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Abstract

:

Kotawaringin Barat is a high-risk area for forest and land fires; a total of 564.13 km2 of forest land was burned from 2015 to 2022, the majority of which spread to peatlands. The goal of this contribution is to use the information value method (IVM) to construct forest and land fire spatial susceptibility maps for the Kotawaringin Barat regency. MODIS hotspots from 2016 to 2020 were used as the dependent variable, with six independent variables included in the modeling. According to the data, there were 925 hotspots detected in Kotawaringin Barat between 2016 and 2020. The areas closest to rivers and roads are more susceptible to forest and land fires, while the areas closest to settlements are safer. Flat slopes have an IVM of 0.697, while peatlands have an IVM of 0.667, making them the most susceptible to forest and land fires. Furthermore, the most susceptive land covers are swamps (IVM = 1.071) and shrublands (IVM = 0.024). According to the IVM model of susceptibility mapping, Kotawaringin Barat is categorized as very high (18.32%) and high (27.97%) risk. About 33.57% of the study area is classified as moderately susceptible, while the remaining 20.14% is classified as low risk. The accuracy of the IVM for forest and land fires is 66.87% (AUC), indicating that the model can be used for susceptibility assessments particularly for very high to high susceptibility areas.






Keywords:


forest and land fires; susceptibility; GIS; information value method; Indonesia












1. Introduction


Forest and land fires (non-forest wildfires) are a global problem that occur in many countries, including Spain, Turkey, Brazil, the United States, Australia, and Indonesia [1,2]. Numerous large-scale forest and land fires have wracked Indonesia, causing the loss of thousands of lives. In 1997 and 1998, several large-scale forest and land fires obliterated 250,000 square kilometers of forested land and contributed 13–40% to global carbon emissions [3,4]. Forest and land fires occur on a regular basis in Indonesia. Significant forest and land fires occurred in 2006, 2010, 2015, and 2019 after the devastating forest and land fire of 1997 [5]. The majority of forest and land fires in Indonesia occurred in seven provinces, including Jambi, Sumatera Selatan, Riau, Kalimantan Barat, Kalimantan Tengah, Kalimantan Selatan, and Papua, with the majority of them starting in peatland areas [6]. During the period from 2012 to 2022, 442,822.51 km2 of land was burned in these provinces, which is an area larger than India (http://sipongi.menlhk.go.id accessed on 9 November 2021). Indonesia is under pressure from a lot of different groups to reduce the forest and land fires that keep occurring [7].



Peatlands, which are the main areas prone to forest and land fires, contain extremely flammable soils. Peatland is a naturally saturated water ecosystem. As a result of its high porosity and permeability, peat land is easily drained and dried, making the area highly flammable [8]. This is exacerbated by land degradation caused by plantations, agriculture, and industry [9]. Naturally occurring and human-made factors are the main causes of forest and land fires. The El Nino Period, which makes the dry season worse, can increase the intensity of fires [10,11]. Forest and land fires can also be caused by socioeconomic and environmental factors. The socioeconomic activities that play an important role in triggering forest and land fires are population density, accessibility to forest areas, agricultural activity, and timber plantations. Elevation, the presence of peatland, precipitation, and days without rain are all environmental factors that influence forest and land fires [10].



Forest and land fires have a significant environmental impact. Peatland absorbs a large amount of CO2 which is emitted into the atmosphere when it burns. These processes contribute to global warming and increase surface temperatures in the long term [12]. Land sinking is also caused by forest and land fires, especially in peatland areas. Fires can spread quickly under the surface of peatland and burn all the way through it. This has contributed to the reduction in peatland thickness and has annihilated their biodiversity [13]. Forest and land fires have numerous negative consequences, including respiratory problems caused by poor air quality and restrictions on people’s activities [14]. Furthermore, they impact biodiversity and lead to the deterioration of important habitats for flora and fauna species, putting them under additional stress and threatening their long-term sustainability [9,15].



Forest and land fires have had a significant impact on Kotawaringin Barat Regency. Between 2015 and 2022, over 564.13 km2 of land was burned [16]. This region is comparable to Singapore in size. Locals have identified acute respiratory infections as one of the major health issues brought on by the smoke. This affected 2233 people in Kotawaringin Barat Regency in 2015, making it one of the most prevalent diseases [17]. These facts suggest that national and regional mitigation strategies for forest and land fires are needed. Forest and land fire susceptibility maps are essential in fire prevention measures.



Several methods have been applied for assessing forest and land fire susceptibility, such as AHP, Multi-Criteria Decision Analysis (MCDA), TOPSIS, and VIKOR. These methods are reliable for creating forest and land fire susceptibility maps, but they rely on the weighting of the variables. Extra care must be taken when allocating weights because expert subjectivity and consistency could skew the results [18]. This adds to the qualitative data based on expert opinion and reduces the subjectivity of the researcher, since the same value is typically used for all parameters, applications, and areas [19].



Each research area has different variables and weights and these need adjusting to perform other research. The information value method (IVM) is an alternative method that can be implemented in the forest and land fire context, which has been frequently used to map landslide risks. The advantage of this method is contingent on the objectivity of forest and land fire conditions, which are tailored to data-driven and hotspot approaches [18,20,21,22]. The objective of this study is to create and employ a forest and land fire susceptibility map based on the information value method (IVM).




2. Materials and Methods


2.1. Study Area


The study was conducted in the Kalimantan Tengah Province, Kotawaringin Barat Regency, which has a total area of about 9554.72 km2. Flat, gentle slopes associated with peatland distribution dominate the research area. Approximately 46.53% of the research area in the southern portion of the regency consists primarily of gentle, undulating slopes, which represent the peatland region.



In the northern part of the research area, hilly slopes make up about 40% of the entire regency, which represents non-peatland areas (Figure 1). The topography is associated with the distribution of peatlands in lowland areas [23]. Based on Figure 1C,D, the fire scars of the peatland area in the images demonstrate that Kotawaringin Barat is prone to forest and land fires.




2.2. Data Sources


2.2.1. Hotspot Datasets


A spatio-temporal hotspot dataset for Kotawaringin Barat Regency was produced using the MODIS from 1 January 2016 to 31 December 2020 as the primary source of data for the susceptibility assessment for forest and land fires. MODIS hotspot data were downloaded in shapefile (.shp) format from the online Fire Information for Resource Management System (FIRMS) of the National Aeronautics and Space Administration (NASA) (https://firms.modaps.eosdis.nasa.gov/active_fire accessed on 16 September 2021). We used a MODIS confidence level of >50%, which is categorized as moderate to high class [24], to reduce the bias of hotspot data. The dataset from 1 January 2015 to 31 December 2015 was introduced to assess the accuracy of the susceptibility map. To produce a susceptibility map, all hotspot datasets were extracted, geo-corrected, and further processed.




2.2.2. Independent Data


ArcGIS 10.8 was used to manage spatial datasets (Figure 2). These thematic maps were used in this study’s forest and land fire risk modeling because they were observed in the field as determinant factors influencing forest and land fires. The detail information of determinant factors in Table 1.



An update to the landcover data was made available by the Ministry of Environment and Forestry. Using visual interpretation in ArcGIS 10.8, updates were made using Sentinel-2 satellite imagery that was captured in 2020. The accuracy of the map was evaluated using a confusion matrix during the validation of landcover maps. The most prevalent landcover in the study area, making up 80.84% of it, is the combination of forests, swamps, and plantations. The spatial resolution of Sentinel-2 (10 m by 10 m) was adjusted to the standard deviation used in this validation process, which was 15%. The samples were calculated using the Slovin method. Forty-two locations made up the entire sample for validation, which were validated using Google Earth Pro and distributed at random. As a result, the accuracy of the 2020 landcover map was 76.19%, and since there is a small error margin of about 15%, this result can be trusted.



Forest, mangrove, plantation, agriculture, shrubland, mining, swamp, settlements, structures, and water bodies are the different types of land cover in Indonesia. In this study, the term “swamp” refers to a forest that was once a peat swamp and is now seasonally saturated with scattered remnant trees and shrubby regrowth. Grassland, in contrast to shrubland, is a dry area with mineral soil that is dominated by grasses. We categorized the entire area of Kotawaringin Barat which is covered by dense vegetation—more than 30%—as forest.



Soil was classified into two types: peatland soil and non-peatland soil. As a result of its physical properties, peatland is more prone to fire than other types of soil. Peatland is defined as organic soil formed by the decomposition of organic materials primarily from vegetation. Peatland is highly flammable, particularly during the dry season [25]. The majority of forest and land fires in Indonesia have occurred in peatland regions. In addition, nearly half of Kotawaringin Barat is peatland, which prompted the division of the soil type into two categories.
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Table 1. Data required for the forest and land fire susceptibility assessment.






Table 1. Data required for the forest and land fire susceptibility assessment.





	Factors
	Classes
	Source of Data
	Year
	Examples of Studies





	Distance to river
	<1 km

1–2 km

2–3 km

3–4 km

4–5 km

>5 km
	Geospatial Information Agency of Indonesia
	2012
	[26,27,28,29]



	Distance to road
	<1 km

1–2 km

2–3 km

3–4 km

4–5 km

>5 km
	Geospatial Information Agency of Indonesia
	2012
	[26,27,29,30]



	Distance to settlements
	<1 km

1–2 km

2–3 km

3–4 km

4–5 km

>5 km
	Geospatial Information Agency of Indonesia
	2012
	[26,27,28,29,30]



	Type of Soil
	Peat

Non-Peat
	Ministry of Environment and Forestry
	2019
	[28]



	Landcover
	Forest

Plantation

Swamp

Agriculture

Shrubland

Settlements and Buildings

Mining

Water Body

Mangrove
	Ministry of Environment and Forestry
	2019
	[27,29,31]



	Slope
	0–2% (flat)

3–8% (undulating)

9–15% (moderate sloping)

16–25% (hilly)

26–40 (moderate steep)

>40% (steep)
	Land Use Planning of Kalimantan Tengah Province
	2003
	[26,27,28,30,31]








Peatland, an organosol, is created when organic material, such as logs or vegetation, decomposes (organic soil). Peatland is ideal for combustion, especially during the dry season, due to its material and characteristics such as waterlogging and high wetness [25]. In peatland regions of Indonesia, particularly in Kotawaringin Barat, where peatlands predominate, forest and land fires have been started.



The majority of peatlands are distributed on flatter slopes; thus, a slope map was used to locate distribution in the peatland region, as the slope is one of the major factors influencing fire susceptibility (Figure 3E,G). In general, peatland is found in Indonesia’s lowlands between two major rivers [32]. Unbalanced hydro-topographical conditions, where the total evapotranspiration and outflow is greater than the amount of water present in the peatland, affect peat decomposition [33]. Furthermore, the distances between rivers, roads, and settlements (Figure 3B–D) were obtained from their original data, which included line and point shapefiles. These data represent the accessibility of forested land to human activities [10,34].





2.3. IVM


The information value method is frequently used to forecast and map landslides. This method utilizes a bivariate statistical approach to predict the causes of landslides [35,36]. The IVM method can be used to analyze forest and land fires due to the similarities in spatial analysis of the dependent factors. Hotspot ignition was similar to landslide incidents in both point and area data. Additionally, both landslides and forest and land fires utilize the area to determine the level of susceptibility using a spatial approach. This approach can be used to put out both forest and land fires based on the similarities. The research in [18,37,38] led to changes to the IVM formula, which were as follows:


  IVM = ln   Hsi / Hs   Ai / A    



(1)




where IVM is the information value method, Hsi is the number of a hotspots in a class of a factor during 2016–2020, Hs is the total hotspots during 2016–2020, Ai is the area of a class of a factor (km2), and A is the area of Kotawaringin Barat (km2). The result can be positive, negative, or zero. The IVM can be interpreted by:




	
If IVM < 0, the possibility of ignition is lower than average;



	
If IVM = 0, the possibility of ignition is equal to the average;



	
If IVM > 0, the possibility of ignition is higher than average.








As a result, the higher the IVM, the greater the possibility of fire. Otherwise, the lower the IVM, the lower the likelihood of fire [18,37,38]. This method was carried out in Microsoft Excel to generate tabular data and in ArcGIS 10.8 to generate a spatial distribution.




2.4. Map Validation


Validation is an important step in forest fire susceptibility mapping because it determines the predictive capability of various modeling methods [28,39]. Researchers have employed a variety of techniques for validating maps, from qualitative or visual techniques, to straightforward quantitative techniques that involve calculating the possible area of forest and land fire for each susceptibility level, and to more sophisticated techniques utilizing success rate curves [40]. Map validation was conducted via a comparison between the resultant map of forest and land fire susceptibility and the independent data of hotspots with a confidence level of >80% from 1 January to 31 December 2015.



The validation of the forest and land fire susceptibility map in the current study was implemented with the AUC-ROC (area under curve receiver operating characteristic). AUC is better than other methods of accuracy tests [41]. To validate the model, the success rate and prediction rate curves were used and the area under the curve was computed using the hotspot dataset with a confidence level of greater than 50% in terms of forest and land fire susceptibility.





3. Results


3.1. Spatial Distribution of Hotspot


Between 2016 and 2020, Kotawaringin Barat had approximately 925 hotspots (see Table 2). Kumai district had the highest risk of forest and land fires, covering 60.32% of the area, followed by Arut Selatan (17.94%) and Kotawaringin Lama (19.02%). These three areas were the most affected, while Pangkalan Lada remained untouched during the same period.



The peatland had the highest value of determinant factors for forest and land fires in Kotawaringin Barat. Peatland is most prevalent in the Kumai, Arut Selatan, and Kotawaringin Lama districts on the southern side of Kotawaringin Barat. This contrasts with Arut Utara, Pangkalan Banteng, and Pangkalan Lada, which have the low hotspot detection rates (Figure 3E). Additionally, the peatland areas were responsible for 90.20% of all forest and land fire incidents in Kotawaringin Barat. The combination of peatland and dry season conditions created ideal conditions for forest and land fires [42,43].




3.2. IVM Result


Six factors were incorporated into the IVM-based fire susceptibility assessment to determine the risk of forest and land fires in Kotawaringin Barat (Table 3). Weight values for each class obtained during the analysis ranged from −4.212 to 1.071. The analysis revealed that fires were most common within 1 to 5 km of rivers and roads, with proximity to these features increasing the likelihood of combustion. Conversely, the distance to settlements had the opposite effect, with fires igniting over 6 km away.



Peatland areas were found to be particularly susceptible to forest and land fires (IVM = 0.662), while wetlands, open fields, swamp shrubs, savannas, dryland farms, and plantations had a positive IVM, indicating a high incidence of forest and land fires in these land cover types. Moreover, due to the significant distribution of peatland and settlements, the flat areas of Kotawaringin Barat (0–2%) were found to be particularly prone to fires (IVM = 0.697).




3.3. The Correlation of Hotspot to the Climate Aspect


Given the strong correlation between forest fires and climate, we used the Ocean Nino Index to analyze the relationship between hotspot ignition and El Niño events (Figure 4A). Our analysis revealed that El Niño events led to a lower total precipitation and fewer rainy days. From 2016 to 2020, the climate was primarily classified as normal (−0.5–0.5), with two weak La Niña events occurring in 2016 and from late 2017 to early 2018. While there was a period of extreme El Niño after 2015, no significant hotspots were detected during this time. Notably, only one large forest and land fire occurred in 2019, despite the absence of an El Niño event.



The El Nino phenomenon had a direct impact on the reduction in precipitation and the number of days without rain. This impact is visually demonstrated in Figure 4B,C, where hotspots are observed in regions experiencing precipitation levels below 100 mm per month and less than 10 rainy days. This finding is consistent with [44], which reported that forest and land fires mainly occurred during periods of 10–11 days without rain. Notably, the precipitation and days without rain are important indicators of the water table conditions in peatlands. High precipitation and rainy days help maintain the wetness of peatlands and keep them water-logged. Maintaining a suitable water table level is a nature-based solution that can prevent forest fires, especially in Kotawaringin Barat.




3.4. Forest and Land Fire Susceptibility


The IVM calculation results were generated from a combination of tabular and spatial data to determine the spatial distribution of forest and land fire susceptibility. The results revealed that 27.97% of the area in Kotawaringin Barat is classified as high risk, while 18.32% is classified as very high risk (Table 4).



The spatial distribution of forest and land fire susceptibility zones is depicted in Figure 5. The majority of highly vulnerable areas are located in the west and south of the study area. These regions reflect the distribution of peatlands, plantations, and settlements. In contrast, the northern portion of the study area is dominated by areas with a low to moderate risk of wildfire. As a result of the distribution of low and moderate risk in the northern region, dense vegetation covers that region. These classes were located in a region with a slope greater than 16%, indicating a high altitude. There are also primary and secondary dryland forest regions present in this region.




3.5. Validation Result


Validation of the IVM was undertaken to assess the accuracy of the prediction. As shown in Figure 6, an evaluation revealed that the AUC of the model of forest and land fire susceptibility map was 66.87%. Figure 6 indicates that approximately 70% of forest and land fires occurred in the top 33% of susceptible areas. This indicates that the map can serve as a reliable resource for the spatial prediction of vulnerable areas. Nevertheless, according to Figure 6, we still observe fire occurrences at susceptibility levels below 60%. This indicates that the model predictions are more accurate in areas with a high-to-extremely high susceptibility level but less accurate in safer areas.





4. Discussion


Forest and land fires are a major cause of environmental damage, leading to the degradation of natural ecosystems, increases in biodiversity loss, respiratory health problems for residents, and exacerbation of global warming through the release of excessive greenhouse gases [45,46]. To mitigate these negative impacts, identifying susceptibility zones is critical. In this study, the information value method (IVM) was utilized to identify vulnerable areas for forest and land fires in Kotawaringin Barat regency. This approach involves analyzing forest and land fire densities for each causal factor to determine the spatial relationships between them. The study focused on one of the region’s most vulnerable areas and examined six causal factors. The model utilized a total of 1194 hotspot locations recorded between 1 January 2016 and 31 December 2020, and the accuracy of the results was evaluated using hotspot data recorded between 1 January 2015 and 31 December 2015. Effective risk mitigation measures can be implemented to reduce the incidence and severity of forest and land fires in susceptible areas by identifying susceptibility zones through the IVM.



It is evident that the natural causes of forest and land fires were exacerbated by human influences in the study area. Due to the presence of organic matter, peatlands are widely recognized as the most flammable (IVM = 0.667) soil type (due to their high organic matter content). Due to the seasonal variation in groundwater, the high permeability of peatlands results in a fluctuating water table. The ground water level (GWL) can indicate the wetness and moisture of peatland, which are essential data for determining the ease of fire ignition. Moreover, the GWL can influence the transition of a surface fire to an underground fire, a characteristic of peatland forest and land fires [47]. Underground fires are harder to detect and extinguish than surface fires.



The ground water level (GWL) is an important factor in determining the moisture content of peatland and its susceptibility to forest and land fires. In this research, the GWL data were substituted by rainfall and the number of days without rain due to limitations in the GWL data. During periods of high rainfall and frequent rainy days, the GWL tends to be maintained, and this has been demonstrated to be an effective means of reducing the incidence of hotspots in vulnerable areas [14]. However, while the GWL is a comprehensive measure that can describe peatland conditions, it may not be as effective in non-peatland areas. Therefore, future research should explore other measures, such as the land surface temperature or the normalized difference moisture index (NDMI), which could provide more accurate and reliable information on moisture levels in both peatland and non-peatland areas. By using a variety of indicators to assess fire risk, it will be possible to develop more effective management strategies that can mitigate the negative impacts of forest and land fires.



The study showed that swamp areas were the most vulnerable to forest and land fires, with an IVM value of 1.071, followed by shrubland, which had an IVM value of 0.024. Both land covers are strongly associated with land conversion from forest to agricultural land and plantations. A characteristic of their cover is a low vegetation density, which is a potential fuel to ignite a forest and land fire, and they have poor ability to maintain the soil’s wetness or GWL [48]. In contrast, forested areas provided a negative IVM value (−1.239), indicating that they play a vital role in preventing hotspots. The presence of a forest canopy helps to maintain humidity and stabilize the soil moisture, which makes it less susceptible to fire. Therefore, preserving forests is crucial to prevent forest and land fires, and degraded forests should be restored as a part of the fire risk management in Kotawaringin Barat Regency. It was observed that forest and land fires were more common in areas that were previously forested but were converted for different land uses [25]. Therefore, it is necessary to identify areas with a high risk of forest and land fires and implement appropriate measures to prevent and control them.



Agricultural activities also influence forest and land fires (IVM= 0.007). Risk prevention measures such as socialization, training, and coaching on appropriate land clearing without burning the land must be implemented. Special attention must be addressed to peatland areas. Peatland humidity must be balanced with the preservation of its water level in agricultural areas. These efforts have been carried out by the Peatland and Mangrove Restoration Agency through three major programs known as the 3Rs (rewetting, revegetation, and revitalization). Rewetting is the process of keeping the peatland wet by blocking canals, revegetation refers to the restoration of a degraded area, and revitalization refers to the improvement in community welfare. These efforts must be increased in intensity because restoration of peatland not only restores its function but also restores the land cover and consequently affects the local people’s economy through various programs. As a result, it can minimize peat degradation, prevent forest and land fires, and be beneficial to biodiversity [49].



Land use, land status, distance to roads, and settlements were influencing factors from an anthropogenic aspect. The location of hotspots indicates that approximately 67% of forest and land fire incidents were caused by human activities. The main anthropogenic factor influencing fire occurrences is land cover. Significant forest harvesting and conversion of abandoned land to palm oil plantations were the primary human causes of forest and land fires. These activities necessitate access to transportation networks, such as roads, rivers, or canal networks [34,48,50].



Rivers and manufactured canals are associated with concentrated human activity. These areas are widely used as the main transportation for harvesting palm oil or teak resulting from the plantation, and people use rivers and roads to access their agricultural sites. As a result of more rivers and canals, forest and land fires are induced.



Some hotspot incidents occurred in remote areas, but these areas are easily accessible by river networks. Therefore, rivers and roads contributed to the ignition of forest and land fires [10,34]. This contradicts the required settlement distance. The majority of forest and land fires occurred far from human habitation and were unmonitored by authorities. The remotest regions are also highly amenable to agriculture and plantations. This statement corresponds to the states where the majority of agricultural land is located far from populated areas [50].



The temporal variation in hotspots was primarily influenced by climatic factors. El Nino exacerbated a series of massive forest and land fire incidents in Indonesia in 2002, 2005, 2006, 2009, 2013, and 2015, as a result of very low precipitation and very low air humidity [51]. The El Nino period increased the number of days without rain and increased the land surface temperature, resulting in an increase in hotspots [52]. Due to the decrease in wetness of the land surface, the lack of rainfall created the potential for combustion [44,52].



With an IVM = 0.697, flat slopes (0–2%) were the most vulnerable to fire ignition and accounted for 96.43% of fires in Kotawaringin Barat. Flat slopes are correlated with peatland distribution, with 90.70% of forest and land fires spreading in peatland areas. This differs from the results of forest and land fires in other countries, such as Switzerland, where fires start in steep and high elevation areas [53]. The topography is responsible for the formation of the soil and the climatic conditions that affect vegetation. Fires are less likely as the slope and elevation increase. This could be due to differences in forest coverage and population distribution [54]. Kotawaringin Barat is characterized by these conditions, and is covered by forest at high elevations and on steep slopes and contains mostly rural areas. This reflects the susceptibility of the northern areas to forest and land fires. This pattern is in contrast to the research in [30], where slope was found to influence the fire severity. However, generally in Borneo Island, this condition is different than other regions.



The likelihood of forest and land fires in Kotawaringin Barat is influenced by topographical factors. They also shaped the landform that is dominated by peatland and influenced the type of vegetation. Furthermore, this has an impact on population distribution, with people tending to live in the lower areas [54]. Population distribution can have an impact on mass transportation, including transportation via roads and rivers. All these factors are linked to the ignition of forest and land fires, particularly in Kotawaringin Barat.



The implementation of the IVM for landslide susceptibility had good accuracy; some studies on the IVM demonstrated an accuracy rate of 81.8% [38], while others demonstrated rates of 83% [18] and 82% [37]. In contrast, the implementation of the IVM for forest and land fire susceptibility was the opposite, with an accuracy rate of 66.87%. Furthermore, other recent studies on forest and land fire susceptibility have found that the VIKOR method was 89.54% accurate, the TOPSIS method was 86.94% accurate, and the AHP method was 88.99% accurate [55,56]. The accuracy assessment shows an overall accuracy level of 66.87% using the curve (Figure 6). This indicates that the model can still be used as a reference for mitigation measures with some precaution. Additional variables for future research would be important for improving the result, e.g., spatial distribution, the temporal variation in GWL, and rainfall data extracted from well-distributed rainfall stations. Figure 6 shows that most fire incidents are concentrated in the top 33% of the susceptible area, which means that the very-high and high susceptibility classes have the most fire occurrences. However, special attention must be paid to low level susceptibility areas where fires occurred. The model’s predictions can be improved by using longer records of fire incident data.



In addition, the use of the IVM might be limited to the region of Kotawaringin Barat, which is a limitation of this study. As a result, the variables included in the modeling were limited. The next study should improve the variables, such as rainfall, the GWL, and people’s fire behavior, to provide a more comprehensive perspective on the forest and land fire susceptibility map. Furthermore, the results from other hotspot data sources, such as VIIRS, AVHRR, and NOAA, must be compared. The updated process of creating a landcover map was prompted by the research area’s inadequate free cloud. Based on this situation, using multispectral classification, it was impossible to create a landcover map. As a result, other triggering factors for forest and land fires should be included in future research to comprehensively assess the forest and land fire proclivity and provide a “real” susceptibility map.



The benefits of the statistical model used in this study are that it is relatively simple and east to implement for operational uses. The IVM can be used to model forest and land fires in any area or region using proportional data between the size of the study area and the number of hotspots. However, certain conditions and adjustments have to be made.




5. Conclusions


Forest and land fire susceptibility mapping is one of the most important tools for forest and land fire risk reduction. It can further provide a scientific foundation for authorities to conduct contingency plans for areas prone to forest and land fires. The findings indicate that the Kotawaringin Barat regency is extremely susceptible to forest and land fires, which is demonstrated by approximately 4422.71 km2 (46.30%) of the area being classified as high or very high susceptibility to forest and land fires. Peatlands are highly susceptible to burning, particularly due to their high organic content, making them the most sensitive areas among the high and very high risk area for forest and land fires. Thus, the humidity and the ground water level (GWL) of peatlands are pivotal factors in preventing fires. In this research, due to the lack of GWL data, we attempted to use rainfall data and the number of days without rainfall as a substitute. El Nino data were also helpful in confirming the exacerbation of forest and land fires due to low humidity levels. In addition, by using more climatic stations to better understand the spatial variation in rainfall, the accuracy could be raised further by adding detailed information about rainfall. Additionally, the validation process would benefit greatly from the use of GWL data and connecting it to rainfall data.



Six natural and human factors were combined with actual data on forest and land fire incidents in this study using the IVM method, yielding an accuracy (AUC) of 66.87%. Most fire occurrences were concentrated in the top 33% of susceptible areas. IVM calculations (Table 3 revealed that the pattern of hotspot variability is useful for assisting decision makers in implementing disaster mitigation measures. The data, for example, can be used to regulate human activities that increase the risk of fire or to identify areas with high levels of smoke pollution that endanger respiratory health.
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Figure 1. (A) Overview map, (B) topographical characteristics of the research area, (C) pre-fire event, (D) post-fire event. 
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Figure 2. Flowchart of research methodology. 
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Figure 3. Datasets for modeling (A) hotspots in 2016–2020 (B) buffer of distance to river (C) buffer of distance to road (D) buffer of distance to settlement (E) type of soil (F) land covers (G) slopes. 
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Figure 4. Inter−annual hotspot variability (A) correlation of hotspots with ocean nino index, (B) correlation of hotspots with rainy days, (C) correlation of hotspots with monthly rainfall (mm). 
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Figure 5. Forest and land fire susceptibility map. 
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Figure 6. Accuracy of forest and land fire susceptibility using IVM. 
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Table 2. Number of hotspots per district.
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District

	
Number of Hotspots

	
Total




	
2016

	
2017

	
2018

	
2019

	
2020






	
Arut Selatan

	
18

	
4

	
30

	
112

	
2

	
166




	
Arut Utara

	
5

	
2

	
4

	
9

	
1

	
21




	
Kotawaringin Lama

	
4

	
2

	
81

	
88

	
1

	
176




	
Kumai

	
8

	
2

	
30

	
518

	
0

	
558




	
Pangkalan Banteng

	
1

	
1

	
2

	
0

	
0

	
4




	
Pangkalan Lada

	
0

	
0

	
0

	
0

	
0

	
0




	
Total

	
36

	
11

	
147

	
727

	
4

	
925
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Table 3. Information value method results.
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Factors

	
Class

	
A (km2)

	
Ai (km2)

	
∑HS

	
∑HSi

	
IVM






	
Distance to river

	
<1 km

	
9554.72

	
2420.75

	
925

	
272

	
0.149




	
1–2 km

	
1669.82

	
250

	
0.436




	
2–3 km

	
1353.85

	
157

	
0.181




	
3–4 km

	
1078.21

	
118

	
0.123




	
4–5 km

	
822.17

	
96

	
0.187




	
>5 km

	
2209.92

	
32

	
−1.9000




	
Distance to road

	
<1 km

	
9554.72

	
2220.01

	
925

	
334

	
0.441




	
1–2 km

	
1520.27

	
226

	
0.429




	
2–3 km

	
1109.82

	
200

	
0.621




	
3–4 km

	
839.63

	
124

	
0.422




	
4–5 km

	
674.59

	
74

	
0.125




	
>5 km

	
3190.40

	
69

	
−1.499




	
Distance to settlement

	
<1 km

	
9554.72

	
266.21

	
925

	
16

	
−0.477




	
1–2 km

	
670.81

	
53

	
−0.203




	
2–3 km

	
795.92

	
76

	
−0.014




	
3–4 km

	
766.91

	
63

	
−0.164




	
4–5 km

	
737.67

	
54

	
−0.280




	
>5 km

	
6317.21

	
663

	
0.081




	
Type of soil

	
Non-peat

	
9554.72

	
5108.38

	
925

	
86

	
−1.749




	
Peat

	
4446.34

	
839

	
0.667




	
Landcover

	
Agriculture

	
9554.72

	
789.84

	
925

	
77

	
0.007




	
Plantation

	
3005.86

	
242

	
−0.184




	
Mining

	
109.11

	
4

	
−0.971




	
Mangrove

	
58.94

	
0

	
0.000




	
Forest

	
3231.07

	
92

	
−1.224




	
Shrubland

	
544.60

	
54

	
0.024




	
Swamp

	
1582.48

	
447

	
1.071




	
Settlements and buildings

	
133.69

	
9

	
−0.363




	
Water body

	
99.14

	
0

	
0.000




	
Slopes

	
0–2% (flat)

	
9554.72

	
4588.41

	
925

	
892

	
0.697




	
2–8% (undulating)

	
1201.92

	
56

	
−0.731




	
8–15% (moderate sloping)

	
1504.51

	
30

	
−1.580




	
16–25% (hilly)

	
1325.16

	
7

	
−2.908




	
25–40% (moderately steep)

	
237.31

	
2

	
−2.441




	
>40% (steep)

	
697.41

	
1

	
−4.212











[image: Table] 





Table 4. Susceptibility area.






Table 4. Susceptibility area.





	Classes
	Area (km2)
	Percentage





	Low
	1924.41
	20.14



	Moderate
	3207.59
	33.57



	High
	2672.68
	27.97



	Very High
	1750.03
	18.32



	Total
	9554.72
	100
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