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|dentifying the shift in global wildfire o

weather conditions over the past four
decades: an analysis based on change-points
and long-term trends

Ke Shi'"® and Yoshiya Touge?

Abstract

Most of studies on change-point at a regional or global scale have only examined a single hydrometeorological vari-
able and have been unable to identify any underlying explanations. In this study, we identified change-points and
long-term trends of six wildfire-related variables and attempted to explain the cause of change-point from atmos-
pheric—oceanic indices. As a result, we discovered that the main change-point dates for the precipitation, tempera-
ture, and drought codes, as well as the duff moisture code, fine fuel moisture code, and fire weather index, were
1995-2000 and 2000-2005, respectively. Furthermore, the relationship between the change-point of six variables and
atmospheric—oceanic indices was discussed through the correlation coefficient. For example, the Atlantic Multidec-
adal Oscillation was found to dominate the precipitation in West Africa. In addition, we divided the globe into eight

Keywords Change-point, Wildfire weather, Trend, Global

homogenous wildfire weather zones based on the change-point dates and long-term trends of the six variables.

Introduction

The nonstationarity in hydrometeorological variables, such
as precipitation (Dhakal et al. 2015; Gu et al. 2019; Vu and
Mishra, 2019), temperature (Aziz et al. 2020; Carney et al.
2020; Karner, 2002), and drought index (Das et al. 2020;
Kwon and Lall, 2016; Wu et al. 2020), has been extensively
studied. Most of the existing research has focused on the
long-term trends of hydrometeorological variables (Byaka-
tonda et al. 2018; Meshram et al. 2017; Salman et al. 2017)
and on the change-points in these variables (Ahmadi et al.
2018; Jiang et al. 2019; Liu et al. 2020). Such studies have
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discovered that, under the increasing influence of global
warming, more high temperature events and extreme
droughts have shown increasing trends of occurrence in
the United States (Ge et al. 2016), China (Ye et al. 2019),
Southeast Asia (Dong et al. 2021), Australia (Sharples
et al. 2021), and Brazil (Geirinhas et al. 2021). And one
of the prominent consequences is increased wildfire risk
(Mukherjee et al. 2018).

The change-points of hydrometeorological variables
have been widely investigated at the regional scale (e.g.,
Deng et al. 2018; Ouhamdouch and Bahir, 2017)), but
only a few studies have examined the connections among
the change-points of different variables at the global
scale. Unlike the long-term trend of the external forcing
caused by anthropogenic climate change, the change-
points are often assumed to be an indicator of natural
climate variability (Ivancic and Shaw 2017). An abrupt
change in a hydrometeorological variable has impacts
on other variables, resulting in a multifaceted effect.
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For example, increasing temperature and decreasing
precipitation were the main drivers responsible for the
change-point of drought frequency in Inner Mongolia in
the 2000s (Liu et al. 2016). In addition, in the mid-1980s,
an abrupt increase in large wildfires was observed in the
forests of the western United States in early spring under
the influence of global warming (Westerling et al. 2006).
Such rapid increases in the occurrence of wildfires dur-
ing the twenty-first century have also been observed in
the Pacific Northwest forests of the United States driven
by earlier spring snowmelt, warmer temperatures, and
reduced winter precipitation (O’Dell et al. 2019). Never-
theless, the cumulative effect of shifts in global wildfire
weather conditions and the causes of these shifts remain
uncertain.

Compared with traditional hydrometeorological vari-
ables, wildfire variables (e.g., burned area and number
of wildfires) are influenced by multiple factors, such as
the fuel characteristics and weather conditions (Trol-
lope et al. 2002). Unfortunately, previous studies did not
explore this thoroughly. Therefore, since certain weather
conditions are essential prerequisites for wildfires (Qu
et al. 2021), it is urgently necessary to improve our under-
standing of the abrupt changes and long-term trend of
wildfire weather. Overall, the existing studies (Liu et al.
2016; O’Dell et al. 2019; Westerling et al. 2006) have only
sparingly accounted for the impact of abrupt changes in
weather conditions on wildfires from a global perspec-
tive, and the mechanisms responsible for these abrupt
changes have yet to be fully elucidated.

Accordingly, this paper attempts to identify the change-
points and long-term trends of multiple weather variables
related to wildfires based on the Pettitt test (Pettitt 1979)
and trend-free prewhitening Mann-Kendall (TFPW-
MK) test (Yue and Wang 2002), respectively. Then, the
causes of abrupt change are discussed through correla-
tion analysis between atmospheric—oceanic indices and
wildfire-related variables. Finally, by applying the clus-
tering method outlined by Scrucca (Scrucca et al. 2016),
grids with similar change-points in time and similar wild-
fire weather change trends are clustered. Consequently,
maps of global wildfire weather changes are constructed,
which are expected to provide a new perspective on wild-
fire weather conditions over the past four decades.

Materials and methods

In this paper, we selected six wildfire-related meteoro-
logical variables: daily precipitation, daily maximum tem-
perature (Tmax), drought code, fine fuel moisture code,
duff moisture code, and fire weather index. In addition,
four commonly used atmospheric—oceanic indices were
selected to analyze the possible causes of change-points,
including the Pacific Decadal Oscillation Index (PDO),
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Multivariate El Nifio—Southern Oscillation Index (MEI),
Atlantic Multi-decadal Oscillation Index (AMO), and
Dipole Mode Index (DMI). All global atmospheric—oce-
anic indices are on a monthly scale and come from the
National Oceanic and Atmospheric Administration. Daily
precipitation and Tmax data during 1979-2020 with a
spatial resolution of 0.5° were obtained from the Climate
Prediction Center (CPC) Global Unified Gauge-Based
Analysis of Daily Precipitation (Chen et al. 2008; Xie et al.
2010, 2007) and the CPC global daily surface 2-m air tem-
perature analysis (Pan et al. 2019), respectively. Drought
code, fine fuel moisture code, duff moisture code, and fire
weather index data during 1979-2020 with a spatial reso-
lution of 0.5° were extracted from fire danger indices his-
torical data from the Copernicus Emergency Management
Service. Global wildfire data is from the Fire CCI v5.1 data
set during 2001-2020 developed by Chuvieco et al. (2018),
which is based on a hybrid approach combining the high-
est resolution (250 m) near-infrared band of MODIS with
active wildfire information. In addition, the wildfire data
were processed to a 0.5° spatial resolution consistent with
wildfire-related variables. Then, we removed grids that
never had a wildfire event (e.g., the Sahara desert). Of the
32,599 grids retained, those grids that did not contain at
least one value per month were removed, for a total of
48 grids. As final, the total number of grids used for the
calculation is 32,551. Then, for each remaining grid, we
aggregated the daily values into time series of maximum
monthly values to show the extreme dry/wet conditions
each month. To reduce the possible impact of missing
records, we extracted the maximum daily value of each
month and processed the six wildfire-related variables
into monthly time series. In addition, the climate refer-
ence zones (IPCC 2014) were applied to indicate different
regions, as shown in Fig. 1.

For wildfire-related variables excluding precipitation
and temperature, fine fuel moisture code, duff moisture
code, and drought code represent moisture conditions
of fine dead surface fuels, loosely compacted organic
material on the forest floor, and deep organic soil layer,
respectively. All three of them are unitless and larger val-
ues indicate lower fuel moisture conditions. In particu-
lar, under cover of a forest canopy, fuel moisture of forest
litter fuels is represented by the fine fuel moisture code
(range from 0 to 101). This index is calculated based on
daily precipitation, relative air humidity, wind speed, and
air temperature data. It represents moisture conditions
for shaded litter fuels, the equivalent of a 16-h time-lag.
The duff moisture code is calculated using daily precipi-
tation, relative air humidity, and air temperature data
taken at mid-day, indicating slow-drying surface fuels
(12-day time-lag). The drought code, a unitless index, is
calculated from daily precipitation and air temperature,
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ALA: Alaska/N.W. Canada
CAM: Central America/Mexico
CEU: Central Europe

CNA: Central North America
EAS: East Asia

MED: South Europe/Mediterranean
NAU: North Australia

NEU: North Europe

SAH: Sahara

SEA: Southeast Asia

SAS: South Asia

TIB: Tibetan Plateau

WAS: West Asia

WSA: West Coast South America

IERNRECRECNCON

[ ] AMZ:Amazon

[ | CAS: Central Asia

[ | CAR: Small Islands Regions Caribbean
[] CGI:Canada/Greenland/Iceland
I EAF: East Africa

I ENA: East North America

[ | NAS: North Asia

[[7] NEB: North-East Brazil

[ ] SAF: Southern Africa

[ SAU: South Australia/New Zealand
[ ] SSA: Southeastern South America
[ ] WAF: West Africa

[ WNA: West North America

Fig. 1 Spatial boundaries of the geographical regions based on the IPCC 5th Assessment Report. This map shows the locations and boundaries of

27 climate reference regions

representing the fuels with an extremely sluggish dry-
ing rate (53-day time-lag). The maximum value of the
drought code is 1000, and values over 800 indicate
extreme drought conditions. The fire weather index is
a comprehensive fire behavior index that considers the
fire spread potential and potential energy release under
the premise of considering fuel conditions. It is a unitless
dimensionless index rating the potential fire line intensity
given the meteorological conditions for a reference fuel
type. Although the fire weather index was developed for
the boreal forests of Canada, it has proven to be a useful
indicator in Portugal (Carvalho et al. 2008), China (Tian
et al. 2011), France (Fox et al. 2018), and many parts of
the world (Bedia et al. 2015).

The Pearson correlation coefficient was used to detect
the correlation between the two variables. The Pearson
method assesses the correlation coefficient of two con-
ditioning factors. The correlation value is calculated by
their covariance divided by the product of their standard

deviations. Pearson correlations are represented in
square tables called correlation matrices, which compute
Pearson correlations for each column pair of a set of vari-
ables. Each matrix value represents the calculated cor-
relation of the corresponding row and column variables
(Tehrany et al. 2019). The data used for the correlation
analysis were all on a monthly scale. Although different
climate oscillation have different interannual or multi-
decades variations, stronger correlations will be detected
when the pattern of this variation is similar to the perio-
dicity of wildfire-related variables.

To evaluate abrupt changes, a nonparametric Pet-
titt test was utilized to detect change-points (Pettitt,
1979). The Pettitt test is one of the most widely applied
tests to determine abrupt shifts in hydrometeorological
time series around the world (Addisu et al. 2015; Asfaw
et al. 2018; Ayamga et al. 2021; Ca 2017). Compared
with other similar approaches, such as binary segmenta-
tion (Scott and Knott, 1974), Bayesian analysis (Erdman
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Pearson correlation coefficient: 0 0050102 0304 0506 08

(f) Fire weather index

Fig. 2 Pearson correlation coefficient plot of wildfire-related variables and burned area. The blank area in this figure is the area without any wildfire
data. This figure shows the spatial distribution of correlation coefficients between six wildfire-relatedvariables and burned area from 2001 to 2020

and Emerson 2008), wild binary segmentation (Fryzle-
wicz, 2014) and the nonparametric pruned exact linear
time method (Haynes et al. 2017), the Pettitt test was
found to deliver the best change-point detection results
while simultaneously minimizing the number of false
positives (Slater et al. 2021). After passing a significance
test, the change-point date and change trend of each of
the six wildfire-related meteorological variables in each
grid were recorded. Beaulieu et al. (2012) used artifi-
cial time series to test the sensitivity of sequence time
length on change-point testing. They found that the false
alarms will be higher when the change-point appears
near the beginning and end of the time series. In addi-
tion, the time series of at least 4 years can detect possible
change-points. That is, mutation points detected over a
4-year-long period at the beginning and end were more
prone to false alarms (Beaulieu et al. 2012). In this study,
change-point dates were counted every 5 years, and this
study set the time period for removal as 5 years (longer
than the minimum 4-year threshold) to facilitate the
presentation of statistical results. Thus, in this study, we
removed the change-points detected during 1979-1983
and 2016-2020. In addition, all data were pre-whitened
and detrended prior to change-point testing to avoid the
influence of time series autocorrelation and long-term
trend.

Next, to show the trends of the global changes in these
variables more clearly, we extracted the grids that passed
the significance test of the change-points and divided
them into time series averaged over 27 climate refer-
ence regions for four seasons. Similarly, the data (time
series of the four seasons) used for trend detection was
also pre-whitened and detrended before the Mann—Ken-
dall trend test, which is called trend-free prewhitening
Mann-Kendall (TFPW-MK) test(Yue and Wang 2002).
It is an improved version of the MK test proposed by
Mann (Mann, 1945) and modified by Kendall (Kendall,
1948) that is widely used to analyze the change trends
of hydrometeorological time series (Liu et al. 2015). The
MK test requires that the data be independent. How-
ever, some hydrometeorological time series often display
a serial correlation, which increases the probability that
the MK test can detect a significant trend, thereby alter-
ing the estimated magnitude of the serial correlation (Yue
and Wang 2002). And the TFPW-MK test can efficiently
eliminate the effect of such serial correlations on the MK
trend test.

Finally, the change-point date and trend of each of
these six variables were adopted as input data for clus-
tering. The Mclust toolkit (Scrucca et al. 2016) based on
R was used to perform a cluster analysis on the compre-
hensive data set. This process comprises three elements:
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Change point date

[INo fire
CINo change-point (66.5%)
£11984-1990 (2.5%) -
E1990-1995 (4.5%)

1995-2000 (11.2%)
£12000-2005 (7.3%)
H12005-2010 (5.0%)
12010-2015 (3.0%

(a) Daily precipitation

Change point date

[INo fire

CINo change-point (77.1%)
[£11984-1990 (1.7%) -
1990-1995 (3.9%)

1995-2000 (7.7%)
£12000-2005 (5.4%)
m2005-2010 (3.0%)
2010-2015 (1.2%

(b) Maximum daily
temperature

Fig. 3 Global map-1 showing the distributions of the change-points. This global map-1 shows the distributions of the change-points of the daily
precipitation andmaximum daily temperature on a monthly scale. The map is marked with grids of significantchange-points, where different colors
indicate when an abrupt change occurs. Blanks in the figureindicate areas without wildfires. Numbers in parentheses indicate the percentage of

change-pointdates

(1) initialization via model-based hierarchical agglom-
erative clustering; (2) maximum likelihood estimation via
the expectation—maximization (EM) algorithm (Bradley
et al. 1998; Dempster et al. 1977); and (3) selection of the
Bayesian model and the number of clusters using approx-
imate Bayes factors with a Bayesian information crite-
rion approximation (Fraley and Raftery 2002; Fraley et al.
2012; Scrucca et al. 2016). Unlike traditional clustering
methods, such as k-means clustering (MacQueen 1967)
and Ward’s method (Ward Jr 1963), the Mclust toolkit
can solve three key problems: how many clusters there
should be, which clustering method should be used, and
how outliers should be handled.

Results and discussions

Before the change-points and long-term trends analy-
sis of six wildfire-related variables, we first calculated
the Pearson correlation coefficients between six wild-
fire-related variables and the burned area from 2001 to
2020, as shown in Fig. 2. Among the six wildfire-related
variables, there was the strongest correlation between the

fire weather index and burned area, especially in South
America and Africa. A similar distribution of correlation
coefficients was also found for the duff moisture code,
but the areas with high (Fig. 2) correlation coefficients
in Africa were less than the fire weather index. The cor-
relation coefficients of precipitation, drought code, and
fine fuel moisture code also have similar distributions but
with relatively small correlation coefficient values. Con-
versely, there was a weak correlation between tempera-
ture and burned area, even in South America and Africa.
These results suggest that additional attention should be
paid to areas with a high correlation to burn area (such
as parts of South America and Africa) in the subsequent
analysis of change-points and trends. The six variables in
the weakly correlated regions should be interpreted as
potential wildfire-related variables rather than wildfire-
related variables.

Based on the proposed change-point detection algo-
rithm and circular statistical approach, the global change-
point dates of the six wildfire-related variables are shown
in Figs. 3, 4, and 5. The global change-point map conveys
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Change point date

[CINo fire
C1No change-point (58.0%)
£11984-1990 (1.6%)
=11990-1995 (5.5%)

W1995-2000 (14.7%)
£12000-2005 (12.2%)
E2005-2010 (4.6%)
52010-2015 (3.4%)

(a) Drought code

=

Change point date L T,

[INo fire

ZINo change-point (80.7%)
[£31984-1990 (0.3%)
[1990-1995 (2.6%)

%

1995-2000 (6.6%)
£32000-2005 (8.2%)
2005-2010 (0.9%)

52010-2015 (0.7%)

(b) Duff moisture cod

Fig. 4 Global map-2 showing the distributions of the change-points. This global map-2 shows the distributions of the change-points of the
drought code and duffmoisture code on a monthly scale. The map is marked with grids of significant change-points,where different colors
indicate when an abrupt change occurs. Blanks in the figure indicate areaswithout wildfires. Numbers in parentheses indicate the percentage of

change-point dates

interesting information, as all six wildfire-related vari-
ables exhibit varying characteristics in different parts of
the globe. In addition, Figs. 6 and 7 summarize the pro-
portion of change-point dates and change trend for the
six variables in the 27 reference regions, respectively, to
more clearly present the interesting findings obtained in
this paper.

For the daily precipitation (Figs. 3a, 6a, and 7a),
1995-2000 was the period with the highest number of
change-points, accounting for 11.2% of the total grid. In
addition, the major change-point dates varied by region,
and change trends were predominantly increasing after
the change-point in SEA, TIB, NEU, and ALA regions
accounting for more than 30%. However, precipitation
in CGI, CAR, AMZ, WSA, and EAF regions showed
decreasing trend after the change-point. As for the
change-point dates, the five regions, TIB, CAM, CAR,
EAF, and CAS, were mainly concentrated in 1995-2000.
In particular, the change-point dates in the TIB region
were almost all from 1995 to 2000. On the other hand,
the change-point dates in the AMZ and WSA regions of

South America were mainly from 2000 to 2005. SAU and
NAU were two regions with sudden changes in precipita-
tion during 2010-2015.

For the maximum daily temperature (Figs. 3b, 6b, and
7b), the main change-point dates for temperature were
1995-2000, followed by 2000-2005. The abrupt changes
in temperature in the southern hemisphere were more
pronounced than those in the northern hemisphere,
especially the NEB, WSA, and AMZ in South America.
The change-point dates in the NEB and WSA regions
were mainly concentrated in 1995-2000, while 1995—
2005 was the period of temperature mutation in AMZ.
Except for the WSA, the temperature in other places
mainly showed an increasing trend after the change-
point. Comparing Fig. 3a with Fig. 3b reveals that the
precipitation and temperature both show decreasing
change trends in the WSA region.

From Figs. 4a, 6¢, and 7c, the drought code was
detected with the highest number of change-points
in the six wildfire-related variables, with 14.7% and
12.2% of change-point dates in the periods 1995-2000
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Change point date

[No fire

[CINo change-point (73.2%)
11984-1990 (0.9%)
E1990-1995 (4.8%)

1995-2000 (9.0%)
£12000-2005 (10.0%)
12005-2010 (1.4%)
12010-2015 (0.7%

(a) Fine fuel moisture
code

Change point date S 358 o,

[INo fire

CINo change-point (75.5%)
£11984-1990 (0.5%) -
m1990-1995 (4.0%)

1995-2000 (8.6%)
[£12000-2005 (9.0%)
F92005-2010 (1.7%)

H2010-2015 (0.7%)

(b) Fire weather inde.

Fig. 5 Global map-3 showing the distributions of the change-points. This global map-3 shows the distributions of the change-points of the
fine fuel moisture and fireweather index on a monthly scale. The map is marked with grids of significant change-points,where different colors
indicate when an abrupt change occurs. Blanks in the figure indicate areaswithout wildfires. Numbers in parentheses indicate the percentage of

change-point dates

and 2000-2005, respectively. The abrupt changes in
the drought code of SAU, CAR, and EAF were mainly
concentrated in 1995-2000. SSA, NAU, EAS, and
WAS were the four regions with the most percentage
of change-point dates from 2000 to 2005. In addition,
the NAS, CEU, and WAS regions also showed abrupt
changes in the drought code between 2005 and 2010.
The change-point distribution patterns of the duff
moisture code, fine fuel moisture code, and fire weather
index are similar (Figs. 4b, 5, 6d—f, and 7d—f). Change-
points in these three variables occurred most frequently
during the period 2000-2005. The duff moisture code
was detected with the fewest change-points in these six
variables. The change-point dates for these three vari-
ables in the SSA and EAS regions were mainly concen-
trated in 2000-2005. Excluding the duff moisture code,
2000-2005 and 1995-2000 were periods of change-
point of the other two variables in the CNA and SAU
regions, respectively. In addition, the change-point date
of the duff moisture code was 1995-2005 in the CNA
region. The CAR and CAM of these three variables

were the regions, where the change-points occurred in
1990-1995.

Furthermore, the change zone surrounding the coast
of the Peru—Chile Trench (WSA region) was the region
affected by El Nifio and La Nifla among other climate
variability phenomena (Takahashi 2004). Strong El Nifo
events swept this region during 1997-1998, followed by
strong La Nifna events during 1998-2000. The strong El
Nifio of 1997-1998 brought heavy precipitation to the
coast of the Peru—Chile Trench but did not bring sig-
nificant rainfall to the central Chilean Atacama (Kane
1999; McKay et al. 2003; Sanabria et al. 2018). After the
significant increase in precipitation in 1997-1998, strong
La Nifia led to a sharp decrease in precipitation (Glantz
2001; Larrain et al. 2001). In addition, this change-point
in precipitation was detected in our study between
2000 and 2005. Moreover, as seen from Fig. 8a—d, MEI
and PDO have higher correlation coefficients than most
regions of the world for the WSA southern region. These
findings could verify the impact of ENSO on the sud-
den change in precipitation in the region, and this study
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Fig. 6 Percentage of change-point dates in 27 climate reference regions. This figure shows the proportion of each change-point date in the 27

climate reference regions

also found that PDO also contributed to this precipita-
tion variation. In addition, among the four atmospheric—
oceanic indices, AMO had a strongest impact on the
WAF region, corresponding to the abrupt changes that
occurred in this region during 2000—2005.

Global warming increases water vapor in the atmos-
phere, resulting in enhanced precipitation over wet
(ascending) regions and reduced precipitation over dry

(descending) regions (Chou et al. 2013). In addition, the
dependence of extreme precipitation and temperature is
more significant over short durations in coastal regions
(Panthou et al. 2014). Accordingly, our change trend
results provide evidence that the precipitation and tem-
perature variation characteristics along the coast of the
Peru—Chile Trench are the same. The change-points of
Africa varied significantly among different regions and
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Fig. 7 Percentage of change trend in 27 climate reference regions. The figure shows the proportion of each change trend in the 27 climate

reference regions

were concentrated mainly in the four time periods of
1990-1995, 1995-2000, 2000-2005, and 2005-2010.
In addition, there were many increasing change-points
in the SEA region during 1995-2000. In contrast to its
impact on coastlines in the eastern Pacific, the strong El
Nifio during 1997-1998 brought less precipitation and
high temperature to the SEA region (Tangang et al. 2017).
Under the influence of global warming, this strong El

Nifo has further aggravated the rate of temperature rise
in the SEA region. As a result, the period of 1997-1998
was a significant change-point date of temperature vari-
ability in the SEA region. From Fig. 8e-h, all four climatic
drivers had an impact on the SEA region, but the loca-
tion of the impact varied. Among them, PDO and MEI
mainly affect temperature in the eastern part of the SEA,
while AMO and DMI mainly affect temperature in the
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Fig. 8 Distribution map-1 of correlation coefficients of atmospheric-oceanic indices and wildfire-related variables. This dstribution map-

1 shows

the effects of the four atmospheric-oceanic indices on precipitationand temperature through pearson correlation coefficients. Blank indicates that
no wildfires orchange-points have occurred on the grid. PDO: Pacific Decadal Oscillation Index. MEl:Multivariate El Niflo-Southern Oscillation Index.

AMO: Atlantic Multi-decadal Oscillation Index.DMI: Dipole Mode Index

western part of the SEA. Moreover, the effects of AMO
and DMI on the AMZ and NEB regions were also worthy
of attention, and a large number of change-points have
been detected in these two regions.

Several studies have found a significant shift toward a
greater annual burned area and a greater percentage of
highly severe fires burning in the CNA region in 2000
(Abatzoglou and Williams 2016; Mueller et al. 2020). In
comparison, our results show that the abrupt changes
in fuel moisture and wildfire weather actually occurred
earlier than the 2000 shift in the burned area. That is,
the characteristics of fuel moisture and wildfire weather
had undergone abrupt changes before 2000, which pro-
vided drier fuel and more fire-prone weather conditions
for the subsequent shift in the burned area. In addition,
from Figs. 9 and 10, the MEI had significant effects on
the duff moisture code, fine fuel moisture code, and fire
weather index in the CNA region, which suggested that

El Nifio—Southern Oscillation had some control over fire
weather conditions in the region. For SSA region, the
change-point distribution of the duff moisture code, fine
fuel moisture code, and fire weather index is consistent
with that of the drought code. Moreover, the increasing
drought trend in this region was also reported by Dam-
berg et al. (Damberg and AghaKouchak 2014). Ultimately,
drier weather was the dominant factor affecting fuel and
fire weather changes. In addition, since the early 2000s,
higher-than-average fire weather has been more frequent
in the SAU region, especially during the most severe sea-
son of 2002—2003 (Harris and Lucas 2019). According to
our results, 2000-2005 was also a concentrated period
of abrupt changes in drought, fuel, and fire weather. Fig-
ures 9 and 10 show that the PDO and MEI are the atmos-
pheric—oceanic indices in both the SSA and SAU regions,
respectively.

KURENAI #1

arch Information Repository



A Self-archived copy in
Kyoto University Research Information Repository
https://repository.kulib.kyoto-u.ac.jp

K 5

¥ KYOTO UNIVERSITY

KURENAI #1

Kyoto University Research Information Repository

Shi and Touge Geoscience Letters (2023) 10:3

Page 11 of 16

(a) PDO- drought code

Foest

“E
Pearson\i .
correlation e
coefficient .
_ | -
0 0.38 Z[
(c) DMI drought code
. G
x?) T v
Pearson \(“ \Tr%s <;/ &;}5 ~ ﬁv
correlation o “*1\ i e \gﬁ&‘
coefficient N\ 77 ) (¢ R
m O
0 0.55 ¢£.
(e) PDO duff moisture code

. coefficient

Cf;r& ) ,_j . <o .
~ (—-)':'L s 3 ;- <5
Pearson “:\”af“\ 7'/%{;}” y @jj\;’j«
correlation *< \}\ b2 \\gx\gﬁ&'
_ coefficient i SESm,

(f) AMO duff moisture code

i 1§ (‘ %;gﬁji
Pearson’ “\\\ (=N 4 ‘Ff‘% S5y Pearson\ fj\i ;
correlation l'< . }7 \ correlation ﬁ“{“k A lg( j&
coefficient :}?’/. . . coefficient 0 W" 5/ \"*5;&,%7\5\
, - &H \J“ > ) A EORN
0.34 0.44 L v s
(2) DMI duff m01sture code uff m01sture code
P - e Ty
_;‘y—\ \f PL-C foﬁz“" { s
. g S : efwd >
Pearson R ‘/ T Pearson %, R e
\ﬁ e L \\v,_) \4\{/\‘ < e N \\\t 7 \
correlation .7"’“‘3 ttttt S 7 @: . correlation ﬁ’ff‘*\k / k fwg
coefficient i fiREs. coefficient N\ ; e
TV ¥ ooy
- g Y 3 /& \w £
0 055 Z 0 051 . e

(b) AMO drought code

Pearson\x‘;;
correlation

v [ s - NN
D | & \g# ! =
0 055 ¢ v

Fig. 9 Distribution map-2 of correlation coefficients of atmospheric-oceanic indices and wildfire-related variables. This dstribution map-2 shows
the effects of the four atmospheric-oceanic indices on drought codeand duff moisture code through pearson correlation coefficients. Blank
indicates that no wildfiresor change-points have occurred on the grid. PDO: Pacific Decadal Oscillation Index. MEI:Multivariate El Nifo-Southern
Oscillation Index. AMO: Atlantic Multi-decadal Oscillation Index.DMI: Dipole Mode Index

Regarding the seasonal trends, Fig. 11 shows the
change trends of the six variables over 27 climate ref-
erence regions in different seasons (only for the grids,
where a change-point was detected). As for precipitation,
the trends are the same for most regions in all seasons
(all increasing or decreasing). The SAU area showed an
increase in precipitation only in spring, with decreasing
trends in all other seasons. In addition, spring precipita-
tion showed a decline in the CAM region and an increase
in winter, remaining almost constant between the sum-
mer and autumn seasons. Similar regions of inconsistent
seasonal variation were found in NEU, SAU, SAS, etc.
Temperatures showed a significant decreasing trend in
summer and autumn in the WSA region, while the trend
in spring and winter was not significant. Other regions
showed a significant increasing trend or no significant
change in temperature. In addition, the NEB region was
the most significant warming of the 27 climate reference
regions. Of the other four variables, the most significant

increasing trends were for drought code in winter and
duff moisture code, fine fuel moisture code, and fire
weather index in autumn. A similar strong increasing
trend was observed for drought code in the NEB winter
and three other variables in the CEU autumn.

To better understand such a large amount of infor-
mation about the change-points of different variables,
we performed clustering to integrate the information
(Fig. 12). A stationarity zone refers to a region, where
no change-point was detected in any variable, whereas
intensified drought zones and weakened drought zones
denote the regions dominated by a change-point in the
drought code, although the change trends of these two
zones have opposite signs (increasing and decreasing,
respectively). The grids where only precipitation exhibits
abrupt changes are concentrated in precipitation-domi-
nated zones. In the drought—precipitation interaction
zone, abrupt changes in drought and precipitation occur
in the same region but in different periods. In addition,
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Fig. 10 Distribution map-3 of correlation coefficients of atmospheric—oceanic indices and wildfire-related variables. This dstribution map-3 shows
the effects of the four atmospheric-oceanic indices on fine fuelmoisture code and fire weather index through pearson correlation coefficients. Blank
indicates thatno wildfires or change-points have occurred on the grid. PDO: Pacific Decadal Oscillation Index.MEI: Multivariate El NiAo-Southern
Oscillation Index. AMO: Atlantic Multi-decadal OscillationIndex. DMI: Dipole Mode Index

abrupt temperature changes are dominant in tempera-
ture-dominated zones. The duff moisture code, fine fuel
moisture code, and fire weather index, which have simi-
lar change-point distributions, are the main components
of duff-, fuel- and fire weather-dominated zones 1 and 2.
Different change-point dates distinguish these two clus-
ters. Most of abrupt changes in zone 1 occurred dur-
ing 1995-2000, while most of abrupt changes in zone 2
occurred during 2000—2005.

Conclusions

This research provides insight into the nonstationar-
ity of wildfire weather during the past four decades by
detecting the change-points and long-term trends of
six variables connected to wildfires around the world.
The results were also discussed within 27 global climate
reference regions and an attempt was made to estab-
lish a link between change-points of these six variables
and atmospheric—oceanic indices. We also did a broad
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Fig. 11 Different seasonal trends on six continents for the six wildfire-related variables. This figure shows the long-term trends over four seasons for
six fire-related variables across 27 climate reference regions. The numbers in the figure are the Z values in the TFPW-MK test. The trend categories
according to the Z values are: [1.96, +00), significant increasing trend; [1.64, 1.96), weak increasing trend; [0, 1.64), no significant increasing trend;
(-1.64, 0), no significant decreasing trend; (-1.96, -1.64], weak decreasing trend; (-oo, -1.96], significant decreasing trend
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Fig. 12 Cluster map of the change-point dates and change trends among the six wildfire-related variables. This figure shows clustering of

change-point dates and change trends, with different coloursindicating different wildfire weather characteristics. For example, the black areas of
Australia inthe figure indicate that the wildfire weather in that region is controlled by drought and precipitation
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analysis of the various seasonal trends of six different
variables associated with wildfires on 27 global climate
reference regions. In more detail, we merged the data of
the change-points with the information pertaining to the
various attributes to obtain a comprehensive global map
of abrupt changes in where wildfire weather has been
influenced, when it has been influenced, and how it has
been influenced by abrupt alterations. These findings
have the potential to ultimately help increase our under-
standing of the impacts of anthropogenic climate change
on wildfire weather.

Specifically, the main conclusions of this paper are as
follows:

1) The change-point of precipitation, temperature, and
drought code mainly occurred in 1995-2000, while
the main change-point date of duff moisture code,
fine fuel moisture code, and fire weather index was
2000-2005.

2) Correlations between atmospheric—oceanic indices
and six wildfire-related variables were discussed, with
the most prominent combinations being: AMO-pre-
cipitation in the WAF region, MEI+ DMI-tempera-
ture in AMZ and NEB regions, DMI-drought code in
the SAU region, and PDO-duff moisture code 4+ fine
fuel moisture code+fire weather index in SSA
region.

Eight sub-regions with various characteristics, such

as a sub-region with a predominance of rainfall, a

sub-region with a predominance of temperature, etc.,

were included in a newly created wildfire weather
cluster map.
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