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Aims: The aim of this study was to analyze changes in emission of water-soluble ions in fine particulate matter over time and in different southwest forest areas in China based on China’s Forestry Statistical Yearbook and MODIS satellite fire point data.

Methods: We took 6 dominant tree species samples in the southwestern forest region of China and simulated combustion using controllable biomass combustion devices. Based on the spatial analysis method of ArcGIS, combining satellite fire point data and official statistical yearbooks, we analyzed the spatial and temporal dynamics of emissions of water-soluble ions in PM2.5 released by forest fires in southwestern forest areas from 2004 to 2021.

Results: The total amount of forest biomass combusted in southwest forest areas was 64.43 kt. Among the different forest types, the proportion of burnt subtropical evergreen broad-leaved forest was the largest (60.49%) followed by subtropical mixed coniferous and broad-leaved forest (22.78%) and subtropical evergreen coniferous forest (16.72%). During the study period, 61.19 t of water-soluble ions were released in PM2.5 from forest fires, and the emissions of Li+, Na+, NH4+, K+, Mg2+, Ca2+, F−, Cl−, Br−, NO3−, PO43− and SO42− were 0.48 t, 11.54 t, 2.51 t, 19.44 t, 2.12 t, 2.92 t, 1.94 t, 12.70 t, 1.12 t, 1.18 t, 1.17 t and 4.07 t, respectively. Yunnan was the province with the highest emissions of water-soluble ions in PM2.5 in the southwest forest areas, and the concentration K+ was the highest. Emission of water-soluble ions in Yunnan and Sichuan all showed a significant downward trend, while the overall decrease in Tibet, Chongqing and Guizhou was not significant. The peak emission of water-soluble ions in PM2.5 during forest fires appeared in spring and winter, which accounted for 87.66% of the total emission.

Discussion: This study reveals the spatiotemporal changes in water-soluble ion emissions from forest fires, by studying the spatiotemporal dynamics of water-soluble ions in PM2.5, we can better understand the sources, distribution, and change patterns of these ions, as well as their impact on the atmospheric environment, ecosystems, and climate change. This information is crucial for predicting and managing air pollution, as well as developing effective forest management and environmental protection policies to respond to fires; and hence concerted fire prevention efforts should be made in each province, taking into account the season with higher probability of fire occurrence to reduce the potential impact of fire-related pollutions.
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GRAPHICAL ABSTRACT
 



Highlights




• The largest release of water-soluble ions from burning is broad-leaved forest.

• Spatio-temporal distribution of water-soluble ions in forest fires was analyzed.

• The total emission of water-soluble ions in PM2.5 was the highest in spring.



1. Introduction

With the intensification of global climate change, the frequency of forest fires and the burnt areas have shown an increasing trend in the past decades (Seidl et al., 2017; Xu et al., 2020; Kharuk et al., 2021; Prichard et al., 2021). In the context of climate change, many studies have shown a significant increase in forest fires (Jain et al., 2021), which are also a factor exacerbating air pollution and climate change (Sonwani et al., 2022). The occurrence, frequency, and intensity of forest fires are also related to constantly changing weather and climate conditions, such as rising temperatures, insufficient precipitation, increased drought days, and El Niño-Southern Oscillation (ENSO) events (Bytnerowicz et al., 2007; Jain et al., 2021). These factors may lead to an increase in fire incidence, burned areas, and increased pollutant emissions from fire activities (Larkin, 2005). Long periods of dry weather can carry away moisture from the atmosphere and soil, significantly increasing the likelihood of drought and forest fires (Prasad et al., 2008; Whitman et al., 2019). Globally, the annual forest fire area reaches 3.36 ~ 3.5 × 106 ha (Fang et al., 2018), accounting for 0.86% of the total forest area, and about 2,814 Tg of forest resources have been burnt down (Yan et al., 2006; Grillakis et al., 2022). Forest fires can break the carbon balance of forests, releasing a large amount of greenhouse gases and pollutants (Hazra and Gallagher, 2022; Iraci et al., 2022). Every year, forest fires release 38 Tg of particulate pollutants into the atmospheric environment (Hoelzemann, 2004; Giglio et al., 2006; Yan et al., 2006; Jin et al., 2017), which is harmful to the atmospheric environment and forest ecosystems (Aguilera et al., 2021), and cause mechanical damage and long-term chemical poisoning to animals and plants (Reisen et al., 2015; Val Martin et al., 2018; Wan et al., 2019).

Currently, a large number of studies have shown that the particulate matter emitted from forest fires mainly consists of organic compounds, inorganic salts, and metallic elements, among others. There are many factors that influence the composition of particulate matter, including the type and combustible content of the burning material, combustion temperature, oxygen concentration, humidity, and combustion status. Inorganic salts mainly come from the chemical reactions of aerosols and particulate matter during the combustion process, such as sulfates, nitrates, and chlorides. These inorganic salts are emitted into the atmosphere and form water-soluble ion aerosols, which pollute the atmospheric environment through interaction with water vapor and clouds (Alves et al., 2011; Hu et al., 2018). These water-soluble ions then undergo atmospheric transport and diffusion, eventually settling into forest ecosystems and adversely affecting vegetation, soil, and water bodies (Bergeron et al., 2004; Swami, 2017). Therefore, forest fires significantly affect forest structure, ecological processes, and hydrological and biogeochemical cycles (Bond and Keeley, 2005). In this situation, frequent forest fire activities may worsen air quality and seriously affect human health (Takahashi et al., 2020).

Large amounts of water-soluble ions can be carried in the particulate matter released by forest fires (Guo et al., 2020). Although the proportion of water-soluble ions in particulate matter is less than 10%, it has an important impact on the mechanism of formation, surface properties, and acidity and alkalinity of particulate matter (Wang H. et al., 2021; Yang W. et al., 2021). Water-soluble ions can be directly dissolved in water and cause direct harm to the ecological environment (Wang et al., 2002). Water-soluble ions (NO3−, SO42−, NH4+, and Cl−) have high water absorption, which affect the degree of light transmission of particulate matter in humid environments, resulting in low visibility weather and even haze weather (Chen et al., 2014). Water-soluble ions (Na+, Ca2+, and Mg2+) affect plant growth, and these salt ions cause damage to plants through ionic stress and indirect dehydration (Parvin et al., 2019; Wang X. et al., 2021). With the development of remote sensing and satellite communication technologies, the use of satellite data to study the smoke emissions and distribution of forest fires in specific areas has gradually increased (Wardoyo et al., 2011; Sahu and Sheel, 2013). However, there are few reports currently available on the emission of water-soluble ions from forest fires. Therefore, studying the pollutant emission characteristics of forest biomass burning and analyzing their temporal and spatial distribution are of great significance for forest fire prevention, air quality management, and atmospheric model simulation (He et al., 2011).

In this study, we analyzed the spatial and temporal dynamics of emissions of water-soluble ions in PM2.5 released by forest fires in southwest forest areas from 2004 to 2021. The southwest forest area is one of the “three major forest areas” in China, with high forest coverage and frequent forest fires, emitting a large amount of pollutants every year. In view of this, based on the spatial analysis method of ArcGIS, combining satellite fire point data and official statistical yearbooks, a fire dataset based on satellite observations is a convenient, easily accessible, and reliable tool for continuous monitoring of forest fires around the world (Bar et al., 2020; Yang X. et al., 2021), this paper estimated the emission of water-soluble ions in PM2.5 released by forest biomass burning in southwest forest areas, and revealed the temporal and spatial distribution of water-soluble ions. Such a study is of great significance for evaluating the impact of forest fires on the atmosphere and ecological environment.



2. Materials and methods


2.1. Overview of the study area

The study was conducted in southwest forests, which are the second largest natural forests in China that are distributed in five provinces, Chongqing, Sichuan, Yunnan, Guizhou, and Tibet (Figure 1). The area of the Southwest Forest Region is about 39 million ha, accounting for 22.6% of the country’s total forest area. The forest coverage rate is 20.2%, the forest stock is about 3.37 billion cubic meters, accounting for 1/4 of the country. The southwest forest areas are located in the high mountains and valleys, and the tree species are mainly pine and fir. The vegetation types include evergreen broad-leaved forest, evergreen coniferous forest, and mixed coniferous and broad-leaved forest. The types of tree species are complex, and there are various types of fire sources, which are frequent and hard-hit area by forest fire in China. According to the data of “China Forestry Statistical Yearbook,” from 2004 to 2021, a total of 25,092 forest fires occurred in all provinces in the southwestern forest areas, with an average annual burned area of about 1.94 × 104 hm2.
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FIGURE 1
 Sketch map of the study area.




2.2. Experiment method


2.2.1. Sample collection

The vegetation types in the southwest forest areas are mainly coniferous forest and broad-leaved forest. The dominant tree species are Pnus yunnanensis, Pinus armandii, Keteleeria evelyniana, Quercus variabilis, Alnus nepalensis, and Cyclobalanopsis glaucoides. According to the ninth national forest resources inventory, their distribution and volume account for 93.44 and 92.08% of the total forest resources in the southwest forest areas (Table 1).



TABLE 1 Inventory results of forest resources in southwest forest area.
[image: Table1]

The test samples were collected in April 2021 from the Bijiashan Catalpa Garden Farm in Anning City, Yunnan Province, Huaguo Family Forest Farm in Chengdu City, Sichuan Province, Yongchuan State-owned Forest Farm in Chongqing City, Changpoling State-owned Forest Farm in Guiyang City, Guizhou Province, and Linzhi County Forest Farm in Tibet. Three dominant coniferous tree species were collected in coniferous forest, three dominant broad-leaved tree species were collected in the broad-leaved forest, and the above six dominant tree species were collected in coniferous broad-leaved forest.

In the forest away from the edge of the stand, five sample plots of 10 m × 10 m were randomly set, six trees of the same species were selected in each sample plot, and 20 g of branches, leaves and bark samples were collected in the upper, middle and lower parts of the tree. Collect three samples from each part, and collect 54 samples from each province. Mix all samples of the same species in the same sample plot evenly and divide them into three equal parts as combustion samples, each province has 18 combustion samples. The collected samples were dried in a 105°C drying oven to avoid the influence of moisture content on the emission factors, and the samples were packed with well-ventilated kraft envelope paper, and labeled and stored in a cool place. The samples were cut to about 4 cm length for full combustion, and the analytical balance (PY-E627, China Puyun, with an accuracy of 0.001 g) was used for accurately weigh 40 g per part for combustion testing.

Through indoor fire simulation device, the emission factors of water-soluble ions in PM2.5 released by combustion of six dominant tree species in the southwest forest areas were measured. The coniferous forest types in the southwest forest areas were represented by Pnus yunnanensis, Pnus armandii, and Keteleeria evelyniana, while the broad-leaved forest types were represented by Quercus variabilis, Alnus nepalensis and Cyclobalanopsis glaucoides. Based on the experimental measurement of various pollutant emission factors, combined with the spatial analysis of forest fire density in southwest forest areas, the emission and spatial distribution prediction of water-soluble ions in PM2.5 released by forest fires in southwest forest areas from 2004 to 2021 were obtained.



2.2.2. Determination of PM2.5 compositions

After the collected samples were dried, dust removed and weighed, a simulated combustion test was carried out in a self-designed simulated combustion device (Figure 2). The particle sampler (US, SKC-DPS) started sampling immediately after each combustion until the sample film (PTFE membrane 46.2 mm with support ring, Whatman) was full. The fully harvested sample film was wrapped with thin foil and weighed after equilibrating at room temperature for 24 h. In addition, the PM2.5 under the condition of unburned samples was collected as a blank control, and each litter was subjected to five times parallel simulated combustions under the burning state, and two filters were used to collect PM2.5 each time.

[image: Figure 2]

FIGURE 2
 Schematic diagram of biomass burning device.


We used TSI-8533 particle analyzer (United States, accuracy 0.001 mg·m−3) to monitor the fine particles (PM2.5) emitted by fuel combustion in real time. This instrument is based on the principle of spectroscopic infrared and can monitor and record the concentration of particulate matter emitted during biomass combustion online. Before each test, the instrument uses a standard to calibrate to zero. During the test, data were debugged, recorded, saved and exported, and the recording interval was 5 s.

The concentrations of six anions (F−, Cl−, NO3−, Br−, SO42−, and PO43−) and six cations (Na+, NH4+, K+, Mg2+, Ca2+, and Li+) were determined in the water extract of the sample filter. In order to extract the water-soluble ions from the filters, the filters for gravimetric analysis were individually placed in 12 mL vials containing 10 mL of distilled deionized water (resistivity 18.2 MΩ). The vials were placed in an ultrasonic water bath and shaken with a mechanical shaker for 1 h. The extract was filtered through a microporous membrane with a pore size of 0.45 μm, and the filtrate was stored in a clean test tube at 4°C before analysis. The extract was centrifuged for 5 min and the contents of 12 water-soluble ions were determined by ICS1100 ion chromatograph (Dionex Inc., Sunnyvale, CA, United States). For the cation analyses, the instrument was equipped with an IonPacCS12A column (20 mmol/L methanesulfonic acid as the eluent), while an ASRS-4num column (25 mmol/L KOH as the eluent) was used for anions. The measurements were taken under the following conditions: column temperature: 30°C; flow rate: 1.0 mL/min; injection volume: 20 μL; flow precision <±0.1%; and flow rate maximum error 0.1%. Detection limits were 4.5 mg·L−1 for Na+, 4.0 mg·L−1 for NH4+, 10.0 mg·L−1 for K+, Li+, Mg2+, and Ca2+, 0.5 mg·L−1 for F− and Cl−, 15 mg·L−1 for PO43− and NO3−, and 20 mg·L−1 for SO42−. Standard samples are added after every 50 samples measured, and the standard concentration working range is between 1 and 1,000 ppm. Standard reference materials produced by the National Research Center for Certified Reference Materials (Beijing, China) were analyzed for quality control and assurance purposes. Data from blank samples were subtracted from the corresponding sample data after analysis (Wang et al., 2015; Guo et al., 2018).

In this paper, the carbon balance method was used to calculate the emission factor (Zhang et al., 2000). The basic assumption of this method is that the combustion of carbon in combustibles is mainly converted into the forms of CO, CO2, total hydrocarbon (THC), particulate matter, and ash carbon.




2.3. Data sources for forest fires

In this study, the official statistical data and satellite fire point data were used to calculate forest fires emissions in the southwest forest areas and analyze their temporal and spatial distribution. The area of forest fires and the area of different forest types in each province in the study area are derived from the “China Forestry Statistical Yearbook” (2004–2021) and the results of forest resource inventory in each province (China Forestry Network). Based on the results of the inventory of forest resources in each province in the study area, the proportion of the area of different forest types is used as the burning ratio, and the burning area of different forest types in different provinces is determined.

The satellite fire point data were derived from MODIS forest fire data with a high resolution (1 km), fire points with a reliability greater than 80% are selected and suitable for Chinese region (Amraoui et al., 2015). Using ArcGIS 10.7 software, combined with the Chinese vegetation functional map (Institute of Environment and Engineering in Cold and Arid Regions, Chinese Academy of Sciences, spatial resolution 1 km), the fire points in non-forest land areas were eliminated and the forest fire point data in the study area from 2004 to 2021 were extracted, including the fire start time and geographic coordinates of each fire point. In this paper, the forest biomass density refers to the research results of Ni et al. (2001) and Michel (2005) on forest resource density in China, the combustion efficiency of forest resources refers to Michel’s conclusion in East Asia, and the combustion efficiency of trees is selected by 25% in turn (Table 2).



TABLE 2 Biomass densities and burning efficiencies for different forest type.
[image: Table2]



2.4. Calculation of forest biomass burning and pollutant emissions

Forest biomass burning is calculated using the formula below (1) (Lu et al., 2011):

[image: image]

where Mk,i is the burning amount of the i-th forest type in k province, t; Sk is the total forest fire area in k province, km2 (“China Forestry Statistical Yearbook”); Pk,i is the burning ratio (the results of forest resource inventory in each province) of the i-th forest type in k province; Ni is the biomass density of the i-th forest, t/km2; ηi is the burning efficiency of the i-th forest type.

According to the basic data and emission factors obtained by consulting relevant statistical data and literature, the total amount of pollutants discharged is calculated by the formula below (2):

[image: image]

where En is the amount of polluting gas emissions, t; Mk,i is the combustion amount of the i-th forest type in k province, t; EFi is the emission factor of the i-th kind of biomass burning polluting gas, g/kg.



2.5. Temporal and spatial characteristics of pollutant emissions in the study area

In recent years, satellite data have been widely used to reveal the spatial and temporal distribution of pollutants due to their strong timeliness, high resolution, and wide coverage (Jin et al., 2022). Based on MODIS forest fire data, the grid weight method is used to calculate the grid emission intensity and spatial distribution of different pollutants in the study area (Jin et al., 2018). The specific methods were as follows:

1. We took the province as the unit, and counted the total number of fire points within the scope of each province.

2. Use ArcGIS to grid the entire study area (10 km × 10 km), we extracted the number of forest fire points in each grid, and obtained the spatial weight of each grid according to the formula below (3).

[image: image]

Where: Ej is the distribution weight of j grid; FCj is the number of green fire points in j grid; FCk is the total number of forest fire points in k province.

1. According to the amount of pollutants released by forest fires in each region, the grid emissions of different pollutants in the southwest forest area were obtained by combining the grid weights.

In addition, the Mann-Kandell trend test method in Python library was used to analyze the temporal trends and significance of different pollutant discharges in the southwest forest regions from 2004 to 2021.



2.6. Uncertainty analysis

The IPCC error propagation formula is an important method to evaluate the accuracy of air pollutant emission inventories, and it is widely used in the uncertainty analysis of emission inventories under different activity levels (IPCC, 1997). In this paper, the uncertainty of emission inventory is quantitatively analyzed according to the IPCC uncertainty assessment formula.

When the uncertain quantities are combined as a sum, the total uncertainty is calculated by equation (4):

[image: image]

Where Utotal is the overall uncertainty, Xi and Ui are the uncertain quantity and the related percentage uncertainty, respectively;

When the uncertain quantities are combined by multiplication, the total uncertainty is calculated by equation (5):

[image: image]

Where Ui is the percentage uncertainty associated with each quantity.




3. Results and discussion


3.1. Spatial and temporal distribution of forest fires in the southwest forest area

According to the “China Forestry Statistical Yearbook,” the temporal and spatial distribution of forest fires in the southwestern forest regions from 2004 to 2021 was obtained. The results show that the spatial distribution of forest fires in the southwestern forest area was relatively scattered (Figure 3). Except for Chongqing, which had a low density of forest fires, there were medium to high-density forest fires in other areas. Among them, southern Sichuan, southwestern Guizhou, southeastern Tibet, and the whole province of Yunnan were fire-prone areas. The results also showed that there were strong spatial differences in forest fire emissions in the forest areas of Southwest China, indicating that the spatial distribution of forest fires in the forest areas of Southwest China is uneven. This is in line with the research conclusions of Su et al. (2015) and Tian et al. (2013).

[image: Figure 3]

FIGURE 3
 Schematic diagram of forest fire density in southwest forest area from 2004 to 2021. In order to reveal the dynamic changes in forest fire density, the entire time scale was divided into five times spans (2004–2007, 2008–2010, 2011–2013, 2014–2016, and 2017–2021).


The spatiotemporal distributions of the number and area of forest fires in each province in the southwestern forest region are shown in Figure 4. The number and area of forest fires differed greatly in different regions. A total of 25,092 forest fires occurred in the southwest forest area in 18 years, with a total area of 3.49 × 105 hm2. Although there were fluctuations in the number and area of forest fires in each province, the overall trend was decreasing. Among them, the number and area of forest fires in Chongqing and Guizhou decreased significantly, while only the number of forest fires in Yunnan decreased significantly. In addition, there were significant differences in forest fire intensity in different provinces. The province with the highest number of forest fires was Guizhou, accounting for 53.04%. The province with the highest forest fire area was Yunnan, accounting for 42.44%. The forest fire intensity in Tibet was the lowest, and the proportion of forest fire frequency and area was less than 1%.

[image: Figure 4]

FIGURE 4
 Number and area distribution of forest fires in southwest forest areas from 2004 to 2021.


The comprehensive results show that the southwest forest area is a high-incidence area of forest fires in China, and the distribution is scattered, and there are high-density forest fire areas in all provinces. Wang et al. (2019) studied the characteristics and driving factors of forest fires in the forest areas of Southwest China and concluded that the forest fire in the southwest forest area is strongly affected by climate and topographic factors. The terrain of the southwest forest area is complex, and fires are mainly distributed in mountainous and forest ecosystems, especially those in alpine forests, the humus layer is relatively thick, there are more combustibles under the forest, and the increase in biomass accumulation and frequent human activities are the main reasons for the frequent occurrence and dispersion of forest fires in the area (Sun et al., 2022; Babu et al., 2023). Understanding the geographical distribution of fires helps predict and warn of high incidence periods and high-risk areas of fires, and protecting and managing mountain and forest ecosystems is crucial for reducing fire risk (Aragão et al., 2023). This enables local governments and emergency services to take necessary measures, such as vegetation management measures, clearing of combustibles, establishing fire prevention lines, etc., to maintain the health of these ecosystems and reduce the occurrence and spread of fires (Terrier et al., 2013; Molina et al., 2019).



3.2. Emission of water-soluble ions in PM2.5 released by combustion of different forest types

The emission factors of water-soluble ions in PM2.5 emitted by combustion of different forest types in the southwestern forest area are shown in Table 3. The concentrations of Na+ and K+ were the dominant water-soluble ions in PM2.5, followed by Cl− emission, which accounted for 33.66, 19.36, and 19.07% of the total water-soluble ions, respectively. These ions in forest fire particulate matter mainly come from natural plants, with high levels of Na+, K+, and Cl− in trees and plant tissues (Huang et al., 2023). When a fire breaks out, these ions are released by plant combustion. In addition, the soil also contains Na+, K+, and Cl−. When a fire burns down vegetation and comes into contact with the soil, these ions in the soil will also be released into the smoke. The high-temperature flame of forest fires can promote the evaporation and release of Na+, K+, and Cl− from plants. At high temperatures, these ionic compounds can decompose and enter the flue gas in a gaseous form (Ma et al., 2021), which explains why the concentration of these ions is relatively high during fires. In addition, the emissions of total water-soluble ion of different forest types were 0.8725 g/kg in subtropical evergreen coniferous forests, 0.9808 g/kg in subtropical evergreen broad-leaved forests, and 0.9259 g/kg in subtropical evergreen broad-leaved mixed forests. The subtropical evergreen broad-leaved forest were the forest types with the highest emission factors of water-soluble ions in PM2.5, followed by the subtropical coniferous and broad-leaved mixed forest, indicating that the pollution from burning of broadleaf trees was greater than that of coniferous tree species. Water-soluble ions are important chemical components of particulate matter, which can reflect the formation mechanism of particulate matter and affect the surface quality (Wang et al., 2003) and acidity and alkalinity of particulate matter (Ye et al., 2003).



TABLE 3 Emission factors of PM2.5 water-soluble ions in different forest types (g/kg).
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3.3. Forest biomass burning and emissions of water-soluble ion in PM2.5

The amount of forest biomass burning caused by forest fires in the southwest forest area from 2004 to 2021 is shown in Table 4. A total of 64.43 kt of forest resources were burned in the southwest forest area, among which Yunnan had the highest degree of burning of forest resources, accounting for 52.94%, followed by Guizhou (43.12%), Sichuan (1.69%), Chongqing (1.67%), and Tibet (0.57%). In addition, different forest types have different degrees of burning in different regions. The burning proportions of evergreen coniferous forest, evergreen broad-leaved forest, and coniferous and broad-leaved mixed forest were 16.72, 60.49, and 22.78%, respectively. Among them, the evergreen broad-leaved forest was the most severely burned forest type in the provinces in the study area, and the burning ratio ranged from 0.45% (Tibet) to 34.42% (Yunnan).



TABLE 4 The burning amount of various forest materials in the southwest forest area from 2004 to 2021 (t).
[image: Table4]

According to the amount of forest biomass burned and combined with emission factors, the emission of water-soluble ions in PM2.5 from 2004 to 2021 in southwest forest provinces was obtained (Table 5). The results show that Guizhou and Yunnan were the provinces with the highest emission intensity, accounting for 42.88 and 53.23% of the total in the region; Tibet had the lowest emission intensity, which is 0.58%. The main water-soluble ions in PM2.5 released by forest fires in the study area were Na+, K+, and Cl−, having the highest release ratio; Li+ emission was the lowest, less than 1% emission ratio. The reason for the above difference is that the emission factors of different water-soluble ions of PM2.5 are different.



TABLE 5 Inventory of water-soluble ion emissions in PM2.5 in southwest forest areas from 2004 to 2021 (Kg).
[image: Table5]

From 2004 to 2021, more than half of the average annual emissions of pollutants came from Yunnan. This may not just because Yunnan province has a larger forest cover. Although the forest coverage rate of Sichuan is second only to that of Yunnan, the emission of forest fires is far lower than that of Yunnan. The climate conditions in Yunnan Province have played a driving role in the frequency of fires. The climate characteristics of Yunnan include distinct dry and wet seasons and uneven rainfall factors, which make forest fires prone to occurrence and significantly increase the risk of fires, leading to a large amount of forest fire pollutant emissions. Human activities have also to some extent exacerbated the problem of forest fire pollution in Yunnan Province. Illegal wildfire sources, farmland waste incineration, forest land development, and logging activities can all cause fires. Some remote areas in Yunnan Province lack effective supervision and control, which also increases the probability of fire occurrence. Therefore, further research is needed on more factors affecting forest fire emissions. The emission from biomass combustion in Tibet is less than 1% of that in the southwest forest area, which is consistent with the findings of Yin et al. (2019). The relatively high emissions in the provinces are mainly related to the large area of forest coverage, meteorological drought and frequent human activities (Cochrane and Barber, 2009). The southwest forest area is dominated by pines, especially Pinus yunnanensis and Pinus armandii with higher proportion. The bark and branches and leaves of these species are rich in flammable oils. The accumulation of combustibles on the ground is more prone to surface fires, while coniferous forests are prone to crown fires and have favorable conditions for fires, so the probability of fires increases. The huge uncertainty of official statistics cannot be ignored. The southwest forest area contains many remote and sparsely populated areas (Li et al., 2015). Therefore, more attention should be paid to the monitoring and management of forest fire emissions in the southwest forest area.



3.4. Temporal trend in emissions of water-soluble ions in PM2.5

The Mann-Kandell trend test method in Python library was used to analyze the annual trends of emissions of water-soluble ions in PM2.5 in each province in the southwestern forest region (Figure 5). The results show that the temporal characteristics of pollutant emissions from forest fires were consistent with the temporal characteristics of forest fires. The water-soluble ions in PM2.5 released by forest fires in the southwestern forest area from 2004 to 2021 all showed a downward trend. According to the China Forestry Statistical Yearbook, although the forest fire area in each province in the study area fluctuated from 2004 to 2021, the overall trend was declining. In addition, the changes of different pollutants in different regions are different. All water-soluble ions in Tibet, Chongqing, and Guizhou tended to decrease, however they decreased significantly in Yunnan and Sichuan. The main reason for the downward trend was the area change of forest fires in each province. The improvement of forest management and fire monitoring technology may be one of the reasons for this trend (Hantson et al., 2013), with many places adopting stricter fire monitoring measures to improve early warning capabilities for fire outbreaks. This allows forest fires to be detected and extinguished earlier, thereby reducing smoke and PM2.5 emissions caused by fires (Xiang et al., 2023). In recent years, environmental protection issues have attracted widespread attention, and people’s concern about atmospheric quality has significantly increased. This has led to more resources being used to take measures to reduce the impact of fires on atmospheric quality (Andela et al., 2017).
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FIGURE 5
 Temporal trend test of water-soluble ions in PM2.5 emitted by forest fires in southwest forest areas from 2004 to 2021.


The monthly distribution of emissions of total water-soluble ions in PM2.5 from 2004 to 2021 in the southwest forest area is shown in Figure 6. The concentrations of water-soluble ions in PM2.5 in the southwest forest area were from February to April, reaching the peak in March. The emissions of the total water-soluble ions accounted for 22, 25.83, and 17.18%, in February, March, and April, respectively. Among the water-soluble ions, K+, Na+, and Cl− had the highest emission in PM2.5. From February to April, it is a high incidence of forest fire, and in March, the pollutant emission reached the peak. During this period, the fire sources of spring plowing increased (Li et al., 2020), and the Qingming Festival sacrificial activities were held frequently (Li et al., 2015), which is consistent with the time of forest fire discharge in the southwest forest area. The spring season in the southwest forest area is the season with the highest emissions of water-soluble ions in PM2.5, accounting for 51.32%, followed by winter (36.34%), summer (7.61%), and autumn (4.74%). Southwest China has a subtropical monsoon climate with high temperature and rain in summer and autumn, which may result in the absence of forest fires for several months (Ai-feng, 2011; Li et al., 2016). In contrast, the emissions from June to November are always small, accounting for 12.35%, and the proportion of water-soluble ions in PM2.5 from December to May is 87.66%. Forest fires in the southwestern region mainly occur from January to May, which may be related to the climate characteristics and vegetation types of the region. At this time, the climate is dry, the wind is strong, and there are more combustibles on the trees and surface. Relatively low precipitation and higher temperature create meteorological conditions that are more conducive to the occurrence of fires (van der Werf et al., 2008). Secondly, agricultural activities have also increased the risk of fires during this period, such as farmland clearing and land preparation work, which can sometimes inadvertently trigger fires. Human activities have also increased the frequency of fires during this season. In spring, people often engage in outdoor activities, such as camping and barbecues, which increase the risk of fires. Therefore, strengthening and effectively controlling forest fires in Southwest China from January to May is of great significance for improving regional air quality.
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FIGURE 6
 Monthly distribution of total emissions of water-soluble ions in PM2.5 from 2004 to 2021.


The monthly distribution of emissions of total water-soluble ion in PM2.5 among different provinces in the southwest forest area is shown in Figure 7. In Chongqing, the highest emission of water-soluble ions in PM2.5 was in July (26.6%) and August (26.4%), and the highest emission of water-soluble ions in PM2.5 in Guizhou and Yunnan was in February (36.9, 23.8%) and March (26.2, 29.5%), Sichuan’s highest emissions of PM2.5 water-soluble ions were in January, February and March (14.4, 12.3, and 12.3%), while the highest emissions of water-soluble ion in PM2.5 in Tibet were in March (33.7%) and April (19.4%). In Chongqing, emissions of water-soluble ions in PM2.5 mainly occurred in summer, and the emission of water-soluble ions in PM2.5 in Guizhou, Yunnan, Sichuan, and Tibet mainly occurred in spring and winter; due to the differences in climatic conditions and forest combustion. In terms of total emissions, spring contributed the most emissions due to the influence of dry weather, the lowest emissions occurred in the rainy season, summer and autumn (Yin et al., 2019). This pattern favorably influences fire conditions, such as the moisture content of vegetation and the monsoon (Song et al., 2009). It is dry and rainless in spring and winter, leaving a large number of dead leaves on the ground, and the water content is extremely low, which provides the fuel stock for forest fires in spring and winter. In summer and autumn, the rainfall is abundant, the moisture content of combustibles is high, the air humidity is increased, and it is not easy for forest fires to occur. Therefore, the southwestern provinces should take corresponding measures to control the occurrence of forest fires based on historical data and conditions. The results of this study are similar to those of Wang et al. (2019), Song et al. (2022), and Yin et al. (2019).
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FIGURE 7
 Monthly proportion of total water-soluble ion emissions in PM2.5 in each province in southwest forest area from 2004 to 2021.




3.5. Spatial distribution of emissions of water-soluble ions in PM2.5

The spatial distribution of different water-soluble ions in PM2.5 in 10 km × 10 km grid in the southwest forest area is shown in Figure 8. The results show that the spatial distribution of water-soluble ions in PM2.5 released by forest fires in the southwestern forest area displayed clear spatial heterogeneity, and the discharge of various water-soluble ions was spatially unbalanced, with more in the south and less in the north. The southern part of the study area is seriously affected by water-soluble ions in PM2.5. Among them, Yunnan province and southern Guizhou had the highest areas of various water-soluble ion grid emissions, while other regions also had grids with large water-soluble ion emissions. These areas are characterized by dense population, abundant forest resources, and large cultivated land (Song et al., 2022). In general, the spatial distribution of water-soluble ions in PM2.5 is closely related to the distribution of forest fires in these areas: the higher the density of forest fires and the greater the area of forest, the higher the unit emission intensity of water-soluble ions. The emission profiles of all water-soluble ions exhibited similar spatial distributions and showed a pattern consistent with the combustion zone. Therefore, the emission intensity of water-soluble ions in PM2.5 was positively correlated with the area burned by forest fires (Song et al., 2022). As a whole, the emissions of water-soluble ions in PM2.5 released during forest fires in the southwest forest area show strong spatial differences. In addition, the changes in emissions of water-soluble ion in PM2.5 in different provinces are significantly different, which also illustrates the huge spatial diversity emissions of water-soluble ion in PM2.5 from forest fires in southwestern China.
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FIGURE 8
 Spatial distribution of pollutant emissions in southwest forest areas from 2004 to 2021.


Forest fires will be accompanied by the production of a large amount of particulate matter, and water-soluble ions are an important part of particulate matter (Ma et al., 2021). Water soluble ions can affect and alter the chemical composition of rainfall, affect air quality, and have climate impacts when encountering rainfall, water-soluble ions have the role of surface activators (Liu et al., 2022), SO42−,NO3−, and NH4+ in water-soluble ions have strong hygroscopic effect (Tutsak and Kocak, 2019), which reduces atmospheric visibility and acidifies atmospheric precipitation, resulting in acid rain (Kong et al., 2014). Water-soluble ions migrate and transform with atmospheric particulate matter and enter the water body and surface soil under the action of dry and wet deposition, thereby destroying the soil pH balance and microbial community, and affecting the ecological environment (Stone et al., 2010). A study on forest fires in California, United States found that the pollutants of forest fires affect the absorption of N by vegetation, causing the ecosystem to form different patches (Grogan et al., 2000). Therefore, after the fire, human intervention should be carried out in time to forest-affected areas to accelerate the ecological restoration process. Plant species with poor flammability and strong fire resistance form biological fireproof forest belts, thus they are suitable for afforestation of mountainous terrain. In addition measures, such as reduction in human activities; trimming of polluted soil, rational irrigation and fertilization, should be carried out to improve soil physical and chemical properties and to ensure the growth and recovery of vegetation; proper fire monitoring through build an “air-ground-underground” multiple monitoring system and timely and accurately providing fire information to relevant departments are also essential to control forest fire. Through this series of measures, the source of fire will be effectively curbed and the post-disaster ecological recovery will be accelerated. The southwest forest area is rich in plant resources, scattered forest resources, forest fire prevention is of great significance, so it is of great practical significance to study the distribution characteristics of forest fires in time and space.



3.6. Uncertainty of pollutant emissions

The establishment of pollutant emission inventories is influenced by multiple factors such as combustion area, emission factors, forest biomass density, and combustion efficiency. According to the principle of IPCC uncertainty analysis (IPCC, 1997), in this study, the uncertainty of the emission results of each pollutant was calculated based on the quantitative calculation of the emission results of each pollutant using formulas (4) and (5) of the errors of each factor error (Table 6). Since the forest burning area comes from the public data of the government statistics department, the accuracy is high, and the error range is not more than 5%. Emission factors can be affected by vegetation types, combustion patterns, and environmental characteristics. In this study, the mean value of multiple measurements of the main vegetation types in each region were used as the final emission factor to increase reliability, with the estimation error ranging from 9 to 17.9%. In terms of biomass density uncertainty, we combined data from the 6, 7, 8, and 9th forest resource inventory and the model results of Piao et al. (2007), and the error range is 20%. Combustion efficiency is another crucial factor for biomass combustion emission estimation. To enhance the reliability of this study, the mean value of multiple measured combustion efficiency of the same vegetation type was used as the final combustion efficiency, with the error controlled within 50% (Jin et al., 2018).



TABLE 6 Uncertainty analysis of emission pollutant estimation (%).
[image: Table6]

Due to the inherent characteristics of forest fires, accurately monitoring and quantifying the burned areas of different forest types after a fire disaster poses significant challenges, accurate data regarding the extent of forest fire damage are notably scarce (Giglio et al., 2009). Therefore, this study is based on official statistical data and determines the burning area according to the area ratio of different forest types to reduce the uncertainty of emission inventory. Nevertheless, there is still a certain bias between the burning area values of different forest types used in this paper and the real forest fire situation, which is also an important research direction to improve the accuracy of emission inventories in the future. At present, there is a lack of measured data on the combustion emission factors and combustion efficiency of forest tree species in China (Hao et al., 2016), which leads to the lack of consideration in the spatial heterogeneity of forest particulate matter emissions in the southwest forest area. Thus, it is necessary to strengthen the actual measurement of forest fire particulate matter emissions in the future, by conducting field sampling and analysis in different types of forests and regions, more empirical data on the emission factors and combustion efficiency of forest tree species can be obtained. Using more advanced models and algorithms, predictions and estimates can be made for areas lacking empirical data. Establishing a long-term monitoring network can continuously collect and update data, thereby reducing uncertainty, fully consider the particulate matter emissions of different tree species in the southwest forest area and further improve the accuracy of estimating forest fire pollutant emission.

MODIS is an important remote sensing tool widely used in fire monitoring. Although satellite data is widely used, they also have limitations, including data quality, spatial resolution, and algorithms used in data extraction (Bilgiç et al., 2023). For example, due to various factors such as canopy vegetation or cloud cover (Liu et al., 2020), MODIS combustion area data may be underestimated, the quality and accuracy of the data may be affected, and small-scale fires may be difficult to plot (Roy and Boschetti, 2009). This may lead to the omission of fire pixels, thereby underestimating the total emissions in the study area. In addition, if forest fires are located at the edge of the scan, the MODIS pixel size increases several times, and many small fires will be missed (Liu et al., 2015). When using MODIS fire point data, meteorological data, ground observations, and satellite images are combined to improve the reliability and accuracy of fire monitoring and reduce the impact of uncertainty.




4. Conclusion

Based on the findings of the present study, the following conclusions can be drawn. The forest fire area in the southwest forest area from 2004 to 2021 was 3.49 × 105hm2, and 64.43 kt of forest resources were burned. The average total biomass burned was the highest for evergreen broad-leaved forest (38.98 kt) followed by coniferous and broad-leaved mixed forest (14.68 kt), and finally evergreen coniferous forest (10.77 kt). The province with the largest number of forest fires in the southwest forest area was Guizhou (13,310 times), followed by Yunnan (5,238 times), Sichuan (5,132 times), Chongqing (1,288 times), and Tibet (124 times). The province with the largest forest fire area in the southwest was Yunnan (1.48 × 105 hm2), followed by Guizhou (1.33 × 105 hm2), Sichuan (5.93 × 104 hm2), Chongqing (5.22 × 103 hm2), and Tibet (3.35 × 103 hm2). From 2004 to 2021, forest fires in the southwest forest area released a total of 61.19 t of water-soluble ions in PM2.5. Yunnan is the province with the highest water-soluble ion emission, and K+ is the ion with the highest emission in PM2.5. The emission of water-soluble ions in Yunnan and Sichuan all showed a significant downward trend, while the overall decrease in Tibet, Chongqing, and Guizhou was not significant. Yunnan and Guizhou are the concentrated areas for the emission of various water-soluble ions. The total emission of water-soluble ions in PM2.5 in the southwest forest area was the highest in spring (51.32%), followed by winter (36.34%), and March was the peak month (25.83%). The water-soluble ions in PM2.5 can settle on the surface of plants and soil through rainfall, leading to soil acidification. Soil acidification can lead to the inability of plant roots to effectively absorb key nutrients, which may affect plant growth and health, thereby affecting the stability of the entire ecosystem. The sedimentation of water-soluble ions can also lead to the accumulation of harmful substances in the soil, which can affect the ecological function of the soil and even cause damage to the microbial community in the soil, thereby affecting the health and quality of the soil. In addition, the sedimentation of water-soluble ions may also have an impact on the quality of water bodies. When these ions settle into lakes, rivers, and groundwater, they may cause water pollution problems, harm aquatic organisms and ecosystems, and thus disrupt the balance of aquatic ecosystems. Hence concerted fire prevention efforts should be made in each province, taking into account the season with higher probability of fire occurrence to reduce the potential impact of fire-related pollutions.
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