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Abstract

The boreal forests of the Northern Hemisphere (i.e., covering the USA,
Canada and Russia) are the grandest carbon sinks of the world. A sig-
nificant increase in wildfires could cause disequilibrium in the Northern
boreal forest’s capacity as a carbon sink and cause significant impacts on
wildlife and people worldwide. That is why the ability to forecast wildfires

is essential in order to minimize all risks and vulnerabilities. We present a
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novel methodology utilizing the Bayesian Machine Learning models to iden-
tify climatic variations that induce high and low wildfire activity cycles and
forecast long-term occurrences of wildfires. The data analyzed are observed
records of wildfires, climate change and climate teleconnections, atmospheric,
oceanographic, and environmental factors, starting from the first half of the
20th century. Our Bayesian machine learning models show that a new phase
of high wildfire activity in the USA, Canada and Russia began in 2020. While
USA has a detectable, oscillation of 40 £+ 5 years; Russia and Canada have
oscillatory patterns of 30+5 and 60+5 years, respectively. Also, our Machine
Learning model forecasts peak wildfire activity at around 2022 4+ 3, 2035 + 3,
and 2045 £ 5 years for USA, Russia, and Canada, respectively. The new
high wildfire activity phase will persist in Russia, USA, and Canada, until
2045, 2030, and 2055, respectively.

Keywords:  Wildfires, Environmental Remote Sensing, Machine Learning

1. Introduction

Wildfire is a complex, multi-variable-controlled, emerging phenomenon
with the known natural history recorded extending as far back as 450 mil-
lion years ago (Scott, 2000; Bowman et al., 2009; Rimmer et al., 2015; Doerr
and Santin, 2016; Pausas and Keeley, 2019; Zhang et al., 2020). With the ar-
rival of human beings and associated agricultural practices and another large
mammals, additional risk factors like land-use changes, landscape modifica-

tions (e.g., through animal grazing), and ecological encroachments are all
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coming into play both active and passive roles in wildfire occurrences and
intensities (Marriner et al., 2019; Nanavati et al., 2019; Restaino et al., 2019;
Rosan et al., 2019; Schreuder et al., 2019; Williams et al., 2019; Zubkova
et al., 2019; Gaboriau et al., 2020).

Both solar magnetic activity and orbital forcing controls on fire events
have also been known to be a key factor (Hallett et al., 2003; Daniau et al.,
2019; Hamilton et al., 2019; Kappenberg et al., 2019; Glover et al., 2020;
Han et al., 2020). In addition, it is also relatively well accepted that abrupt
external impact events from asteroids and meteors can be a significant trigger
for extensive wildfire and biomass burning (Kennett et al., 2008; Wolbach
et al., 2018; Melott and Thomas, 2019; Moore et al., 2019; Pino et al., 2019).

The dynamics and variability of forest fires are related to global and re-
gional climate changes, variations in the atmosphere-ocean circulation and
transport modes, and external modulating factors. In addition, there are ge-
ographical and ecological settings to consider. There is ongoing development
and progress in the seasonal and annual prediction of global forest fire activ-
ity (Turco et al., 2018; Shen et al., 2019). However, currently, these forecasts
have not enabled the minimization of the ecological deterioration, human and
economic losses in the Brazilian and American wildfires in 2019 and 2020,
respectively. This is why the prediction of wildfires several years or even a
decade ahead is necessary for the security of the Northern Hemisphere’s so-
ciety and a significant scientific challenge. In order to prepare for the danger

of wildfires each year, we need to plan and modernizing all environmental
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contingency programs and early warning systems that will crucially depend
on high-quality long-term predictions.

The temperature has been considered one of the main factors in increasing
wildfires (Williams et al., 2019; Fletcher et al., 2019). Nevertheless, recently
it has been confirmed that the decrease in precipitation may be associated
with the increase in forest fires (Williams et al., 2019). It is complicated to
imagine that only one climatic variable can explain the wildfire variability;
the dynamics and evolution of wildfires in each country within the Northern
Hemisphere could involve factors of the atmosphere-ocean circulation and
transport modes as external factors such as Total Solar Irradiance (TSI). All
these co-factors intervene under different time scales, making the detection
and quantification of their roles a significant challenge in the first step of
data analyses.

We have analyzed a set of observed records of wildfire, climatic and en-
vironmental, and external solar activity parameters to study the nature of
the underlying correlations among those variables that can shed light on
the fuel-load-hydroclimatic-wildfire mechanisms covering the broad areas of
Canada, the USA and Russia. Therefore, to improve our understanding of
the complex factors that induce the variability of these wildfires, we have
developed a novel algorithm through the powerful techniques drawn from
“Machine Learning” as a new tool (Buduma and Locascio, 2017; Ham et al.,
2019; Sejnowski, 2020), to understand the complex relationship between the

land-atmosphere-ocean system and wildfires in the Northern Hemisphere,
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which is ultimately essential to permit the prediction of long-term variability
of wildfires.

This study aims to identify climatic variations and ecological conditions
that induce cycles (high and low activity) of forest fires in the Northern

Hemisphere and develop long-term predictions of forest fires.

2. Data and Methods

A wildfire is a fire that spreads uncontrollably and spreads through a
forest, rural or urban wilderness vegetation-affecting flora and fauna and

wildlife and people-destroying property and deteriorating the environment.

2.1. Satellite Wildfire Data for the Northern Hemisphere

Due to the frequency and magnitude of forest fires in various
regions of the world, the use of satellite images has contributed
to the detection of hotspots, reducing the response time to the
emergency while allowing the analysis of spatio-temporal dynamics
of forest fires as a tool to establish the primary factors and elements
associated with their occurrence. MODIS (Moderate Resolution
Imaging Spectroradiometer) products are currently the most useful
and important source of information for hotspot detection because
of the advantages shown by this satellite product (Giglio et al.,
2016, 2018; Fornacca et al., 2017). They are even used to forecast

wildfire activity (Spessa et al., 2015; Ferreira et al., 2020).



100

101

102

103

104

105

107

108

109

110

111

112

113

114

115

116

117

118

119

The American, Canadian, and Russian land-surface hotspots
were obtained from the MODIS Global Monthly Fire Location
Product, MCD14ML (collection 6)'. This dataset from MODIS
Fire SCF at the University of Maryland was selected because of the
confidence it provides in the detection of hotspots (Giglio et al.,
2016, 2018), since the algorithms and confidence tests used to es-
tablish brightness temperature thresholds with the middle and
thermal infrared channels and the spatial resolution used (1km)
for detection, allowing users to eliminate erroneous pixels (For-
nacca et al., 2017). In addition, this dataset provides information
and monitoring day/night every minute. The dataset includes de-
scriptive information for each point, such as geographical location,
detection date, brightness temperature, radiative energy of the fire,
type of inferred heat point (i.e., apparent biomass fire, active vol-
cano, other static ground sources, offshore, and others) and level

of trust/confidence.

We used for the analysis all hotspot points detected from 01/11/2000

to 30/06/2020 because the seasonality of wildfires in the United
States, Canada and Russia occurs throughout the year. The data
are downloaded in shapefile format for processing in a geographic

information system (GIS). We eliminated those hotspots defined

"https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/med14ml
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as static: volcanoes, industries, oil wells, and anthropogenic activ-
ity in the USA, Canada, and Russia. Also, those detected with
a confidence level of less than 75% we eliminated. Therefore, we

strictly study satellite data related to wildfires.

2.2. Historical Wildfire Data for the Northern Hemisphere

We will analyze the historical data of the following countries in the North-
ern Hemisphere, chosen for being the most important carbon sinks in the
world: a) American wildfires (1926-2020), b) Canadian wildfires (1930-
2020)3,* and c) Russian wildfires (1950-2020)° .

We would like to highlight that all the historical records of forest
fires are incomplete, which have made their analysis uncertain.
This is why we carry out a Bayesian analysis that allows us to find
a model that describes the variations of forest fires in the USA,
Canada and Russia probabilistically in order to account for the

incompleteness of the available historical records.

2.3. Climate Teleconnections

The next set of annual time series we used is from the National Oceanic

and Atmospheric Administration”: 1) Accumulated Cyclone Energy (ACE),

https:/ /www.nifc.gov/
3https://cwfis.cfs.nrcan.ge.ca/ha/nfdb
4https://www.ccfm.org/
®http://rosleshoz.gov.ru/
Shttps://doi.org/10.1007/978-94-015-8737-2-8
"https://www.esrl.noaa.gov
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2) Arctic Oscillation (AO), 3) Atlantic Multidecadal Oscillation (AMO), 4)
North Atlantic Oscillation (NAO), 5) Pacific Decadal Oscillation (PDO), 6)
Palmer Drought Severity Index (PDSI). Also, we used 7) El Nino/Southern
Oscillation (ENSO)®, 8) World temperature and precipitation data®, 9) Total
Solar Trradiance (TSI)™Y.

In order to weigh and inter-compare the variables analyzed in the study
of Northern Hemisphere wildfires, we adopted the standardized annual data,

i.e., with zero average value and unit standard deviation.

2.4. Multiple-time-series Cross Wavelet Spectrum

We have used MATLAB 2019b, the Wavelet Toolbox, the cross wavelet
and wavelet coherence toolboxes for MATLAB by Grinsted, Moore and
Jevrejeva (Grinsted et al., 2004), the Torrence & Compo Wavelet Analysis
Software (Torrence and Compo, 1998) and our new Multiple Cross Wavelet
alogrithms (Velasco Herrera et al., 2017; Soon et al., 2019). The main goal
of our data analyses is to find the possible climatic patterns and factors re-
sponsible for the underlying cycles in Northern Hemisphere wildfires. There
are different methods to find patterns in time series. We use the wavelet
analysis because this method allows identification of the intricate patterns
of the phenomenon (such as wildfires) and the patterns of interaction with

associated co-factors (Soon et al., 2019).

8https://www.pnas.org/content/116,/45/22512
https://climateknowledgeportal.worldbank.org/
Ohttps://doi.org/10.7910/DVN/SURA99
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Wavelet transform (see e.g., Grinsted et al., 2004; Torrence and Compo,
1998; Velasco Herrera et al., 2017; Soon et al., 2019) can be considered as
an intelligent system and is applied here to find patterns (periodicities), its
evolution in the time, as well as to make predictions. Furthermore, it can
also be used as an optimal filter.

We applied our new Multiple-time-series Cross Wavelet spectrum (2%,
Velasco Herrera et al., 2017) in order to identify climatic patterns and eco-
logical conditions that induce high and low cycles in wildfire activity. Our
Multiple-time-series Cross Wavelet spectrum (MCW) is based on the gen-
eralized Einstein’s cross function (991) (Velasco Herrera et al., 2017). The

relationship between 9t and Q% are the following:

0% = W] (1)

M = W[Q¥] (2)

where W and W1 is the wavelet transform and inverse wavelet transform,
respectively. The Q® spectrum is defined as the product (Track) of the
diagonal elements in spectral wavelet hipermatrix (£2ota1) and is given by

the formula (Velasco Herrera et al., 2017):
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Q% = Track (Qtotal> = H Qiotatii = (Wit @ Wy ® ... ® Wn”>[t78] (3)
i=1

where.
<W11>[t,5] 1 1
1 \%% 1
Qtotal = < 22>[t78]
1 1 e W
and (o), ; indicates for the wavelet spectrum smoothing in both time (¢) and
scale (s).

So that the 2% spectrum (Equation 3) is different from zero is necessary
that all time series have at least the same frequency. This implies a synchro-
nization of the land-atmosphere-ocean system with the Northern Hemisphere
wildfires at the same frequencies. In this way, the climatic patterns that in-
duce high and low cycles in wildfire activity will be found.

MCW has an intelligent algorithm to simultaneously analyze “N” vari-
ables (N > 2) and find the complex or linear relationships that exist between
all the variables. We use the Morlet wavelet basis in the MCW because it
has among the highest precision in resolving the periodicities that all “N”

time series have in common and because it is a complex function that allows

10
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us to obtain the information on phase as well, that is represented by arrows
in the figures of the main text.

The inputs in the MCW are the “N” time series and MCW has 4 outputs
as shown in Figs. 3, 5, and 7 below: i) The global frequency spectrum (or
time-averaged), which shows the periodicities (patterns) existing in all the
“N” variables (left panel). ii) The local spectrum, that shows the evolution
over time of these periodicities as well as their phase (center panel). ii7)
Global phase, shows the average phase of the “N” variables (right panel)
and iv) Multi-cross function, amplitude and phase, of the dominant pattern

(bottom panel).

2.5. Machine Learning Algorithms for Probabilistic Forecasting

of the Northern Hemisphere Wildfire Activity

Historical wildfire data has uncertainty, so it is important to select a
Machine Learning (ML) model that is able to adequately approximate the
wildfire dataset with a high level of confidence. There are several ML algo-
rithms, and we selected Bayesian inference machine learning for our purpose.
Also, we will use the Bayesian inference ML model obtained from each of
historical wildfires records as input to the Least Squares-Support Vector Ma-
chines (LS-SVM, see Suykens et al., 2002) algorithms to obtain probabilistic
models of forecasting Northern Hemisphere wildfire variability beginning in
the year 2020 AD. Also, we note that any ML model is limited by an uncer-

tainty principle.

11
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Non-linear Autoregressive EXogenous (NARX) model
In order to create forecasting models of wildfires activity, we use the

Nonlinear Autoregressive EXogenous model (y) that is defined as (Vapnik,
1998; Suykens et al., 2002):

?[t-{-l} = F (Y Uitq) (4)

where f is a a non-linear transfer function that depends on the input (y)
and output (u ) data, and p and ¢ represent the number of lags of the input
and output values, respectively. So, y is the estimated wildfire time series at

time “t 4+ 17.

Bayesian inference for LS-SVM regression

To create probabilistic models of the wildfires activity, we use a Bayesian
inference model obtained from the wildfire records for each country analyzed
(USA, Canada, and Russia). Bayes’s theorem is the basis of these models

and can be expressed as follows:

Likelihood(D|f)
Evidencep(D)

Posterior(f|D) = Priorp(f) (5)

where D is training data, in our case is the wildfire records and f is the

Least-Squares Support-Vector Machines (LS-SVM) regression model:

12
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F=> o'K(uuw)+p (6)

where wu; is the value of the Bayesian inference model of the wildfires at time
“t” (discrete time index from ¢t = 1,--- ,n), K is the kernel, a and 3 are
hyperparameters. The output is the estimated value of y.

Bayes’s theorem is used to deduce the optimal hyperparameters of the
LS-SVM model (see Suykens et al., 2002, for technical questions about the

method).

2.5.1. Algorithms for the estimation of wildfire cycles
In order to forecast the next high wildfire season in the USA,

Canada, and Russia, we apply the following iterative steps:

I. Use multiple cross-wavelet transform (Equation 3) to find the
periodicities on climate teleconnections and wildfires record
for each country, i.e., USA, Canada, and Russia. The results
are shown in Figures 3, 5, and 7.

II. Use Equation (5) to obtain a Bayesian inference model from
the time series of wildfires records (USA, Canada, and Russia)
and shown as blue lines in Figures 4, 6 and 8.

III. Selection of the model lags “p” and “q” for each Bayesian
inference model that has been analysed (USA, Canada, and

Russia).

13



a2 IV.
243
244
245 V.
246
247
248
249
250
251
252
253
254
255
s6  VI.
257
s VII.
259
20 VIII.
o1 IX.
262 X.

263

264

Use the K-fold cross-validation for the training, validation,
testing and deduction of the parameters of the NARX model
(Equation 6).

Set aside 1/K of data. Train the model with the remaining
(K-1)/K data. Measure the accuracy obtained on the 1/K
data that we had set aside. K independent training is there-
fore acquired. The final accuracy will be the average of the
previous K accuracies. Note that we are “hiding” a 1/K part
of the training set during each iteration. This is applied at
the time of training. After these K iterations, we obtain K
accuracies that should be “similar” to each other; this would
be an indicator that the model is working well or not. In this
work, we used K=10, but, is possible to vary K between 5
and 10.

Use Bayes’s theorem to deduce the optimal hyperparameters
(o« and p) of the LS-SVM model (Equation 6).

Estimation of the following high and low wildfire activity cy-
cles using Eq. (6).

Computation of a cost function.

Test of the accuracy of the estimated wildfire activity cycles.
Test of the cost function: if this function was small enough, we
stopped and went to the next step (XI). Otherwise, we change

one of the parameters and repeat from step (III) onwards.

14



x5  XI. Use the wavelet transform to help determine if the periodic-

266 ities of the estimated wildfire cycles have the same periodici-
267 ties obtained in (I). If yes, then done and accept the estimate.
268 Otherwise, repeat the estimate from step (III).

269 We have used and modified the LS-SVM algorithms and toolbox
20 by Suykens et al. (2002) to forecast the next high wildfire season in
on the USA, Canada, and Russia. The LS-SVMlab toolbox contains
x» Matlab/C implementations for a number of LS-SVM algorithms by
a3 JLALK. Suykens The LS-SVMlab software is made available for non-

o commercial research in https://www.esat.kuleuven.be/sista/lssvmlab/.

s 3. Results

e 3.1. Spatial Analyses of the Northern Hemisphere Wildfires

217 Land cover information is integrated and processed with hotspot data
zs in a geographic information system (GIS) to establish fire frequency and
279 vulnerability percentages to determine the vegetation most vulnerable to
80 forest fires in the regions of Canada, the United States, and Russia. The
2s1  information generated is associated with the orography of the terrain, hence
22 allowing us to obtain dominant altitudinal values. The results are shown in
283 Figures 1 and 2.

284 The hotspot data used (red dots in Figures la and 2a) are from the

s MODIS Collection 6 series: Temporal coverage is from 2000 to 2020 with

15
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Figure 1: a) The North American land cover map superposed with the spatial distribution
of satellite wildfire hotspots data (red points) in USA and Canada from 2000 to 2019 is
shown. b) North American vegetation cover most affected by forest fires in the USA and
Canada: Cropland (yellow), 2) Shrubland (brown), 3) Tree cover, needle-leaved, evergreen
(green) and 4) Grassland (orange)
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a confidence level greater than 75%, eliminating information from active
volcanoes and other static sources on land and offshore.

The Land Cover (LC) information is obtained from the Climate Change
Initiative (CCI) project of the European Space Agency (ESA). Global maps
represent these geospatial data in raster format with a spatial resolution
of 300 m, classified into 22 types of coverage and corresponding to the time
interval from 1992 to 2018. The CCI-LC (ESA) data set is represented
by global LC images with a spatial resolution of 300 m and an
annual resolution from 1992-2020. The products provide 38 types
of LC classified based on the typology established by the Food and
Agriculture Organization of the United Nations (FAO)!'. This Land
Cover Classification System (LCCS) based on numerical codes was
converted to LC information for the 2000-2020 periods and LC
types for the United States, Canada and Russia. From the location
of the wildfires, we got 22 types of LC (see Table B1).

To determine altitudinal levels, topographic data from the Global Multi-
resolution Terrain Elevation Data 2010 (GMTED2010) are used, with a res-
olution of 7.5 arc seconds (225 meters). To quantify the impact of forest fires
on the different land covers in the United States, Canada and Russia, the
data between 2001 and 2018 are compared (see for example Liu et al.,

2019).

Uhttps:/ /www.esa-landcover-cci.org/
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The results show that in the Northern Hemisphere, the most significant
impact due to the increase in forest fires is related to the vegetation category
of tree cover, needle-leaved, evergreen land covers. Table 1 shows the main
vegetation covers affected in the USA, Canada and Russia by the percentage
of the total number of forest fires in 2001 and 2018.

It should be noted that under the vegetation category of tree cover needle-
leaved and evergreen in the USA, the percentage of the number of forest fires
affected has increased from 37.2% in 2001 to 46.1% in 2018.

In the 17 years interval, there is an increase of 8.9%. This contrasts
sharply with a slight decrease or small increases in the fire-affected vegeta-
tion types of Cropland, Shrubland and Grassland for the same period (see
Table 1 for more details). For Canada, under the vegetation category of tree
cover needle-leaved, and evergreen, the number affected by forest fires has
increased from 31.3% in 2001 to 77.8% in 2018. Therefore, an increase of
46.5% had been recorded for the same period of 17 years. At the same time,
this substantial increase in wildfires affecting this vegetation cover can be
contrasted with the decreases under the other three vegetation categories of
tree cover-mixed-leaf type (broad-leaved and needle-leaved), Cropland and
Shrubland (see Table 1). Finally, in Russia, the fire affected the vegetation
type of tree cover, needle-leaved, evergreen has increased from 36.1% in 2001
to 55.7% in 2018.

This registers an increase of about 19.6%. While the fire-affected vegeta-

tion types in Russia under cropland, grassland and tree cover, broad-leaved,

18
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deciduous covers decreased or slightly increased over the same 2001-2018

interval (see Table 1).

Table 1: Percentage of forest fires in the main land covers of the USA, Canada and Russia

Canadian vegetation cover most affected by wildfires | 2001 | 2018

Cropland rainfed 31.5% | 4.3%
Tree cover, needle-leaved, evergreen 31.3% | 77.8%
Shrubland 9.4% | 3.6%
Grassland 3.1% | 1.2%

American vegetation cover most affected by wildfires | 2001 | 2018

Tree cover, needle-leaved, evergreen 37.2% | 46.1%
Shrubland 14.7% | 15.3%
Cropland rainfed 14.4% | 9.6%
Grassland 9.3% | 9.3%
Russian vegetation cover most affected by wildfires 2001 | 2018
Tree cover, needle-leaved, evergreen 36.1% | 55.7%
Cropland rainfed 28.4% | 10.1%
Grassland 82% | 6.6%
Tree cover, broad-leaved, deciduous 6.1% | 9.3%

The satellite recorded values of the brightness temperatures (hotspots)
will depend on the type of vegetation and trees, the humidity and water
conditions of the vegetation-mass fuel and the number of burned trees during
fires. The type of tree, in turn, also depends on climatic and geographical
conditions. GIS information in Figures 1 and 2 shows that when analyzing
the brightness temperatures of fires from 2000 to 2020, the difference of
wildfires in the plains and the mountains is clear. The differences in the

tundra and desert areas are also clearly distinguishable. Fig. 1b and 2b
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Figure 2: The Northern Eurasia land cover map. a) The Northern Eurasia land cover map
superposed with the spatial distribution of satellite wildfire hotspots data (red points) in
Russia from 2000 to 2019 is shown. b) North Hemisphere vegetation cover most affected by
forest fires in the Russia: Cropland (yellow), 2) Tree cover, broad-leaved, deciduous (light
green), 3) Tree cover, needle-leaved, evergreen (strong green and 4) Grassland (orange)
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show the clusterings’ results, and we can classify four different land covers
where more than 75% of forest fires occur in the USA, Canada and Russia.

Every year wildfires, no matter the multivariate causative agents, indeed
severely affect the human society and the environment in the Northern Hemi-
sphere alike. Various public policies, ranging from active management pre-
paredness to emergency responses, have been leveled to allow humanity and
natural ecological environment to cope with the danger of fire. Therefore,
any promise for a long-term prediction of wildfire occurrences is not only an
urgent but also a powerful capability that can help to minimize the risks and
vulnerabilities of Northern Hemisphere’s society from wildfires. In addition,
the results of GIS illustrated here can help select specific forests/vegetations
for monitoring climatic conditions, particularly rainfall and drought and soil
moistures. Such kind of intelligent information gathering and processing will
allow particular measures to minimize economic, human and ecological losses

before a fire begins in any vulnerable areas.

3.2. Tools for Understanding and Predicting Frequency of Wildfires in USA,

Canada, and Russia

The GIS clustering analysis shows the spatial variation of the Northern
Hemisphere wildfires. In the spatial sense, each cluster obtained recognizes
very well defined regions and delimited areas. This may allow one to opti-
mally plan to minimize the risks and vulnerabilities of Northern Hemisphere

society from wildfires by setting local and regional management priorities.
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However, this complexity does not prevent or paralyze the narrower study of
wildfire time-series statistics in each country’s analyzed (i.e., Canada, USA,
and Russia). Using Machine Learning, we propose a new methodology to
make long-term, several decades-long, forecasts for the wildfires in the USA,

Canada and Russia.

e American wildfires

To begin studying the complex relationship between the forest fires of the
Northern Hemisphere and the land-atmosphere-ocean system, we will analyze
the American wildfires. In this first case, twelve variables are assessed (N=12)
in the MCW, and these time series are shown in the top panel of the Figure
3: 1) the number/frequency of American wildfires, 2) Burned Area, 3) PDSI,
4) surface temperature, 5) precipitation, 6) snow cover, 7) AMO, 8) PDO,
9) NAO, 10) ACE, 11) ENSO, and 12) TSI.

The global time-averaged MCW shows two significant patterns (period-
icities) at decadal-10 years and multi-decades 4045 years, with more than
95% confidence level (dotted red line, left panel) in American wildfires due
to the combined modulation of the land-atmosphere-ocean system and the
total solar irradiance (TSI). The decadal periodicity and its relative persis-
tence are most likely related to the solar activity cycle and its teleconnections
in climatic signals. The spectral power of this periodicity is present in the
entire time interval (1926-2019), being more intense from1935 to 1955 and

between 1975 to 1995. We further note that the maximum values in the
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decadal spectral power are timed around the maximum of the multi-cross
function of the multidecadal scale around 40 years (blue curve in the bottom
panel). The local decadal and 40-year multidecadal phases do not show a
well-defined orientation (that is, the arrows point in different directions), so
the relationship between wildfires and the atmosphere-ocean system is com-
plex. This fact can be reconfirmed through the behaviour of the global phase
time-averaged result plotted in Figure 3 (black line, right panel).

Despite the complexity of this system, the 40-year multi-cross function
is theoretically in phase and in time equivalent of all climatic indices and
American wildfires. This fact will allow the use of this function to extrapolate
to future scenarios, make theoretical forecasts on the tendency of American
wildfires, and then compare it with the predictions obtained with the Machine
Learning method discussed below.

We note that climatic oscillations with multi-decadal periodicities have
been reported in many previous works (e.g. Soon, 2009; Soon et al., 2015;
Le Mouél et al., 2019). The variations in the NAO, AMO and PDO have a
strong impact on climate variability in sea-surface temperature, air tempera-
tures, rainfall, precipitation, stream flow, and surface temperature anomalies
of North America (e.g. Kitzberger et al., 2007; McCabe et al., 2008; McCabe-
Glynn et al., 2013; Soon et al., 2015; Le Mouél et al., 2019).

In particular, it is of great interest to know the influence of ENSO on
annual and multi-year variations in wildfires statistics. We first note that the

imprints of the El Nino phenomenon do not always show up in the increase
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Figure 3: Time-frequency multi-cross wavelet from 1926 to 2019 between number of Amer-
ican wildfires, burned area, surface temperature, precipitation, snow cover, atmospheric-
oceanic circulation and energy indices PDSI, AMO, PDO, NAO, ACE, ENSO, and the
external solar forcing factor TSI. In the central panel, the calculated local wavelet power
spectral density (LWPSD) in arbitrary units is shown adopting the red-green-blue colour
scales. The black arrows indicate the relative phase of the synchronization. The orien-
tations from left to right (—) and from right to left (+) indicate that there is a linear,
in-phase or antiphase, synchronization at a certain frequency between all time series. Any
other orientation means that there is a complex, non-linear synchronization. The bottom
panel shows the multi-decadal cross function at the significant timescale of 44-years (blue
line) and the instantaneous phase relative for the same multi-decadal oscillation (black
line). The global time-averaged wavelet period is shown in the left-hand panel with the
red dashed line indicating the 95% confidence level drawn from a red noise spectrum. The
panel on the right shows the global time-averaged phase values.
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in the number of forest fires nor the increment in the burned area. The
historical data of the American wildfires also show annual and multi-annual
variations and the decadal and multidecadal signatures. MCW analysis does
not show these periodicities suggests that these annual and multi-annual
patterns have only local effects on the forested areas in America and that the
seasonal atmosphere-ocean climate conditions may be more dominating.

From the point of view of signal theory, the absence of annual and multi-
annual variations means that they are considered as noise. Therefore, to
predict forest fires, we should not focus on predicting these annual and inter-
annual variations. In sharp contrast, the decadal and multidecadal periodic-
ities result from the more persistent and coherent interactions of the coupled
solar-land-atmosphere-ocean system. Because that is essentially a highly
variable and stochastic process, it is impossible to say precisely the number
of forest fires for the following years.

The objective of using Bayesian Machine Learning models is to give an
interval in which the number of wildfires can vary, with a high confidence
level (> 95%). Also, we used the average value and the standard deviation of
the historical data of American wildfires (which we called “objective data”)
to quantify and define when there are high and low cycles of the frequency
of American wildfires.

To support our choice, we show a comparison (Fig. 4) between the ob-
jective data (historical data of the American wildfires in black line) and the

Bayesian Machine Learning model (blue line) from 1926 to 2020. This model
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represents the high and low-frequency fluctuations of American wildfires. It
is observed that the objective data is indeed well distributed around the
Bayesian Machine Learning model.

With the support of the mean value (horizontal solid black line) and
the standard deviations o and o~ (a standard deviation above the mean
value and a standard deviation below the mean value black dotted lines,
respectively), we note that because the maximum values of the objective
data (black line) are above the standard deviation ¢* from about 1930s-
1950s and 1970s, these events can be classified as severe wildfire phase. The
first minimum of this objective data occurs between 1950 and 1970, and it is
around the average value so that this period can be classified as a moderate
wildfire phase. While the second minimum is between 1985 and 2005, it is
below and around the standard deviation o~ so this period can be classified
as a low wildfire interval.

We note that the objective data is oscillating around the multidecadal
Bayesian Machine Learning model (i.e., trend), which implies that the decadal
variations are modulated by the tendency of American wildfires that were co-
generated by the weather/climate/ecological conditions.

There are several techniques to make time series predictions (Kubat,
2015). Each of these methods have favorable aspects as well as their weak-
nesses. Once we have obtained the Bayesian Machine Learning model that
show the occurrence of high and low cycles in forest fires, it is now possible

to select a Machine Learning algorithm to make a prediction of American
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wildfires that is based on their decadal and multidecadal co-patterns.

Before forecasting the number of wildfires for the following
decades, it is necessary to quantify the ability of the Bayesian
model to “predict” a variation in the recent and past wildfires. We
use 80% of the Bayesian model (that is, data from 1926 to 2001)
as input data to “forecast” the remaining 20% of the Bayesian
model (i.e., 2002 to 2019). The Bayesian model of the historical
data shows that all the annual historical data oscillate around the
Bayesian model; this fact indicates no overtraining or undertrain-
ing. Furthermore, the multiple cross wavelet analysis shows that
the high and low seasons of forest fires have a multidecadal vari-
ation, so the Bayesian model we deduced is not overly complex,
which implies that the validation is simple. We do not show the
validation figures but instead choose to concentrate on the fore-
casting result.

Based on the Bayesian model obtained from American wildfires, we have
selected the Least Squares Support Vector Machines (LS-SVM) with the Non-
linear Autoregressive Exogenous Model (NARX, see Vapnik, 1998; Suykens
et al., 2002, for more details about method) to predict the next few cycles of
American wildfires.

We used the Bayesian model from 1926 to 2020 obtained by the objective
data to train the LS-SVM. Once those trainings are completed, we obtain the

prediction model that would show the probabilistic forecast of the activity of
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Figure 4: Annual frequency of wildfires in USA from 1926 to 2019 (black line) compared
with the Model’s Machine Learning Bayesian inference (blue line). The horizontal solid
black and dashed black lines are the mean fire frequency and its one standard deviation re-
spectively, for the objective data from 1926-2019 interval. The blue shaded area represents
the 95% confidence intervals of the Bayesian ML model.

American forest fires between 2021 and 2030. The validity of the prediction
model was assessed with K-fold cross-validation (in this work, we adopt
K = 10). It was indeed necessary to evaluate how we would optimally
combine the models obtained by the Bayesian Machine and the LS-SVM
models. For that, it is necessary to look for a correction function in order to
calibrate the predictions.

There are different calibration methodologies, and we select a calibration
that homogenizes and standardizes all measurements of the models obtained
(see Soon et al., 2019, for more details). In addition, this methodology allows
us to continue using the average value and standard deviations as a criterion

to quantify the next cycle of forest fires. After calibrating the forecasting
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model, we again used Bayesian Machine Learning to obtain a probabilistic
model of American wildfires.

The results obtained from the Bayesian prediction model are shown to
the right of the vertical blue line in Fig. 4. The blue shaded area represents
the 95% confidence intervals of the Bayesian ML model. The results obtained
from the prediction in Fig. 4 show that a new high cycle of forest fires has
begun and could last for the next 4 to 7 years. In addition, this new cycle,
by being in between the average value and the standard deviation o", can
be classified as moderate to severe wildfire conditions.

The fire will be probably manifest in all American wild forests, and other
landscapes and the American burned areas could be well above those from
the last 20 years. Such a future scenario could cause severe ecological, envi-
ronmental damage with significant human and economic losses. But in the
mean time, Fig. 4 predicts that around 2040, there will be a low cycle of
forest fires in America comparable to those low fire regimes that occurred
between 1980 and 2010.

Once the model explaining intrinsic patterns, that is, multi-decadal oscil-
lation of wildfires, have been obtained, it is now possible to explain the com-
plex evolution of the historical number of forest fires from their interaction
with climatic variations, ecological conditions, atmosphere-ocean circulation
and transport modes as well as external factors such as solar TSI. The high
cycles of American wildfires (1926 to 1955, 1970 to 1990 and likely 2019 to

2030) is because of a prolific decrease during those years, well below its aver-
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age value of precipitation, snow and ACE. This persistent condition causes
a prolonged and severe drought. In addition to a positive phase of the PDO
and the ENSO causes a warmer climate and dry air, therefore an increase in
air temperature. Also, there is less cloudiness and lower atmospheric humid-
ity that causes greater penetration of the solar radiation to the ground or
near-surface. All these multiple co-factors cause a considerable accumulation
of dry biomass fuels, and therefore both a combination of natural and human
factors cause a large number of forest fires causing an extensive burned area
of forests.

Low wildfire cycles (1955-1975, 1990-2018) mainly were likely attributable
to an increase in rainfall, snow and ACE well above its average value, as well
as a negative phase of the PDO. All such conducive conditions cause a wetter
climate. In addition, most of the dry biomass fuels were previously burned.
During such periods, forests and ecosystems underwent a recovery and growth
of vegetation and trees. Until a new high cycle of wildfires recommences.

Concerning, the annual and multi-annual variations of ENSO and its
effects on wildfires, it can now be explained that its effects contribute to
the increase in the number of forest fires and to the increase in burned areas,
when these variations occur at the maximum of the multi-decadal oscillation.
During ENSO occurrence around the minimum phase of this oscillation, its

effects are practically neutralized and absent.

e (Canadian wildfires
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Figure 5: Time-frequency multi-cross wavelet from 1930 to 2019 between number of Cana-
dian wildfires, burned area, surface temperature, rainfall, snow cover, atmospheric-oceanic
circulation and energy indices AMO, PDO, NAO, ENSO, ACE, and the external solar forc-
ing factor TSI. The bottom panel shows the multi-decadal cross function at the significant
timescale of 60-years (blue line) and the instantaneous phase relative for the same multi-
decadal oscillation (black line). All other panels present similar information as described
in Fig. 3 but for the Canadian wildfire statistics.

Canada has also compiled an excellent historical record of wildfires (1930-
2020), and we used a second MCW to find patterns in their wildfires caused by
co-variations in AMO, NAO, PDO, ENSO, ACE, TSI, burned area, rainfall,
snow cover and their surface temperatures. For this second case of wildfires,
we have N = 11, and these time series were also standardized to be used
in the input data in the MCW (top panel in Fig. 5). The global wavelet
spectrum shows a decadal and a multidecadal pattern of 60+5 years again.

The first pattern is slightly below the 95% confidence level, but the second
multidecadal period is above.

The local spectral power of the decadal pattern (center panel) is around

the maximum of the 60-year multi-cross function (blue curve in the bottom
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panel) and the phase for this decadal modulation does not have a definite
tendency (the arrows are in all directions), so the relationship between Cana-
dian wildfires, atmosphere-ocean system and decadal TSI is complex. While
the 60-year multidecadal pattern phase has a quasi-perpendicular orientation
over the entire time interval, its spectral power /signal is very high.

The number of Canadian wildfires shows more significant inter-annual
variability than American wildfires. That could be due to the relatively
more extreme climatic conditions/oscillations to which Canadian forests and
landscapes were subjected at higher latitudes. In addition, it is again ob-
served that the co-factor El Nino influences the more excellent dispersions of
the inter-annual data during the positive phase of the 60-year multidecadal
oscillation.

Fluctuations with an average period of 60 years are known in different
hydrometeorological processes. This oscillation is reported in the processes
of the ocean-atmosphere system and the variability of the surface air tem-
perature. As well as in the dynamics of the sea ice area in the northern
hemisphere (Leal-Silva and Velasco Herrera, 2012; Fedorov, 2018).

The 60-year oscillation is most clearly manifested in the North Atlantic
(Fedorov, 2018). It has been suggested that the Earth’s rotation is one of
the modulating sources of different hydrometeorological processes and, in
particular, in the 60-year periodicity. Nevertheless, there is a discrepancy if
it is the ocean-atmosphere system or it is cosmic in nature (Soon et al., 2011,

2014; Fedorov, 2018) and is plausibly related to the solar barycentric motion
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(Cionco and Soon, 2015; Cionco and Pavlov, 2018) that cause the variations
in the dynamics of the Earth’s rotation. However, there is still no consensus
on the genesis of this periodicity.

Additionally, the global wavelet spectrum indicates a relatively weak pe-
riodicity of 40 years that is well below the 95% confidence level. This pattern
is however manifested within the American wildfire statistics and could rep-
resent a latitudinal relationship of the forests of Southern Canada with the
forests of the Northern USA. In addition, clear inter-annual fluctuations are
also absent in the MCW because they are patterns of each of the Canadian
wildfire regimes/zones and not all of these regional wildfires are synchronized
with the global circulation indices and TSI co-factor when wildfires occur.

We use again the Bayesian Machine Learning to obtain model (blue solid
curve in Fig. 6) that describe the variability of Canadian wildfires between
1930 and 2020 (i.e, objective data), which are represented as a black line to
the left of the vertical blue line of Fig. 6. It can be noted again that the
historical annual-based data of these fires are well distributed around the
Bayesian model. This model represents the multi-decadal frequency fluctua-
tions of Canadian wildfires.

Canadian wildfires show a very low activity season between 1930 and 1965
(despite having very hot summers during the 1930s), below the standard
deviation (lower horizontal blue dotted line in Fig. 6) of the entire record.
During this period, a very high accumulation of ice has been reported in the

Northern Hemisphere. This may have caused a very low cycle phase of the
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Figure 6: Annual frequency of wildfires in Canada from 1930 to 2019 (black line) compared
with the Model’s Machine Learning Bayesian inference (blue line). The horizontal solid
black and dashed black lines are the mean fire frequency and its one standard deviation
interannual statistics, respectively, for the objective data from 1930-2019 interval. The
blue shaded area represents the 95% confidence intervals of the Bayesian ML model.

Canadian wildfires. In contrast, from 1970 to 1990, there was a very high
season of wildfires with an extended duration above the standard deviation
(upper horizontal blue dotted line in Fig. 6). During 2010 and until 2020,
there is a very low season of Canadian wildfires since the values are generally
below the standard deviation.

For the prediction, we used a new LS-SVM and trained with the Bayesian
model obtained from the objective data between 1930 and 2020. After cal-
ibrating the forecasting model, we again used Bayesian Machine Learning
to obtain a probabilistic model of Canadian wildfires. The prediction of
the Canadian wildfire activity was validated again with the K-fold cross-

validation (K = 10). It can be seen that the next maximum Canadian
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wildfire obtained by the Bayesian method is timed around 2040, and it is
predicted that it will be a severe cycle of Canadian wildfires with activity
above the standard deviation of the wildfire statistics.

From 2021-2022 onward, the number of fires will grow every year and
most likely, after 2025, the number will be above the historical average value
(middle, horizontal black solid line in Fig. 6), and this trend and tendency
will continue until 2050, affecting all Canadian forests. Therefore, one can
expect significant ecological and environmental deterioration in addition to
great human and economic losses in Canada in the next three decades.

The Bayesian multi-decadal model can explain the evolution of Canadian
wildfires and the complex changes in the burned area. This power of expla-
nation is especially relevant for the decrease of Canadian wildfires in the last
two decades, which cannot be understood nor explained when the is strictly
warming surface temperatures in Canada.

From 1930 to 1965, there was a very low activity phase of Canadian
wildfires and low burned area (negative phase of the 60-year cycle). During
this period, one can speculate that the AMO’s positive phase causes more
cloudiness, precipitation, and snow in Canada, so the vegetable fuel is wet,
and the number of forest fires is low. It is during this negative phase that
there were no reports of frequent wildfires nor any large, widespread wildfires,
with one or two exceptions like the Chinchaga Firestorm of September 1950
engulfing 1.4 million ha of boreal forests of the Northern Alberta and British

Columbia.
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Then there is an increase in wildfires and the size of the burned area
from 1965 to 1980 (positive and ascending phase of the 60-year oscillation).
Thirdly, there is a stable high phase of both in the number of forest fires
and in the area burned between 1980 and 1990. This stable interval takes
place around the maximum of the 60-year cycle. After this decade of relative
stability, a surprisingly decrease in wildfires and areas burned in Canada
from 1990 till 2019 (descending phase and negative phase of the 60-year
pattern). This overall positive phase of forest fires (1965-2000) coincides
with the negative phase of the AMO, which causes less precipitation and
snow, which is why fuel load has accumulated, and the number/frequency of
forest fires is very high.

Large Canadian wildfires (see, for example Stocks et al., 2002) are re-
ported during the positive phase of the trend of these fires but then again
decrease substantially, or there was no major fire catastrophe during the last
negative phase of the 60-year oscillation from the 2000s till present. Our
Bayesian ML model predicts that this low fire frequency phase will probably
last until 2030 (which coincides with the current positive phase of the AMO)
and then a new high season of forest fires will begin (which will most likely
coincide with the negative phase of the AMO), and the highest number of
forest fires will peak at around 2040 -2045.

Also, even if the warm-dry hydroclimatic conditions for the 21st cen-
tury might be conducive to increase fire frequency (Gaboriau et al., 2020).

Nevertheless, this does not automatically mean a corresponding increase in
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wildfires’ areal extent and intensity, especially if the more open landscape
and particular vegetation type (i.e., conversion to more deciduous forests

from coniferous type) prevail in Canada.

e Russian wildfires

The total area of forests in Russia is equivalent to 70% of the country’s
total land area. The meteorological conditions conducive for wildfires in
Russia are: a) winters with little snow, b) a long period without rain, c) a
high air temperature, and d) a low relative humidity. All these conditions
are necessary, but they are not sufficient. Because for the appearance and
development of a fire, two additional conditions are needed, such as the
accumulation of vegetation fuel load and the presence of a fire/triggering
source.

The main force of Russian forest fires is anthropogenic, and the second
most important source is hydrometeorological and in the low latitude terri-
tory of Russia, the anthropic factor causes 98% of fires, and in high latitudes,
it is electrical storms that cause 50% of forest fires. However, in some regions
of northern Russia, 90% of forest fires can be caused by electrical storms.

For the third most important factor, the Russian wildfire patterns are
caused by changes in the coupled atmosphere-ocean climate and weather
system, and this aspect will be analyzed in this paper. In the case of Russia,
the number of variables as input data for the MCW calculation is N = 10. The

standardized time series, in addition to the number of yearly Russian forest
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fires, are ENSO, PDO, AMO, NAO, ACE, TSI, burned area, precipitation
and surface temperature (top panel in Fig. 7). The historical record of
Russian wildfires began in 1948.

The global time-averaged wavelet spectrum of the third MCW (left panel
in Fig. 7) again shows both the decadal and new multi-decadal 30+5-year
patterns. The first pattern is less than 95% of the confidence level and the
second scale is more significant confidently established owing to the intrinsic
shortness of the data records. The decadal and multi-decadal phase shows
a complex nonlinear relationship among the total of ten variables studied.
The multi-decadal cross-function of 30 years (blue curve in the bottom panel
of Fig. 7) will be adopted to help offer a theoretical forecast for the next
cycle of Russian wildfires, which will be compared with the Machine Learning
predictive model. The global phase (right panel in Fig. 7) also reaffirms the
complexity of the relationship between all ten co-variables.

We note the absence of annual patterns again because these are local
factors in different Russian landscapes and forests and that seasonal climatic
conditions also modulate these. We further note that the ENSO multi-annual
patterns are also absent. Everything indicates that the effects of ENSO on
wildfires are ultimately manifested on a more extended duration timescale,
i.e., decadal and multi-decadal that are more intrinsically tied to the fuel-load
climatic-ecological-environmental conditions and fire interactions

The modulation of ENSO by the TSI has been reported (Le Mouél et al.,
2019; Weng, 2005; Douglass and Knox, 2015). Now, in addition to this
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Figure 7: Time-frequency multi-cross wavelet from 1948 to 2019 between number of Rus-
sian wildfires, burned area, surface temperature, rainfall, snow cover, atmospheric-oceanic
circulation and energy indices AMO, PDO, NAO, ENSO, ACE, and the external solar forc-
ing factor TSI. The bottom panel shows the multi-decadal cross function at the significant
timescale of 35-years (blue line) and the instantaneous phase relative for the same multi-
decadal oscillation (black line). All other panels present similar information as described
in Fig. 3 but for the Russian wildfire statistics.

pattern, its multi-decadal pattern on atmospheric and oceanographic circu-
lations must be taken into account in order to offer a prediction of Russian
wildfires.

We obtained a Bayesian Machine Learning (solid blue curve in Fig. 8)
that describe the variability of Russian wildfires between 1948 and 2020 (i.e.,
objective data), which are represented as a black line to the left of the vertical
blue line of Fig. 8. It can be noted again that the historical annual-based data
of these fires are well distributed around the Bayesian model. This model
represents the multi-decadal frequency fluctuations of Russian wildfires.

It should be noted that during 1948-1965, 1975-1990 and 2010 and pos-

sibly until 2025, the precipitation in the Russian territory is well above its
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Figure 8: Annual frequency of wildfires in Russia from 1948 to 2019 (black line) compared
with the Model’s Machine Learning Bayesian inference (blue line). The horizontal solid
black and dashed black lines are the mean fire frequency and its one standard deviation
interannual statistics, respectively, for the objective data from 1948-2019 interval. The
blue shaded area represents the 95% confidence intervals of the Bayesian ML model.

average value (hence an increase in fuel loads), and although El Nino events
have been recorded, they have no clear and direct impacts on the increase
in the number of fires or the increase in the burned area of Russian forests
since the historical wildfire in Russia is at a minimum and are around o~.
Notably, the highs (lows) of Russian wildfire activity occur in the negative
(positive) phase of the 30-year PDO oscillation when rainfall and snow were

well below (above) its historical average.
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4. Discussion

Wildfires severely affect human society over the Northern Hemisphere,
its safety, life, health, assets, economy, and properties, among other issues,
every fire-active season without fail. They also affect the ecosystem and the
environment. However, passive and emergency-based reactions and responses
do not allow us to minimize the risks and vulnerability that Northern Hemi-
sphere’s society has endured and continue to suffer from wildfires. This is
why we initiated this new framework to offer quantitative analyses and po-
tential predictability of wildfire statistics in the Northern Hemisphere that
may promise an operational transition from a quasi-passive response system
like the one currently available to a disaster prevention system that may of-
fer multi-years to even decade-long future horizons. Such a framework has a
close tie to and need for remote sensing monitoring of the environment, as
outlined in the further discussion below.

The fundamental difficulty of making any wildfire activity prediction for
either near-term or long-term is the complex relationship between the vari-
ability of wildfires and global and regional climate changes, variations in the
atmosphere-ocean circulation and transport modes, and even uncontrollable
external factors. In addition, there are geographical and ecological settings
to consider. If that were not enough, significant difficulties are analyzing the
multi-factorial nature of the underlying deterministic and noisy relationships
between wildfires and all relevant causative factors, including even arsons.

Faced with this complex situation and task, we show the powerful utility
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of the new techniques from Artificial Intelligence’s Machine Learning. Ma-
chine Learning is a potent tool in analysing historical wildfire and its long-
term prediction, especially when the available recorded baseline data are not
enormously large. We develop a new methodology using various machine-
learning algorithms and techniques to find the climatic patterns and ecologic
conditions that induce high and low cycles of wildfires in each country of
the Northern Hemisphere analyzed in this paperwork (the USA, Canada and
Russia). Based on these intricate patterns of wildfires, we then strive to
predict wildfires in longer-term.

Our newly developed methodology consists of differentiating from histor-
ical wildfire data the useful signals (i.e., deterministic patterns) and noises
(i.e., stochastic fluctuations) to get a maximum signal to noise ratio. Find
the climatic patterns that induce forest fires high and low cycles for each
country in the North Hemisphere.

Once the patterns are identified, models to the average variability were
trained, and these trained models can, in turn, explain more than 90% of the
variations in the historical data. Trend models that can explain the complex
variations in wildfires and the burned area were constructed. Subsequently,
the models obtained are used to train the predictions of the following decadal
or multidecadal cycles. We use MCW |, Bayesian, and LS-SVM (i.e., described
in the Method section below) in this process, but they can be replaced by
any other algorithms of the user’s preference. We examine any alleged re-

lationship of the wildfire activity with climatic variables (including not only
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regional temperature and precipitation but also snow cover for the USA,
Russia and Canada), several climatic circulations and moisture indices (i.e.,
ENSO, PDO, NAO, AMO and even Accumulation Cyclone Energy, ACE, in-
dices), and external nudging factors like the Sun’s irradiance activity cycles.

Specifically, we studied all the underlying co-factors responsible for the
wildfire occurrence statistics for the USA, Canada, and Russia to find the
climatic patterns that induce high and low wildfire cycles. We found that var-
ious combinations of local and regional climatic conditions, ocean-atmosphere
circulation factors, and the external solar irradiance modulation factor can
explain more than 90% of the wildfire frequency records.

The results obtained with Machine Learning from the analysis of the
historical wildfires show that the decadal oscillation is present in the wild-
fires of all three Northern Hemisphere countries analyzed in this work. The
difference is in the trend of these fires. While Canada has a multidecadal os-
cillation pattern of 60+ 5 years, the USA and Russia have a 40+5 and 30+5
years modulation pattern. There are evidence for a decadal-like modulation
of the wildfire frequency statistics in all three rather disparate geographical
regions and ecological regimes. We interpret this set of empirical evidence to
propose a quasi-decadal modulation of the regional fuel-load, hydro-climatic
and wildfire conditions by the 11-yr Total Solar Irradiance (TSI) cycles. The
relationship senses that precipitation is high during the 11-yr TSI high phase,
the temperature is relatively cool or mild. Also, biomass fuel load build up

with low natural fire frequency and tendency until the low TSI phase sets
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with dry and hot period with high fire frequency.

Finally, we proffer the forecast of emerging wildfire activity, adopting both
the decadal and multidecadal oscillations identified over the USA, Canada
and Russia using the Machine Learning training method. The results show
that a new high cycle of forest fires has begun in each Northern Hemisphere’s
country (i.e., USA, Canada, and Russia) due to a combination of climatic
variations (decadal and multidecadal) of the land-atmosphere- ocean system.

The Bayesian probabilistic forecasts for the USA, Canada and Russia
also show a new high season of wildfires. It allows us to understand and
be prepared for the future condition of the vulnerability, risk and danger of
the boreal forests of the Northern Hemisphere associated with the impacts
of climate change as well as anthropic activity.

In addition, these forecasts can be used to generate prevention actions in
regions where the vegetation has shown greater vulnerability to forest fires.
Evergreen and deciduous coniferous trees have been reported to be the most
vulnerable cover to adverse atmospheric effects in the boreal areas of the
Northern Hemisphere.

From the analysis of satellite data, we find that forest, agricultural, grass-
land, and scrub-type covers have the highest probability of ignition due to the
frequency of fires associated with these land vegetation covers. Furthermore,
the spread and permanence of fires during the months of July-December is
associated with the accumulation and distribution of combustible materials

in preceding events and with stressed vegetation due to the effect of climatic
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variability and human activity. In addition, the percentage of wildfires has
increased between 2001 and 2018 by 8.9%, 46.5%, and 19.6% in the USA,
Canada and Russia, respectively, for the main fire-affected vegetation cate-
gory of tree cover, needle-leaved, evergreen vegetation covers

The increase in wildfires in non-forested vegetation cover is due to their
greater capacity for ignition and fire propagation concerning boreal areas.
In addition, its capacity for adaptation and resilience allows rapid regenera-
tion and recovery, contributing to the accumulation of combustible materials
mainly in transition zones (non-forested and forested land covers). These
vegetation covers are located generally in lower elevation areas, where the
frequency of fires is higher, limiting the forest regeneration process, con-
tributing with new combustible materials and the colonization of vegetation

vulnerable to the dominant climatic hazards for each study region.

5. Conclusions

The boreal forests of the USA, Canada and Russia are the most important
carbon sinks. The percentage of wildfires affected vegetation category of
the tree cover, needle-leaved, and evergreen vegetation cover has increased
between 2001 and 2018 by 8.9%, 46.5%, and 19.6% in the USA, Canada and
Russia, respectively. If the increase in wildfires continues in these countries,
it could unbalance and overturn the Northern boreal forest’s capacity as a
carbon sink. This is why any capability to forecast wildfires reliably will be

significant to minimize the risks and vulnerabilities of boreal forests of the
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Northern Hemisphere.

We present a new methodology utilizing Machine Learning models with
both purposes of developing models give insights into the complex relation-
ship between the land-atmosphere-ocean system and Northern Hemisphere
wildfires and the forecast of long-term wildfire. Our machine learning models
show a new phase of high wildfire activity throughout the Northern Hemi-
sphere has begun in 2020, created by decadal and multi-decadal variations
of the coupled solar-land-atmosphere-ocean system.

Our ML model forecasts peak wildfires at around 2022+3, 2035+3, 204545
for the USA, Russia, and Canada, respectively. The new high wildfire activ-
ity phase will persist in the USA, Russia, and Canada until 2030, 2045, and
2055, respectively.

The results also indicate that a decadal oscillation occurs in wildfires
of all three North Hemisphere countries with different varying patterns in
each country. While the USA have another intrinsic oscillation of 40+5
years, Russia and Canada have oscillatory patterns of 3045 and 60+5 years,

respectively.
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ss  Appendix A. Land Cover Classification System

Table Al: Classification of values from Land Cover Classification System (LCCS) to Land

Cover (LC)

’ LCCS codes ‘ Types of land covers

10 | Cropland rainfed
20 | Cropland irrigated or post-flooding
30 | Mosaic cropland / natural vegetation (Tree, shrub, herbaceous cover)
40 | Mosaic natural vegetation (Tree, shrub, herbaceous cover) / cropland
50 | Tree cover, broadleaved, evergreen
60 | Tree cover, broadleaved, deciduous, closed to open ( >15%)
70 | Tree cover, needleleaved, evergreen, closed to open (>15%)
80 | Tree cover, needleleaved, deciduous, closed to open (>15%)
90 | Tree cover, mixed leaf type (broadleaved and needleleaved)
100 | Mosaic T and shrub / herbaceous cover
110 | Mosaic herbaceous cover / T and shrub
120 | Shrubland
130 | Grassland
140 | Lichens and mosses
150 | Sparse vegetation (tree, shrub, herbaceous cover) (<15%)
160 | Tree cover, flooded, fresh or brakish water
170 | Tree cover, flooded, saline water
180 | Shrub or herbaceous cover, flooded, fresh/saline/brakish water
190 | Urban areas
200 | Bare areas
210 | Water bodies
220 | Permanent snow and ice
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