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Abstract. Peatland fires occur almost annually in Bengkalis 

District, Riau Province, Indonesia, where peatlands cover about 

65% of the area and contribute significantly to carbon emissions 

and regional haze, highlighting the need for improved fire risk 

prediction. This research aims to apply a probabilistic logistic 

regression approach to predict peatland fire hotspot occurrence 

and identify its key drivers. Hotspot data from 2015–2023 were 

derived from VIIRS satellite observations and classified into low 

(l), nominal (n), and high (h) confidence levels. Then hotspot 

confidence levels are classified into two scenarios: (1) the nh 

scenario (l = 0; n–h = 1) and (2) the h scenario (l–n = 0; h = 1), 

representing different fire thresholds. The predictor variable was 

modeled using anthropogenic and environmental, with 

multicollinearity testing to ensure model stability. The results 

show that the nh scenario performs better, with Nagelkerke R² = 

0.0681, Hosmer–Lemeshow χ² = 5.7663, AUC = 0.69, and accuracy 

= 95.19%, indicating acceptable fit and moderate discrimination. 

Significant predictors include plantation land use, peat 

characteristics, and precipitation. These findings suggest that the 

approach can support peatland fire risk assessment, although 

further refinement is required. 

 

Keywords: Bengkalis District, Fire Risk Assessment, Hotspot, 

Multicollinearity, Peatland Fires Prediction, Logistic Regression 
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1. INTRODUCTION 

 

Indonesia is ranked fourth with the largest peatland in the world after Russia (137.5 

million ha), Canada (113.4 million ha), and the United States (22.4 million ha) which is 14.9 

ha [1]. Based on the total peatland area, Sumatra has 6.4 million ha, Kalimantan has 4.8 

million ha, and Papua has 3.7 million ha [1]. Peatlands in Indonesia are able to store at 

least 57 billion tons of carbon, so that they have an important role in the world in relation 

to climate change mitigation [2], [3], [4]. A series of forest and peatland fires in Indonesia 

not only have an impact on the environment, but can also trigger problems in the 

economic and health sectors [5], [6]. The 2015 forest and land fire in Sumatra had severe 

transboundary impacts, causing health problems in more than 100,000 people across 

Indonesia, Malaysia, and Singapore [7]. One of the regions frequently affected by peatland 

fires is Bengkalis District, which serves as the case study area in this research. Every dry 

season, this area often experiences a spike in hotspots that cause haze, ecosystem 

damage, health problems, and economic losses [8], [9]. One of the main characteristics of 

peatland is its ability to store embers below the ground surface, making fires that occur 

difficult to detect and extinguish quickly [10], [11]. In this region, peatlands cover around 

65% of the total land area, making it highly susceptible to fire risks and associated 

environmental consequences [12]. In addition, Bengkalis District is located on the coast 

of Riau Province which is adjacent to several neighboring countries such as Malaysia and 

Singapore, so that if a fire occurs it will cause cross-border air pollution problems [13]. In 

principle, the government already has a series of policies and control strategies to 

minimize the impact of forest and land fires. However, forest and land fires still occur 

almost every year in Bengkalis District. One of the causes is the implementation of forest 

and land fire prevention strategies that are still less accurate. 

 

Based on previous research [12], [14], the existing conditions of the Land Use and Land 

Cover (LULC) [15] of peatlands in Bengkalis District are 11 types consist of plantations 

(42.2%), forests (44.9%), shrubs (11.2%), dry fields (0.7%), and fields (0.6%). While the other 

6 categories consist of mangrove, rice fields, bare land, lakes, ponds, and fish ponds which 

only range from 0.01% to 0.19%. The oil palm plantation concession area in Bengkalis 

District reaches of 290,280.4 Ha and Industrial Plantation Forest reaches of 155,000.5 Ha 

which are located in Peat Ecosystem Protection Function (FLEG), which should not be 

used as concession areas because they will cause fire hazards because most of them are 
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peatland areas. The phenomenon of land concessions in FLEG indicates the emergence 

of various new open access areas that increasingly allow for deliberate burning of 

peatlands [16], [17]. In addition, the dense network of roads and canals that have been 

built in the peat ecosystem in Bengkalis District can increase the vulnerability to damage 

the peat ecosystem which, if not monitored and maintained intensively, will tend to 

increase and become vulnerable to fires. 

 

The impact of fire conversion that occurred in Riau Province was greatly influenced by 

various factors such as environmental biophysical conditions, socio-economic conditions 

of the community and the implementation of laws and policies related to space allocation 

[18], [19]. The variables that are correlated with the occurrence of fires, namely the 

characteristics of peatlands, rivers, roads, LULC (forest, plantation, settlements, 

agriculture), permits (industrial plantation, concessions plantation), and forest areas 

(production forests, limited production forests, protected forests, and other use areas) 

[20], [21]. Based on the accuracy test, the spatial logistic regression model that was built 

can predict the probability of forest and land fires by 90.96% in Riau Province [22]. In 

addition, anthropogenic factors in cultivating agricultural or plantation using the slash 

and burn method are one of the factors that cause fires in Riau Province [23], [24], [25], 

[26]. Based on the analysis of the distribution of hotspots, a fairly high distribution of 

hotspots was found up to a distance of 20 km2 from dry land agriculture [27], [28]. So, the 

closer the distance from dry land agriculture, the greater the risk of fire, considering that 

land clearing activities often use fire. 

 

The previous research used logistic regression to produced three peatland fire prediction 

models, namely October (t-3), November (t-2) and December (t-1) with an accuracy level 

of 85.16%, 85.15% and 85.35% respectively where there is a positive relationship between 

the probability of peatland fires and the 4-month moving average of NDMI and rainfall. 

In this research, the spatio-temporal data used consisted of burnt areas (MODIS - 

MCD64a1) during the El Nino phase (2002, 2004, 2006, 2009 and 2015), physiographic (river 

network and canal density), peat characteristics, anthropogenic proxies (LULC, road 

density, river density, and channel density), and monthly rainfall [24]. 

 

This research also uses the logistic regression algorithm because of its reliable ability to 

model binary events, namely between fire (1) and not fire (0). However, unlike previous 



Vol. 8, No. 2, April 2026 

 
 

Nur Hayati, Imas Sukaesih Sitanggang, et al | 2498 

studies that used the burn area variable, this research switched to using the hotspot 

variable obtained from the VIIRS (Visible Infrared Imaging Radiometer Suite) satellite 

sensor since 2015-2023 and classified into low (l), nominal (n), and high (h) confidence 

levels, where n and h generally indicate fire occurrence. Hotspot data collection in the 

2015-2023 period was conducted to obtain a sufficiently long temporal representation 

to capture the dynamics of peatland fire occurrences. This time span encompasses 

annual variations in climate conditions, including extreme dry periods such as the 2015 

El Niño phenomenon, as well as rainfall fluctuations in subsequent years, allowing for a 

more comprehensive analysis of fire occurrence patterns. VIIRS data was chosen because 

it has advantages in terms of higher spatial resolution (~ 375 meters) compared to the 

MODIS sensor (~ 1 kilometer), and has a high observation frequency so that it can detect 

fire events more accurately and in near real-time [29], [30]. The use of hotspots in this 

research is based on the consideration that burn areas are reactive and only reflect areas 

that have been burned, making them less suitable for supporting early warning systems 

and prevention efforts. On the other hand, hotspots function as early indicators of fire 

events and can be used proactively for prediction and mitigation planning. In addition, 

hotspot data can be obtained more quickly without requiring a complex validation 

process such as in burn areas, which are generally only available sometime after the fire 

event has finished. 

 

Despite extensive researches on peatland fire prediction in Riau, existing approaches 

remain constrained by several limitations. Many models rely on burn area data, which are 

inherently reactive and less suitable for early warning applications, and often apply a 

single threshold to define fire occurrence, thereby overlooking uncertainty in hotspot 

confidence levels. In addition, previous researches tend to emphasize predictive accuracy 

without sufficiently integrating anthropogenic, physiographic, peat, and climatic drivers 

within a consistent binary spatial framework. Given that peatland fires in Bengkalis 

District occur recurrently and are strongly influenced by both environmental conditions 

and human activities, there is a need for a more analytically coherent approach that 

explicitly links hotspot detection, predictor representation, and model structure. 

 

To address these gaps, this research applies a logistic regression–based framework using 

multiyear VIIRS hotspot data (2015–2023) and classified into two scenarios: (1) the nh 

scenario (l = 0; n–h = 1) and (2) the h scenario (l–n = 0; h = 1), representing different fire 
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thresholds.  The objective is to evaluate how these alternative definitions influence model 

performance while identifying key drivers of peatland fire occurrence. By standardizing 

predictor variables into binary raster form and integrating them with hotspot-based 

response data, the research provides a consistent and interpretable modelling structure. 

Although the approach does not propose a new algorithm, it contributes empirical insight 

into the role of hotspot classification in improving model discrimination and supports a 

more flexible and operationally relevant basis for peatland fire risk assessment and early 

warning strategies in fire-prone regions. 

 

2. METHODS 

 

The research method begins with a literature review of peatland and forest fires, 

followed by data collection on forest and land fires. Figure 1 depicts the outline of the 

proposed method. 

 
Figure 1. Research Methodology 
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The research methodology stages are as follows:  

1) Data preparation, consisting of anthropogenic proxies including road density (vector 

line), land use and land cover (vector polygon) such as water, forest, plantations, 

settlements, bush, and land; physiographic data including drainage/canals density 

(vector line) and river density (vector polygon); peat physical characteristics (vector 

polygon) such as peat depth and type; precipitation - rainfall (raster), and NDMI 

(raster) as predictor variable and hotspots (vector point) as response variable. 

2) Data preprocessing, all predictor variable were standardized into raster format to 

ensure spatial consistency in the modeling process. During the rasterization process 

with QGIS, vector data in the form of polygons and lines are automatically converted 

into raster grids with binary values (0 and 1), where the presence of a feature is 

assigned a value of 1 and its absence a value of 0. Meanwhile, for hotspot confidence 

level data consisting of l, n, and h, where n and h generally indicate fire occurrence, 

a classification process is carried out to produce binary data. There are two types of 

classification that can be carried out according to the identification of fire 

occurrence, namely (1) l = 0 and nh = 1, and (2) ln = 0 and h = 1. All predictor data were 

integrated with the temporal response data, missing values were removed, and the 

dataset was subsequently split into training and testing sets using an 80:20. 

Multicollinearity analysis was conducted to identify and remove or merge predictor 

variables exhibiting high correlation. Multicollinearity among predictor variables was 

evaluated using the Variance Inflation Factor (VIF). Variables with VIF values greater 

than 10 were considered to exhibit high multicollinearity and were excluded from 

further analysis. 

3) Modelling, constructing a model using predictor variables refined through 

multicollinearity analysis with logistic regression algorithm. A comparison of Akaike 

Information Criterion (AIC) values was conducted to determine the best model 

(Lowest AIC). 

4) Evaluation model, the optimal model was rigorously evaluated using the Hosmer–

Lemeshow goodness-of-fit test, Nagelkerke pseudo-R² statistics, and the Area Under 

the Receiver Operating Characteristic Curve (AUC). Then, a correlation analysis was 

conducted to examine the relationships among variables.  The Hosmer–Lemeshow 

goodness-of-fit test is applied to examine how well the predicted probabilities match 

the observed outcomes, indicating the overall model fit. The Nagelkerke R² is used to 

measure the explanatory power of the model, reflecting how much variation in 
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hotspot occurrence can be explained by the predictor variables. The Area Under the 

Receiver Operating Characteristic Curve (AUC) evaluates the model’s ability to 

discriminate between fire and non-fire events. In addition, a correlation analysis is 

performed to further examine relationships among variables and support the 

interpretability of the model. 

5) Validation model, is conducted to assess the reliability and predictive performance of 

the selected logistic regression model.  

6) Output, the model produces a probability value (ranging from 0 to 1) for each spatial 

unit, representing the likelihood of hotspot occurrence under given environmental 

and anthropogenic conditions. These probability values are then translated into a 

Hotspot Prediction Map, which spatially visualizes the distribution of fire risk across 

the study area. The final output of the logistic regression analysis was a raster 

dataset that was subsequently reclassified according to defined probability 

thresholds. Areas with probability values between 0.3 - 0.8 were categorized as 

moderate, indicating a substantial potential for fire occurrence, while areas with 

probabilities > 0.8 were classified as high, reflecting a very high likelihood of peatland 

fire events. 

 

2.1. Study Area 

This research focuses on the peatland area within the administrative boundaries of 

Bengkalis District, Riau Province (Figure 2). Located a long Sumatra Island's eastern 

coastline, Bengkalis District covers approximately 7,773.93 km² [31]. Its boundaries include 

the Malacca Strait to the north, Siak District to the south, Meranti Islands and Karimun 

District to the east, and Dumai City along with Rokan Hilir and Rokan Hulu District to the 

west [32]. Bengkalis District lies on coastal lowlands only a few meters above sea level, 

consistent with regional Riau peatlands (base elevation ~6 ± 4 m a.s.l.) [33] Most of the 

soil in this District is organosol which contains a lot of organic material [34]. Rupat Island 

and Bengkalis Island are the two largest islands within the district, occupying 1,524.83 km² 

and 938.40 km² respectively [35]. The 11 Sub-Districts that make up Bengkalis District 

administratively are Bantan, Bandar Laksamana, Bathin Solapan, Bengkalis, Bukit Batu, 

Mandau, Pinggir, Rupat, Rupat Utara, Siak Kecil, and Talang Muandau [36]. Peatland areas 

in Bengkalis District are found in 8 Sub-Districts: Bantan, Bengkalis, Bukit Batu, Mandau, 

Pinggir, Rupat, North Rupat, and Siak Kecil [37]. 
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Figure 2. Study Area of Research 

 

The mapping of peatlands in Bengkalis District involved the overlay of data from 

Wetlands International Indonesia (WII) on peat depth and decomposition types, peat 

distribution maps from the Ministry of Agriculture, and the National Peat Ecosystem 

Function map, as defined by Ministerial Decree No. 130/2017. In general, as seen in Table 

1, the results of the overlay analysis show that the area of peatland in Bengkalis District 

reaches 5,047.779 km² or 504,777.9 Ha, which covers 61.38% of the total administrative 

area of Bengkalis District. 

 

Table 1. Comparison Between Administrative and Peatland Area in Bengkalis District  

Sub-District 

Administrative 

Area 

(Ha) 

Peatland 

Area 

(Ha) 
 

Percentage of Peatland to 

Administrative Area 

(%) 

Bantan 31,596.03 27,990.81 88.59 

Bengkalis 58,952.14 53,305.50 90.42 

Bukitbatu 203,686.53 172,858.13 84.86 

Mandau 116,656.62 37,159.71 31.85 

Pinggir 194,702.85 76,239.67 39.16 

Rupat 107,473.30 67,817.63 63.10 

Rupat Utara 42,953.29 11,846.17 27.58 

Siakkecil 66,421.73 57,560.29 86.66 

Total 822,442.50 504,777.91  
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2.2. Dataset 

Various maps serve as the primary data sources in this research such as the 

administrative map of Bengkalis District (2018) was obtained from Badan Informasi 

Geospasial (BIG). Land Use and Land Cover (LULC) data for 2018 were sourced from BIG's 

Rupa Bumi Indonesia (RBI) maps and categorized according to the SNI 7645 classification 

system. Information on river, drainage, and road density was also extracted from the RBI 

maps published by BIG. The National Peat Ecosystem Functions map was based on the 

Decree of the Ministry of Environment and Forestry No. 130/2017, issued by the 

Directorate General for Forestry Planning and Environmental Governance. Additional 

peatland data were obtained from the Ministry of Agriculture (2017) and from Wetlands 

International Indonesia (WII), which provided detailed maps of peat depth and 

decomposition types. Furthermore, data on concessions and plantations for the year 2023 

were derived from Global Forest Watch–World Resources Institute (GFW–WRI). Hotspot 

data from 2015 to 2023 were obtained from the FIRMS VIIRS database, rainfall data were 

sourced from CHIRPS, and NDMI data were obtained from the USGS Earth Explorer 

platform.  

 

Figure 3 is a predictor variable that has been processed from the main data and 

converted into raster form consisting of drainage density, road density, river density, land 

cover (water, forest, soil, bush), land use (plantations, settlements), peat depth D1 (<50 

cm), D2 (50-100 cm), D3 (100-200 cm), D4 (200-400 cm), peat type H1a (Hemic/Sapric with 

depth D2), H2a (Hemic/Sapric with depth D3), H3a (Hemic/Sapric with depth H4), H4a 

(Hemic/Sapric with depth >400 cm), S1a (Sapric/Hemic with depth D2), S2a (Sapric/Hemic 

with depth D3), S2c (Sapric/Mineral with depth D3), S3a (Sapric/Hemic with depth D4). 

Predictor variables that have been converted into raster form will have values of 0 and 

1. 

 

Meanwhile, Figure 4 and Table 2 show the distribution of hotspots with low (l), nominal 

(n) and high (h) confidence levels. Hotspot as an independent variable is used as an 

indicator of peatland fire. Fire detection with hotspots from remote sensing satellite data 

can be used as an early warning of a fire. Minister of Forestry Regulation P.12/Menhut-

II/2009 defines a hotspot as a thermal anomaly used to indicate forest and land fires, 

where the detected location has a temperature higher than the surrounding environment. 

Hotspot identification is carried out using detection systems like VIIRS, which are 
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installed on the SUOMI NPP and NOAA-20 (JPSS-1) satellites [38], [39]. Compared to earlier 

systems like MODIS on the Aqua and Terra satellites, VIIRS offers higher resolution and 

can detect a greater number of hotspots. VIIRS provides data with higher resolution, 

which allows smaller fire detection and hotspots that may not be detected by other 

sensors [40]. 

 

 

 
Figure 3. Predictor Variables 
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Figure 4. Distribution of Hotspots in Peatland Areas of Bengkalis District 2015-2023 

with Confidence Level l-n-h 

 

Table 2. Confidence Hotspots “l-n-h” Peatland Area of Bengkalis District in 2015 to 2023 

Sub-District 
Hotspots 

Total 
2015 2016 2017 2018 2019 2020 2021 2022 2023 

Bantan 95 26  1 241 4 8 2 3 380 

Bengkalis 901 449 4 24 845 74 370 1 36 2704 

Bukitbatu 596 313  22 64 1 58  7 1061 

Mandau 82 308 40 174 161 4 1  18 788 

Pinggir 472 482 129 411 509 42 71 30 67 2213 

Rupat 1706 403 1 124 1316 547 34 3 12 4146 

Rupat Utara 9 3    7    19 

Siakkecil 801 305 24 3 445 9  6 2 1595 

Total 4662 2289 198 759 3581 688 542 42 145 12906 

 

Table 2 show that the largest distribution of hotspots in the peatland areas of Bengkalis 

District occurred in 2015 and 2019. Meanwhile, the area with the highest average 

distribution of hotspots each year is in Bengkalis Sub-District. So, if a fire occurs in the 

peatlands of Bengkalis Sub-District, it will have a significant impact, considering that 

peatland areas are more flammable and difficult to extinguish, especially during the dry 

season. 
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Next, a conversion was carried out on 12906 hotspots, where the confidence level that 

allows a fire to occur is the one with the value n and h. So that the confidence level l is 

automatically valued at 0. While the confidence level n and h are valued at 1. However, in 

this research, it will be seen whether there is a significant difference if the value that is 

considered to have a high probability of a fire occurring is the one with the confidence 

level h. So that the hotspot data is grouped into two scenarios, namely: (1) l = 0 and nh = 

1, and (2) ln = 0 and h = 1. After all datasets have been converted into binary form, the 

data from the predictor variables is combined with the response variables. 

Next, the data for the response and predictor variables was merged. Missing data was 

then analyzed. If missing data was found, the missing data handling process was 

performed by deleting the data. This was done because the previous predictor data had 

different data types (before being converted to binary), making validation for missing 

data handling impossible. 

 

2.3. Multicollinearity 

After the data merging process, a multicollinearity test is performed. This analysis is 

performed to identify strong relationships or high correlations between predictor 

variables in a regression model. When two or more independent variables are highly 

correlated, the information provided becomes redundant, which can interfere with the 

parameter estimation process in the model. If the redundancy reaches 100% (perfect 

multicollinearity), the predictor variable must be removed because the coefficient cannot 

be estimated. Multicollinearity testing is essential before logistic regression modeling to 

maintain parameter stability and increase model validity. One commonly used method is 

the Variance Inflation Factor (VIF). A high VIF value (generally > 5 or > 10) indicates 

multicollinearity that needs to be addressed by combining highly correlated variables. 

The formula for multicollinearity is shown in Equation 1. 

 

𝑉𝐼𝐹 =
1

1 − 𝑅!"
 (1) 

  

Where 𝑅!" = coefficient of determination of the regression results of 𝑋_𝑖 against all other 

predictor variables 
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2.4. Logistic regression 

Logistic regression was employed to predict hotspot occurrence as a binary response 

variable based on a set of 23 predictor variables. This algorithm is well suited for 

modelling binary outcomes, as it estimates the probability of an event occurring in this 

case, the presence or absence of a hotspot given a combination of explanatory factors. 

By incorporating multiple environmental and land-related predictors, the logistic 

regression model enables an assessment of how these variables collectively influence 

hotspot occurrence and supports the development of a probabilistic prediction 

framework for peatland fire vulnerability (equation 2) [41]: 

 

𝑃 =
𝐸𝑥𝑝(𝛽# + 𝛽$𝑋)

1 + 𝐸𝑥𝑝(𝛽# + 𝛽$𝑋)
 (2) 

where: 

𝛽# = intercept 

𝛽$ = numerical coefficient of each predictor variable 

𝑋 = predictor variable 

 

Several logistic regression models were developed using different combinations of 

predictor variables, and their Akaike Information Criterion (AIC) values were subsequently 

compared to determine the optimal model. The AIC is defined as AIC = 2ln (L) + 2k, where 

L represents the maximum likelihood of the model and k denotes the number of 

estimated parameters. This criterion balances model goodness-of-fit and model 

complexity, thereby reducing the risk of overfitting and favouring more parsimonious 

models. The model with the lowest AIC value was selected as the best model and used 

for further analysis. 

 

2.5. Evaluation and Validation Model 

To ensure that the logistic regression model developed exhibits good performance and 

reliability, a comprehensive model evaluation process is conducted through verification 

and validation tests. Verification tests are performed to assess the goodness-of-fit and 

explanatory power of the model, including Nagelkerke 𝑅² indices, which describe how 

well the model explains the variability of the data, as well as the Hosmer–Lemeshow chi-

square (𝜒²) test to evaluate the agreement between observed and predicted values. 

Meanwhile, validation tests are employed to measure the predictive capability of the 
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model, using the Area Under the Receiver Operating Characteristic Curve (AUC) and 

overall accuracy, which indicate the model’s ability to correctly classify events and non-

events. The combination of these evaluation measures is essential to ensure that the 

model is not only statistically adequate but also robust and effective for practical 

application. The following are the formulas for these evaluation metrics [42]: 

 

1) Nagelkerke 𝑅" 

𝑅%&'()*(+*(" =
𝑅,-./01())"

1 − 𝑒𝑥𝑝 6−2𝑛 . 𝑙𝑛𝐿#<
 (3) 

 

 

where: 

𝑅2-./31())" = 1 − =
𝐿$
𝐿#
>
"
1
 

𝐿# = likelihood null model 

𝐿$ = likelihood full model 

𝑛 = sample 

Values range from 0 to 1, the higher Nagelkerke R² value, the better model's ability 

to explain data variation. 

 

2) Homer-Lemeshow (𝜒²) Test 

𝜒" = ?
@𝑜' − 𝐸'B

"

𝐸'

4

'5$

 (4) 

where: 

𝑂'= the actual number of observations in the 𝑔th group 

𝐸'= predicted number of observations in the 𝑔th group 

𝐺 = number of groups (usually 10) 

 

3) Area Under the Receiver Operating Characteristic Curve (AUC) 

𝐴𝑈𝐶 = I 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑
$

#
(𝐹𝑃𝑅) (5) 

where: 

𝑇𝑃𝑅 = True Positive Rate 

𝐹𝑃𝑅 = False Positive Rate 
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4) Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (6) 

where: 

𝑇𝑃 = True Positive 

𝑇𝑁 = True Negative 

𝐹𝑃	= False Positive 

𝐹𝑁	= False Negative 

 

Nagelkerke R² was employed as a pseudo-R² measure to assess the relative explanatory 

performance of the logistic regression model. Unlike the R² in linear regression, this 

metric does not represent the proportion of variance explained, as logistic regression 

does not involve continuous residuals or normally distributed errors and is estimated by 

maximizing likelihood rather than minimizing squared errors. Accordingly, a Nagelkerke 

R² value of approximately 0.10 or lower can still be considered reasonable in wildfire 

modeling, given that fire occurrence is a rare and inherently stochastic process 

influenced by complex and often unobserved factors. Model discrimination was further 

assessed using AUC, while calibration was evaluated using the Hosmer–Lemeshow test, 

ensuring that the predicted probabilities were consistent with observed hotspot 

occurrences. 
 
3. RESULTS AND DISCUSSION 

 

3.1. Integration and Binary Transformation Dataset 

The prediction formula analysis process in this research was carried out using QGIS 

software version 3.32.1 and RStudio version 2026.01.1 which are open-source programming 

software that can support the big data computing process. As explained in the research 

methodology, the analysis process uses two classification scenarios to see a better 

hotspot prediction model. Prior to performing logistic regression analysis, it is necessary 

to ensure that the values of the response variable (hotspot) are in binary form. The binary 

transformation rules are defined as follows: in experiment 1, confidence level l is 

converted to 0, while n-h is converted to 1; in experiment 2, confidence levels l-n are 

converted to 0, while h is converted to 1. Subsequently, the response variable and 

predictor variables are integrated and transformed into raster data (binary form). In this 

research, experiment 1 is referred to as the nh confidence level scenario, while 
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experiment 2 is referred to as the h confidence level scenario. Table 3 presents the 

response and predictor variables used in the modeling process along with their 

corresponding value ranges. 

 

Table 3. Value of Predictor and Response Variable 

No. Variable Value No. Variable Value 

1 Hotspot (0, 1) 13 Depth_D3 (0, 1) 

2 Density_Drainase (0 - 1) 14 Depth_D4 (0, 1) 

3 Density_Road (0 - 1) 15 Type_H1a (0, 1) 

4 Density_River (0 - 1) 16 Type_H2a (0, 1) 

5 LC_Water (0, 1) 17 Type_H3a (0, 1) 

6 LC_Forest (0, 1) 18 Type_H4a (0, 1) 

7 LU_Plantation (0, 1) 19 Type_S1a (0, 1) 

8 LU_Settlement (0, 1) 20 Type_S2c (0, 1) 

9 LC_Bush (0, 1) 21 Type_S2a (0, 1) 

10 LC_Land (0, 1) 22 Type_S3a (0, 1) 

11 Depth_D1 (0, 1) 23 Precipitation (23 - 45) 

12 Depth_D2 (0, 1) 24 NDMI (0 - 1) 

 

The notation (0, 1) indicates that the variable is binary, where 0 represents the absence 

of a feature or event and 1 represents its presence. In this research, this format is used 

for both the response variable (hotspot: 0 = no fire occurrence, 1 = fire occurrence) and 

several predictor variables such as land use categories and peat characteristics that have 

been converted into discrete binary form. The notation (0–1) represents a continuous 

normalized range, where values are scaled between 0 and 1. This type of variable is 

typically derived from normalization or density-based measurements, such as road 

density, river density, drainage density, and NDMI. Values closer to 0 indicate lower 

intensity or influence, whereas values closer to 1 indicate higher intensity. In contrast, 

the notation (23–45) for precipitation indicates a continuous real-world value range, 

typically measured in millimetres. Unlike other variables that are binarized or normalized, 

precipitation is retained in its original continuous form to better capture variability in 

moisture conditions, which plays a critical role in influencing peatland fire occurrence. 

Furthermore, Table 4 illustrates the distribution of hotspot data according to binary 

status and confidence level following the binary transformation process. 
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Table 4. Distribution of Hotspot on Binary Status and Confidence Level 

Status 
Confidence Level 

𝒉 𝒏𝒉 
0 12393 650 

1 513 12256 

Total 12906 12906 

 

In contrast, the h scenario exhibits a strongly skewed distribution toward non-fire 

observations (12,393 vs. 513), reflecting a more conservative classification that only 

considers high-confidence detections. While this reduces false positives, it also limits the 

model’s ability to identify a wider range of fire occurrences, potentially reducing 

sensitivity and overall discriminative performance. This imbalance explains why the h 

model may achieve slightly higher accuracy, as predictions are dominated by the majority 

non-fire class, but performs worse in terms of AUC.  Next, the integrated modeling 

dataset underwent a data cleaning process by removing observations containing missing 

values. As a result, the number of valid observations was reduced, and the final dataset 

used for further analysis is presented in Table 5. 

 

Table 5. Train and Test Dataset 

Item Total 

Train 9817 of 24 variabel 

Test 2445 of 24 variabel 

Total 12272 of 24 variabel 

 

Prior to data partitioning, the integrated modelling dataset was subjected to a data 

cleaning process to remove observations containing missing values. Out of a total of 

12,906 observations, 634 records were identified as having missing values and were 

subsequently excluded from further analysis. After this process, the final dataset 

consisted of 12,272 observations derived from 24 variables, which were then divided into 

a training set comprising 9,817 observations (80%) and a testing set comprising 2,445 

observations (20%), as presented in Table 5. This data partitioning strategy ensures that 

the model is trained using the majority of the data while maintaining an independent 

subset for evaluating model performance and generalization capability. 
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3.2. Multicollinearity Analysis of Predictor Variable 

Multicollinearity is a critical issue in regression-based modelling, as strong linear 

relationships among predictor variables can adversely affect parameter estimation, 

increase standard errors, and reduce model interpretability. Therefore, prior to 

constructing the logistic regression model, an assessment of multicollinearity among the 

23 predictor variables was conducted to ensure model stability and reliable coefficient 

estimation. This analysis aims to identify predictors that exhibit high intercorrelation and 

to determine whether such variables should be removed or combined, thereby producing 

a more parsimonious set of predictors for subsequent modelling. 

 

The results of the multicollinearity analysis indicate that six predictor variables, namely 

LC_Land, Depth_D4, Type_H4a, Type_S1a, Type_S2a, and Type_S3a, exhibit perfect 

multicollinearity, as these variables show exact linear dependence with other predictors 

and yield infinite or undefined VIF values. Such conditions prevent reliable parameter 

estimation and therefore require immediate treatment. Consequently, these six variables 

were excluded from subsequent modelling to avoid singularity problems and to ensure 

model stability. Based on the remaining predictor variables, a base logistic regression 

model was then formulated as follows: 

 

𝑚𝑜𝑑𝑒𝑙_𝑏𝑎𝑠𝑒	 = 	𝑠𝑡𝑎𝑡𝑢𝑠	~	𝐷𝑒𝑛𝑠𝑖𝑡𝑦_𝐷𝑟𝑎𝑖𝑛𝑎𝑠𝑒	 + 	𝐷𝑒𝑛𝑠𝑖𝑡𝑦_𝑅𝑜𝑎𝑑	 + 	𝐷𝑒𝑛𝑠𝑖𝑡𝑦_𝑅𝑖𝑣𝑒𝑟	
+ 	𝐿𝐶_𝑊𝑎𝑡𝑒𝑟	 + 	𝐿𝐶_𝐹𝑜𝑟𝑒𝑠𝑡	 + 	𝐿𝑈_𝑃𝑙𝑎𝑛𝑡𝑎𝑡𝑖𝑜𝑛	 + 	𝐿𝑈_𝑆𝑒𝑡𝑡𝑙𝑒𝑚𝑒𝑛𝑡	
+ 	𝐿𝐶_𝐵𝑢𝑠ℎ	 + 	𝐷𝑒𝑝𝑡ℎ_𝐷1	 + 	𝐷𝑒𝑝𝑡ℎ_𝐷2	 + 	𝐷𝑒𝑝𝑡ℎ_𝐷3	 + 	𝑇𝑦𝑝𝑒_𝐻1𝑎	
+ 	𝑇𝑦𝑝𝑒_𝐻2𝑎	 + 	𝑇𝑦𝑝𝑒_𝐻3𝑎	 + 	𝑇𝑦𝑝𝑒_𝑆2𝑐	 + 	𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛	 + 	𝑁𝐷𝑀𝐼 

 

Tables 6 and 7 present the VIF values for the nh and h scenarios, respectively, providing 

a basis for identifying highly correlated variables that may affect parameter estimation 

and model interpretability. 

 

Table 6. VIF of Predictor Variable at Confidence Level nh 

Variable VIF Variable VIF 

Density_Drainase 1.339164 Depth_D2 4.709761 

Density_Road 1.160082 Depth_D3 2.885028 

Density_River 1.095076 Type_H1a 1.000002 

LC_Water 1.000003 Type_H2a 2.880476 

LC_Forest 123.246234 Type_H3a 1.266383 
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Variable VIF Variable VIF 

LU_Plantation 105.313606 Type_S2c 1.000000 

LU_Settlement 1.000000 Precipitation 2.161728 

LC_Bush 74.663067 NDMI 1.060414 

Depth_D1 1.490838   

 

Table 7. VIF of Predictor Variable at Confidence Level ℎ 

Variable VIF Variable VIF 

Density_Drainase 1.289741 Depth_D2 4.342163 

Density_Road 1.192155 Depth_D3 2.975928 

Density_River 1.145259 Type_H1a 1.515543 

LU_Water 1.000003 Type_H2a 2.520777 

LU_Forest 28.490537 Type_H3a 1.537939 

LU_Plantation 22.995192 Type_S2c 1.000000 

LU_Settlement 1.000000 Precipitation 1.868877 

LU_Bush 16.943089 NDMI 1.071582 

Depth_D1 1.815633   

 

Based on the results of the multicollinearity analysis (Table 6 and 7), there are eight 

logistic regression models were subsequently formulated as follows: 

> m1 <- model_base 

> m2 <- update(m1, . ~ . - LC_Forest) 

> m3 <- update(m1, . ~ . - LU_Plantation) 

> m4 <- update(m1, . ~ . - LC_Bush) 

> m5 <- update(m1, . ~ . - LC_Forest - LU_Plantation) 

> m6 <- update(m1, . ~ . - LC_Forest - LC_Bush) 

> m7 <- update(m1, . ~ . - LU_Plantation - LC_Bush) 

> m8 <- update(m1, . ~ . - LC_Forest - LU_Plantation - LC_Bush) 

 

The multicollinearity analysis presented in Tables 6 and 7 reveals that several land-use 

variables, particularly LC_Forest, LU_Plantation, and LC_Bush, exhibit extremely high VIF 

values, indicating severe multicollinearity. This suggests that these variables are strongly 

correlated and may represent overlapping information related to land cover composition 
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and anthropogenic influence. Such redundancy can distort coefficient estimates, inflate 

standard errors, and reduce the interpretability of the logistic regression model. Notably, 

the magnitude of VIF values is substantially higher in the nh scenario compared to the h 

scenario, indicating that broader hotspot classification (nh) amplifies correlations among 

land-use variables. 

 

To address this issue, eight alternative logistic regression models (m1–m8) were 

systematically constructed by selectively removing combinations of the highly collinear 

variables. This stepwise exclusion strategy is not merely a technical adjustment but 

reflects an effort to identify the most parsimonious model while preserving explanatory 

relevance. Models m2–m4 evaluate the individual contribution of each variable by 

removing one predictor at a time, whereas models m5–m8 assess the combined effects 

of removing multiple correlated variables. In particular, model m8 represents the most 

constrained specification, eliminating all three highly collinear predictors, thereby 

minimizing redundancy but potentially sacrificing important explanatory information. 

 

3.3. Logistic regression analysis 

Based on the comparison of Akaike Information Criterion (AIC) values among the eight 

logistic regression models, the best-performing model for the nh confidence level 

scenario is model 6, which yields the lowest AIC value of 3792.660, while for the h 

confidence level scenario, model 5 is identified as the optimal model with an AIC value 

of 3302.035. In model selection using AIC, a lower AIC value indicates a better trade-off 

between model goodness-of-fit and model complexity; therefore, the model with the 

minimum AIC is considered the most parsimonious and optimal. The AIC values for each 

candidate model are presented in Table 8. 

 

Table 8. AIC Values of Logistic Regression Models for nh and h Confidence Level 

Model 
AIC 

𝒏𝒉 𝒉 
m1 3795.560 3303.265 

m2 3794.177 3304.000 

m3 3794.742 3304.013 

m4 3793.998 3304.948 

m5 3796.256 3302.035 
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Model 
AIC 

𝒏𝒉 𝒉 
m6 3792.660 3304.009 

m7 3797.906 3303.748 

m8 3796.591 3302.130 

 

These results further indicate that the optimal model structure differs between the two 

confidence scenarios, reflecting variations in how predictor variables contribute to fire 

occurrence under different classification thresholds. In the nh scenario, the selection of 

model 6—where LC_Forest and LC_Bush are excluded—suggests that these variables 

contain redundant or overlapping information with other predictors, particularly those 

related to land use and anthropogenic activities. Their removal improves model 

parsimony without substantially reducing explanatory power, indicating that fire 

occurrence in the nh scenario is better captured through a more simplified 

representation of land use dynamics. 

 

In contrast, the h scenario identifies model 5 as optimal, which excludes LC_Forest and 

LU_Plantation, implying that high-confidence fire events are less dependent on broader 

land use categories and may be more strongly influenced by specific environmental or 

peat related conditions. This difference highlights that the relative importance of 

predictor variables is sensitive to the definition of fire occurrence, where the nh scenario 

captures a wider range of fire signals, while the h scenario reflects more selective and 

high certainty events. The results of the model evaluation are presented in Table 9. 

 

Table 9. Evaluation of Models for nh and h Confidence Levels 

 𝒏𝒉 𝒉 

pseudo-R² 

Nagelkerke R² 

 

0.06810830 

 

0.01716522 

Hosmer and Lemeshow goodness of fit (GOF) test 

X-squared 

df 

p-value 

 

5.7663 

8 

0.6734 

 

10.377 

8 

0.2395 

AUC 0.6869324 0.6007481 

Accuracy 95.19% 95.64% 
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The comparative results clearly indicate that the nh classification scenario outperforms 

the h scenario in terms of overall model robustness and predictive relevance (Table 9). 

The nh model exhibits a substantially higher Nagelkerke R² (0.0681) compared to the h 

model (0.0172), indicating a greater explanatory capacity, which is particularly meaningful 

given the stochastic and rare-event nature of peatland fire occurrences. Although 

pseudo-R² values are inherently low in logistic regression models for rare events, the 

relative improvement observed in the nh scenario highlights its stronger ability to 

capture underlying fire dynamics. 

 

In terms of model discrimination, the nh scenario achieves a higher AUC (0.6869) than 

the h scenario (0.6007), suggesting a more reliable capacity to differentiate between fire 

and non-fire events. Furthermore, both models pass the Hosmer–Lemeshow goodness-

of-fit test (p > 0.05), indicating acceptable calibration. However, the lower X-squared value 

in the nh model (5.7663 vs. 10.377) reflects a closer alignment between observed and 

predicted probabilities. 

 

While the h scenario yields a marginally higher classification accuracy (95.64%), this 

metric is less informative in imbalanced datasets, where the dominance of non-fire 

observations can inflate accuracy values. Therefore, greater emphasis is placed on AUC 

and pseudo-R² as more reliable indicators of model performance. The correlations among 

variables are presented in Table 10. 

 

Table 10. Estimating Parameter of Logistic Regression Model for nh 

 Estimate Std. Error z value Pr(>|z|) 

(Intercept) 5.35170 0.70182 7.625 2.43e-14 *** 

Density_Drainase -145.84482 79.49670 -1.835 0.066565 . 

Density_Road -31.43376 55.55140 -0.566 0.571496 

Density_River 327.29133 283.97063 1.153 0.249094 

LC_Water 13.32748 562.79392 0.024 0.981107 

LU_Plantation -0.27821 0.11290 -2.464 0.013736 * 

LU_Settlement 12.64250 2399.54473 0.005 0.995796 

Depth_D1 1.01955 0.35063 2.908 0.003640 ** 

Depth_D2 1.30906 0.24717 5.296 1.18e-07 *** 

Depth_D3 -0.53553 0.15602 -3.432 0.000598 *** 



Vol. 8, No. 2, April 2026 

 
 

2517 | Logistic Regression Modeling of Peatland Fire Hotspots in Bengkalis District ….. 

 Estimate Std. Error z value Pr(>|z|) 

Type_H1a 12.75020 224.68564 0.057 0.954747 

Type_H2a -0.54682 0.22274 -2.455 0.014090 * 

Type_H3a 1.60906 0.16134 9.973 < 2e-16 *** 

Type_S2c 11.72614 1382.09468 0.008 0.993231 

Precipitation -0.07269 0.02026 -3.587 0.000334 *** 

NDMI 0.23521 0.47088 0.500 0.617414 

 

Table 10 show statistically significant effects on peatland fire occurrence. LU_Plantation, 

Depth_D1, Depth_D2, Depth_D3, Type_H2a, Type_H3a, and Precipitation are significant at 

the 95% confidence level, indicating their important roles in influencing fire occurrence. 

Depth_D1, Depth_D2, and Type_H3a have positive coefficients, suggesting that increases 

in these variables are associated with a higher probability of fire occurrence, whereas 

LU_Plantation, Depth_D3, Type_H2a, and Precipitation have negative coefficients, 

indicating a decreasing effect on fire probability. Other variables, such as Density_Road, 

Density_River, LC_Water, LU_Settlement, Type_H1a, Type_S2c, and NDMI, aren’t statistically 

significant, implying limited influence within the model. Overall, the results demonstrate 

that peat depth, land-use characteristics, peat type, and precipitation are key factors 

affecting peatland fire. 

 

Mathematically, the prediction formula for model nh can be written as follows: 

 

𝑃 =

𝐸𝑥𝑝

⎝

⎜
⎛

5.35170 + (−145.84482) ∗ 𝐷𝑒𝑛_𝐷𝑟𝑎𝑖𝑛 + (−31.43376) ∗ 𝐷𝑒𝑛_𝑅𝑑 + 327.29133 ∗ 𝐷𝑒𝑛_𝑅𝑣𝑟
+13.32748 ∗ 𝐿𝐶_𝑊𝑎𝑡𝑒𝑟 + (−0.27821) ∗ 𝐿𝑈_𝑃𝑙𝑎𝑛𝑡 + 12.64250 ∗ 𝐿𝑈_𝑆𝑒𝑡𝑡
+1.01955 ∗ 𝐷𝑒𝑝𝑡_𝐷1 + 1.30906 ∗ 𝐷𝑒𝑝𝑡_𝐷2 + (−0.53553) ∗ 𝐷𝑒𝑝𝑡_𝐷3

+12.75020 ∗ 𝑇𝑦𝑝𝑒_𝐻1𝑎 + (−0.54682) ∗ 𝑇𝑦𝑝𝑒_𝐻2𝑎 + 1.60906 ∗ 𝑇𝑦𝑝𝑒_𝐻3𝑎
+11.72614 ∗ 𝑇𝑦𝑝𝑒_𝑆2𝑐 + (−0.07269) ∗ 𝑃𝑟𝑒𝑐𝑖𝑝 + 0.23521 ∗ 𝑁𝐷𝑀𝐼 ⎠

⎟
⎞

1 + 𝐸𝑥𝑝

⎝

⎜
⎛

5.35170 + (−145.84482) ∗ 𝐷𝑒𝑛_𝐷𝑟𝑎𝑖𝑛 + (−31.43376) ∗ 𝐷𝑒𝑛_𝑅𝑑 + 327.29133 ∗ 𝐷𝑒𝑛_𝑅𝑣𝑟
+13.32748 ∗ 𝐿𝐶_𝑊𝑎𝑡𝑒𝑟 + (−0.27821) ∗ 𝐿��_𝑃𝑙𝑎𝑛𝑡 + 12.64250 ∗ 𝐿𝑈_𝑆𝑒𝑡𝑡
+1.01955 ∗ 𝐷𝑒𝑝𝑡_𝐷1 + 1.30906 ∗ 𝐷𝑒𝑝𝑡_𝐷2 + (−0.53553) ∗ 𝐷𝑒𝑝𝑡_𝐷3

+12.75020 ∗ 𝑇𝑦𝑝𝑒_𝐻1𝑎 + (−0.54682) ∗ 𝑇𝑦𝑝𝑒_𝐻2𝑎 + 1.60906 ∗ 𝑇𝑦𝑝𝑒_𝐻3𝑎
+11.72614 ∗ 𝑇𝑦𝑝𝑒_𝑆2𝑐 + (−0.07269) ∗ 𝑃𝑟𝑒𝑐𝑖𝑝 + 0.23521 ∗ 𝑁𝐷𝑀𝐼 ⎠

⎟
⎞

 

 

The logistic regression equation for the nh model represents the probability of peatland 

fire occurrence as a function of multiple interacting predictors, where each coefficient 

reflects the direction and magnitude of influence on the log-odds of fire. Variables with 

positive coefficients, such as river density (Den_Rvr), LC_Water, LU_Plantation, 

LU_Settlement, peat types (H1a, H3a, S2c), and NDMI, indicate that an increase in these 
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factors is associated with a higher probability of fire occurrence. In particular, the strong 

positive coefficient of river density suggests that areas with more extensive hydrological 

networks may be more vulnerable to fire, potentially due to associated drainage and 

accessibility effects. Similarly, the positive contribution of plantation and settlement 

variables reinforces the dominant role of anthropogenic activities in triggering peatland 

fires. 

 

Conversely, variables with negative coefficients, including drainage density (Den_Drain), 

road density (Den_Rd), peat depth classes (D1, D3), peat type H2a, and precipitation, 

indicate a decreasing effect on fire probability. The negative coefficient of precipitation 

is consistent with the physical role of moisture in suppressing ignition and fire spread, 

while the mixed effects of peat depth suggest that fire susceptibility varies across peat 

stratification, reflecting differences in fuel availability and subsurface burning potential. 

Notably, the presence of both positive and negative coefficients among peat-related 

variables highlights the non-linear and heterogeneous nature of peatland fire dynamics, 

where different peat conditions can either promote or inhibit fire occurrence. 

 

After identifying the influential variables and establishing the logistic regression 

prediction model, a prediction map of peatland fire occurrence probability was generated 

as the main objective of this research. As shown in Figure 5, the resulting prediction map 

was classified into three probability levels [43]. Probabilities ranging from 30% to 80% 

(moderate) represent areas with a considerable potential for fire occurrence, whereas 

probabilities greater than 80% (high) indicate areas with a very high likelihood of peatland 

fire occurrence. The area extent for each probability class in each sub-district is 

presented in Table 11. 

 

Areas with high fire probability (red) are predominantly concentrated in Bukit Batu, Siak 

Kecil, Bantan, and parts of Rupat, indicating localized hotspots of elevated vulnerability. 

These clusters suggest that fire occurrence is not randomly distributed but is strongly 

influenced by specific spatial configurations of anthropogenic pressure and peat 

characteristics, particularly in regions with intensive land-use activities and modified peat 

hydrology. 
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Figure 5. Probability of Peatland Fires Prediction in Bengkalis District 

 

In contrast, moderate probability areas (orange) are more widely distributed across the 

region, covering substantial portions of Bengkalis, Pinggir, and Mandau, reflecting a 

broader landscape of latent fire susceptibility. This pattern indicates that while extreme 

fire risk is spatially concentrated, moderate-risk zones dominate the overall area, 

consistent with the earlier finding that most hotspots fall within the nominal–high (nh) 

classification. The widespread presence of moderate-risk areas highlights the importance 

of preventive and early detection strategies, as these zones may transition into high-risk 

conditions under favorable climatic or anthropogenic triggers. 

 

Table 11. Area of Peatland Containing Hotspots with Fire Potential in Bengkalis District 

Sub-District 

Confidence Level 
Total Area 

(Ha) 
Nominal (𝒏) 

(Ha) 

High(𝒉) 

(Ha) 

Bantan 23,730.66 1,995.02 25,725.68 

Bengkalis 43,865.79 5,676.31 49,542.10 

Bukitbatu 149,715.72 17,304.82 167,020.53 

Mandau 24,511.71 6,185.12 30,696.83 

Pinggir 62,026.55 6,960.08 68,986.63 

Rupat 63,588.67 50.53 63,639.20 

Rupat Utara 7,264.73 655.67 7,920.40 

Siakkecil 42,628.79 10,578.99 53,207.77 
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Sub-District 

Confidence Level 
Total Area 

(Ha) 
Nominal (𝒏) 

(Ha) 

High(𝒉) 

(Ha) 

Total Area (Ha) 417,332.60 49,406.55 466,739.1519 

 

The joint analysis of peatland distribution and hotspot occurrence reveals a non-linear 

and spatially differentiated relationship between peatland extent and fire activity in 

Bengkalis District (Table 1 and Table 11). While peatlands cover approximately 61.4% of the 

total administrative area (504,777.91 ha), the distribution of hotspots does not strictly 

follow peatland proportion alone, indicating that peat presence is a necessary but not 

sufficient condition for fire occurrence. 

 

Sub-districts such as Bengkalis, Bantan, Siak Kecil, and Bukit Batu, which exhibit high 

peatland dominance (>84%), generally correspond to substantial hotspot areas, 

confirming that peat rich landscapes are inherently fire-prone. In particular, Bukit Batu 

stands out as the most critical hotspot cluster, with the largest peat extent (172,858.13 

ha) and the highest hotspot area (167,020.53 ha), suggesting a strong coupling between 

peat availability and fire occurrence at large spatial scales. 

 

However, this relationship is not uniform across all regions. For example, Siak Kecil, 

despite having a very high peat proportion (86.66%), exhibits a comparatively lower 

hotspot area (53,207.77 ha), indicating that additional controlling factors such as land use, 

accessibility, and human activities play a significant role. Conversely, Pinggir and Mandau, 

which have moderate peat coverage (39.16% and 31.85%, respectively), still show relatively 

high hotspot extents (68,986.63 ha and 30,696.83 ha), suggesting that anthropogenic 

pressures may amplify fire risk even in less peat dominated areas. 

 

Furthermore, the dominance of nominal-confidence hotspots (~89.4%) over high-

confidence hotspots (~10.6%) across all sub-districts indicates that fire risk is primarily 

distributed as moderate probability events across broad spatial extents, rather than being 

concentrated only in extreme hotspots. This reinforces the importance of early detection 

and preventive management strategies. Overall, the comparison demonstrates that 

peatland extent alone does not fully explain fire patterns, but must be interpreted in 

conjunction with anthropogenic and environmental drivers. These findings highlight the 
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need for integrated, location-specific fire management strategies that account for both 

peat characteristics and human-induced pressures, particularly in regions where 

moderate peat coverage coincides with high hotspot density. 

 

3.4. Discussions 

The findings of this research are consistent with previous wildfire and fire-occurrence 

studies using logistic regression, where low Nagelkerke pseudo-R² values are commonly 

reported. Studies in Spain and Finland show that, even with environmental, land-use, and 

anthropogenic predictors, logistic models often yield weak pseudo-R², sometimes below 

0.01 that reflecting the stochastic and human-driven nature of fire ignition, particularly 

during transitional or low activity periods [44], [45]. These findings emphasize that 

pseudo-R² should be interpreted as a relative indicator of model improvement rather 

than explained variance. Accordingly, the Nagelkerke R² obtained in this research (0.0681) 

is comparable to, and in some cases higher than, values reported in earlier fire occurrence 

research and is therefore methodologically acceptable for hotspot-based peatland fire 

vulnerability modelling. 

 

The influential variables identified in this study align closely with recent wildfire and 

hotspot modelling research, confirming that peatland fire vulnerability is driven by 

interactions between peat biophysical properties and human activities. In Bengkalis 

District, plantation land use, peat depth and type, and precipitation emerge as key 

predictors, indicating the combined effects of land management, peat susceptibility to 

drying, and moisture regulation. Similar patterns are reported in conservation-area 

studies, where land use, temperature, and proximity to roads dominate over topography 

[46]. Machine-learning-based studies in Indonesia and seasonal fire modelling in Thailand 

further highlight the importance of peat hydrology, climate, vegetation condition, and 

agricultural land use as joint determinants of fire likelihood [47], [48], [49]. Overall, these 

comparisons support an integrated framework combining land use, peat characteristics, 

climate, and anthropogenic pressure. 

 

The methodological approach is well suited to peatland fire hotspot modelling, where 

fire occurrence is a binary and rare event. Logistic regression provides a transparent 

probabilistic framework, while the selection of predictors reflects established fire 

process knowledge. Importantly, multicollinearity analysis is essential to ensure 
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coefficient stability and interpretability given the strong correlations among 

environmental variables. Model evaluation therefore does not rely solely on Nagelkerke 

R² but emphasizes complementary metrics, including the Hosmer–Lemeshow goodness-

of-fit test for calibration, AUC for discrimination, and classification accuracy for 

predictive performance. This multi-metric strategy ensures a robust and reliable 

assessment of model performance. 

 

From a practical perspective, the model provides useful support for peatland fire 

management and early warning in Bengkalis District by identifying areas with higher fire 

vulnerability. The probabilistic outputs facilitate prioritization of monitoring, prevention, 

and mitigation efforts, particularly in plantation-dominated and hydrologically vulnerable 

peatlands. The integration of land-use, peat, and climatic variables, together with robust 

evaluation metrics, enhances operational reliability and confidence for real-world 

application. Consequently, the proposed approach can serve as an effective decision-

support tool for local fire management agencies and may be adapted to other peatland 

regions with similar conditions. 

 

4.  CONCLUSION 

 

This research demonstrates that logistic regression provides a methodologically robust 

yet inherently limited approach for predicting peatland fire occurrence in Bengkalis 

District under rare-event conditions. By transforming hotspot data into two confidence-

based binary scenarios (nh and h) and addressing multicollinearity, the analysis shows 

that the nh model offers the best trade-off between discrimination and accuracy, 

outperforming the h model in terms of AUC while maintaining comparable accuracy. The 

nh model achieved Nagelkerke R² = 0.0681, Hosmer–Lemeshow p-value = 0.6734, AUC = 

0.6869, and accuracy = 95.19%, indicating acceptable calibration and moderate 

discriminative ability. In contrast, the h model’s slightly higher accuracy is less informative 

due to class imbalance and its lower AUC. Significant predictors include plantation land 

use, peat depth, peat type, and precipitation, with spatial predictions indicating that 

466,739.15 ha (92.46%) of peatlands are potentially fire-prone. Nevertheless, the low 

pseudo-R² reflects the complex and stochastic nature of peatland fire dynamics, 

highlighting the need for further refinement through additional predictors, improved 

spatial–temporal resolution, and broader validation. Overall, the model provides a credible 
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baseline for probabilistic fire risk mapping and supports early warning and targeted 

mitigation strategies. 
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