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Abstract: Wildfires present a significant risk to societies globally due to population growth, con- centrated activities, climate
change, and extreme environmental conditions. To establish effective fire suppression and management policies, it is crucial to
determine whether the distance between ignition points and urban areas is increasing or decreasing. This study analyses 101,597 fires
in Spain and California between 2007 and 2015, using the Mann-Kendall test to determine trends. The study analyses the location
and cause of fires to determine their distance from human constructions over time at two spatial scales. The findings suggest that
wildfires are not moving away from buildings and, in some areas, are moving significantly closer.
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1. Introduction

In the year 2022 Senande-Rivera et al. [1] presented a world map of fires and the bleak forecasts for the future. More
recently, Calkin et al. [2] reflected on the question of whether the fires affecting urban areas were not forest fires, or at
least not the fires to which we are accustomed.

Numerous authors have studied forest fires from various perspectives, including their causes [3—6], effects on soil
[7-9], vegetation [10-12], and impact on animal populations [13,14], both positive [15,16] and negative [17]. It is increas-
ingly important to examine the economic and social consequences of forest fires. Studies have been conducted on the
impact of fires on the economy [18-22], employment [23,24], and the cost of damage to infrastructure [25-28], buildings
[29-31], and homes [32-36]. All of these works, with varying objectives, methodologies, and areas of study, enable us
to partially comprehend the causality and consequences of fires.

Previous studies on fires have highlighted the significance of the location or physical space where the fire occurs.
Researchers have analyzed various aspects such as the frequency of fires in a particular area [37-43], the danger or risk
of wildfires [44-48], and the size and area burned [49-53]. The process of how fire approaches buildings [29] has been a
major concern for researchers.

The term wildland-urban interface (WUI) refers to the urban wildland interface com- munity exists where humans and
their development meet or intermix with wildland fuel. This concept has gained importance since the beginning of the 21st
century [54,55], particularly in analyzing the risk of fires and the presence of different types of buildings, vegetation,
and factors related to the population. The classification of WUI in the past has been based on the likelihood of fire oc-
currence and vulnerability [56,57] of settlements. However, these classifications lack generality with regards to the fire
regime [58]. Bento-Gongalves and Vieira [59] provides a comprehensive overview of research on WUI from various
perspectives. However, it does not include any papers that analyze the spatiotemporal evolution. In the same year,
Intini et al. [60] conducted a review of the variables, standards, and guidelines used to establish WUI zones in different
countries and areas of the world.

This review highlighted that fire history is not taken into consideration when defining WUI zones in California or
Spain. In a recent paper, Taccaliti et al. [61] reviewed 162 scientific publications from 1983 to 2022 on the definition and
interpretation of WUI and its application in different territories. Among these works reviewed, only Tolhurst et al. [62]
provides a dynamic definition that accounts for the variability of the interface zone based on weather, fuel, fire scale,
and terrain.

The aim of this study is to determine whether the ignition point of fires in two areas, which have been highly
affected by fires, has moved closer to or further away from buildings in recent years, based on available data. By
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establishing whether there is a clear pattern of behavior in each territory or if there are spatial and/or temporal changes,
we can determine strategies for delimiting the WUI and firefighting with greater precision.

2. Materials and Methods
2.1. Overview of the Study Area

2.1.1. Spain

This work analyses wildfires recorded in Spain from 2007 to 2015. Data were obtained from the General Forest Fire
Statistics available at the Spanish Government Data Portal (https://datos.gob.es/en/catalogo/e05068001-estadistica-gen-
eral-de-incendios-forestales). The dataset covers the period from 1983 to 2015 and provides details on the spatial coor-
dinates and time of ignition for each point, along with information on the cause of the fire, suppression time, and burned
area. The regional governments report this data to the Ministry. Before 2007, over half of the regions did not provide
coordinate values. Therefore, 2007 was chosen as the starting date for the study. From 2007 to 2015, the regions of the
Canary Islands, Cantabria, the Basque Country, Madrid, and Navarre had more than 50% of missing coordinates in one
or more years, so they were excluded from the study. The regions studied are those depicted in the Figure 1.
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Figure 1. Forest fires occurring between June and October from 2007 to 2015, Spain.

This article focuses on the summer fire season, which lasts from June to October in southern Europe [63]. Wildfires
are most concentrated during this period, with the majority of the burned area occurring at this time. The distribution of
wildfires in Spain is shown in Table 1.

Table 1. Forest fires 2007-2015, Spain.

Total number Total burnt Number of fires Burnt area be- % of total fires between% of total area burnt
Year of fires area (ha) June- October tween June-Octo- June-October between June and
ber (ha) October

2007 5590 53310 2801 39494 50.1 74.1

2008 6552 41870 2604 20825 39.7 49.7

2009 8953 119400 3977 88626 444 74.2

2010 6298 47179 3791 35479 60.2 75.2

20119893 93248 6369 71505 64.4 76.7

2012 9483 207508 3403 151693 359 73.1

2013 6023 61486 4351 52566 72.2 85.5
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2014 5301 41391 2449 21708 46.2 524
2015 6716 108806 3521 77935 524 71.6

Table 2 displays the distribution of fires according to their causes.

Table 2. Forest fires 2007-2015 by cause, Spain.

Number of fires Burnt area between June-October (ha)

Cause Total number of fires Total burntarea (ha) June-October

Arson 37341 377102 18181 (48.7%) 227841 (60.4%)

Lightning 1669 43319 1489 (89.2%) 40584 (93'7%3)

Negligence 18643 290440 9494 (50.9%) 243027 (83.7'%)

5e]gr8_ 1139 20550 818 (71.8%) 15844 (/7.1%)

uce
Undefined 6012 42782 3284 (54.6%) 32533 (76.0%)

The data show that forest fires during the period under review were mainly caused by negligence and arson, which
together accounted for more than 60% of the total area burnt.

2.1.2. California

The Californian data is sourced from the U.S. Department of Agriculture [64] and shares similar data fields with
the Spanish data, including coordinates of ignition points, causes, suppression time, and burnt area. The data has been
processed to correspond with the same period as that chosen for Spain, ensuring comparability. See Table 3 and Figure 2
for more information.

Table 3. Forest fires 2007-2015, California.

Burnt area be- % of total area

Total num- Total burnt ~ Number of tween June-Octo- % of total fires be- burnt between
ber area (ha) fires June- Oc-  ber (ha) tween June and October

Year of fires tober June-October

2007 5427 422788 3622 406816 66.7 96.2

2008 5231 578717 3740 548030 715 94.7

2009 4069 188592 2957 179186 72.7 95.0

2010 3300 48848 2792 45571 84.6 93.3

2011 4601 77683 3467 72879 75.4 93.8

2012 3868 307801 2700 303423 69.8 98.6

2013 4403 237287 2563 195918 58.2 82.6

2014 2828 221176 1766 206518 624 934

2015 3061 343332 2215 335022 724 97.6
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Figure 2. Forest fires occurring between June and October from 2007 to 2015, California.
Table 4 displays the distribution of fires in California according to their causes.

Table 4. Forest fires 2007-2015 by cause, California.

Number of fires Burnt area between June-Octo-
Cause Total number of fires Total burnt area (ha) June-October ber (ha)
Arson 3075 121108 2307 (75.0%) 118156 (97.6%)
Lightning 3462 1055175 3293 (95.1% 1045989 (99.17%)
Misciunde- 18435 776272 13111 (71.1%) 683524 (88.1%)
Negligence 11816 473670 7111 (60.2%) 445694 (94.1%)

The distribution of fires differs significantly from that in Spain. Arson is a residual factor, while lightning has a
significant impact on the burnt area, but not on the number of fires.

2.2. Global Human Settlement Layer (GHSL)

The Global Human Settlement Layer [65] project is supported by European Commission, Joint Research Center and
Directorate-General for Regional and Urban Policy. As described in project page: these data contain a multitemporal infor-
mation layer on built-up presence as derived from Landsat image collections (GLS1975, GL51990, GLS52000, and ad-hoc Landsat 8
collection 2013/2014). The data have been produced by means of Global Human Settlement Layer methodology in 2015. The main
product is the built-up area grid published in the production grid at high resolution, i.e. at around 38m. The distance from ignition
points to the nearest built-up was determined using SQL queries and a postgis database [66]. The layer’s overall situation
is illustrated in Figure 3 and Figure 4.
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Figure 3. GHL layer, Spain.
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Figure 4. GHL layer, California.

2.3. Discrete Global Grid

As noted by Wang et al. [67], traditional lon/lat grids are unsuitable for global analysis due to problems such as

spatial distortions, fractures, inconsistency of spatial relationships, and data overlap. To address these issues, a Discrete

Global Grid (DGG) partitions the Earth’s surface into uniform cells, each containing a single region. This logical struc-

ture avoids the common problems associated with traditional grids [68]. This article analyses temporal trends at different
spatial scales using two grids (levels 8 and 9; 7774 and 2591 kms? respectively) created by DGGRID [68] with an Icosahedral
Snyder Equal Area Aperture 3 Hexagonal Grid. Each cell was assigned the monthly median distance to the nearest

building from the ignition points, based on the provided data.
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2.4. Methods

The Mann-Kendall test [69,70] was applied to analyze temporal changes in proximity from ignition points to build-
ings. This test is a non-parametric statistical test that determines the significance of long-term trends without making
assumptions about the underlying distribution of data or specifying whether the trend is linear or non-linear. The test
checks for the presence of a monotonic upward or downward trend. It is a rank-based procedure, resistant to the influ-
ence of extremes, good for use with skewed variables [71] and insensitive to missing values [72]. The Mann-Kendall

statistic, S, is calculated as follows: S = Y21 X7 441 Sign(x; — x) where:
+1 Xj— Xy > 0

sign(x; —x,) = { 0%, —x, =0
-1 X — X < 0

x represents data points, n the length of the data points and xj represents the data point at time j. The calculation of
probability is related to S and n. When n > 10, S is generally in a standard normal distribution and the variance is
computed as follows:
n(n—1)2n+5) — Y7L x(x — D(2x; +5)

18

VAR (S) =

where m is the length of the tied group.
The statistic Z is calculated using the following equations:
§—-1
—,5>0
JVAR(S)
Z 0,5=0
S+1
—,5<0
JVAR(S)

The trend is said to be decreasing if Z is negative and the computed probability is greater than the level of signifi-
cance. The trend is said to be increasing if the Z is positive and the computed probability is greater than the level of
significance. If the computed probability is less than the level of significance, no trend is present. In this study, the
significance level a = 0.05 is applied. Yue and Pilon [73] showed that the Mann-Kendall test and the bootstraped version
have the same statistical power. In this study we used the latter. Therefore, we estimated the p-value (ps) of the So ob-
served sample data using the bootstrap empirical cumulative distribution (BECD~S*curve) as:
my
M
where M is the total number of bootstrapped resamples (1000 in this study) and ms is the rank corresponding to the
largest value $* < S,.

The Mann-Kendall test does not require any assumptions about the data distribution. However, it does require

p_

that the data be serially independent, meaning that there is no autocorrelation in the time series. To determine the
presence of autocorrelation, we performed a Ljung-Box test [74]. If the test was positive, we used a modified version of
the Mann-Kendall test for autocorrelated data [75-78].

Kendall [70] indicated that this test can be used even if N is as low as 10 provided that there are not too many tied
values, so cells with low occurrence of wildfires (less than 10 months of data) were excluded.

All the statistical analyses were performed using R and package “modifiedmk” [79].

3. Results

It is important to note that, despite differences in socio-economic factors, land structure, and fire characteristics,
there is no area in California or Spain where fires have a statistically significant tendency to begin further away from
human-built areas. On the contrary, fires in some areas show a significant tendency to start closer to urbanized zones.
However, this effect varies depending on the case.

Figure 5 and Figure 6 show the global results for Spain. Red flags indicate areas where the distance from ignition
points to buildings tends to decrease. Consistency in the results was observed at both observation scales in the center of
Spain, while differences were found in western and eastern Spain. As cells size decreases, less data is available for each
one and may explain this differences, causing an effect similar to the modifiable areal unit problem [80,81].
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Figure 5. Mann-Kendall test, Spain, Resolution 8.
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Figure 6. Mann-Kendall test, Spain, Resolution 9.

When analyzing the results of the Mann-Kendall test for Spain segmented by cause, it is observed that for arson
fires (Figure 7a and Figure 7b), there are several areas in the west where the tendency to start closer to human construc-
tions is statistically significant for both scales of observation. Figure 1 illustrates that this is where arson is most signifi-
cant. However, in the central and eastern regions, there are extensive areas with such a low occurrence of this type of
fire that analysis at resolution 9 is not feasible. Furthermore, there is no correlation between the findings of the two maps
in these regions. For negligent fires, significant downward trends are found at 6.0% of total area in resolution 8, decreas-
ing to

3.9% inresolution 9. Lightning caused, reproduced and unknown fires are too sparse and infrequent to be analyzed.
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(c) Negligence. Resolution 8 (d) Negligence. Resolution 9
Figure 7. Mann-Kendall test by cause, Spain.
The Mann-Kendall test results for California (see Table 5 and Figure 8 through Figure 10h) show differences be-

tween zones and spatial scales. As can be seen in Figure 2 the distribution of fires by cause in California is not uniform
and appears to be the source of these differences.
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Figure 8. Mann-Kendall test, California, Resolution 8.
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Figure 9. Mann-Kendall test, California, Resolution 9.

It is noteworthy that the areas where arson tends to start progressively closer to the buildings (Figure 10a and
Figure 10b) are located on the edge of populated cities.

Y ]

(c) Lightning. Resolution 8 (d) Lightning. Resolution 9
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(g) Miscellaneous/ undefined. Resolution8 (h) Miscellaneous/undefined. Resolution 9

Figure 10. Mann-Kendall test by cause, California.

Table 5. Mann-Kendall test results, significant downward trend (ps < 0.05), California.

Cause % of area at resolution 8 % of area at resolution 9
All causes 3.8 14
Arson 6.3 7.0
Lightning 74 3.5
Misc/undefined 2.0 4.2
Negligence 6.2 9.3

4. Discussion

Our research is unique in that it compares fire trends in two geographically distant regions with similarities and
differences in their relationship to fire. To the best of our knowledge, this type of analysis has no scientific precedent.
Previous studies on forest fires have either focused on general patterns at global scale [82,83] or on a continental or
subcontinental level [84,85] but not in the evolution of relative positions of fire and built up areas.

Previous studies at subregional scales, such as [5,37,43,86] or [87], and for the entire study region, such as [50,88-
92], have analyzed fire statistics using various techniques. This allows us to make partial comparisons with our results.
In general, summer fires exhibit a spatial distribution throughout the study period with certain irregularities in both
regions. This is a common occurrence in Mediterranean climate zones, as previously noted by authors such as Calheiros
et al. [93] in the case of Spain and Yadav et al. [94] for California. These authors attribute the occurrence of more or
fewer fires in summer to climatic variability [95,96], which is a fundamental factor. They also note that other socio-
economic variables [5,6,24], irregularly distributed across the territory, are associated with increased fire activity.

The scientific community [97] has been discussing the selection of a spatial scale for studying wildfire forecasting.
The spatial scale of distribution-based approaches varies from fine-scale grids, which are typically 1 km x 1 km or
smaller [98-101], to larger scales of approximately 10 km x 10 km [102-104], multiscalar [105,106] or by using computer-
ized and artificial intelligence techniques [107,108]. Throughout the work, we aim to ensure the robustness of our results
by validating them at different spatial scales, which is a crucial aspect of classical landscape analysis [109,110]. The limits
of the analysis were motivated by the lack of data in some cells, either generally or for certain fire causalities. When
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comparing our results to the scheme presented in Parisien and Moritz [111] on the dominant factors affecting fire at
multiple spatial and temporal scales, we observe that the results remain relatively constant even when changing the
spatial scale. Several authors have conducted spatio-temporal studies of fires using different methods and window sizes
[37]. The authors have recently conducted a study on a wider region [5], differentiating between fire causality. They found
notable differences in the spatio-temporal behavior of arson and negligence, with clustering patterns that change over
time. In contrast, natural patterns maintain a constant distribution. For this region, we analyzed the evolution of fire-
causing conflict behavior using both zero-one-inflated structured additive beta regression techniques [98]. We found that
the behavior evolved spatially and temporally.

The analysis revealed that there were no cells in the different scales examined for the two regions where fires were
significantly moving away from buildings. This result partially supports Calkin et al. [2] proposal that fires are increas-
ingly encroaching on buildings, highlighting the need for us to prepare for living with fire [112]. The findings do not pro-
vide a clear indication of the fires” approach to the buildings. Instead, the situation can be described as spatially stable
with a tendency for some areas to become closer. In both California and Spain, there are few zones that show significant
values of approach over time, demonstrating the stability of the affected areas. Chen and Jin [113] demonstrated that
fires in California follow consistent patterns in terms of their probability of occurring in specific areas of the territory,
but differ in terms of their causality. Galizia et al. [114] explained the distribution of fires at a European scale and
identified the areas where they were more frequent. Bugallo et al. [92] used zero-inflated negative binomial mixed model
techniques to identify fire behavior patterns and explanatory variables in Spain. Boubeta et al. [115] also used mixed
models, specifically Poisson, to predict constant fire behavior in fire areas. These findings are consistent with previous
research indicating that fires tend to occur repeatedly in the same areas, albeit in smaller numbers. Our contribution
enables us to determine whether more detailed behavioral patterns exist that explain the relationship between fire and
human infrastructure, which has not been adequately studied and compared in two regions such as Spain and California.

In terms of cause distribution, there is an issue with the varying classifications between California and Spain. In Spain,
lightning or natural fires are infrequent [5,116,117], making analysis unfeasible due to a lack of data. Therefore, the Span-
ish fires analyzed are of the arson or negligence type. Regarding arson, it has been observed that fires tend to occur
closer to buildings in areas where fires are not frequent and where structural reasons cannot explain the cause of arson
[95,118,119]. These are areas where fires occur occasionally, and their origin is often due to conjunctural reasons, such
as negligence [120], which can give rise to a certain random character while maintaining a certain spatial pattern. In
their analysis of the Galicia region, where half of Spain’s fires occur, Marey-Perez et al. [5] found that the distribution of
natural wildfires remained stable over the years, with a high incidence in summer and in the eastern area of Galicia. Arson
wildfires exhibit aggregated patterns, with a strong interaction between outbreaks and fires. Their distribution varied
both over and within years, with high incidence shifting between the southern and western areas. High hazard was ob-
served in early spring and late summer. Negligence wildfire patterns show short-distance aggregation, and their spatial
distribution also varied between and within years.

In California, fire causes are classified more broadly. When compared to Li and Banerjee [50] study of all fires by
cause between 1920 and 2019, it becomes clear that natural and human-caused fires follow different patterns in time and
space. Natural fires are primarily concentrated in the northern part of the state, whereas arson and human-caused fires
tend to occur in a north-south direction along the Central Valley and the Sierra Nevada area, between Plumas and Tulare
counties. These fires have caused significant damage to buildings [121,122]. Chen et al. [123] found that population
density and its increase were significant factors in explaining a large number of arson fires. Yadav et al. [94] suggested
that sociodemographic characteristics of the population could also explain fire behavior. It is worth noting that cells
in which fires had a significant approach to buildings were relatively rare, but they were located in areas where more
fires occurred. For natural fires, the situation is concentrated in the north, specifically in Humboldt to Modoc counties,
which are generally less affected by fires [124]. Fires caused by natural causes in California follow more random patterns
[121], although there are explanatory factors, such as the presence of mixed conifer forests, that facilitate the spread of
fires when the right environmental conditions are present.

5. Conclusions

Summer wildfires are a significant environmental, social, and economic problem in many regions of the world,
including Spain and California. It is necessary to establish methodologies and conduct scientific research to help reduce
the problem. It is of great interest to determine rigorously the evolution of the distance between the point of origin of
forest fires and human constructions. Our work makes an interesting contribution in this regard.
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Based on all fires located and classified by cause, the results obtained allow us to draw a clear conclusion: summer
fires in Spain and California are not moving away from human constructions during the analyzed period. Itis not possible
to assert with the same level of certainty that there is a statistically significant trend towards approximation in a general
sense. However, certain trends of approximation have been observed globally, in specific areas or by cause, which
should be considered and subject to further analysis.

In the future, research teams, including ours, can conduct a detailed analysis of the reasons and explanations for
the persistence of fires and their occurrence in specific areas and under certain conditions. Such results will advance the
science of forest fires and improve citizen safety.
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