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            Abstract
          
        

        
          Forest fires destroy millions of forest acres globally, damaging ecosystem services, emitting carbon into the atmosphere, and causing billions of dollars in socio-economic losses, including loss of life. Bhutan, despite its small size, is grappling with forest fires compounded by climate extremes, a remote location, and a lack of preparedness. Under such conditions, it is important to develop policy, technology, and action to respond to forest fires based on scientific research. This study used the Random Forest model (RF) and Shared Socioeconomic Pathways (SSP) approach to create a model for predicting forest fires in Bhutan by considering climate data, spatial data, and forest fire occurrence factors. The RF algorithm was used to analyze the correlations between various input data and predict the change in future forest fire risk in Bhutan. Using SSP scenarios that considered changes due to future population and economic growth, it was possible to predict the risk of forest fires accurately and spatially in Bhutan. The study found that the average forest fire risk was highest during the months of October to January, which are also the dry seasons with low precipitation. However, it also showed high variability across climate change scenarios. SSP scenarios also confirmed the possibility of a significant increase in forest fire risk in the future. The results of this study can be used to support specific policy decisions for forest fire prevention and response in Bhutan and to contribute to the development of forest fire prediction technology in the light of the changing global climate.
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      1. Introduction
      Forest fires are a disaster that can damage people and the environment in a lot of ways, and they happen all the time (Bowman et al., 2020). In particular, as climate change makes forest fires more frequent and severe, damage from forest fires is also increasing, and forests are being lost as a result (Jones et al., 2022). Consequently, forest loss due to forest fire has global consequences in the era of climate change as it leads to reduced ecosystem services and the loss of environmental assets (Bowman et al., 2009). Since the degree of climate change varies depending on human response, forest fire outbreaks have a negative effect on climate change. As a result, a vicious cycle of climate change occurs in which the risk of forest fires increases again due to climate change. Accordingly, the development and application of forest fire prediction technology are critical to conserving forest resources and their consequent ecosystem services. Forest fires are caused by a wide variety of causes due to a combination of natural and anthropogenic factors (Neary et al., 1999). Therefore, it is necessary to make a comprehensive analysis and prediction by considering various factors related to forest fire occurrence, and in this regard, the development of a forest fire prediction model is in progress. While there exist multiple models to analyze forest fires and predict future risks, the Random Forest (RF) model is popularly used to develop prediction models, especially for forest fires (Tyralis et al., 2019; Ziegler and König, 2014). The RF model has great prediction performance and the ability to mitigate overfitting issues (Fawagreh et al., 2014; Hastie et al., 2009; More and Rana, 2017). Such studies have improved our ability to monitor and respond to increasing incidences of forest fires, especially under global environmental and climate changes (Bjånes et al., 2021; Eslami et al., 2021; Gigović et al., 2019; Latifah et al., 2019; Milanović et al., 2021; Song et al., 2017).

      Despite its small size, the forest of Bhutan is experiencing a dramatic increase in the frequency of forest fires and the area burned over the years (Rai, 2023). According to Rai (2023), forest fire incidences and area damaged in Bhutan increased from 40 cases destroying 352.72 hectares in 2019 to 43 cases destroying 4308.05 hectares in 2021 alone. Although there have been few studies on Bhutan’s adaptive capacity to deal with forest fires, research on forest fire occurrence, prediction, and risk is very scarce (Tshering et al., 2020; Vilà-Vilardell et al., 2020). Therefore, this study aims to: i) spatially analyze the risk of forest fire occurrence and identify the most influential factors by utilizing spatial information, field survey data, past occurrence history, and climate data of Bhutan; and ii) develop a forest fire prediction model using machine learning by integrating climate change scenario data to predict and analyze future forest fire risk changes according to climate change patterns of Bhutan. As a result, the spatial distribution of forest fire risk is analyzed by integrating various factors through the machine learning (ML) model and analyzing the time period with the greatest risk. In addition, future climate change scenarios are applied to the developed ML model to analyze and evaluate changes in future forest fire risk.

      In this study, modeling was conducted by collecting various input variables, such as climate data, spatial data, and forest fire history data in Bhutan. The RF model algorithm is proven to produce highly reliable results for forest fire studies (Gao et al., 2023; Oliveira et al., 2012; Pang et al., 2022). Our study used the RF model to predict forest fires by analyzing the correlation between various input data. In addition, to consider future climate change, the Shared Socioeconomic Pathways (SSP) scenario is used to reflect the future climate change situation in the RF model. Since the SSP scenario is a climate change scenario that considers future population and economic growth, it can play a more important role in the study of forest fires than the Representative Concentration Pathways (RCP) scenario, in which anthropogenic factors affect their occurrence. In addition, since the SSP scenario provides climate change data according to the degree of management, the effect of the degree of management of climate change on forest fire risk can be analyzed.

    

    

  
    
      2. Methods and materials
      
        2.1. Study area
        Bhutan is a small (38,394 km2) mountainous country situated between 27°30' N latitude and 90°30' E longitude, sandwiched between India and China (Fig. 1). Bhutan is highly mountainous, with almost 95% of the country’s total land area situated above 6000 m above mean sea level (Tshering et al., 2020). The vegetation of the country changes along its rapidly changing elevation, from 97 m in the southern foothills to over 7000 m in the northern mountains (MoAF, 1997).
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            Study area map of Bhutan
          
          

          

        

        Vegetation consists mainly of subtropical broadleaved forests up to 1200 m, followed by temperate cool broadleaved forests between 1200 m and 2000 m. On the coniferous front, pure pine forests comprised of blue pine (Pinus wallichiana) and sometimes mixed with oaks and rhododendron are found between 1500 m and 3200 m. Mixed coniferous forests comprised of fir (Abies densa), hemlock (Tsuga dumosa), spruce (Picea spinulosa), larch (Larix griffithii), and juniper (Juniperus indica) are found between 2500 m and 3200 m. In addition, pure stands of chir pine (Pinus roxburgii) are found in dry areas between 1520 m and 1860 m (Wangda and Ohsawa, 2006). The remoteness of the mountainous areas, coupled with steep terrain and a mostly forested area, makes Bhutan highly susceptible to forest fires. The country experiences four seasons: spring (March to May), summer (June to August), autumn (September to November), and winter (December to February). The summer seasons are characterized by high precipitation from monsoons, while winter and spring are dry with high winds, especially during late winter and spring. These geographical and climatic characteristics increase the likelihood of forest fires and act as important variables in developing forest fire prediction models. Therefore, in this study, information such as the topography, geographical characteristics, and climate of Bhutan are comprehensively analyzed to evaluate the possibility of forest fires and develop a forest fire prediction model. Through this, we expect to be able to take more accurate and effective measures to cope with and prevent forest fires in Bhutan.

      

      
        2.2. Data collection and preprocessing
        Various factors were collected to predict the risk of forest fires in Bhutan. Representative data include occurrence history data from 2007 to 2017, geospatial factors, meteorological factors, and future climate scenario factors. These variables can be useful for forest fire prediction because they represent geographic and meteorological conditions related to forest fire occurrence (Lin et al., 2023). Forest fire data from 2007 to 2017 was collected from the fire databases of the department of forests, field offices, and extension officers. Details of this data include the geographical location of forest fires, date, fire start time, duration, and end of fire, cause of fires, area damaged, property losses, and other factors such as meteorological, environmental, and social. This data was further ground-toothed and confirmed with local government officers and community members. Where GPS readings were not consistent or missing, ground truthing was done to obtain GPS readings, and where ground truthing was not possible, Google Earth was used by field researchers who knew the areas well to pick GPS locations. Meteorological data, including mean temperature, accumulated precipitation, mean relative humidity, and maximum wind speed, were collected from the department of hydrology and meteorology of Bhutan.

        Studies by Rubí et al. (2023) and Chuvieco and Congalton (1989), confirmed altitude, slope, and aspect as the spatial factors that affect forest fires. Therefore, the DEM data based on the shuttle radar topography mission (SRTM) data was used to generate the altitude, aspect, and slope data in the Bhutan region with a resolution of 30 m (Fig. 2). Next, the meteorological factors that affect forest fires include average humidity, average temperature, average wind speed, and daily precipitation (Sharples et al., 2009; Van Wagner, 1987). To train this data into the RF model, a history of forest fires is required. Therefore, forest fire history data from 2007 to 2017 were acquired from the department of forests, and field observation was utilized (Fig. 2d). Each point in Fig. 2d includes the time of occurrence, and all points have meteorological data at the time of occurrence. Finally, to predict the change in forest fire risk according to future climate conditions using the trained model, global SSP data provided by the Korea Meteorological Administration was used to secure future climate data with the same items as climate factors. For the SSP scenarios, SSP1-2.6, a scenario in which climate change was moderately progressed due to good management, and SSP5-8.5, in which climate change was severely progressed due to poor management, were used according to the degree of management of climate change. In order to reflect future climate change, SSP data for 2030, 2040, and 2050 were used. The collected data was first presented as spatial data and then converted into a comma separated value (CSV) file format. In the data preprocessing process, missing values were processed, and outliers were removed. In addition, the problem of multicollinearity was solved through correlation analysis between variables.

        
          
          

          Fig. 2. 
				
          

          
            Spatial data of Bhutan
          
          

          

        

      

      
        2.3. Random forest model
        For forest fire prediction, the RF model was used in this study. The RF model is a machine learning algorithm for constructing a predictive model using multiple decision trees with multiple inputs. The RF model has the advantage of mitigating the overfitting problem and showing high predictive performance (Fawagreh et al., 2014; Hastie et al., 2009). Therefore, RF models are used to develop predictive models in various fields, including forest fire (Tyralis et al., 2019; Ziegler and König, 2014). By analyzing the importance of features’ in the RF model, variables that affect forest fire occurrence were identified. By analyzing the features importance, variables needed to improve the forest fire prediction model were identified.

        First, in order to develop an RF model for forest fire prediction, the Bhutan forest fire history data collected in Fig. 2d and meteorological data such as temperature, humidity, wind direction, and wind speed at the time of occurrence are used to train the model. Using the trained model, the month with the highest forest fire risk is analyzed, and the spatial distribution of forest fire risk is identified. Then, using the same SSP scenario as the trained meteorological factors, the change in forest fire risk due to future climate change is analyzed according to the scenario. Through this, this study predicts changes in forest fire risk due to climate change and proposes reasonable forest fire risk response plans accordingly (Fig. 3).
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            Flow chart of this study
          
          

          

        

      

    

    

  
    
      3. Results and discussion
      Forest fire risk maps of Bhutan are presented in Fig. 4 based on a trained RF model using historical data. Fig. 4a is the forest fire risk on July 15th, 2009, when the forest fire risk is the lowest, and Fig. 4b is the forest fire risk on March 13th, 2009. When comparing the two, it was found that the distribution of forest fire risk varies with weather conditions at low altitudes. July is the rainy season in Bhutan, and March is the dry season. Thus, even in the same year, the distribution of forest fire risk is different. In the case of the northern region with high altitude, it was found that the risk of forest fire occurrence was low at two time points. This result is also shown in the importance of the input data of the RF model, and it was found that the importance of the altitude (DEM in Fig. 5) was overwhelmingly higher than that of other input data (Fig. 5).
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          Forest fire risk map of Bhutan
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          Feature importance plot of RF model
        
        

        

      

      Through the model trained above, a total of 36 monthly forest fire risks were calculated according to the SSP 1-2.6 and 5-8.5 scenarios in 2030, 2040, and 2050. To compare the above results, a histogram statistical analysis was performed to calculate the mean values of all pixel values, and the changes in forest fire risk distribution according to climate change scenarios were analyzed by listing them in chronological order (Fig. 6). he average forest fire risk was found to be highest during the months of October to January. In particular, from September to October, the risk of forest fires rises sharply, which overlaps with Bhutan's dry season, when precipitation decreases and dryness increases. In particular, October is evaluated as having a high risk of forest fires because it is a period in which precipitation is low but the temperature does not drop and the temperature is maintained while being dry. The risk of forest fires in the wet season appears to be low at all time points in all scenarios, but the risk of forest fires in the dry season shows high variability across climate change scenarios, which appears to be affected by the increase in extremes of climate change. Fig. 7 lists the mean, maximum, and minimum values of forest fire risk according to SSP1-2.6 and SSP5-8.5 in chronological order. In the SSP5-8.5 scenario, where the degree of management of climate change is low, the forest fire risk is higher than in the case of SSP1-2.6, where the degree of management is high. Through this, as passive management of climate change increases the risk of forest fires, the mean and max of forest fire risk are identified as high.
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          Forest fire risk comparison according to SSP scenarios
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          Chronological change of forest fire risk
        
        

        

      

      Modeling with the RF model and SSP scenarios made it possible to spatially predict where and when forest fire risk is high and how human responses to climate change affect forest fire risk in Bhutan. This can help policymakers in Bhutan make decisions about how to prevent and deal with forest fires and climate change based on scientific evidence. In addition, the study results are expected to make a great contribution to the development of forest fire prediction technology globally. Further, the modeling method using SSP scenarios is expected to be used in the field of future prediction as well.

    

    

  
    
      4. Conclusion
      In this study, the spatial pattern of forest fire risk in Bhutan was analyzed, and future risk was predicted using the RF model and SSP scenarios. As a result of the study, the variables that had the greatest impact on forest fire occurrence were altitude, daily minimum temperature, slope, and wind speed, and a RF model was constructed considering these variables. The spatial distribution of forest fire risk was confirmed considering the relevant factors, and it was found that the effect of altitude was the greatest regardless of weather conditions, and the area with high risk was the area where human impact could occur. As a result of applying the SSP scenario, it is predicted that the possibility of forest fire risk in Bhutan will increase over the next 50 years in the SSP5-8.5 scenario compared to the SSP1-2.6 scenario. In both scenarios, the forest fire risk was found to be high during the dry season in Bhutan, and the passive response to climate change increased the forest fire risk. Additionally, the spatial distribution of forest fire risk was found to be the same in future climate scenarios. As a result, active responses to climate change can reduce forest fire risk, and as a result, the extent of climate change will also decrease, enabling positive feedback that reduces forest fire risk.
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