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@stract

Forest and land fires occur every year in Indonesia. Efforts to handle forest and land fires have
not been optimal because fires occur in too many places with unclear patterns and densities.
The study analyzed the spatiotemporal patterns of burned areas and fire density in fire-prone
areas in Indonesia. Data of burned areas were taken from http://sipongi.menlhk.go.id/. The
website collected its data from NOPE(National Oceanic and Atmospheric Administration)
images. Data were analyzed using the hot spot analysis to determine the spatiotemporal patterns
of the burned areas and the kernel density analysis to examine the density of land fires. Findings
showed that the spatiotemporal pattern from 2016 to 2019 formed a hot spot value in the
peatland area with a confidence level of 90-99%, meaning that land fires were clustered in that
area. Inggdition, the highest density of land fires also occurred in the peatland areas. Clustered
burned areas with high fire density were found in areas with low-mediungggegetation density—
it was the peatland areas. The peatland areas must become the priority to prevent and handle
forest and land fires to reduce risk fires.
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. Introduction

Forest and land fires are recurring events in Indonesia and are the main contributors to
climate change [1-3]. Various methods have been carried out to overcome forest and land
fires, yet they do not show satisfying results [4]. The traditional method to monitor fires
employing the community is still practiced in Indonesia, including in South Kalimantan [5, 6].
This method, however, has made fire management less effective and dangerous. Electronic and
computer technology has enabled the development of methods for handling forest and land
fires through computer-based geospatial systems [6].

Geospatial technology is the most appropriate and easier method in analyzing
geographical phenomena, including monitoring land fires [7]. As fires often occur in spatially
vast and dangerous areas, the use of geospatial technology is considered the most appropriate
choice to handle such fires [8]. Geospatial technology allows analyzing forest and land fires at
various spatial and temporal scales [9]. Geospatial analysis can also prevent future fires and
help conserve forest and land resources [10]. A Geographic Information System (GIS) enables




efficient analysis of geographic phenomena, including spatial pattern analysis or spatial
relationship modeling [9, 11-14].

Spatial autocorrelation analysis is an analysis in GIS. Spatiotemporal autocorrelation
refers to the correlation of events within themselves over space and through time. It reflects the
extent to which events with similar properties are clustered or dispersed [15, 16]. Spatial
autocorrelation analysis aims to analyze whether the variables are spatially correlated and how
relevant they are—and how theggjeenerate hot spots [17, 18]. Hot Spot Analysis, an
autocorrelation ggalysis, refers to calculating the Getis-Ord Gi* statistic for each element in
the dataset. The Getis-Ord Gi* value can be used tggdetect the spatial distribution of clustering
high-value or low-value spatial units [19]. The Getis-Ord Gi* value based on the normal
distribution hypothegg test is more sensitive than the LISA (Local Indicators of Spatial
Association) method based on the random distribution hypothesis test [20].

In addition to using Getis-Ord Gi*, spatial-temporal analysis can use kernel density
analysis. Kernel density in the Geographic Information System is a method to determine
whether or not an occurring phenomenon forms a cluster [21]. Kernel density analysis
characterizes the horizontal pattern using spectral value information [22]. Kerngl density is
used to describe temporal and spatial heterogeneity [23]. The kernel method has been used in
region analysis only since the 1990s. In the contegy of area analysis, this method describes the
probability of observed objects in an area. This method begins by centering a bivariate of a
density probability function with a unit volume (kernel) over each sample point [24]. A regular
grid is then superimposed on the data, and a probability density estimate is calculated at each
grid intersection by summing the volume of overlapping kernels. The density estimation at
ERch grid intersection is used for the calculation of the bivariate kernel density estimation. The
resulting kernel density estimation will have a relatively large value in aggs with many sample
points and low values in areas with few sample points. Predicted region estimates are obtained
by drawing contour lines (isopleths) basedn the number of kernel volumes at grid
intersections. This isopleth defines predictive polygons at different probability levels whose
arca can be calculated.

Many autocorrelation analyses, such as Getis Ord Gi* and kernel density, have been

carried out to rehabilitate forest areas. Results of autocorrelation analysis in these studies are
clusters of forest damage so that adaptive forest rehabilitation actions can be planned [25].
Studies on the spatial pattern of soil erosion risk on agricultural land show the impact of soil
erosion, including problems of agricultural soil fertility [26]. Ord Gi* and kernel density
analysis can also analyze clusters and densities of earthquake events to examine clusters with
various magnitudes [27]. Kernel density analysis has also been used to estimate the temporal
and spatial patterns of carbon emissions—the results are used to plan efforts to achieve carbon
emjss reduction [23].
Forest and land fires are included in the geographical data, so they can be analyzed using
Getis Ord Gi* analysis and kernel density. The analysis helps reveal the spatial pattern of forest
and land fires so that strategies for fire management, mitigation, and prevention can be
designed [28, 29]. Unfortunately, studies on spatial patterns of land and forest fires and fire
density at various national and regional scales are still rarely carried out [30], including in
Indonesia. Kernel density analysis has been proven to be accurate for analgging the
spatiotemporal pattern of land fires [31, 32], so it is appropriate to use it in analyzing forest and
land fires in fire-prone areas in Indonesia, such as South Kalimantan dominated by wetlands
and peatlands.
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The pgrgern and density o.fforcst and land fires are useful for determining priority areas
in handling forest and land fires in South Kalimantan since forest and lands fires have increased
every year in the region. Based on data from http://sipongi.menlhk.go.id, fires covered 2,331.96
hectares of land in 2016, 8,290.34 hectares in 2017, 9,8637.99 hectares in 2018, and increased
to 137,848.00 hectares in 2019. The increasing land fires were due to the long dry season and
the suboptimal handling [33]. Programs to maiggge burned forests and land areas, especially
peatlands, have been widely carried out, such as by the Peat and Mangrove Restoration Agency
(Badan Restorasi Gambut dan Mangrove — BRGM) from 2016 to the present time, including
in South Kalimantan [31, 32]. However, such programs were suboptimal because they could
only restore limited areas while fires happened in such vast areas. This study focuses on areas
with the densest fires based on the results of the spatiotemporal analysis and fire ggpsity, so
responsible government agencies like BRGM can set up a priority in handling fires. This study
aims to analyze the spatiotemporal pattern of fires and fire density in fire-prone arcas in
Indonesia.

2. Materials and Methods
Research Location

The study took place in South Kalimantan Province with coordinates 5°20” - 1° 10’ S,
114° 0’ - 117° 40’ E with an area of 38,744 km?. South Kalimagh experiences land fires
every year and is a priority area for peat restoration [33, 34]. The research location is shown
in Figure 1.
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Figure 1. Research Location




Data

The primary data for this resedgh is the burned areas for four years from 2016 to 2019.
@Ac data comes from the website http://sipongi.menlhk.go.id/, the official website of the
Ministry of Forestry and Environment of the Republic of Indonesia. The fire data on the
website comes from NOAA (National Oceanic and Atmospheric Administration) data. The
number of burned areas each year is shown in Table 1.
TABLE 1: Data on Burned Areas

Number Year Number of Burned Area
(dots)

1 2016 43

2 2017 63

3 2018 191

4 2019 424
Source: http://sipongi.menlhk.go.id/
Analysis of Spatiotemporal Patterns with Hot Spot Analysis (Getis-Ord Gi*)

The analysis used to determine the pattern of land fires was the hot spot analysis. The hot
spot analysis is used to calculat@ffetis-Ord Gi* statistics on each data set feature [35]. The
calculation results will show the z-score and p-value in each featurgyith a high or low value
in the spatial cluster. This analysis considers each adjacq feature. Features with a high value
are attractive but not necessarily statistically significant. A statistically significant hot spot has
a high value and isggurrounded by other features with a high value as well. The number of local
features and their neighbors is compared proportionally to the sum of all features—when the
local number is very different from the expected local number, and the difference is too 1
to be the result of a random chance, the z-score results are statistically si@icam [36]. The
larger the positive z-score value, the more intense the grouping to form a hot spot, and vice
versa—the smallegpghe negative z-score value, the more intense the grouping to form a cold
spot [36, 37]. The formula of the Getis Ord Gi* is as follows.
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features

X = Average value

S = Standard deviation

N = Number of features

Hot spot analysis identifies significant hot spots and cold spots using the Getis-Ord Gi*

statistics using a set of weighting feaflres. Weighting features are based on the field attribute
selected from the analyzed layer. The neighborhood of each feature is compared withggk study
area to determine the value of each feature [37]. The value of z-score is interpreted in the hot
spot analysis. The guideline for interpreting the z-score is presented in Table 2.

TABLE 2: Guideline in Interpreting the z-score Value in Hot Spot Analysis

No z-Score Interpretation

1 <-2.58 Cold Spot - 99% Confidence
2 -2.58 -1.96 Cold Spot - 95% Confidence
3 -1.96 to -1.65 Cold Spot - 90% Confidence
4 -1.65to0 1.65 Not Significant

5 1.65to 1.96 Hot spot - 90% Confidence
6 1.96 to 2.58 Hot spot - 95% Confidence
7 >2.58 Hot spot - 99% Confidence
Source: [38]

Analysis ﬁBumed Area Density (Kernel Density)

The probability density function is a fundamental concept in statistics. Consider a random
number X with a probability density function f. The specific f function gives an overview of
the distributfin of X and allows the probability associated with X to be found in that
relationship. Kernel density calculates the density of features in the surrounding environment.
One fq:ure can be heavier than another due to the meaning of the feature itself [39].

e algorithm used to determine the default search radius is also known as bandwidth.
First, calculate the center mean of the input point if a population field other tharEjone is
selected, and the value of that field will weigh all the following calculations. Then, calculate
the distance from the mean center for all points. Next, calculate the median of the distance
(Dm). Finally, calculate the Standard Distance (SD) and the bandwidth with the radius search
formula, as presented follows [39].

searchRadius = 0.9 xmin (SD, ‘H(?x Dm) x n™92 4)

Standard distance

SD

Dm = Median distance

N = Number of points analyzed




The steps taken to make a density analysis at the burned areas can be formulated as an
analysis model shown in Figure 2.

Figure 2. Analysis Model of the Burned Area Density

3. Result and Discussion
The Spatiotemporal Pattern of Burned Areas in South Kalimantan

Burned areas in South Kalimantan Province continue to increase even though efforts have
been made to reduce forest and land fires. There were 42 burned points in 2016, 63 in 2017,
191 in 2018, and 424 in 2019. The spatiotemporal pattern aigysis helps identify fire patterns
in an area and the risk of fire recurrence in the same arca. Hot spot analysis can be used to
analyze the spatial pattern of the burned area. Table 3 and Figure 3 describe the clusters of
burned areas in South Kalimantan from 2016 to 2019. Moran index value and z value were
obtained directly from the Getis-Ord Gi* analysis (Table 3). Moran index vafile and z value
are used to identify gr@ping or scattered data. The trend includes cold spots if the z score is
negative and hot spots if the z score is positive.

TABLE 3: Data of the Global Moran’s I Summary of 2016-2019

0 2016 2017 2018 2019
Moran’s z-score  Moran’s Z-score Moran’s  z-score Moran’s Z-score
Index Index Index Index

-0.0093  0.1572  -0.0629 -0.8569 0.0394 1.3508 0.0447 1.6368
-0.0162  0.1019  -0.0654 09152 0.0275 1.1115 0.0517 23253
-0.0393  -0.1236  -0.0495 -0.6322 0.0277 1.2250 0.0559 3.0498
-0.0318 -0.0536 -0.0442 -0.5269 00214 1.1031 0.0427 27914
-0.0331 -0.0705  -0.0362 -0.3633 0.0213 1.2236 0.0438 3.3053
00496 -0.0270  -0.0275 -0.1604 0.0224 1.4065 0.0428 3.6308
-0.0551  -0.0270  -0.0447 -0.5968 0.0186 1.3422 0.0043 4.0809
-0.0788  -0.0270 -0.0174 0.0886 00111 1.0278 0.0399 4.1935
-0.0872  -0.0270  -0.0062 0.3848 00121 1.1631 0.0370 42883
-0.1056  -0.0270  -0.0066 0.3884 0.0149 14177 0.0351 4.4996

In 2016, clusters of burned areas with hot spots (90%) were found in South Hulu Sungai
Regency, Central Hulu Sungai Regency, and North Hulu Sungai Regency. Other regencies had




cold spots with a confidence level of 99% (Figure 3). Table 3 shows that the z-score is
dominated by negative values, which means a tendency to form cold spots. The two positive z-
score values confirm a tendency to form hot spots with a value of 0.1019 to 0.1572 in three
regencies. The negative Morgan index value indicates a random distribution of burned areas in
2016. Clusters of burned areas in South Kalimantan were formed in areas with low-medium
vegetation density (Figure 4), which are peatlands. Shrubs and plantation areas dominate
peatlands.

m,_

. _; il - i

", PR Bungai Tergdah i %, Hubi Sumgal Torgiah e ©
SunpaSsatap-’ mam:ru | .quusu;mdm\zn/ Ko'mﬂ‘ru h
- Y a7 b ] % Al

o

2019

2016 i 2017 2018

Clustering of Burn Area in South Kalimantan Province Hot Spot Analysis

Legend : ¥
Significance Level Critical Value W "‘h E
(P-value) (z-score) WW
oo01 [ <250 Cold Spot - 99% Confidence 5
0,05 [ 259198 Cold Spol - 85% Confidance Scale 1 ©4.000.000
0,10 | -1,96--165 Cold Spot - 90% Confidence o 40 & 160 240 320
- e ™ ™ 1 Kilomaters

— -165-1,65  Not Significant
040 [[7]165-198 Hot Spot - 0% Confidence
005 [ 196-258  Hot Spel - 55% Confidence
oor [ =250 Hat Spet - 99% Confidence

Figure 3. Clustering of Burned Area in South Kalimantan

The cluster of burned areas in South Kalimantan in 2017 was found in Tabalong Regency
with a 95% confidence level for hot spots. The cold spot cluster was found in Kotabaru
Regency with a 95% confidence level (Figure 3). Other regencies belonged to the non-
significant category. Table 3 shows that the z-score is dominated by negative values, which
means a tendency to form cold spots. There are three positive z-score values, which means a
tendency to form hot spots with an index value of around 0.0886 to 0.3884 in the Tabalong
Regency. The negative Morgan index value indicates the random distribution of burned area
in 2017, as in 2016. Clusters of burned areas were found in areas with medium vegetation
density, which are plantation areas (Figure 4).

In 2018, clusters of burned areas were found in Tanah Laut Regency, Banjar Regency,
and Banjarbaru City, with a 90% to 95% confidence level for hot spots (Figure 3). Other regions
belonged to the non-significant category. Table 3 shows that the z-score is dominated by
positive values, which means a tendency to form hot spots. The z-score value is positive,
ranging from -1.65 to 1.65, with the highest value being 1.4177 and the lowest value being
1.0278. The positive Morgan index value in 2018 indicates that burned areas were clustered in
the three regencies. Banjar and Banjarbaru have medium vegetation density and are peatlands,
while Tanah Laut has medium vegetation density and is a plantation area (Figure 4).




In 2019, clusters of burned areas were found in Barito Kuala Regency, Banjar Regency,
Tanah Bumbu Regency, Kotabaru Regency, and Banjarbaru City, with a confidence level of
90% to 99% for hot spots. Table 3 shows that the z-score is dominated by positive values,
which means a tendency to form hot spots. The z-score value is positive, ranging from > 2.5
and 1.96 to 2.58, with the highest value being 4.4966 and the lowest value being 1.6368. The
positive Morgan index value in 2019 indicates that burned areas were clustered in the five
regencies. Barito Kuala, Banjarbaru, and Banjar have medium vegetation density and are
peatlands, while Tanah Bumbu and Kotabaru have medium vegetation density and are

plantation areas (Figure 4).
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Figure 4. Land Cover in South Kalimantan Province (Source: MODIS Global Land Cover)

The spatiotemporal pattern from 2016-2019 confirmed that burned areas in the South
Kalimantan were clustered in the western part of the province with ditferent clusters each year.




The burned area clusters have similarity in land cover density—the low-medium density. The
western region of South Kalimantan is a peatland area, and land conversion to plantation
increases each year. Peatlands cover 331,629.00 hectares of South Kalimantan, distributed in
the western part of the region [40]. Oil palm plantations are the type of plantation developed
rapidly from scrubland in South Kalimantan. Changes in land cover from 1988 to 2014 were
forest to secondary forest to scrub or old scrub to oil palm [41]. Data from the Ministry of
Forestry and Environment in 2019 show that out of 1,828,646 hectares of land in South
Kalimantan, the largest agricultural area is dryland agriculture mixed with shrubs (391,256
hectares) and rice fields (325,730 hectares) [42].

Burned Area Density in South Kalimantan

Burned area density has changed from 2016 to 2019. The blue color on the map
represents a low hot spot density, while the red color represents a high hot spot density. The
weighted overlay sum from 2016 to 2019 on the hotspot density map produced a four-year
burned area density pattern. The resulting range is 0 to 0.0949859, where the larger value
indicates denser and more burned areas, depicted by the red area (Figure 5). In 2016,2017, and
2018, the highest burned area density was found in Hulu Sungai Selatan Regency, with a value
of 0.00505548,0.0113421, and 0.0415729, respectively. In 2019, the highest hot spot density
of 0.0581646 was in Banjar Regency.
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Figure 5. Map of Land Fire Density in South Kalimantan Province

The fire density results showed the consistency of high fire density in Hulu Sungai
Selatan, with an index value ranging from 0.03 to 0.09. Another area with a high variation in
the average index value was the west side of Banjar Regency, with an index value ranging from




0.03 to 0.09. In contrast to the high average variation of burned areas in Hulu Sungai Selatan
Regency, Banjar Regency showed a relatively low to medium variation from 2016 to 2018.
The highest increase in index value occurred in 2019. Apart from these two areas, several other
areas showed dynamics of burned area density. Balangan and the west side of Tanah Laut had
quite varied dynamics over four years.

The pattern of land fire density using the kernel method was similar to the pattern of the
hot spot analysis—fires in South Kalimantan repeatedly occurred in the western region with
high fire density from 2016 to 2019 (Figure 5). The western part of the region is peatlands and
converted land with low-medium vegetation density (Figure 4). Land fires in the middle-
eastern part of South Kalimantan occurred in low density marked in the blue color on the map
(Figure 5). The middle-eastern part of South Kalimantan has a high vegetation density (Figure
4)—it is the Meratus Conservation Area, so there is no fire.

This sp@ER! pattern shows that peatlands must be a priority for continuous monitoring
and handling of §ffest and land fires. The western part of South Kalimantan, including Barito
Kuala Regency, South Hulu Sungai Regency, Tapin Regency, Tabalong Regency, and North
Hulu Sungai Regency, been part of the peatland restoration area from 2016 to these days. The
peat restoration covers 38,762 hectares of land [43]. This number, however, is far below the
number of the burned area, which covered 137,848 hectares of land according to data from
http://sipongi.menlhk.go.id in 2019. Some areas with high fire density, such as in Banjar and
Banjarbaru, are also not included in the restoration area, so the handling of land fires in South
Kalimantan has not been optimal.

Burned area patterns and burn area density can be analyzed using Geographic
Information Systems (GIS). GIS can determine clusters of burned areas and fire density, as
shown in Figure 3 and Figure 5. GIS analysis is advantageous in classifying burned areas
spatially. Spatial analysis can determine fire @iZnsity and repeatedly burned areas [44]. The
spatial analysis helps determine priority areas in handling forest and land fires [45].

The pattern of land fires and the high variation in the average value of the burned area
density index also indicate the high intensity of fires in the area. The area with a clustered
pattern with a high index value, like the western area of South Kalimantan, indicates a high fire
intensity. The eastern side of South Kalimantan is a cold spot and has a low density of land
fires. Land cover changes may be one cause of such a situation. The eastern side of South
Kalimantan is the largest area with a low burned area density index value. This area is
dominated by dense vegetation cover, which is a forest area and a conservation area of the
Meratus Mountains. Forest areas have high fire resistance, so they are not easily burned [10,
46].

Overall, the land cover of South Kalimantan is mainly made up of vegetation with low-
medium vegetation density. Peatlands are the dominant morphological condition on the west
side of South Kalimantan. Burning is a method that is widely used in the conversion of
peatlands for plantations. Land conversion has been proven to cause even severe land fires
[47]. The dry season is when intense fires occur because dry peatlands are easier to burn. The
length and difficulty of fighting fires on peatlands make land fires often detected in this area
[33].

The utilization of data from the findings of this study is very important for forest and
land fires disaster management in South Kalimantan, especially for the local governgggnt. The
results of this study add to the information regarding the study of spatial patterns of forest and
land fires as well as the density of fires at regional scales which are still rarely carried out. The
finding can be used to determine priority locations for handling forest and land fires. The
restoration program will be more targeted) areas where fires occur repeatedly every year.

Overall, the Getis Ord Gi* analysis (hot spot analysis) and kernel gBhsity can analyze the
spatial pattern of land fires in South Kalimantan. Several studies using Getis Ord Gi* analysis




and kernel density confirm that both methods effectively measure the level of spatiotemporal
clustering patterns [48]. However, the map generated by the kernel density analysis must be
analyzed together with the hot spot analysis to be statistically significant [49]. Other studies
show that kernel density analysis is quite accurate for analyzing spatiotemporal patterns even
though it is considered a non-statistical approach [44].

4. Conclusions

The spatiotemporal pattern of burned areas occurs in several areas in South Kalimantan
characterized by hot spots with a confidence level of 90% to 99%. Clusters of burned areas
occur in areas with medium vegetation density, which are peatlands and plantation areas. The
high fire density also occurs in several areas, such as Hulu Sungai Selatan Regency and Banjar
Regency. The high fire density occurs in areas with medium vegetation density and peatlands.
The spatiotemporal pattern and fire density can help determine the priority in handling land
fires. In South Kalimantan, the priority is regencies with hot spot burned areas and high fire
density, especially in areas with medium vegetation density or scrubffipd on peatlands and
plantation areas. The two analyses have revealed the spatial pattern of forest and land fires in
South Kalimantan. This study recomigifinds using other autocorrelation methods to understand
better the spatiotemporal patterns of forgry and land fires and compare the accuracy of these
various methods for best policy-making related to forest and land fire risks.
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