledge
on the presence of fire-related traits and their relationship to wildfires remains qualitative (Clarke

et al., 2015; Keeley and Pausas, 2022). Semi-quantitative relationships have been drawn between
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fire frequency and intensity and the resprouting capabilities in plants regionally (Harrison et al.,
2021; Shen et al., 2023), however quantitative global relationships are yet to be drawn. Such
relationships would provide a way to explore how important these traits are in driving differences
in the distribution of fire regimes and could be worked into future modelling efforts. Furthermore,
the impact of changes in either vegetation (and thus traits) or fire regimes (through suppression
efforts for example) on the feedback between the two could be quantified. Increasing our
understanding of vegetation flammability as a vegetation property more generally (Pausas et al.,
2017; Popovi¢ et al., 2021; Dickman et al., 2022) could also greatly improve the modelling of fire
regimes.

The three empirical models presented here perform better than existing process-based fire
models. The burnt area model outperforms all the fire-enabled models included in the Fire Model
Intercomparison Project (FireMIP) in terms of spatial distribution (Hantson et al., 2020). The fire
size model also performs better than the limited number of FireMIP models that explicitly simulate
fire size. Although comparisons of fire intensity are not possible, my fire intensity model also
performs reasonably well spatially. These empirical models are simple and fast and thus can be
used to perform many sensitivity experiments, proving a useful explanatory tool. Thus, my results
have large implications for the fire modelling community. Many of the important drivers in these
models are not included in fire-enabled vegetation models. The strong relationship demonstrated
with road density, as well as the importance of seasonality in dryness and vegetation productivity,
is in line with previous research highlighting the need to move towards including measures of
landscape fragmentation (Harrison et al., 2021) and antecedent conditions (Kuhn-Régnier et al.,
2021, Forkel et al., 2019a) in global modelling efforts. Furthermore, my work provides an

additional argument that these fire properties can and should be modelled separately, particularly

131



because they are influenced by different factors and can become decoupled when climate changes
are large. Empirical global fire models currently do not simulate fire properties beyond burnt area.
Furthermore, although process-based models that do simulate fire properties such as intensity and
size, they still rely on rate of spread equations, which indirectly couple burnt area, fire size and
fire intensity. For example, the fire model SPITFIRE (Thonicke et al., 2010) relies on a product of
number of fires and fire spread to determine burnt area. Coupled with JSBACH (Lasslop et al.,
2014) LPJ-GUESS (Lehsten et al., 2009) and ORCHIDEE (Yue et al., 2014), SPITFIRE also
derives fire size from fire spread. Finally, it derives fire intensity from a product of fire spread and
fuel consumption. Thus, although SPITFIRE can obtain all three fire properties separately,
therethey are all still proportional to fire spread, a complex process, which requires heavy
parametrization and may not be appropriate at a 0.5-degree global scale. The empirical models
provided in this thesis provide a way to explore how each individual predictor influences each fire

property, independently of each other.

One novel feature of my thesis is testing the wildfire models at the Last Glacial Maximum.
This was motivated by the fact that using global wildfire models to project future changes requires
a demonstration of their ability to respond correctly to conditions outside the modern range was
used to build and calibrate them. The Palaeoclimate Modelling Intercomparison Project (PMIP)
was set up in part to assess how well state-of-the-art climate models perform under dramatically
different conditions in the past (Joussaume et al., 1999; Braconnot et al., 2007; Harrison et al.,
2015; Kageyama et al., 2018; Brierley et al., 2020), otherwise known as out-of-sample conditions
(Kageyama et al., 2018; Kageyama et al., 2021). There have been calls for palaeoclimate

simulations to be used alongside palaeo data to evaluate model performance as well as study model
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responses to large changes in forcing. This has been done for some individual Earth System Models
(ESMs), for example the Community Earth System Model 2 (CESM2) adjusted its climate
sensitivity because of an out-of-sample experiment simulating Last Glacial Maximum conditions
(Zhu et al., 2022). However, beyond an overall evaluation of ESMs, the testing process has not
been systematically extended to individual model components, despite calls to do so (Burls et al.,
2022). Palaeo data has also been used to provide a constraint equilibrium climate sensitivity, ice
sheet stability, and sea level rise (Tierney et al., 2020) and greenhouse gas feedback to climate
(Liu et al., 2022).

However, little attention has been given to using palaeco-data to evaluate models of fire.
Although the use of past climate to assess model performance was discussed in the first phase of
FireMIP (Rabin et al., 2017), this has not been done yet. Most current state-of-the-art fire models
have been developed using information from recent satellite data, which only covers the last forty
years at best. Although these models agree on the spatial patterns of burnt area today, there is large
disagreement between them onon the global trend over the historical era (i.e. the period from 1850
CE onwards) (Teckentrup et al., 2019) suggesting that the modelled underlying relationships and
their sensitivity to changing conditions are different. Sensitivity experiments over this historical
period do provide a better understanding of the sensitivity of different models to COz levels,
climate, population density, land use, and lightning (Teckentrup et al., 2019) however there is no
way of verifying which model is right with such a short timeframe. This is a real concern for the
robustness of future projections. In contrast, the models developed in this thesis were evaluated in
an out-of-sample experiment and the simulated burnt area was evaluated against sedimentary

charcoal data.
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Charcoal records have been generally interpretated as an indicator of "biomass burning",
which is related to burnt area (Power et al., 2008: Marlon et al., 2008; Daniau et al., 2012; Marlon
et al., 2013). My comparison showed a good agreement of the sign of change in biomass burning
with the simulated burnt area. The comparison with fire size and fire intensity was less good,
confirming that the charcoal records are indicative of overall burnt area rather than some other
aspect of the fire regime. However, there are ways of extracting additional information from
charcoal data. For example, the software CharAnalysis (Higuera et al., 2009) allows both peak fire
intensity and fire frequency to be extracted from these records and has been used to study past
trends in these variables at a regional scale (e.g. Higuera et al., 2014; Meng et al., 2023). In future
work, it could be useful to use CharAnalysis or other such software to validate the trends in other
fire properties at a global scale. However, a limitation to the use of charcoal data for model
evaluation is that the coverage is sparse during some time intervals and the patterns are
geographically heterogenous. For example, there are large areas of Eurasia which show strong
sensitivity to climate and CO> changes in my model simulations, but these changes cannot be
validated due to a lack of records in this region. It would be useful to target areas for the collection
of additional palaeco data based on these model experiments. Charcoal is not the only source of
information about past fire regimes; organic biomarkers such as levoglucosan and benzene
polycarboxylic acids are increasingly being used to identify pyrogenic carbon in soils and
sediments (e.g. Elias et al., 2001; D'Anjou et al., 2012; Denis et al., 2012; Lehndorff et al.,
2014). Combining multiple data sources would be useful for evaluating out-of-sample
experiments. This thesis clearly demonstrates the utility of testing global fire models under out-of-
sample conditions and recommends that the FireMIP community adopt such practices. Such efforts

should not be limited to the Last Glacial Maximum; there are opportunities to evaluate the response
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to rapid climate warming in the past on a scale comparable to that of future climate warming (e.g.
Malmierca-Vallet et al., 2022) and to examine the response to climate change and increasing
human activities during the Holocene on fire regimes (e.g. Sweeney et al., 2022). Encouraging
more exchange between the model development community and the palaeo fire community,
through out-of-sample simulations, evaluation of models and palaco simulations will also
encourage more resources to be invested in obtaining high quality palaeo data, which in turn will

help improve models and our confidence in them.

Part of the difficulty with modelling global fire intensity is ensuring that what is recorded
in the training observations is the energy released at the flaming front of a wildfire, which is the
definition of fire intensity generally used. Active fire products, such as the MODIS collection 6
provide fire radiative power (FRP) measures (Giglio et al., 2006; Giglio et al., 2016) which
represents instantaneous energy emitted by fire over the whole 1km x 1km MODIS pixel. Low
FRP values (~15 MW) are attributed to cropland fires as well as very moist tropical and subtropical
regions. In grassland fires, mean FRP values are around ~40 MW, and in boreal regions, with high
tree cover and fuel loads, mean FRP values are around ~80 MW. These northern latitude wildfires
are crown fires (Giglio et al., 2006). However, although FRP has been used as a measure for fire
intensity (Wooster et al., 2004, 2013; Ichoku et al., 2008; Barrett and Kasischke, 2013; Archibald
et al., 2013; Luo et al., 2017; Laurent et al., 2019) it cannot get at the energy emitted at the flaming
front directly, meaning there is no direct way of distinguishing woody and crown high-intensity
fires from surface or smouldering fires, directly from FRP (Kauffman et al., 2003; Wooster et al.,
2004). Since FRP values from the MCD14ML dataset represent the energy emitted at the flaming

front integrated over the whole pixel, it is expressed in W m 2. This contrasts to the measure of
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fire line intensity in the Rothermel equations (1972), which is expressed per unit length of the fire
line, in W m™! (Byram, 1959).

Another limitation with using FRP values to represent intensity, is that the value in a pixel
depends not only on the number of active fires (which can be obtained from active fire products)
but also the individual sizes of each fire (which cannot). Not accounting for the average size of
wildfires within a given grid-cell has led to unexpected results in the analysis of global FRP trends,
an asymmetry exists between the Northern and the Southern hemispheres when mapping mean
FRP values. This asymmetry has been attributed to very high values in the Southern hemisphere,
notably Australia and South Africa (Giglio et al., 2006). Indeed, the highest global FRP values are
found in Australian grasslands which are clearly not woody crown fires but large surface fires.
These very large values lead to unrealistic conclusions in analyses, for example the presence of
rare, intense wildfires in regions with no tree cover (in western Australia, Southern America, and
Southern Africa) (Archibald et al., 2013). Even when weighting FRP values by fire counts (Luo et
al., 2017) or when spatial-temporal matching between fire patches and FRP values is performed
(Laurent et al., 2019) this issue does not disappear, and the highest values are still found in
southwestern Australia.

To overcome these problems and take into consideration the effect of large fires on FRP
values, I developed a metric for fire intensity that was more representative of intense wildfires,
driven by high woody fuel loads. The square root of median fire size in a grid cell provides a rough
estimate of median fire perimeter, which represents the fire line. Thus, dividing the FRP value in
a grid cell by the square root of the median fire size in the same grid cell produces a metric for
median fire line intensity and provides a way for the metric and its unit to be more consistent with

an estimation of fire line intensity (W m™"). This weighting allowed for a way to account for the
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effect that very large fire, primarily concentrated in grasslands, had on increasing FRP values in
grid cells. The weighting is relatively simple but provides a big change in the global distribution
of values, eliminating the asymmetry between the Northern and the Southern hemisphere. In
addition, when looking at the spatial correlations, whereas median FRP values had a negative
correlation with tree cover in tropical forests and much of Australia, this negative correlation
disappears when weighing by the square root of median fire size. Median FRP values also
correlated positively with grass cover in much of the world, which is inconsistent with large,
woody fuel loads necessary for the most intense wildfires. On the other hand, the fire intensity
metric correlates negatively with grass cover across much of the world, suggesting it is a better

representation of woody-fueled wildfires.
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Figure 18. Latitudinal distribution of normalized median FRP values derived from MCD14ML
(Giglio et al., 2006) (red) and the intensity metric used in this analysis (blue). The asymmetry can

be observed in the median FRP values between the latitudes 0-25°S (with a rapidly increasing
slope) and 0-25°N (with a much flatter slope that only increases after 25°N.

137



Median FRP Intensity metric
@
[1H] . v .
s ; "
FRP W km 2 FIW km" -
m 0 M 10-15 1 25-30 = 50-100 m 0 0 10-15 [ 25-30 ™ 50-100
| <5 1 1520 @ 30-35 = >100 m <5 [J 1520 @ 30-35 = >100
M 510 1 20-25 ™ 35-50 M 510 [ 20-25 ™ 35-50
Longitude

Figure 19. Global distribution of observed median FRP values (in W.km?) from MCD14ML
(Giglio et al., 2006) (left) and the fire intensity metric used in this analysis (in W.km ') (right)

The relationships fitted between this weighted metric and the sixteen predictors were
equally more consistent with the general understanding of fire intensity that when only considering
FRP values. The final fire intensity model (using the weighted metric) showed a negative
relationship with grass cover, an insignificant relationship with shrub cover and cropland density
and a positive relationship with roads whereas median FRP values showed a strong positive
relationship with both grass and shrub cover and a strong negative relationship with roads. The
positive relationship with roads in the final model is in line with previous research that shows a
positive relationship between human activity and burnt area in regions which are predominantly
fire-free (Harrison et al., 2021). In these regions, road creation for deforestation and commercial
activities creates new forest edges, which promote drying and increase wind speed as well as
providing the probability of a human-caused ignition (Armenteras et al 2013, Cano-Crespo et al
2015, Pausas and Keeley 2021). These forested, fire-free ecosystems are more likely to have high
fuel loads which can promote intense wildfires. In contrast, the negative relationship between fire

intensity and grass cover is consistent with rapidly spreading but low intensity fires in grass-
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dominated ecosystems. When fitting statistical relationships between the burnt area and median
FRP and the fire intensity metric globally, the relationship between burnt area and median FRP is
monotonically positive (R? = 0.18) and a very weak negative correlation (r=—0.07), however the
relationship between burnt area and the fire intensity metric is monotonically negative (R? = 0.11)
and a stronger negative correlation (r=—0.16). This second relationship is also more consistent with
the negative correlation we would expect between burnt area and fire intensity given their opposite
distributions (Luo et al., 2013). The spatial correlations also make more sense when considering
the fire intensity metric values, with burnt area and fire intensity positively correlated in much of
the United States for example, where we expect large and intense wildfires but negatively in
regions of frequent fire activity (such as African savannas and Australia). Although this metric is
simple, it represents a consistent way of mapping for fire intensity. This thesis provides the first

standalone model for fire intensity and established its independent global controls.

The aim of this thesis was to explore the impacts of changes in climate, atmospheric CO; levels
and human activity on the spatial distribution of global burnt area, fire size and fire intensity. Here,

I consider these individual influences on fire properties.

Most of the research into modelling the direct effect of climate on global wildfires has
focused on short-term climate effects, and specifically how instantaneous weather conditions
influence the probability of burning. These questions have been explored by quantifying the effect
of fire weather (instantaneous air temperature, relative humidity, and wind speeds) on the
flammability of vegetation (Jones et al., 2022). Originally, indices of fire weather, such as the

FWI, were developed to aid in the establishment of daily fire risk at fine scales and were used in
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an operational setting. Since then, such indices have been used to project global fire risk (e,g,
Abatzoglou et al., 2018; Jain et al., 2021; Jones et al., 2022) and the components of fire weather
indices (and their relationship to fire spread) are incorporated into empirical schemes and models
(e.g. Pechony and Shindell, 2010; Mangeon, 2016) and process based models (e.g. Venevsky et
al., 2002; Thonicke et al., 2010) fire models. Nevertheless, fire weather indices were designed for a
fine temporal and spatial scale and may not necessarily be expected to scale up globally (Lasslop
et al., 2015). In my models the key components of fire weather do not appear globally significant
for fire intensity, which had a negative relationship with VPD and an insignificant relationship
with DTR and wind speed. Furthermore, although VPD and DTR were significant for burnt area,
the t-values were much smaller than for other variables, and the relationship was negative with
wind, in line with previous work showing the limited impact of wind speeds on burnt area globally
for wind speeds above 2-3 m s' (Lasslop et al., 2015). However, for the fire size model, DTR and
wind speed (as well as VPD to a lesser extent) were key drivers. This makes intuitive sense as we
would expect fire spread to be most important in predicting fire size. These results highlight that
the climate components of fire weather are essential control on global fire size distribution. As
such, fire weather indices may provide useful information on fire sizes at a global scale.
Nevertheless, fire weather does not appear to provide additional or useful information on the global
distribution of fire intensity. This is an important result for global modelling efforts: it suggests
that the components of fire weather should be included when modelling fire regimes, but they
should relate to the estimation of fire size and to a lesser extent burnt area but should not
necessarily be considered for fire intensity. It calls for the current linear coupling of fire size and
fire intensity that is built-in to global fire models such as SPITFIRE (Thonickle et al., 2010) to be

revisited.
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Furthermore, my results also show that wildfire regimes are highly sensitive to the
interactions between different climate variables. Atmospheric dryness, as measured by VPD, is
particularly important. The amplitude of changes of VPD in relation to other climate variables had
a non-trivial impact on total burnt area estimates, with small changes in VPD leading to large
changes in modelled outputs. This effect varied geographically with a stronger sensitivity in
northern latitude. At the Last Glacial Maximum, under the climate only sensitivity experiment the
magnitude of change in VPD was responsible for very large fluctuations in overall trends. Burnt
area increased by 48% compared to modern under slightly warmer and wetter conditions when the
magnitude of change in VPD values was not as large, compared to a 42% decrease in the coldest
LGM climate where VPD values were very low. Furthermore, the response of fire size to wind
and DTR changes was not as sensitive as the response to changes in VPD values and low values
of VPD strongly inhibited fire size (and fire spread) at the LGM. One reason for this strong
sensitivity to VPD relative to other climate variables may be its role on long-term plant growth
(Grossiord et al., 2020), and thus on fuel loads. Whilst low VPD values inhibited fire spread under
LGM conditions, it still allowed for long-term fuel build-up, thus enabling high-intensity fires to
burn when conditions were favorable. Furthermore, increases in fire intensity compared to
modern-day conditions were much larger at the LGM than under future conditions, which may
appear counter-intuitive given the increased temperatures and burnt area under future conditions.
However, given that fire intensity is very sensitive to VPD, high values of VPD become a limiting
factor on fuel build up. This sensitivity also explains why fire intensity is reduced under the low
mitigation scenario compared to the high mitigation scenario, since increased dryness (VPD but
also dry days and dry day seasonality) prevents fuel build-up. The different impact of VPD, and

its interaction with temperature and dryness, on fire intensity under cold and warm climates
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suggests trade-offs exist between different climate variables and that these trade-offs may be
decoupled. Taken together, these results suggest that atmospheric dryness has a stronger effect on
limiting fuel loads under warmer conditions, in line with previous work (Williams et al., 2013;
Grossiord et al., 2020; Rao et al., 2022). The effect of VPD on plant growth has been shown to
affect fuel loading and is expected to reduce fuel loading in boreal regions in the future due to
warming (Foster et al., 2022; Gaboriau et al.,2023). Furthermore, it has been shown to influence
forest resilience to burning (Stevens-Rumann et al., 2017). The relationship between VPD and
other climate variables such as dryness has also been shown to be an important influence on burnt
area (Rao et al., 2020). Future trajectories in wildfire regimes will depend on these variables'
interactions and relative change to each other. This finding is demonstrated in the future simulation
in which the high-mitigation scenario saw a much smaller increase in burning compared to the
low-mitigation scenario. Under high-mitigation, climate only sensitivity experiment, burnt area
decreased in three of the four models (solely driven by climate changes as there are no changes in
human activity in this experiment), but one model did see a global increase (IPSL-CMS5A-LR).
Under the low-mitigation scenario, one of the models (MIROCS) showed decreasing burnt area,
whilst another (HADGEM2-ES) simulated an increase of over 25% globally. These results
emphasize that considering the effect of climate only through short-term fire weather conditions
is not sufficient. Climate variables should not only serve as predictors for fuel flammability and
fire spread but also as predictors of fuel load and fuel build-up. These processes operate on
different time scales and may be decoupled from each other. There is a growing awareness that
better understanding of how vegetation properties affect fuel build-up is needed to accurately
predict fire regimes (Forkel et al., 2019a; Hantson et al., 2020) and research has shown the

importance of accounting for antecedent vegetation conditions (which are in part controlled by

142



climate) to improve burnt area predictions (van der Werf et al. 2008; Krawchuck and Moritz, 2011;
O et al., 2020; Kuhn-Régnier et al., 2021). These results add to this by highlighting the importance
of VPD (and its control on plant growth) as a control not just on burnt area but also fire intensity
and to a less extent, fire size and call for its effect on long term fuel accumulation and fuel load to
be explicitly included in modelling efforts, and for this effect to be decoupled from its effect on

fire spread.
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Figure 20. Percentage change in global total BA, median FS, and median FI between the modern,
low mitigation 2100CE, high mitigation 2100CE and LGM experiments for the climate only
sensitivity experiment.

CO> impact on global wildfire regimes

The impact of atmospheric CO2 concentrations on global wildfire regimes is significant
and operates through increasing fuel loads and hence increasing burning under future conditions
and reducing fuel loads and burning at the LGM. The amplitude of the CO; effect on burnt area
was large in both directions under the CO> only sensitivity experiment (~70% reduction at the
LGM, a ~10% increase in BA with CO; levels at 421 ppm compared to present and a ~70%
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increase in BA with CO; levels at 670 ppm compared to present). These results make a strong
case for atmospheric COz levels on fuel loads to be explicitly considered in global fire models.
This work also provides a method through which to directly quantify the effect of CO»
fertilization. However, this requires vegetation models and earth system models to get the response
of vegetation to changes in CO; right which has proved difficult. The largest uncertainty between
DGVM simulations of historical trends in GPP have been attributed to different treatments of CO-
fertilization (Yang et al., 2022). This uncertainty is not limited to the modelling community. A
study reporting a sharp decline in global CO; fertilization (Wang et al., 2020) raised concerns of
inconsistent datasets (Frankenberg et al., 2021; Zhu et al., 2021) and there has since been
disagreement in methods (Sang et al., 2021; Cortés et al., 2021; Jeong et al., 2023 (pre-print)).
Given the significance of this effect on global wildfire regimes, it is essential to correctly capture
the response of vegetation to changing CO> levels. Recent work has shown that it is possible to
constrain CO» fertilization and estimate it quantitatively (Keenan et al., 2023; Ruehr et al., 2023).
As such, the next step is to incorporate the effect of CO2 fertilization explicitly into modelling
efforts. In the long-run, this would require PFT-specific vegetation inputs of fire models to be
replaced by vegetation properties which can be predicted from environmental conditions and can
flexibly respond to changing conditions in climate and CO2. Whilst this thesis has demonstrated
that this can be achieved for GPP, through using the P Model, some parameters remain distinct
such as tree cover, grass cover and shrub cover. Future steps could be taken to explore which
vegetation properties influence vegetation flammability, survivability and recovery, ultimately
enabling such inputs to also be replaced.

Fire intensity also showed a response to the CO> effect on fuel loads, though it was in the

opposite direction to the impact on burnt area and had a much smaller effect under future
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conditions (warming) than at the LGM (cooling). This finding appears counter-intuitive since
increased fuel loads might be expected to increase fire intensity. One explanation is that, with more
frequent burning under warming conditions, there is an indirect limitation of fuel build-up and
hence less intense fires whereas reduced burning at the LGM allowed fuel to build up over a longer
period and thus promoted more intense fires when they did occur. This is in line with the point
made about the controls of fire size, burnt area and fire intensity operating on different timescales.
My results also show that the sensitivity of wildfire regimes to CO»-enduced changes on vegetation
is spatially heterogeneous. Increasing CO, (CO; —fertilization) has a consistent effect globally on
GPP and is responsible for increases over the last decades (Yang et al., 2022). This increase in
productivity uniformly increases fuel loads (or decreasing them in the case of decreasing CO»).
However, the relative sensitivity of global fire regimes to changes in CO> varies spatially and may
be outweighed by other factors (climate, human activity). My results identify key regions in which
the CO, effect is most influential on fire regimes and where the effects of increasing CO» may
either amplify the current future projections or dampen them. Furthermore, they also show that the
regions of high sensitivity to CO; are not the same for burnt area, fire size and fire intensity. For
burnt area and fire size, under LGM conditions, the regions that were most sensitive to low CO»
were concentrated in the tropics, Alaska and across Europe and Eurasia above 50°N. Fire intensity
was sensitive to changes in COz in these regions, with the addition of North America also showing
strong a strong sensitivity to CO,. Under future conditions, the regions with the largest sensitivity
were concentrated in tropical regions and in latitudes below 50°N for burnt area. For fire size and
fire intensity the most sensitive regions were concentrated in the northern-high latitudes. This
spatially heterogenous sensitivity between burnt area on the one hand and fire size and intensity

on the other has important management implications. Even in regions where burnt area is expected
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to increase under increasing CO», fire size and fire intensity may be reduced due to CO;-enduced
changes in vegetation. This reduction is notably the case in North America, the Amazon and inland
southern-hemisphere Africa in the future CO; sensitivity experiment. This is important to consider,
as many integrated fire management strategies promote fuel load management through vegetation
clearance or prescribed burning. Given that vegetation is not adapted to fire but to fire regimes,
altering for fire regimes can make species vulnerable, and thus the impact of such management
strategies needs to be carefully considered (Keeley et al., 2011). If fuel loads are increased in the
future due to a high sensitivity to CO2-enduced changes in vegetation this must be considered
when designing fire management schemes. There is a growing argument that, through active fire
suppression, usually high fuel loads have accumulated, increasing the risk of large and intense
wildfires in fuel-limited regions (Miller et al. 2012, Mallek et al. 2013; Steel et al., 2015). This
argument has been made in many regions in North America for example and as a response there
has been a growing call for prescribed burning and managed wildfires as part of a move towards
integrated fire management (Forest Climate Action Team, 2018, USDA, 2023). Given that this is
a region in which CO;-enduced changes in vegetation are predicted to reduce fire size and

intensity, this should be considered when developing such strategies.

This work shows the significant impact of human activity on global wildfire regimes under
both modern day and future conditions. When setting all human activity (population density, road
density and cropland) to zero in the models, global burnt area increased by 63% and mean fire size
increased by 60%. The effect on fire intensity was negligible (0.15% decrease). Under the low-
mitigation future scenario, keeping human activity constant increased burnt area by 35-62%, fire

size by 20-33% and fire intensity by 4% for three models, and 30% for the fourth model. Given
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that the overall trend is one of declining burnt area and smaller increases in both fire size and fire
intensity when all factors are included, this highlights the role human activity plays in overriding

changes in wildfire regimes as a response to a warming climate and increasing atmospheric CO;

concentrations.
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Figure 21. Global distribution of modelled burnt area (BA) in km?, fire size (FS) in km?, and fire
intensity (FI) in W.km™' for the original model (including human activity) (top) and for the
sensitivity analysis in which all human predictors are set to zero (excluding human activity)
(bottom)

These results show that the influence of current human activity on global wildfires is one
of suppression, through landscape fragmentation, which is expected to continue. Whilst this
suppression effect is not a new finding (Bistinas et al., 2014; Knorr et al., 2014; 2016; Andela et
al., 2017), this understanding of human activity’s effect on wildfire regimes has yet successfully
to make it into global fire models. Most global fire models use human population density to

calculate human ignition rates, with increasing ignitions as population density increases up to a

threshold, after which no more ignitions occur (Hantson et al., 2016; Rabin et al., 2017). This
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assumption directly contradicts findings that globally the relationship between population density
and burnt area is negative (Bistinas et al., 2014). One of the reasons for this negative relationship
is that, although humans are responsible for ignitions, their effect is overwhelmingly one of
suppression through agricultural and urban expansion (Andela et al., 2017; Harrison et al., 2021).
To account for this double effect of humans on ignition and suppression, some global fire models
simulate the fire suppression by humans either explicitly or implicitly through GDP (LM3-FINAL;
CLM-Li) and population density (LM3-FINAL; CLM-Li; CTEM; JSBACH-SPITFIRE). Many
models assume also that no fires occur on agricultural land, which indirectly captures the effect of
cropland expansion and agricultural intensification on burnt area (Rabin et al., 2017). However,
these relationships rely on simplistic assumptions about human influence on fire regimes (Ford et
al., 2021) and itthat fire models have not been able to accurately predict the magnitude of the recent
decline in burnt area due to inadequate representation of human activity (Andela et al., 2017).
The inclusion of road density in addition to the most common human predictors usually
included in global fire models (cropland and population density) proved a significant
improvement in my models. It allowed for the interactions between human activity and fire
regimes to be capture as it provided a way for the effect of both human ignitions and human
suppression on burnt area to be accounted for. Only when road density was included did the
relationship between burnt area and population density become positive. Furthermore, for fire size,
the inclusion of road density led the population density predictor to become insignificant, showing
in the case of fire size, ignitions were not important, but that landscape fragmentation was key. On
a regional scale, information about roads has proved to have a much more spatially diverse
relationship with fire than other anthropogenic variables such as population density (Parisien et

al., 2016).
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Running the models with and without including human activity under modern day
conditions also highlighted that the sensitivity of global fire regimes to human population varied
between biomes. Sensitivity to human activity was largest in tropical xeric and temperate
shrublands. This is in line with research showing that the effect of human activity on burnt area is
strongest in intermediate productivity ecosystems, since fire is limited neither by moisture nor fuel
availability (Lasslop et al., 2017). Furthermore, even within the same biome, different
socioeconomic activities, cultural practices, and rural population trends also influence fire regimes
(Chergui et al., 2018; Mancini et al., 2018). My models were able to capture this, with, for example,
much larger decreases in burnt area under future conditions in tropical Africa and India than in
South America and South-East Asia. These regional differences most likely reflects the difference
between human-fire relationship in these regions, with crop related fire use (field preparation, and
residue burning) across Africa and India but vegetation clearance fires in the Amazon and South-
East Asia. Given that my models can identify these regions of varying sensitivity to human
influence, future work could consist of comparing these regions with current knowledge about
human fire use globally (Millington et al., 2022). Increased collaboration is needed between the
global fire modelling community, predominantly based in physical modelling, and other human-
fire research based in different modelling perspectives, such as people-centric models for example
(Ford et al., 2021). Such collaboration would lead to greater understanding of our human-fire
interactions, ultimately providing improved representation of human activity in global fire

models.
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Finally, though the effect of human activity on wildfire regimes today is significant, debate
remains within the literature about when humans started having a noticeable impact on global fire
regimes (Moreno et al., 2000; Pinter and Anderson, 2006; Power et al., 2008; Pausas and Keeley,
2009; Archibald et al., 2012; McDonald et al., 2017; Gowlett, 2016). Claims have been made that
their effect dates back many millennia, at least from the advent of landscape management
associated with the adoption of agriculture (e.g. Vanniere et al., 2016; Dietze et al., 2018). Hunter-
gather communities used fire during the LGM, however the impact on the landscape is not clear
(Gott et al., 2005; Kaplan et al., 2016; Constantine IV et al., 2023) There is evidence that humans
were already using fire at this time for land management, to facilitate hunting and promote
vegetation (Gott, 2005). However, others have argued that the impact of humans on fire regimes
was negligible before the Holocene (Black et al., 2007; Fuller et al., 2014; Portenga et al.,
2016). My models addressed the question of human influence on global fire regimes at the LGM.
The sensitivity analysis showed that, at this time, the impact of humans on a large-scale wildfire
was negligible. Including human activity made no significant difference in either Europe, Africa
or Australia, regions where estimates of LGM human populations have been made (Gautney and
Holliday, 2015). The changes in wildfire regimes compared to present can be explained solely by
changes in climate and atmospheric CO; levels. This is to be expected as much of the world would
have been inhabitable for humans under LGM conditions (A.N. Williams et al., 2013; Blinkhorn
et al., 2022). Given that I successfully ran this analysis for the LGM, the next step could be to
conduct a transient simulation running these models from the Holocene onwards to establish when

the impact of humans first becomes visible on a global and regional scale.
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Conclusion

Given the short-time frame of satellite data available that the global wildfire modelling
community must build empirical models from, it remains challenging to assess how robust our
current state-of-the art models are at simulating fire regimes under conditions dramatically
different to the ones they were trained on. This difficulty in assessing model robustness is more
concerning since diverging historical trends between models show that, although there is relatively
good agreement on the patterns of burning today, the underlying process assume to capture those
patterns differ. Furthermore, until now empirical fire modelling effort have remained focused on
burnt area, with no global empirical models for fire intensity and very few for fire size. This focus
on burnt area has proved a major limitation in understanding the independent global drivers of

these fire properties, which process-based models still struggle to simulate accurately.

This thesis has provided a roadmap on how to develop robust empirical fire models beyond
burnt area and use the past to ensure their robustness in the future. It has presented three standalone
empirical models for burnt area, fire size and fire intensity and offered insights into (1) their
independent global controls (2) their individual responses to changes in climate, atmospheric CO»
levels and human activity, both in the past and future. A key strength of this work is the use of
sensitivity analysis to isolate out the independent effects of climate, CO» levels and human activity
on fire regimes. By using a first-principle productivity model and a coupled biogeography,
biochemistry model allowed for effect of climate and CO; levels to be decoupled. This separation

could not have been achieved based only on data analysis alone.

I have shown that whereas burnt area is controlled primarily by fuel availability and

dryness, fire intensity is controlled by fuel-build up. Fire size is primarily controlled by fuel
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continuity and fire weather which promote fire spread. The availability of fuel, one of the four
conditions for a fire to start, is a key control for all three properties. However, considering them
separately allowed for new insights. The availability of fuel needs to be considered along two
dimensions: fuel continuity and fuel load. Both these factors act as separate controls, and they
affect different aspects of global wildfire regimes differently. Fuel continuity does not appear to
be as limiting for fire intensity and fuel load does not appear to be as limiting for fire size. Moving
forward, these two dimensions of fuel availability need to be considered separately and decoupled
from each other; whereas fuel continuity is primarily controlled by human activity, fuel load is
driven by VPD, the seasonality of dryness and CO> levels (through its control on productivity).
VPD and CO; levels play especially important role on fuel-build up and appear essential for
modelling fire intensity and burnt area. Both their effects need to be considered to capture how
changing conditions will affect fuel-loading. Furthermore, although fire weather and human
activity played the most significant role in determining the distribution of fire size, the long-term
effect of VPD and CO: levels on fuels also proved to be a limiting factor for fire size both under
LGM and future conditions. My results also showed that even when fire properties shared the same
predictors, their effect operated in different directions and on different timescales. This finding
was most apparent for burnt area and fire intensity. Whereas the highest fire intensity occurs at
low dryness seasonality to provide the conditions for long-term fuel build-up, the largest burnt
area required high dryness seasonality to provide drying out of fuels. These differences in the

timescale are a further explanation of the IOFI hypothesis.

From a methodological perspective my results have also shown the value of using out-of-
sample experiments for the evaluation of global fire models and calls for this practice to be adopted

by the greater wildfire modelling community. More cross-collaboration is needed between the fire

153



modelling community and the palaco community if we want to ensure greater robustness in our
models. This thesis has also demonstrated the power of sensitivity analysis and counter-factual
experiments as a strong explanatory tool. Applying sensitivity analysis under LGM conditions
allowed me to highlight the importance of considering both climate and COx> levels to correctly
capture the magnitude of burning. Furthermore, running the same set of sensitivity analysis under
future conditions allowed me to identify regions that were sensitive to climate, CO2 or human
activity changes, which can help inform management decisions. In the case of climate and CO,,
having identified sensitive regions (and the effect of different variables in those regions) under
both LGM and future conditions also provides a way in which to identify regions that are sensitive
to change in both directions regardless of warming or cooling as well as regions that only
demonstrate a strong sensitivity in one direction (either under warming conditions or cooling
conditions). The identification of these different regions will help direct future explanatory work.
In the case of human activity, identifying regions in which the sensitivity was greatest also provides
useful information for the wider community working on human-fire interactions. The simplicity
of the models does not appear to have reduced its performance and they were able to outperform
many of the process-based models in FireMIP. but provided strong explanatory power. The models
require very little computational power, and this is what allowed for the volume of sensitivity
analysis that were able to be run. The simplicity of the models also means that they can easily be
shared and quickly applied for the use of new academic research questions, such as transient runs
during the Holocene, but also during the next century. Furthermore, their use is not limited to
academic circle. These models can easily be shared with a wider community of fire practitioners
and policy makers to be used as a dynamic research tool which supports policymaking. For

example, experiments could be designed with relevant stakeholders to study the response of fire
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regimes to different management strategies such as vegetation thinning or prescribed burning. This
provides the opportunity for knowledge exchange and collaboration, going beyond only providing

policy makers with finalized and fixed projections.

Empirical models such as the ones developed here are not without their disadvantages. For
one, they require a large amount of training data, and given the short-time frame of available
satellite imagery, large uncertainties on the fitted relationships remain. Furthermore, these models
remain probabilistic and cannot be coupled directly with land surface models. As such questions
of feedback between climate, vegetation and fire (including the effect of each fire property on the
others) cannot be explored directly. This remains a major limitation of these types of models. The
long-term aim for the fire modelling community should be the improvement of process-based fire
models able to address these limitations. These process-based models should be able to reproduce
historical trends and capture the effect of large-scale changes in climate, CO2 and human activity
on wildfires. However, this is not yet the case, and given that our understanding of the processes
driving global fire distribution is currently incomplete, empirical models provide an essential tool
from which new hypotheses can be developed and tested. In turn, new insights, such as the ones
presented in this thesis, will provide the building blocks from which to develop a new generation
of empirically informed process-based fire models. Given the growing concerns over changing fire
regimes in larger society and our inability to provide robust projections as a global modelling

community, explanatory tools and analysis such as these are crucial.
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Annexes

Supplementary information for Chapter 2

This section contains supplementary information for Chapter 2. It contains information on
(a) the derivation of the climate data, (b) the motivation for estimating fire intensity, (c) the
parameters of gross primary production (GPP), (d) statistics and partial residual plots for the
models made using all 16 predictor variables, and (e) statistics and partial residual plots for models

excluding road density, population density, VPD and GPP respectively.

Derivation of the climate data

Some of the climate data were not directly available and required some calculations, the
description of which is presented here.
Mean Daily Vapour Pressure Deficit

Vapour Pressure Deficit was derived from the specific humidity, pressure, and temperature
data from the WFDES bias-adjusted ERAS dataset (Cucchi et al., 2020) from January 2010 to
December 2015. Hourly temperature data were converted from Kelvin to Celsius. Hourly specific

humidity (q) was converted to actual vapour pressure (ea) as follows:

*P
ea = 9*Floc (8)
0.622+(1-0.622)q

, where P, is the local atmosphere pressure. Hourly saturated vapour pressure (es) was then

calculated following the FAO's methodology such that:

17.27T

es = 610.8T+2373 9)

, where T is the hourly temperature in degrees Celsius. Vapour pressure deficit was then derived:
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VPD =es —ea (10)

Monthly Number of Dry Days

The monthly number of dry days was derived from the WFDES bias-adjusted ERAS dataset
(Cucchi et al., 2020). The hourly rain speed was summed to get total daily precipitation and
converted from kg m 2 s™! to mm day !. The sum of the days with precipitation levels lower than
1 mm was then calculated.
Mean Daily Diurnal Temperature Range

The monthly mean daily diurnal temperature range was calculated by taking the difference
between the maximum and the minimum daily temperature the WFDES bias-adjusted ERAS
dataset (Cucchi et al., 2020) from January 2010 to December 2015 such that:

DTRgqi1, = max (tempgqir,) — min(tempggiry ),
where DTR represents diurnal temperature range, temp represents hourly temperature and n
represents the number of days in the month.
Mean Daily Wind Speeds

The monthly mean daily wind speed was calculated from the hourly daily mean from
WFDES bias-adjusted ERAS dataset (Cucchi et al., 2020) from January 2010 to December 2015
and then averaged over each month.

Motivation for estimating fire intensity

Fire intensity has been represented in multiple ways. Some studies have simply used
measures of fire radiative power (FRP) (Wooster & Zhang, 2004; Wooster et al., 2005) whilst
others have used monthly fire pixel counts to weight FRP (Luo et al., 2017) and others yet have
performed spatial-temporal matching between fire patches and FRP values (Laurent et al., 2019).

The potential issue with using FRP values directly from the MCD14ML dataset is that it represents
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instantaneous energy emitted by fire over the whole 1km x 1km MODIS pixel, therefore picking
up not just on the energy emitted from the fire front but also any potential smoldering. Rothermel’s
(1972) equation represents reaction intensity, the energy emitted per unit volume multiplied by the
speed the energy is moving at, in W m 2. However, a measure of the rate of energy emitted per
unit length of the fire line, in W m™' (Byram, 1959) has become a common indicator of fire
intensity (Keeley, 2009). As such, an estimation of this fire line intensity was used in this study.

This was done using the following equation:

__ FRP;

e (an

FI,

, where FI; is the fire intensity of a specific grid cell i, FS; is the median fire size of specific grid
cell i and FRP; is the median fire radiative power of a specific grid cell i.

Parameters used for the calculation of gross primary production

Table S1. Inputs used for the calculation of GPP in the p-model (Wang et al., 2017; Stocker et
al., 2020)

Input parameters Source Derivation

Mean daily temperature | Cucchi et al., 2020 Monthly daily mean temperature
(°O) calculated from hourly data
Fractional fAPAR NASA/GIMMS fAPAR 3g | Monthly mean of daily fAPAR
Photosynthetic Photon Cucchi et al., 2020 PPFD = 60 % 60 * 24 * 1076 *
Flux Density (PPFD) kgcRgy , where kec=2.04 umol J™!

and Rsw is incoming shortwave
radiation (Meek et al., 1984).(Meek

et al., 1984).
Atmospheric CO> Ed Dlugokencky and Global averaged monthly CO»
Concentrations (ppm) Pieter Tans, NOAA/GML
(gml.noaa.gov/ccgg/trends
/)

Atmospheric pressure Cucchi et al., 2020 Monthly daily mean atmospheric
pressure calculated from hourly
data

Vapour pressure deficit Cucchi et al., 2020 Monthly daily mean of VPD,

(Pa) calculated from hourly specific

humidity, pressure and temperature
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Results of models with all sixteen predictors

Table S2. Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05),. (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Predictors Burnt area Fire size Fire intensity

Coefficient t-value VIF | Coefficient t-value | VIF Coefficient t-value VIF
(intercept) 4825 **%*  _103.6 -13.49 #*%x  _17.187 5.77 *** 25.228
Gross primary
production (g C m™
al) 1.76 *** 63.00 4.13  (0.04) (0.79) (4.78)  -0.19 *** -13.92 4.37
Seasonality of gross
primary production | 0.59 *** 14.78 2.43 | (.32 *#** 4.64 446 | 0.07 *** 3.32 4.79
Fractional tree cover = -0.93 *** -18.74 2.92 | -0.45 *** -4.52 346 | 0.20 *¥** 7.52 3.24
Fractional shrubland
cover 1.39 *** 26.35 1.70 | 0.66 *** 7.55 1.41 -0.13 *** -3.76 1.33
Fractional grassland
cover 2.93 *** 52.91 1.56  (0.13) (1.45) (1.22)  -0.34 *** -10.50 1.39
Road density (km™)  _0,05 *** -37.32 1.44  -0.04 *** -15.44  1.60  0.00 *** 8.16 1.83
Fractional cropland
cover -0.79 *** -10.05 2.15 | -3.45 #** -18.99 1.89  (0.04) (0.95) (2.48)
Vector Ruggedness
Measure -188.70 ***  -21.39 1.55 | -66.53 *** -5.17 2.13 | 6.06 ** 2.82 2.16
Topographic
Position Index 0.43 *** 18.86 1.33 | (-0.04) (-0.86) | (1.69) (0.00) (-0.07) (1.56)
Mean monthly
number of dry days | 4.54 *** 70.23 2.89 | 0.97 *** 8.08 322 -0.30 *¥** -11.64 2.80
Seasonality of
monthly number of
dry days 1.33 *** 59.26 2.57 | -0.10 ** -3.06 234 -0.14 *** -14.48 2.21
Maximum mean
monthly vapour
pressure deficit (Pa) | 1.35 *** 39.11 1.78 | 0.36 *** 5.70 3.98 | -0.62 *¥** -32.84 3.72
Maximum mean
monthly diurnal
temperature  range
(K) 0.87 *** 19.82 1.78 | 1.25 *** 13.90 2.08  (0.02) (0.93) (1.87)

Mean wind speed of
the hottest month (m

sh -0.20 *** -6.80 1.93  0.75 *** 12.37 2.64 | (0.02) (1.15) (2.43)
Mean monthly

lightning  ground-

strikes (km2) (0.94 *** 12.35 1.66 | 0.83 *** 5.24 228 | -0.26 *¥** -5.87 2.35
Population  density

(km™) 0.02 *** 10.64 1.71  (0.00) (-0.94) | (1.71) -0.01 *** -13.36 1.86
R?(McFadden, 1974) = 0.685 0.290 0.267
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Figure S1. Partials residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cover, (roads) road density, (crop) cropland, (VRM) vector ruggedness measure,
(TPI) topographic position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour
pressure deficit, (DTR) diurnal temperature range, (wind) wind speed, (popd) population density
and (light) lightning ground-strikes . Green represents vegetation and land cover predictors; purple
represents fragmentation predictors; red represents climate predictors; blue represents ignition
source predictors.
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Results of models with all predictors excluding road density

Table S3 Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Predictors Burnt area Fire size Fire intensity

Coefficient t-value VIF | Coefficient t-value | VIF Coefficient t-value VIF
(intercept) -48.12 **%*  .98.93 -12.18 **%* 15,66 5.65 *** 24.70
Gross primary
production (g C m™
al) 1.64 *** 56.86 398  -0.10%* -2.11 4,56 | -0.17 *** -12.50 4.20
Seasonality of gross
primary production | 0.62 *** 14.73 2.34 | (0.33 #** 4.80 4.31 0.06 ** 3.08 4.81
Fractional tree cover = -0.51 *** -10.26 2.68  -0.18. -1.81 327  0.14 *** 5.66 3.03
Fractional shrubland
cover 1.65 *** 30.21 1.68 | (.59 *** 6.86 1.39 | -0.15 *** -4.27 1.33
Fractional grassland
cover 3.07 *** 53.76 1.52  0.17. 1.88 1.22 | -0.35 *** -10.89 1.39
Fractional cropland
cover -1.03 *** -12.68 2.06 | -3.83 *** -21.05 1.78  (0.04) (1.10) (2.49)
Vector Ruggedness
Measure -220.10 *** | -23.22 1.54 | -73.79 *** -5.68 2.12 | 6.62 ** 3.08 2.16
Topographic
Position Index 0.45 *** 18.80 1.33 | (-0.04) (-0.89) | (1.69) (0.00) (-0.02) (1.56)
Mean monthly
number of dry days | 4.67 *** 68.89 290 | 0.91 *** 7.58 324 | -0.30 *** -11.47 2.80
Seasonality of
monthly number of
dry days 1.49 *** 64.67 2.53 | (-0.03) (-0.77) | (2.25) -0.15 *** -15.76 2.17
Maximum mean
monthly vapour
pressure deficit (Pa) | 1.36 *** 38.18 1.71  0.31 *** 5.05 377  -0.63 *** -32.97 3.75
Maximum mean
monthly diurnal
temperature  range
(K) 0.97 *** 21.37 1.77 | 1.35 *%** 15.04 2.08  (0.01) (0.31) (1.86)

Mean wind speed of
the hottest month (m

sh -0.23 *** -7.63 1.88 | 0.75 *** 12.39 2.61 | (0.02) (1.36) (2.43)
Mean monthly

lightning  ground-

strikes (km2) (0.53 **x* 6.94 1.60 | 0.70 *** 4.52 221 | -0.23 *** -5.28 2.35
Population  density

(km™) 0.00. -1.96 1.60  -0.03 #** -6.52 1.52  -0.01 *** -11.26 1.61
R?(McFadden, 1974) = 0.668 0.276 0.265
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Figure S2. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cove (crop) cropland, (VRM) vector ruggedness measure, (TPI) topographic
position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour pressure deficit,
(DTR) diurnal temperature range, (wind) wind speed, (popd) population density and (light)
lightning ground-strikes . Green represents vegetation and land cover predictors; purple represents
fragmentation predictors; red represents climate predictors; blue represents ignition source
predictors.
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Results of models with all predictors excluding population density

Table S4 Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Predictors Burnt area Fire size Fire intensity

Coefficient t-value VIF | Coefficient t-value = VIF Coefficient t-value VIF
(intercept) -48.59 ***  _103.65 -13.45%%%  _17.18 5.82 25.39
Gross primary
production (g C m™
al) 1.77 *** 63.24 4.11 | (0.04) (0.78) (4.78)  -0.18 *** -13.47 4.37
Seasonality of gross
primary production | 0.59 *** 14.69 2.43 (.32 *** 4.66 4.45 0.08 *** 3.63 4.79
Fractional tree cover = -0.95 *** -19.13 2.89 | -0.45 *** -4.51 3.46 0.19 *** 7.26 3.24
Fractional shrubland
cover 1.36 *** 25.69 1.68 | 0.66 *** 7.61 1.41 -0.12 *** -3.39 1.34
Fractional grassland
cover 2.92 *** 52.57 1.55  (0.13) (1.45) (1.22)  -0.34 *** -10.44 1.39
Road density (km™®) 0,05 *** -35.60 1.34  -0.04 *** -16.47 146  0.00 ** 3.01 1.58
Fractional cropland
cover -0.51 *** -6.92 1.88 | -3.5] *** -20.50 1.68 -0.11 ** -2.89 2.31
Vector Ruggedness
Measure -186.80 *** | -21.12 1.55 | -66.60 *** -5.18 2.13 6.07 ** 2.81 2.16
Topographic
Position Index 0.43 *** 18.66 1.33  (-0.04) (-0.84)  (1.69) (0.00) (0.38) (1.55)
Mean monthly
number of dry days = 4.63 *** 71.73 2.83 | 0.96 *** 8.03 3.19 -0.34 *** -13.19 2.76
Seasonality of
monthly number of
dry days 1.35 *** 59.84 2.56 | -0.11 ** -3.20 2.30 -0.16 *** -16.07 2.18
Maximum mean
monthly vapour
pressure deficit (Pa) = 1.37 *** 39.47 1.77 | 0.35 *** 5.63 3.91 -0.65 *** -34.42 3.68
Maximum mean
monthly diurnal
temperature  range
(K) 0.81 *** 18.56 1.74 | 1.26 *** 14.25 2.03 0.08 *** 3.53 1.81

Mean wind speed of
the hottest month (m

sh -0.24 *** -7.97 1.91  0.76 *** 12.70 2.57 0.05 *** 3.40 2.36
Mean monthly

lightning  ground-

strikes (km2) 0.84 *** 11.05 1.63 | 0.85 *** 5.44 2.23 -0.18 *** -4.02 2.30
R? (McFadden, 0.684 0.289 0.262

1974)
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Figure S3. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (GPP (s)) seasonality of GPP, (shrub) shrubland cover, (grass) grassland
cover, (tree) tree cover, (roads) road density, (crop) cropland, (VRM) vector ruggedness measure,
(TPI) topographic position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour
pressure deficit, (DTR) diurnal temperature range, (wind) wind speed, and (light) lightning
ground-strikes . Green represents vegetation and land cover predictors; purple represents
fragmentation predictors; red represents climate predictors; blue represents ignition source
predictors.
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Results of models with all predictors excluding VPD

Table S5 Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Predictors Burnt area Fire size Fire intensity

Coefficient t-value VIF Coefficient t-value = VIF Coefficient t-value VIF
(intercept) -36.28 ***  -105.11 -10.60 ***  -17.77 0.37 * 2.26
Gross primary
production (g C m™
al) 1.59 *** 57.19 3.92 0.00 -0.01 4.69 -0.12 *** -8.69 4.30
Seasonality of gross
primary production | (0.00) (0.05) (2.39)  0.11. 1.90 3.29 0.47 *** 27.67 3.07
Fractional tree cover = -1.05 *** -20.64 2.86 -0.50 *** -5.03 3.41 0.21 *** 7.75 3.28
Fractional shrubland
cover 1.69 *** 31.17 1.68 0.62 *** 7.10 1.39 -0.06 . -1.65 1.34
Fractional grassland
cover 2.60 *** 45.33 1.53 (0.10) (1.05) (1.22)  -0.26 *** -7.88 1.39
Road density (km™) = 0,05 *** -36.85 1.47  -0.04 *** -1527  1.61  0.00 *** 8.64 1.80
Fractional cropland
cover -0.21 *** -2.63 2.07 -3.35 #** -18.64 1.87 -0.18 *** -4.47 2.42
Vector Ruggedness
Measure -288.80 ***  -29.64 1.49 -84.42 *** -6.65 2.02 24.67 *¥** 11.89 1.98
Topographic
Position Index (.33 *** 13.98 1.37 (-0.03) (-0.72) | (1.69) 0.00. 0.06 1.55
Mean monthly
number of dry days | 4.75 *** 71.37 2.72 1.06 *** 8.91 3.10 -0.42 *** -15.76 2.84
Seasonality of
monthly number of
dry days 1.4] *** 61.72 2.47 -0.08 * -2.35 2.29 -0.17 *** -16.83 2.22
Maximum mean
monthly diurnal
temperature  range
(K) 1.03 *** 23.43 1.73 1.33 *** 15.13 2.03 -0.04 . -1.75 1.88
Mean wind speed of
the hottest month (m
s -0.14 *** -4.85 1.83 0.78 *** 13.01 2.60 -0.06 *** -3.84 2.40
Mean monthly
lightning  ground-
strikes (km™) 1.43 *** 18.73 1.67 1.00 *** 6.48 2.20 -0.57 *** -12.80 2.24
Population density
(km™) 0.02 *** 13.03 1.65 (0.00) (-0.26) | (1.66) -0.01 *** -16.36 1.86
R? (McFadden, = 0.668 0.290 0.239
1974)
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Results of models with all predictors excluding GPP seasonality

Table S6. Summary table of results of for all three models when all predictors are included with
regression coefficients (where *** (p<0.001), ** (p<0.01), * (p<0.05). (p<0.1) and results in
brackets represent (p>0.05)), t-values and variance inflation factors (VIF).

Burnt area Fire size Fire intensity

Coefficient t-value VIF | Coefficient t-value | VIF Coefficient t-value VIF
(intercept) -44.22 #%%  _116.14 -10.77 ***  20.73 6.35 *** 42.61
Gross primary
production (g C m™
al) 1.56 *** 64.28 3.17  -0.07. -1.82 3.59 | -0.21 *** -17.84 3.33
Fractional tree cover = -0.81 *** -16.41 2.90 | -0.34 *** -3.48 326 | 0.22 *¥** 8.84 2.98
Fractional shrubland
cover 1.47 *** 27.79 1.67 | 0.69 *** 7.92 1.40  -0.14 *** -3.95 1.33
Fractional grassland
cover 2.93 #*x* 52.65 1.57 0.21* 2.36 1.18  -0.32 *** -10.18 1.37
Road density (km™)  _0,05 *** -37.33 1.43  -0.04 *** 21551 1.60  0.00 *** 8.06 1.83
Fractional cropland
cover -0.59 *** -7.57 2.10 | -3.19 *** -18.53 1.72  0.08 * 2.05 2.25
Vector Ruggedness
Measure -193.20 ***  -21.80 1.55 | -74.69 *** -5.85 2.08  4.66* 2.21 2.08
Topographic
Position Index 0.42 *** 18.18 1.33 | (-0.03) (-0.56) | (1.67) 0.00 0.10 1.55
Mean monthly
number of dry days | 4.45 *** 69.45 2.90 | 0.95 ¥** 8.05 3.21 -0.30 *** -11.71 2.80
Seasonality of
monthly number of
dry days 1.32 *%* 58.76 2.63 | -0.08 * -2.41 232 -0.14 *** -14.60 2.21
Maximum mean
monthly vapour
pressure deficit (Pa) | 1.18 *** 35.72 1.52 | 0.20 *** 3.83 2.84  -0.66 *** -43.06 2.44
Maximum mean
monthly diurnal
temperature  range
(K) 0.87 *** 19.86 1.77 | 1.21 *** 13.61 2.05  0.01 0.63 1.86
Mean wind speed of
the hottest month (m
s -0.23 *** -7.64 1.96 | 0.70 *** 11.89 2.58  0.02 1.15 2.43
Mean monthly
lightning  ground-
strikes (km™) 0.65 *** 8.65 1.54 | 0.65 *** 4.22 2.15  -0.29 *** -6.79 2.23
Population  density
(km™) 0.02 *** 10.60 1.72  (0.00) (-0.99) | (1.72)  -0.01 *** -13.44 1.86
R?>(McFadden, 1974) = 0.682 0.288 0.267
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Figure S5. Partial residual plots for burnt area, fire size and fire intensity as functions of (GPP)
gross primary production, (shrub) shrubland cover, (grass) grassland cover, (tree) tree cover,
(roads) road density, (crop) cropland, (VRM) vector ruggedness measure, (TPI) topographic
position index, (DD) dry days, (DD (s)) dry days seasonality, (VPD) vapour pressure deficit,
(DTR) diurnal temperature range, (wind) wind speed, (popd) population density and (light)
lightning ground-strikes . Green represents vegetation and land cover predictors; purple represents
fragmentation predictors; red represents climate predictors; blue represents ignition source
predictors.
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Supplementary information for Chapter 3

This section contains supplementary information for Chapter 3. It contains information on
(a) obtaining fAPAR from BIOME4, (b) obtaining an ignition threshold mask, (c) the mapped
results for all experiments for all three of the LGM scenarios, and (d) the comparisons of the

experiment outputs with the Reading Palaeofire Database for burnt area, fire size and fire intensity.

BIOME4 (Kaplan et al., 2003) is a coupled biogeography and biogeochemistry with which
we can simulate the equilibrium distribution of biomes from latitude, atmospheric CO»
concentration, mean monthly precipitation, temperature, and cloud cover. On of the outputs
provided by the model is monthly leaf area index (LAI), which we can convert to Fraction of

Absorbed Photosynthetically Active Radiation (fAPAR) using Beer-Lamberth law:
fAPAR =1 —exp (k. LAI) (5)
where k = 0..5, a constant extinction coefficient (Saitoh et al., 2012).

fAPAR simulated from BIOME4 under modern-day conditions (2010-2015 seasonal climatology;
Cucchi et al., 2020) overestimated fAPAR compared to observed fAPAR from NASA/GIMMS
fAPAR 3g from the same period. As such, we rescaled the simulated BIOME fAPAR for each

experiment such that:

APAR o
TP Robs) (6),

fAPARrescaled = fAPARexp m

where fAPAR ¢scqieq 18 the monthly rescaled fAPAR for that experiment, fAPAR,,, is the

original fAPAR output from BIOME4 for that experiment and % is a constant scaling factor,
sim
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determined for each biome, where fAPAR,;; is the monthly NASA/GIMMS fAPAR 3g median
value for that biome, and fAPARg;,, is the monthly fAPAR median value simulated by BIOME4
for that biome. This method provided a rescaled fAPAR for the modern day that was correlated at
0.63 with the observational data, compared to 0.13 for the original BIOME4 fAPAR output for the

same period, a reasonable estimation of fAPAR for each of the experiments.

In this analysis, we were interested in how the global pattern of burnt area (BA), fire size
(FS) and fire intensity (FI) change under different climate and CO> scenarios. Both the GLM
models for FS and FI return values of estimated FS and FI assuming a fire occurs since the models
were fitted to observed data for FS and FI. When no fire occurred, there was no data for either FS

or FI. As such, these models cannot determine themselves if an ignition occurred.

To study changes in FS and FI, it is necessary to apply an ignition threshold, which we
obtained from the BA model. The burnt area (BA) generalized linear model (GLM) provides a
robust reconstruction of BA under the model training conditions with a 0.8 correlation between
the observational data and the fitted values. There are no systematic biases evident from plotting
the residuals of the model but there is a compression of the range of reconstructed values, leading
to apparent over- (under-) prediction at the low (high) extremes. This is to be expected, as the
observational values reflect what really happened over the study period. Whilst some exceptionally
large/intense wildfires occurred, many grid-cells also had no fire activity whilst the fitted values
represent the probability of burning in each grid-cell, regardless of what happened during the study
period. We obtained the ignition threshold value by studying the distribution of reconstructed BA

values under the original model training period (2010-2015) when the observed BA value is 0,
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representing 26% of the grid-cells (a total of 14,816 data points and associated fitted values). We

then took the median value of these fitted values as a threshold for ignition.

(a) (b)
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Figure S6. Histograms showing the distribution of the fitted values by the GLM BA model when
observed BA values are 0 in the 2010-2015 climatology for (a) the whole range and (b) the range
up to the 95™ percentile. The red line shows the median value, and the black lines show the 10™
and 90™ percentile values.

Table S7. Statistics for the fitted BA distribution when observed BA is 0 for the 2010-2015
climatology.

10" percentile | 50™ percentile | 90™ percentile
Fitted BA 0.0001 0.0011 0.0084
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Figure S.7 Maps of BA ignition mask (where no burning is assumed to occur) under modern-day
conditions (2010-2015 climatology) showing in red (a) where the observational BA values are 0
and (b) where the fitted BA values are equal or lower to 0.0011.
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Mapped results from the 12 experiments for all three LGM scenarios

- "l:*.-4 g ‘;. W!PJ
! b

&EA MOD 395 iim iA MOD 185 iﬁm s

R e w A e
; ¥ ¥ Tl Rl il

L e
o, v e ’ — is e 3
o - Al g \ é;,:' * L

. ] . , »
:S MOD 185 iim L/S LGM 385 ppm iS LGM 185 iim
= = 3 F- T
. By M« - e
4 ) g g

T = - s & i' - s _.'“ T
; iF\ MOD 385 iim iFI MOD 185 iim ‘\ LGM 395 Dim ‘\ LGM 185 iim

LDng\IUdE

Figure S8. Changes in burnt area (BA), fire size (FS) and fire intensity (FI) using modern day
climate (MOD) or Last Glacial Maximum (LGM) climate from the MPI-ESM 1.2 simulation with
either modern (395 ppm) or LGM (185 ppm) COa.
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Figure S9. Changes in burnt area (BA), fire size (FS) and fire intensity (FI) using modern day
climate (MOD) or Last Glacial Maximum (LGM) climate from the AWIESM1 simulation with
either modern (395 ppm) or LGM (185 ppm) COo.
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Figure S10. Changes in burnt area (BA), fire size (FS) and fire intensity (FI) using modern day
climate (MOD) or Last Glacial Maximum (LGM) climate CESM 1.2 simulation with either
modern (395 ppm) or LGM (185 ppm) CO».
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Figure S11. Map showing which model variable was responsible for some of the most important
grid-cell changes between the realistic modern-day climate (MOD) 395 ppm experiment and the
realistic Last Glacial Maximum (LGM) 190 ppm scenarios for BA, FS and FI for (a) the
AWIESMI1 LGM scenario, (b) the MPI-ESM1.2 LGM scenario and (c) the CESM1.2 LGM
scenarios. Faded colors represent that the effect was a negative one, leading to a decrease in the
wildfire property at the LGM whilst full colors represent an increase in the wildfire property at the
LGM.
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Figure S12. Map showing which model variable was responsible for some of the most important
grid-cell changes between the MOD 395 ppm and LGM 395 ppm experiment (LGM climate/MOD
CO») for BA, FS and FI for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM1.2 LGM scenario
and (c¢) the CESM1.2 LGM scenarios. Faded colors represent that the effect was a negative one,
leading to a decrease in the wildfire property at the LGM whilst full colors represent an increase
in the wildfire property at the LGM.
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Figure S13. Boxplots showing relative importance of each predictor (GPP; gross primary
production, GPP.s.; GPP seasonality, tree; tree cover, shrub; shrub cover, grass; grass cover, DD;
dry days, DD.s.; dry days seasonality, VPD; vapour pressure deficit, DTR; diurnal temperature
range, wind; wind speed) in driving the anomaly between the MOD 395 ppm and LGM 395 ppm
experiment. For each grid cell common to both experiments (on modern-day continental shelves
and masking the LGM ice sheets), the predictor which cause the largest change in the anomaly
between the two experiments when it was excluded from the GLM model was retained, it is the
change in anomaly that is shown here. This was taken as an indicator of relative importance of that
predictor in driving the observed change for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM-
1.2 LGM scenario and (¢) the CESM1.2 LGM scenario. A positive anomaly represents the variable
driving an increase in BA, FS or FI at the LGM and a negative anomaly represents the variable
driving a decrease in BA, FS or FI at the LGM.
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Figure S14. Map showing which model variable was responsible for some of the most important
grid-cell changes between the realistic MOD 395 ppm and MOD 190 ppm experiment (MOD
climate/LGM CO») for BA, FS and FI for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM1.2
LGM scenario and (c) the CESM1.2 LGM scenarios. Faded colors represent that the effect was a
negative one, leading to a decrease in the wildfire property at the LGM whilst full colors represent
an increase in the wildfire property at the LGM.
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Figure S15. Boxplots showing relative importance of each predictor (GPP; gross primary
production, GPP.s.; GPP seasonality, tree; tree cover, shrub; shrub cover, grass; grass cover, DD;
dry days, DD.s.; dry days seasonality, VPD; vapour pressure deficit, DTR; diurnal temperature
range, wind; wind speed) in driving the anomaly between the MOD 395 ppm and MOD 190 ppm
experiment. For each grid cell common to both experiments (on modern-day continental shelves
and masking the LGM ice sheets), the predictor which cause the largest change in the anomaly
between the two experiments when it was excluded from the GLM model was retained, it is the
change in anomaly that is shown here. This was taken as an indicator of relative importance of that
predictor in driving the observed change for (a) the AWIESM1 LGM scenario, (b) the MPI-ESM-
1.2 LGM scenario and (¢) the CESM1.2 LGM scenario. A positive anomaly represents the variable
driving an increase in BA, FS or FI at the LGM and a negative anomaly represents the variable
driving a decrease in BA, FS or FI at the LGM.
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Comparison of experiments with charcoal records from the Reading Palacofire Database (RPD)

Table S8. Comparison of sign in BA anomalies (between the MOD climate/MOD CO» experiment
and other three experiments respectively) at the location of each RDP (Harrison et al., 2022)
charcoal-based reconstructions record. A positive anomaly represents increased biomass burning,
and a negative anomaly represents decreased biomass burning. Successful identification means
that the sign of the experiment anomaly and the sign of the RPD charcoal-based reconstructions

are the same.

BA experiments MPI_ESM1.2 AWIESM1 CESM1.2 LGM
Scenario LG (MO |LG |LG |MO MO |LG
M D M M D LGM |LGM |D M

RPD [ 190 | 190 |395 | 190 | 190 | 395 190 190 | 395

Negative RPD anomalies

Number of records 35 20 21 13 17 21 10 20 20 17

Successful identification

(percentage) 57 60 37 49 60 29 57 57 49

Positive RPD anomalies

Number of records 16 3 0 8 6 0 5 0 0 3

Successful identification

(percentage) 19 0 50 38 0 31 0 0 19

Total RPD anomalies

Number of records 51 23 21 21 23 21 15 20 20 20

Successful identification

(percentage) 45 41 41 45 41 29 39 39 39
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Table S9. Comparison of sign in FS anomalies (between the MOD climate/MOD CO»
experiment and other three experiments respectively) at the location of each RDP (Harrison et
al., 2022) charcoal-based reconstructions record. A positive anomaly represents increased
biomass burning, and a negative anomaly represents decreased biomass burning. Successful
identification means that the sign of the experiment anomaly and the sign of the RPD charcoal-
based reconstructions are the same.

FS experiments MPI ESM1.2 AWIESM1 CESM1.2 LGM
Scenario LG MO |LG |LG |MO MO | LG
M D M M D LGM |LGM |D M

RPD [ 190 | 190 |395 | 190 | 190 | 395 190 190 | 395

Negative RPD anomalies

Number records showing

reduced burning 35 10 15 7 11 9 8 10 14 11

Successful identification

(percentage) 29 43 20 31 26 23 29 40 31

Positive RPD anomalies

Number records showing

increased burning 16 6 2 7 8 8 9 4 2 4

Successful identification

(percentage) 38 13 44 50 50 56 25 13 25

Total RPD anomalies

Total number of records 51 16 17 14 19 17 17 14 16 15

Successful identification

(percentage) 31 33 27 37 33 33 27 31 29
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Table S10. Comparison of sign in FI anomalies (between the MOD climate/MOD CO»
experiment and other three experiments respectively) at the location of each RDP (Harrison et
al., 2022) charcoal-based reconstructions record. A positive anomaly represents increased
biomass burning, and a negative anomaly represents decreased biomass burning. Successful
identification means that the sign of the experiment anomaly and the sign of the RPD charcoal-
based reconstructions are the same.

FI experiments MPI_ESM1.2 AWIESM1 CESM1.2 LGM
Scenario LG MO |LG |LG |MO MO | LG
M D M M D LGM |LGM |D M

RPD [ 190 | 190 |395 | 190 | 190 | 395 190 190 | 395

Negative RPD anomalies

Number records showing

reduced burning 35 5 7 9 7 7 11 3 5 4

Successful identification

(percentage) 14 20 26 20 20 31 9 14 11

Positive RPD anomalies

Number records showing

increased burning 16 10 12 7 10 12 8 9 11 8

Successful identification

(percentage) 63 75 44 63 75 50 56 69 50

Total RPD anomalies

Total number of records 51 15 19 16 17 19 19 12 16 12

Successful identification

(percentage) 30 37 31 33 37 37 24 31 24
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Figure S16. Comparison of anomalies between the experiment outputs from the MPI-ESM1.2
LGM scenario with charcoal records from the Reading Palaeofire Database (RPD) for (a) the
relatistic BA LGM experiment (b) the BA LGM climate/MOD CO; sensitivity experiment and
(c) the BA MOD climate/LGM CO; sensitivity experiment (d) the relatistic FS LGM experiment
(e) the FS LGM climate/MOD CO; sensitivity experiment and (f) the FS MOD, (g) the relatistic

FI LGM experiment (h) the FI LGM climate/MOD CO; sensitivity experiment and (i) the FI

MOD climate/LGM CO; sensitivity experiment climate/LGM CO; sensitivity experiment. The
modeled positive LGM-MOD anomalies are shown in red and LGM-MOD negative anomalies
in blue. Dotted red (positive anomaly) and blue (negative anomaly) points show the location of

the RPD records for the LGM. The LGM ice sheets are shown in dark blue.
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Figure S17. Comparison of anomalies between the experiment outputs from the AWIESM1
LGM scenario with charcoal records from the Reading Palaeofire Database (RPD) for (a) the
relatistic BA LGM experiment (b) the BA LGM climate/MOD CO; sensitivity experiment and
(c) the BA MOD climate/LGM CO; sensitivity experiment (d) the relatistic FS LGM experiment
(e) the FS LGM climate/MOD CO; sensitivity experiment and (f) the FS MOD, (g) the relatistic
FI LGM experiment (h) the FI LGM climate/MOD CO; sensitivity experiment and (i) the FI
MOD climate/LGM CO; sensitivity experiment climate/LGM CO; sensitivity experiment. The
modeled positive LGM-MOD anomalies are shown in red and LGM-MOD negative anomalies
in blue. Dotted red (positive anomaly) and blue (negative anomaly) points show the location of
the RPD records for the LGM. The LGM ice sheets are shown in dark blue.
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Figure S18. Comparison of anomalies between the experiment outputs from the CESM1.2 LGM
scenario with charcoal records from the Reading Palaeofire Database (RPD) for (a) the relatistic
BA LGM experiment (b) the BA LGM climate/MOD CO; sensitivity experiment and (c) the BA
MOD climate/LGM CO: sensitivity experiment (d) the relatistic FS LGM experiment (e) the FS
LGM climate/MOD CO:; sensitivity experiment and (f) the FS MOD, (g) the relatistic FI LGM
experiment (h) the FI LGM climate/MOD COx sensitivity experiment and (i) the FI MOD
climate/LGM CO; sensitivity experiment climate/LGM CO; sensitivity experiment. The
modeled positive LGM-MOD anomalies are shown in red and LGM-MOD negative anomalies
in blue. Dotted red (positive anomaly) and blue (negative anomaly) points show the location of
the RPD records for the LGM. The LGM ice sheets are shown in dark blue.
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Supplementary information for Chapter 4

This section contains supplementary information for Chapter 4. It contains information on
(a) the performance of the burnt area model for inter-annual variability, (b) the results from the
future realistic experiments for all four of the climate models, (¢) the results from the future climate
only sensitivity experiments for all four of the climate models, (d) the results from the future CO»
only sensitivity experiments for all four of the climate models, (e) the results from the future
climate and CO- only sensitivity experiments for all four of the climate models, and (f) the results

from the human activity only sensitivity experiments for all four of the climate models.

BA inter-annual variability performance and trends

We ran the burnt area GLM model for the 10-year period from 2006-2015, with lightning
held constant to be consistent with the future scenario experiment. The same roads model was also
used for consistency. We set burnt area fractional values lower than 0.0011 to zero and we also
excluded burning is regions where the ESA CCI land cover bare soil fraction > 95%. We compared
the simulated BA trend with both the observations (van der Werf et al., 2017; Chen et al., 2023)
and simulated burnt area fraction from the FireMIP models (CLM: Li et al., 2013, CLASS—CTEM:
Melton and Arora, 2016, JULES-INFERNO: Mangeon et al., 2016, JSBACH-SPITFIRE:
Lasslop et al., 2014, LPJ-GUESS-SIMFIRE-BLAZE: Knorr et al., 2016, LPJ-GUESS-
SPITFIRE: Lehsten et al., 2009, LPJ-GUESS—-GlobFIRM: Smith et al., 2014, ORCHIDEE—-
SPITFIRE: Yue et al., 2014). We did not include the MC2 model, as there were only 3 years
overlapping. We used normalized mean error (step 3) to assess performance Kelley et al., 2013s;

Hantson et al., 2020)
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Table S11. Burnt area correlations and benchmarking scores of modelled burnt area and the global
fire models included in the first Fire Modeling Intercomparaison Project (FireMIP) compared to
GFED4(s) and GFEDS. The normalized mean error (NME) scores for the spatial patterns (Kelley
et al., 2013; Hantson et al., 2020) are for the overlapping period (2006-2013). A perfect score is 0,
and a score below 1 is better than the mean model. The mean value and the range (in brackets) are
given for the FireMIP models.

Fire  product NME score (Spatial)  Global correlation Mean annual BA (km?)
and model

Dataset Dataset
GFED4(s) GFEDS5 GFED4(s) GFEDS
GFEDA4(s) 0.520 0.883 4,497,908
GFEDS5 0.520 0.883 7,641,454
Observed mean 6,069,681
Modelled BA 0.628 0.658 0.727 0.673 6,229,255
FireMIP models 0.758 0.760 0.464 0.445 3,972,677 [3,020,070-
[0.682- [0.686- [0.260- [0.246- 4,817,958]
0.862] 0.855] 0.606] 0.613]
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Figure S19. Global 10-year trend in burnt area (BA) from 2006-2015 in Mha from the model (red),
GFEDA4(s) (light green) and GFEDS (dark green).
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Figure S20. Global 10-year trend in burnt area (BA) for the (A) northern hemisphere, (B) southern
hemisphere, (C) above 60°N, (D) Africa, (E) northern hemisphere America and (F) southern
hemisphere America from the model (in red), GFED4(s) (in light green) and GFEDS (in dark
green)
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Realistic experiments

All figures presented below are from the realistic experiments where changes occurred in

climate inputs, CO; levels (affecting vegetation) and human activity under high (SPP2-RCP2.6)

and low (SSP2-RCP6.0) climate change mitigation efforts.

Table S12. Global annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI) values
for the realistic experiments.

BA (km?) Modern-day High Percentage Low Percentage
(realistic) mitigation change mitigation change

GFDL-ESM2M 4,059,433 3,159,178 -22.18 6,323,332  55.77

IPSL-CMS5A- 4,059,433 4,057,701 -0.04 6,620,413  63.09

LR

HadGEM2-ES 4,059,433 3,353,882 -17.38 6,714,088  65.40

MIROCS 4,059,433 3,349,281 -17.49 4,785,615  17.89

FS (km?) Modern-day High Percentage Low Percentage
(realistic) mitigation change mitigation change

GFDL-ESM2M 2.84 3.496252 23.29 3.761441 32.64

IPSL-CM5A- 2.84 3.760604 32.61 3.696352 30.34

LR

HadGEM2-ES 2.84 3.853699 35.89 3.392539 19.63

MIROCS 2.84 3.868113 36.40 3.710909 30.86

FI (W.km™) Modern-day High Percentage Low Percentage
(realistic) mitigation change mitigation change

GFDL-ESM2M  26.42 27.33 3.42 25.08 -5.09

IPSL-CM5A- 26.42 26.98 2.12 24.62 -6.84

LR

HadGEM2-ES 26.42 27.73 4.95 23.04 -12.83

MIROCS 26.42 27.75 5.00 26.11 -1.19
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Figure S21. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
COz levels are 424ppm and 651ppm respectively and human activity follows a SSP2 trajectory.
Red represents an increase in the fire property by the end of the century and blue represents a
decrease.
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Figure S22. Percentage change for all three fire properties between realistic modern-day
conditions and the realistic future experiments broken down by biome type. The mean is across all
four of the climate model experiments for each scenario.
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Figure S23. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment and the realistic future high
mitigation (left) and low mitigation (right) experiment for the GFDL-ESM2M climate model
outputs. Muted colours show that the effect was negative, leading to a decrease in the wildfire
property at under future conditions, whilst full colours represent an increase in the wildfire
property under future conditions.
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Figure S24. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment and realistic future high mitigation
(left) and low mitigation (right) experiments for the IPSL-CMS5SA-LR climate model
outputs. Muted colours show that the effect was negative, leading to a decrease in the wildfire
property at under future conditions, whilst full colours represent an increase in the wildfire
property under future conditions.

224



high mitigation low mitigation

Latitude

GPP .
GPP (o) | St

shrub

EEEEEEEREONCHE
<
]
o

W popd
Longitude

Figure S25. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment realistic future high mitigation
(left) and low mitigation (right) experiment for the HaddGEM2-ES climate model outputs. Muted
colours show that the effect was negative, leading to a decrease in the wildfire property at under
future conditions, whilst full colours represent an increase in the wildfire property under future
conditions.
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Figure S26. Map showing which GLM model variable was responsible for the most important
grid-cell changes between the realistic modern-day experiment realistic future high mitigation
(left) and low mitigation (right) experiment for the MIROCS climate model outputs. Muted
colours show that the effect was negative, leading to a decrease in the wildfire property at under
future conditions, whilst full colours represent an increase in the wildfire property under future
conditions.

226



Climate only sensitivity experiments

All figures presented below are from the sensitivity experiments where only climate inputs

were changed, while CO; levels (affecting vegetation) and human activity held constant under

modern-day conditions.

Table S13. Global for annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI)
values for the climate only experiments.

BA (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL- 4,059,433 3,493,071 -13.95 4,396,259 8.30

ESM2M

IPSL-CM5A- 4,059,433 4,436,700 9.30 4,359,014 7.38

LR

HadGEM2-ES 4,059,433 3,748,743 -7.65 5,102,338 25.69

MIROCS 4,059,433 3,733,911 -8.02 3,360,245 -17.22

FS (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL- 2.84 3.66 29.04 3.93 38.53

ESM2M

IPSL-CM5A- 2.84 3.95 39.19 3.95 39.19

LR

HadGEM2-ES 2.84 4.04 42.61 3.65 28.79

MIROCS 2.84 4.00 43.18 3.95 39.17

FI (W.km™) Modern- High Percentage  Low Percentage
day mitigation change mitigation change
(realistic)

GFDL- 26.42 27.41 3.73 26.18 -0.94

ESM2M

IPSL-CMS5A-  26.42 27.03 2.31 25.98 -1.67

LR

HadGEM2-ES 26.42 27.76 5.06 24.03 -9.06

MIROCS 26.42 27.66 4.67 27.28 3.24
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Figure S27. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where CO> levels and human
activity were held constant. Regions where all three properties increase are shown in red, regions
where all three properties decrease are shown in dark blue.

228



IS i ;
'lj:'.. '__l-:.
= E;P —a
¥
3 g 38R
t_ A A A
L y o - BN
£ iy
2 S0 oo
g |L°N¢".I
~ -8 o VA
& 22 S ponom
. 4 g 0
£ : 2 £
g g ° ReB7
B 4 VoWV
i l g
4 i - ERED
} 2
E = - =
t s P g
r.
| : 3
s La ow o
? -~
A A A 3
% £
o EER (o))
L e = c
X N Tqun O
] "E’, VLA A |
4 S gooe
dy 8 [&]
' re owmo
L
Vv V.V V
= ERBD
|
- ’ uw
£ oo™
. b oo
- A A A
- EEn
ls g 8
% & o =
< 5. B £ 83y
| i . s $235
m EVE.A)H
" ) 5 0ooom
Le o
; L
Te99
2 VY Vv Yy
& EERBD
T ™ T
ol [ o s 0 ] 0 [ 0oL
uonebimw ybiy uonesw mo|
apnjjen

S

Figure S28. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
COs: levels are held constant at 395ppm and human activity is held constant at the 2010-2015
baseline. Red represents an increase in the fire property by the end of the century and blue
represents a decrease.
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Figure S29. Percentage change for all three fire properties between realistic modern-day
conditions and the climate only future experiments broken down by biome type. The mean is taken
across all four climate-model experiments for each scenario.
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CO: only sensitivity experiments

All figures presented below are from the sensitivity experiments where only changes were

allowed in CO; levels (affecting vegetation; 424ppm under RCP2.6 and 651ppm under RCP6.0)

and climate human activity held constant under modern-day conditions.

Table S14. Global annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI) values

for the CO; only experiments.

BA (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)
4,059,433 4,466,470 10.03 6,997,835 72.89

FS (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)
2.84 2.82 -0.66 2.80 -1.38

FI (W.km™) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)
26.42 26.27 -0.58 25.43 -3.76
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Figure S30. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where climate and human
activity were held constant. Regions where all three properties increase are shown in red, regions
where all three properties decrease are shown in dark blue.
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Figure S31. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
CO; levels are 424ppm and 65 1ppm respectively and climate human activity are held constant at
the 2010-2015 baseline. Red represents an increase in the fire property by the end of the century
and blue represents a decrease.
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Figure S32. Percentage change for all three fire properties between realistic modern-day
conditions and the CO only future experiments broken down by biome type. The mean is taken
across all four climate-model experiments for each scenario.
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Climate and CO; only sensitivity experiments

All figures presented below are from the sensitivity experiments where climate inputs and

CO; levels were changed, while human activity was held constant under modern-day conditions.

Table S15. Global annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI)
values for the climate and CO; only experiments.

BA (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL- 4,059,433 3856381 -5.001989 7692990 89.50898

ESM2M

IPSL-CM5A- 4,059,433 4876644 20.13116 8063178 98.62818

LR

HadGEM2- 4,059,433 4156526 2.391791 8141939 100.5684

ES

MIROCS 4,059,433 4123215 1.571191 5949635 46.56319

FS (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL- 2.84 3.66 28.94 3.96 39.74

ESM2M

IPSL-CM5A- 2.84 3.95 39.16 3.91 37.95

LR

HadGEM2- 2.84 4.03 42.35 3.65 28.75

ES

MIROCS 2.84 4.068125 43.45373 3.912421 37.96316

FI (W.km™) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL- 26.42 27.22 3.02 25.01 -5.34

ESM2M

IPSL-CMSA-  26.42 26.86 1.64 24.53 -71.17

LR

HadGEM2- 26.42 27.62 4.54 22.88 -13.40

ES

MIROCS 26.42 27.61 4.48 25.98 -1.69
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Figure S33. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where human activity were
held constant. Regions where all three properties increase are shown in red, regions where all three
properties decrease are shown in dark blue.
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Figure S34. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
CO; levels are 424ppm and 65 1ppm respectively and human activity are held constant at the 2010-
2015 baseline. Red represents an increase in the fire property by the end of the century and blue
represents a decrease.
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Figure S35. Percentage change for all three fire properties between realistic modern-day
conditions and the climate and CO> and climate only future experiments broken down by biome
type. The mean is taken across all four climate-model experiments for each scenario.
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Human activity only sensitivity experiments

All figures presented below are from the sensitivity experiments where human activity

(SSP2 scenario) was changed, while climate inputs and CO; levels (affecting vegetation) are held

constant under modern-day conditions.

Table S15. Global annual burnt area (BA), mean fire size (FS) and mean fire intensity (FI)
values for human only experiments.

BA (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL-ESM2M 4,059,433 3245393 -20.05306 3219161 -20.69926

IPSL-CMS5A- 4,059,433 3247321 20.00556 3215363 -20.79282

LR

HadGEM2-ES 4,059,433 3242333 -20.12844 3206252 -21.01724

MIROCS 4,059,433 3246905 -20.01579 3228145 -20.47794

FS (km?) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL-ESM2M 2.84 2.67 -5.84 2.62 -7.69

IPSL-CMS5A- 2.84 2.66 -6.10 2.61 -7.80

LR

HadGEM2-ES 2.84 2.66 -6.02 2.61 -7.80

MIROCS 2.84 2.66 -6.22 2.62 -7.48

FI (W.km™) Modern- High Percentage Low Percentage
day mitigation change mitigation change
(realistic)

GFDL-ESM2M 26.42 26.55 0.46 26.55 0.46

IPSL-CMS5A- 26.42 26.55 0.46 26.55 0.47

LR

HadGEM2-ES  26.42 26.55 0.47 26.55 0.47

MIROCS 26.42 26.55 0.46 26.55 0.46
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Figure S36. Regions of change in burnt area (BA), fire size (FS) and fire intensity (FI) under the
high mitigation scenario (left) and the low mitigation scenario (right) where climate and CO> were
held constant. Regions where all three properties increase are shown in red, regions where all three
properties decrease are shown in dark blue.
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Figure S37. Anomalies for burnt area (BA), fire size (FS) and fire intensity (FI) between the
modern-day experiment and the high mitigation experiment (top) and low mitigation experiment
(bottom) for the mean of the experiments driven by the outputs of all four climate models in which
only human activity changes (SSP2 scenario) and in which climate and CO; levels are held
constant at the 2010-2015 baseline. Red represents an increase in the fire property by the end of
the century and blue represents a decrease.
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Figure S38. Percentage change for all three fire properties between realistic modern-day
conditions and the human activity only future experiments broken down by biome type. The mean

Percent change

is taken across all four climate-model experiments for each scenario.
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Sausset-les-Pins, France, summer 2023
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