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Abstract

:

Soil organic carbon (SOC) is an important component of the ecosystem carbon pool, and fire is one of the important disturbances in forest ecosystems. With global warming, there has been a gradual increase in boreal forest fires, which has a nonnegligible impact on the SOC dynamics in forests. The CENTURY model was employed in our study to simulate the changes in SOC stocks in boreal forests of the Great Xing’an Mountains, China under different fire severity conditions. Fire severity was represented by the metric of difference normalized burn ratio (dNBR) derived from 30-m Landsat-8 imageries. Changes in forest SOC stocks following fire disturbance were predicted under four future Representative Concentration Pathway (RCP) scenarios (RCP2.6, RCP4.5, RCP6.0, and RCP8.5). We found that the CENTURY model had good results in simulating the SOC stocks in the postfire of China’s boreal forests. Forest SOC dynamics responded differently to fire severities and the larger SOC loss was associated with increasing fire severity. Importantly, a feedback mechanism was found between climate change and SOC stocks, which reduces SOC stocks with increasing temperatures. High-severity forest fires tended to cause serious damage to the SOC pool and delay forest SOC recovery time; after such events, forest SOC stocks cannot be fully recovered to the prefire levels (6.74% loss). In addition, higher CO2 emissions and warmer temperatures significantly affected the recovery of SOC stocks after fire disturbance, resulting in larger SOC losses. Overall, we projected losses of 10.14%, 12.06%, 12.41%, and 15.70% of SOC stocks after high-severity fires in four RCP scenarios, respectively. Our findings emphasize the importance of fire disturbance and climate change on future dynamics of SOC stocks in China’s boreal forests, providing a scientific basis for future boreal forest management and fire management.
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1. Introduction


Soil organic carbon (SOC) is an important component of the terrestrial carbon pool and is central to the in-depth study of nutrient element cycling in terrestrial ecosystems [1]. Global organic carbon is mainly stored in forest soils, with forest SOC pools accounting for 70–73% of global soil organic carbon pools [2]. SOC is environmentally sensitive and decomposes easily, and the burning of the organic matter soil layer during the fire process decomposes a large amount of soil surface organic carbon, resulting in a direct loss of SOC [3,4]. The potential changes in the SOC pool have important implications for the global carbon cycle. The frequency and severity of boreal forest fires have increased dramatically in the context of the global climate change [5], which will increase the loss of SOC [6,7,8,9]. The releasing C to the atmosphere will further warm the climate and establish a positive feedback between fire and climate change [10], which have an important impact on the carbon cycling processes of ecosystems and the climate system.



Boreal coniferous forest ecosystems are one of the globally important carbon pools [11] because of their thicker soil organic layer and higher SOC density and stocks [12]. It has an important role in the global terrestrial carbon pool [13]. Frequent fire disturbances have had a dramatic impact on boreal forest carbon pools [14,15], especially soil carbon pools [8]. Pellegrini et al. found that fire affects carbon in soils by reducing biomass inputs [16]; Mekonnen and Searle et al. showed that more frequent and more severe fires affect changes in the dominant forest species and thus SOC [17,18]. Moreover, Wang et al. showed that boreal forest SOC produces strong feedbacks to climate change [19]. Accurately predicting trends in soil carbon stocks in boreal forests has become more important to better conserve soil carbon stocks under disturbance and climate change [20,21,22].



Accurate estimation of predicted SOC and its variations remains a major challenge [23]. There is a high degree of spatial heterogeneity among forests, influenced by conditions such as geologic differences and cover, resulting in complexity and spatial variability in SOC. Different forest types influence SOC stocks [24], and elevation also significantly affects SOC stocks; SOC gradually increases with increasing elevation [25]. Wang et al. found spatial differences in the degree of change in Australian SOC stocks by modelling future changes in different climate scenarios [26]. Wang and Ding et al. showed that higher tree species richness increases SOC stocks [27]. Additionally, accurately defining the severity of fire areas on a large scale constrains the assessment of the SOC pool. In recent years, the increasing sophistication of remote sensing imagery technology has improved the accuracy of fire severity assessments. Many studies have achieved good results in classifying fire severity by calculating the differential Normalized Burn Radio (dNBR) using remote sensing images such as Landsat, MODIS and Sentinel-2 [28,29,30,31], to provide support for studies such as the burned area recovery. To better understand the process of SOC change, fire severity is assessed based on remote sensing imagery, and the dynamics of SOC is studied by synchronized process modelling [32], to provide a more convenient way to study the effects of fire on forest carbon balance. Using models to quantify the impact of fire on different ecosystems is helpful in studying the dynamic changes in SOC.



The CENTURY model is a biogeochemical model that simulates ecosystem C and N dynamics. The CENTURY model can be used to simulate and predict the dynamics of productivity and SOC in terrestrial ecosystems and has been applied in different regions with good results. For example, the CENTURY model’s fire function has long been used in dune and forest studies [33,34]. Some studies using the CENTURY model can accurately simulate the SOC content and its dynamics and applicability in different regions under different changing conditions [35,36]. A number of studies have fully demonstrated the feasibility of the CENTURY model in China and the accuracy of SOC prediction [37,38]. According to others, the CENTURY model is reliable for predicting the impacts of climate change on terrestrial ecosystems [39]. The results of each of the above studies demonstrate that the CENTURY model is expected to provide an effective method for predicting SOC dynamics under various conditions.



However, at present, there is still little information about using the CENTURY model to investigate the soil carbon pools of China’s boreal forests. The Great Xing’an Mountains region in northern China is rich in forest resources, but forest fires occur frequently, seriously affecting the balance of the forest carbon cycle. The model was used to simulate fire disturbance conditions and different management measures to simulate the dynamics of the forest carbon cycle in northern China and to provide important recommendations for forest management after the local occurrence of fire.



In this study, we assume that fires would not occur for 300 years after the fire disturbance, because studies have shown that the average fire return period in the Great Xing’an Mountains region is about 325 years [40], and it has been shown that coniferous forests have a lifespan of about 300 years [41]. In this study, we combined high-resolution remote sensing data and field measurements to evaluate the effects of fire severity on changes in SOC stocks and spatial distributions using the CENTURY model, and explored the effects of different Representative Concentration Pathway (RCP) scenarios on postfire forest SOC stocks. The objectives of this study were to (1) tuning the model parameters for the study area to predict the dynamic changes in SOC stocks in the study area, (2) validate the accuracy of the CENTURY model under different fire severities, and (3) investigate the effects of fire severity and climate change on SOC stocks in the boreal forests of China.




2. Materials and Methods


In order to simulate the changes in SOC under future different fire severity and climate scenarios, a process-based CENTURY model was used for simulating forest SOC (0–20 cm). High-resolution remote sensing data were used for the classification of fire severity; and field measurement combined with lab analysis was used for (1) providing local parameters of the model (2) benchmarking/validation data for the model. The model was evaluated using criteria such as R2, root mean square error (RMSE) and absolute percentage error (MAPE), and the changes in the spatial distribution of postfire forest SOC across various future climate scenarios were presented by ArcGIS.



2.1. Study Area


The burned area formed by a major forest fire that occurred on 2 May 2017, in the forest area of the Bilahe Forestry Bureau was selected as the research object for this study. The study area is located within the Bilahe National Nature Reserve in Inner Mongolia (123°4′29″~123°29′16″ E, 49°19′40″~49°38′30″ N) (Figure 1). The weather in this area is characterized by a cold-temperate continental monsoon climate, where the average temperature throughout the year remains at −1.1 °C and the annual precipitation reaches an average of 479.4 mm, which is mainly concentrated in June-August, and a frost-free period of approximately 130 d. The soil type is brown coniferous forest soils, which often undergo swamping. The soil layer is shallow and has a high content of gravel. The topography of the terrain in the study area is relatively gentle, with elevations ranging from 377 to 886 m above sea level. The protected area belongs to the temperate coniferous forest to the temperate broad-leaved forest transition zone, with Larix gmelinii as the dominant species, and white birch Betula platyphylla, Quercus mongolica and other companion understorey shrubs, such as Rhododendron dauricum, Rhododendron tomentosum and Sorbaria sorbifolia, dominate the understorey.




2.2. Imagery Preprocessing and Fire Severity Classification


In this study, the Landsat8 Operational Land Imager (Landsat OLI) was used, which includes all bands of ETM+ with a spatial resolution of 30 m and a temporal period of 16 days [42]. Landsat 8 satellite images covering the study area prefire and postfire [43]. The selected images were preprocessed, radiometrically calibrated by ENVI 5.3, and atmospherically corrected using the FLAASH atmospheric correction method. The visual interpretation method was used to delineate the range of the burned area in ArcGIS and establish a vector file of the burned area and the difference normalized burn ratio (dNBR) was used to represent fire severity. The calculation formula is as follows:


      d N B R =   NBR   prefire   −   NBR   postfire        



(1)







In the formula, NBRprefire and NBRpostfire denote the normalized burn ratio of the remote sensing image prefire and postfire.



The normalized burn ratio (NBR) is calculated as follows:


      N B R =     NIR − SWIR       NIR + SWIR          



(2)







In the formula, the NIR band denotes the near infrared band (TM5), SWIR denotes the shortwave infrared band (TM7), and the range of values for NBR is −1.0 to 1.0.



Based on the dNBR results obtained from the calculation, the fire severity of the burned area was categorized into four levels (Figure 1), including unburned (≤0.1), low (0.1–0.38), medium (0.38–0.72), and high (≥0.72) [29,31,44].




2.3. Soil Sampling and Analysis


A pure Larix gmelinii forest with similar stands was selected as the actual measurement sample plots in the fire burned areas of a Larix gmelinii forest, and four types of fire severity were set up: unburned, light fire severity (Low), medium fire severity (Medium) and high fire severity (High). The size of each sample plot was set at 10 m × 10 m, and six replications were set for each treatment. Within each sample plot, three points were designated for sampling, and samples were taken once in May, July and September in 2021 and 2022. The litter and humus were removed from the surface layer of each sampling site, and one cutting ring was utilized to collect soil samples from both the 0–10 cm and 10–20 cm soil layers and these samples were subsequently taken to the laboratory, where they were employed to calculate soil bulk density. Soil samples were also collected uniformly from each layer and sealed and brought back to the laboratory for the determination of soil physical and chemical properties. The soil samples to be assayed were dried naturally, and plant debris and large gravel were picked out and ground through a sieve (2 mm) for the next step of analysis. The SOC content was determined using an HT1300 total carbon analyser (Analytik Jena AG, Jena, Germany). Soil pH was determined by the potentiometric method (w (soil):w (liquid) = 1:1.25) using the pH meter (FE28-Standard). The soil texture was determined by the gravimetric method [45].




2.4. CENTURY Model Description


The CENTURY model is one of the biochemical cycling models for terrestrial ecosystems based on the interrelationships between climate, human activities, soil properties, plant productivity and decomposition of litter and soil organic matter. The model has been widely used in various ecosystems, including grassland, cropland, savanna and forest [46]. The model simulates the biogeochemical cycling of C, N, P and S based on the structural function of the soils [47]. Simultaneously, ecosystem productivity can be simulated and predicted by combining driving factors such as temperature and precipitation. For more information on the CENTURY model, visit https://www.nrel.colostate.edu/projects/century/index.php, accessed on 21 October 2021.



The main input parameters for model initialization include the average monthly maximum and minimum temperatures, monthly precipitation, soil texture, atmospheric and soil N inputs, plant lignin content and nutrient content in plants. Meteorological data were obtained from the meteorological observations of Oroqen Autonomous Banner Meteorological Stations for the years 1901–2021. The soil texture (sand content 0.22, silt content 0.35, clay content 0.43), soil bulk density, pH value and soil nutrient data were obtained from the field experiment survey (Table 1). The determination of the plant nutrient composition was based on existing studies on Larix gmelinii [48,49]. The atmospheric and soil N inputs use the CENTURY default parameter values. The model was applied to simulate the effect of fire on forest SOC dynamics, and in addition to set the parameters needed for model initialization, the Fire and Trem modules were also applied [34]. The FIRE module deals with the proportion of organic matter removed, the effect of fire on the increase of carbon and nitrogen ratios of aboveground and belowground tissues, and the effect of the increase of root to diameter ratios; the TREM module specifies the effect of the fire duration on the removal of plant tissues, such as the ratio of removals from trunk, branch, leaf and root.




2.5. CENTURY Model Calibration and Validation


Combined with existing studies, the key impact parameters were adjusted for the climatic conditions of the Great Xing’an Mountains region. Default parameters were used for most of the parameters, and adjustments were made for tree parameters (tree.100 file) and related parameters such as SOC, as well as the optimum and maximum growth temperatures, the values of which vary across regions and tree types. In this study, the parameters were tuned with reference to the mean temperature and mean maximum air temperature of the hottest month of the site. The monthly potential maximum above-ground productivity reflects the productivity of different tree species, which is one of the most important parameters for the model to be localized. After model calibration, the tree parameter values are shown in Table 2, and the Trem and Fire modules are shown in Table 3 and Table 4. The calibration and validation process of the CENTURY model is shown in Figure A1.



The results of the CENTURY model simulations were thoroughly evaluated using several statistical criteria based on comparisons of observed and simulated data. Three statistical criteria were chosen for this study: correlation coefficient (R2), root mean square error (RMSE) and absolute percentage error (MAPE) [50]. The statistical criteria are as follows:



The correlation coefficient (R2):


       R 2  =         ∑   i = 1  n     Q i  −     Q ¯        P i  −     P ¯           ∑   i = 1  n     Q i  −     Q ¯           ∑   i = 1  n     P i  −     P ¯            2       



(3)







The root mean square error (RMSE):


  RMSE =       ∑   i = 1  n       P i  −  Q i     2   n     



(4)







The absolute percentage error (MAPE):


  MAPE =   100  n    ∑   i = 1  n       P i  −  Q i         Q ¯     



(5)




where Pi represents the simulated value and Qi represents the observed value.      P ¯    and      Q ¯    are the average of the simulated and observed values, and n is the number of validation points.




2.6. Simulation and Data Analysis


To assess the influence of fire on SOC stocks in boreal forests for a long time, three fire severities, low fire severity (Low), medium fire severity (Medium) and high fire severity (High), were set in the Fire and Trem modules of the CENTURY model. The CENTURY model simulations predicted SOC stocks values with a temporal resolution of weeks, months, and years. The temporal resolution used in this study is months and years. The temporal changes in forest SOC stocks at different fire severities were modelled up to 300 years after fire disturbance. The future climate model chosen in this paper is the MRI-CGCM3 model in CMIP5, which has a strong ability to simulate the climate in northeast China [51], through the model’s four different Representative Concentration Pathway (RCP) scenarios including RCP2.6, RCP4.5, RCP6.0, and RCP8.5. The RCPs consist of one high emission scenario (RCP8.5), two medium emission scenarios (RCP6.0 and RCP4.5) and one low emission scenario (RCP2.6). Among them, RCP8.5 leads to the largest temperature increase, followed by RCP6.0 and RCP4.5, and RCP2.6 has the smallest impact on global warming [52]. The effects of different fire severities on forest SOC stocks under different climate scenario models were explored.



Simulation results for different fire severities were compared to assess the effect of wildfires on SOC stocks in boreal forests. To assess the influence of fire severity on forest SOC stocks, the simulation results were analysed for the short term (0 to 50 years), medium term (50 to 150 years) and long term (150 to 300 years). The value of SOC stocks within each time period was calculated as the mean of all SOC values within each time period. The temporal resolution of the model over the three time periods is years. To analyse the effects of fire on the spatial distribution of SOC stocks in boreal forest, the combined effects of spatial changes in forest SOC stocks were compared for prefire, 50 years postfire, 150 years postfire and 300 years postfire.



The data analysis was processed in SPSS 22.0 (https://www.ibm.com/spss, accessed on 6 July 2022), where the data for each variable passed the normal distribution and variance homogeneity tests. The significance of the differences in SOC between the fire severity and climatic conditions and their combined effect over the three time periods were tested by analysis of variance (ANOVA). The post hoc analysis of SOC under different conditions by using the least significant difference method (LSD, p < 0.05) [53]. The image plotting in the article was performed in R (R4.2.3) software, and all images were analysed by the ggplot2 package [54].





3. Results


3.1. Model Validation


To validate the forest SOC stocks simulated by the CENTURY model, the simulation results were validated against the measured results. The results showed that the correlation coefficients (R2) for Unburned, Low, Medium and High were 0.81, 0.80, 0.80 and 0.82, respectively (Figure 2). The root mean square error (RMSE) was 4.18 (t/ha), 3.94 (t/ha), 2.63 (t/ha) and 1.75 (t/ha) for Unburned, Low, Medium and High, respectively. The absolute percentage errors (MAPEs) were 5.35%, 4.84%, 3.23% and 2.25% for Unburned, Low, Medium and High, respectively.



The above results show that the R2 between the simulated and observed values of SOC at different fire severities were high, the model deviations of RMSE and MAPE were small, and the simulation errors were within reasonable limits. It was shown that the model could better simulate the dynamic changes in SOC pools of forest in the Great Xing’an Mountains after fire disturbance.




3.2. Differential Responses of SOC to Fire Severities


Based on the ANOVA results, there was no significant difference between the simulated and observed values of SOC (p > 0.05), and there was a significant difference between the different fire severities (Figure 3, p < 0.05). The observed values of SOC stocks at different fire severities were 62.01 ± 4.18 t/ha, 63.71 ± 3.94 t/ha, 64.41 ± 2.62 t/ha and 65.52 ± 1.65 t/ha. The CENTURY model simulated SOC stocks of 62.46 ± 0.03 t/ha, 63.40 ± 0.01 t/ha, 64.01 ± 0.02 t/ha and 64.82 ± 0.06 t/ha for different fire severities.




3.3. Effect of Different Fire Severities on SOC


The CENTURY model categorizes soil carbon pools into active carbon pools, slow carbon pools and passive carbon pools based on different rates of carbon turnover. Analysing the changes in the SOC pools in the burned area 300 years after the fire, the three carbon pools showed different trends postfire. Within the short term after the fire, the active carbon pool rapidly increased to its peak value and then declined rapidly below the unburned level, gradually returning to the unburned level. The High had the highest SOC stocks from 0 to 18 years after the fire, and the Unburned had the highest SOC stocks from 19 to 300 years after the fire. Within the short term after the fire, the slow carbon pool also rapidly increased to its peak value and then declined rapidly below the unburned level, gradually returning to the unburned level. The SOC stocks of High were largest within 0 to 13 years after the fire, and the SOC stocks of Unburned became largest within 14 to 300 years after the fire. Within the short term after the fire, the passive carbon pool slightly increased to its peak value and then declined below the unburned level. The SOC stocks of High were highest during the first 50 years postfire and became lowest after 50 years postfire. The SOC pool (sum of active, slow and passive carbon pools) had similar trends to the active and slow carbon pools (Figure 4), and the SOC stocks in Unburned reached a maximum approximately 14 years after the fire.



There was a significant difference in SOC stocks at different fire severities (p < 0.05, Figure 5). In the short-term (0 to 50 years), Unburned was significantly different (p < 0.05) from Low, Medium and High, and there was no significant difference between Low and Medium, but both were significantly different from High (p < 0.05). Analysis of variance for both the medium-term (50 to 150 years) and long-term (150 to 300 years) showed significant differences (p < 0.05) between each fire severity.



Over the short, medium and long terms, there was a slight decline in the SOC stocks in Unburned, but the decrease was not significant. The SOC stocks for the three fire severities (Low, Medium and High) all exhibited short-term > long-term > medium-term variations of significant magnitude. From the above results, it could be concluded that SOC gradually recovered to unburned levels within 150–300 years after the fire, gradually approaching prefire levels.




3.4. Dynamics of Postfire SOC in Different Future Climate Scenarios


Under different climate scenarios, SOC stocks increased and then decreased over time after fire disturbance and then gradually returned to prefire levels. However, there were significant differences in SOC changes between climate scenario models, as well as significant differences in the duration of time it took for SOC to recover to stability at different fire severities (Figure 6). Under different fire severities, the SOC reduction in the RCP8.5 climate scenario mode is the highest in 300 years. The RCP4.5 and RCP6.0 scenarios are relatively similar, and there was little difference in SOC stock between them (Figure 6).



Obviously, the overall trend of SOC changes is consistent across the four climate scenarios. Over the long term, the SOC stocks of Unburned, Low and Medium still showed a decreasing trend, and the SOC of High recovered towards prefire levels (Figure 6 and Figure 7). In the short term, the SOC had significant differences across Unburned, Low, Medium and High, but not between Low and Medium. Significant differences (p < 0.05) in SOC at the four fire severities were observed in the medium and long term.




3.5. Spatial Pattern of SOC over Time


In this study area, the spatial distribution of SOC stocks in a forest were significantly different among the three periods and different climate scenario models (p < 0.05, Figure 8 and Figure 9). The spatial patterns of SOC stocks at 50, 150 and 300 years postfire were significantly different at different fire severities (Figure 4). The SOC stocks under several future climate scenario models are lower than those under the current climate. The RCP4.5 and RCP6.0 scenarios are similar, so there is essentially no difference in SOC stocks between these two models. The spatial distribution of SOC stocks under several scenario models shows that temperature significantly affects SOC stocks, and carbon stocks decrease gradually with increasing temperature.





4. Discussion


4.1. Effect of Fire Disturbance on SOC


According to our study, there was a significant effect on boreal forest SOC from fire disturbance. The observations 4–5 years after the fire showed higher SOC stocks after fire disturbance than unburned (Figure 4). This is consistent with Huang et al.’s results of predicting fire effects on SOC stocks by coupling forest ecosystem and landscape models [53]. In the short postfire period (0–14 years), SOC stocks increase with fire severity, which is likely due to the positive replenishment of the SOC pool by root death after fire disturbance [55]. Secondary succession occurs in ecosystems following fire disturbance, where the herbaceous biomass increases in the early stages of succession, herbaceous litter increases inputs to the soils and litter inputs increase the SOC pool and microbial biomass [56,57,58]. The study showed that the active carbon pool contributed most to SOC in temperate forest soil [59]. Because litter and microbial biomass carbon constitute the primary constituents of the soil active carbon pools [60], they cause an increase in the short-term postfire soil active carbon pool.



The gradual decrease in SOC stocks at different fire severities over the 5–51 years postfire may be due to a weakening of the replenishment effect on the SOC pool, where inputs to the soil do not fully replenish the SOC losses caused by fire. In year 15, SOC stocks at all three fire severities began to fall below unburned levels, and the amount of SOC stocks lost was positively correlated to fire severity (Figure 5). High-severity fires result in the death of trees and reduced growth rates, thus reducing the input of carbon to the soil [61]. In addition, high-severity fires alter the forest species composition and stand age [62]. As a consequence, there has been an increase in the proportion of young forest stands [63,64]. There is a significant effect on SOC stock dynamics from the stand age, especially in the surface layer (0–20 cm) [65]. The results of many studies have shown that young forests have a lower SOC content than mature forest stands [66,67,68]. Combining these results, the SOC stocks gradually decreased as the severity of the fire increased. During the 300-year postfire recovery process, the forest stands gradually recovered from young to mature forests, and the biomass of litter gradually increased, contributing to SOC accumulation [69,70]; therefore, SOC also increases with stand age [71]. As a result, SOC stocks are gradually recovering to prefire levels [72]. The above results indicated that vegetation is one of the important factors affecting the soil carbon cycle [73], and it is necessary to consider changes in vegetation and disturbance to enhance the precision of estimates for forest SOC stock.



From the simulation results, it is shown that the trend of SOC after disturbance with different fire severities is basically the same; all of them increased for a short term after disturbance and then decreased to the lowest point and then they gradually tended to the unburned level, but when they reached the steady state were significantly lower than in the unburned state, especially for medium and high severity fires. In the natural recovery state, the ecosystem carbon cycle can eventually return to a steady state over a sufficiently long period of time and not differ significantly from the predisturbance state [20,74,75]. The recovery time varies among different ecosystems [76], and the recovery time also varies considerably at different levels of disturbance [77]. This study showed that SOC recovery takes the longest time under high-severity fire conditions, and the study shows a positive correlation between the recovery time and disturbance severity [20]. If human intervention is involved, it may accelerate the process of ecosystem carbon cycle recovery [78]. For instance, the results of numerous studies have shown that afforestation promotes the accumulation of SOC stocks [65,79,80,81]. In the postfire recovery management of boreal forest SOC, the recovery process can be accelerated by human interventions such as replanting and rebuilding in the burned area. By understanding the impacts and recovery status of different levels of fire on the SOC of China’s boreal forests, it is hoped that a theoretical basis can be provided for the future management of forest fires and the management of entire boreal forests.




4.2. Effect of Climate Change on SOC


Understanding the spatial and temporal changes in forest SOC and its response to climate change can help us to improve our understanding of the forest carbon cycle, thereby offering a scientific foundation for effective forest management and utilization. By modelling different scenarios of climate change, it was found that SOC stocks decrease with increasing temperature (Figure 6). In the context of climate change, climatic factors such as temperature and precipitation can have a significant impact on SOC stocks [7,82,83]. This may be because higher temperatures accelerate the decomposition of SOC, releasing carbon dioxide into the atmosphere and resulting in lower SOC stocks [10,60]. However, this was mainly due to a warmer climate, which increased soil respiration and led to a significant decrease in SOC [84]. Under the climate change scenario, SOC stocks decrease with increasing temperature [6,7,85]; these findings are in line with what has been revealed in this article. In addition, we found that increasing temperatures exacerbate the loss of SOC from fire disturbance and that climate change forms a negative feedback adjustment to SOC stocks. Climate change also affects the time it takes for the SOC to return to a steady state after a fire. However, 300 years after the fire, due to the impact of future climate scenarios, the unburned and low fire severity areas SOC stocks have not yet reached a stable state, and the changes after 300 years are still unclear. The complexity of climate change impacts on SOC requires us to take a closer step in studying how climate change affects SOC.



The results of the study suggest that fire disturbance and climate change have reduced the organic carbon stocks of soil, which implies that a considerable amount of the carbon sequestered in soil is ultimately released back into the atmosphere, which could negatively affect the regional carbon balance and further exacerbate carbon loss. In addition, fire disturbances can cause significant tree mortality, which can lead to a substantial decline in the ecosystem services provided by forests [86]. Forest management should take into account the impact of disturbances on forest carbon dynamics, as well as focus on enhancing forest ecosystem productivity, bolstering resilience against climate change and minimizing carbon loss.




4.3. Uncertainty of SOC Spatial Distribution


The impact of fire and climate change on boreal forest SOC is an issue of great ecological and economic significance. The results show that the spatial distribution of SOC changed significantly with time at different fire severities (Figure 9), and the SOC stocks under different climate scenarios are also significantly different [87]. In the present study, we utilized the dNBR as an auxiliary variable for spatial interpolation. The spatial distribution accuracy of SOC stocks was improved using the Co-Kriging method (CKM) [88,89]. From the interpolation results, the SOC stocks in the medium and high fire severity areas decreased slightly from the prefire level 300 years after a fire, but the SOC stocks in the unburned and low fire severity areas increased after 300 years, and the reason for this result may be the influence of the selected auxiliary variables. The density of auxiliary variable points can significantly affect the prediction accuracy of CKM interpolation [90]. Therefore, we will choose high-density auxiliary variables for interpolation as much as possible in the future to reduce the interpolation error.



The simulation results of this study are consistent with the field observations, but the SOC simulated by the CENTURY model (52.87–72.20 t/ha) is lower than that of the existing study in the Great Khingan Mountains (129 t/ha). This difference in SOC could be attributed to differences in environmental conditions at the soil sampling sites, such as differences in climate, vegetation, topography and disturbance, and all of these different factors influence the differences in SOC stocks [91,92]. The setup of the model also affects the simulation results, and when the model inputs sample parameters that do not fully reflect the actual conditions in the field or when there is uncertainty in the measured data as a result of changes in management and the environment, discrepancies between the simulated and measured SOC values may occur [93,94]. The study only parameterized the effects of climate change and single fires and did not take into account other anthropogenic disturbances. The impact of human activities to SOC stocks is a much more complex process [39].




4.4. Summary and Prospects


The results of our study emphasize the significant loss of forest SOC caused by fire disturbance and the fact that increasing temperatures from climate change will further increase the loss of forest SOC. The study showed that high-severity fires cause the greatest amount of SOC loss and increased recovery time. Even when reaching steady states, a certain amount of SOC is lost, resulting in carbon loss throughout the ecosystem. With global warming in the future, extreme fire events are more likely to occur, which could leave boreal forests in a state of constant disturbance and significantly affect SOC stabilization stock. This positive climate-fire feedback exacerbates the incomplete postfire recovery. For future fire management in China, the Chinese fire departments can reduce the occurrence of high-risk and high-severity fires by prescribed burning.



In this paper, the accuracy and applicability of the CENTURY model to simulate the Great Xing’an Mountains region in northern China under various conditions are demonstrated by continuous measured data to validate the model simulation results. We quantified changes in surface (0–20 cm) SOC stocks, aiming to contribute to a better understanding of the process of SOC accumulation in China’s boreal forests and thus to the exploration of global boreal forest SOC changes. In the future, research on soil carbon pools in boreal forests should also attempt to assess soil carbon pools through more refined regional assessments. Adding more sample information improves the accuracy of the simulation when making predictions over large areas and thereby reduces the uncertainty in the forest SOC. Ultimately, our study will provide a basis for exploring the interactions between climate change and disturbances and soil carbon pools and provide some reference for dual-carbon (carbon emissions peak and carbon neutrality) emission reduction in China.





5. Conclusions


In this study, the CENTURY model was used to predict SOC stocks in the boreal forests of China, and burned areas with different fire severities in the same forest fire were selected as the study area to minimize the bias of the results due to spatial heterogeneity and thereby to explore the effect of fire disturbance on SOC stocks. The CENTURY model provides insight into the dynamics of SOC stocks in China’s boreal forests under different severities of fire disturbance and climate change. Our results showed that the CENTURY model could better simulate the SOC stocks in China’s boreal forests. Furthermore, fire disturbance significantly reduced forest SOC stocks, which decreased progressively with increasing fire severity, and climate change exacerbated SOC loss. The above results indicate that there is some negative feedback between climate warming and forest SOC. Moreover, forest SOC stocks could not be fully restored to prefire levels after forests recovered naturally following high-severity fire disturbances. Therefore, in future forest management, the loss of forest SOC stocks should be avoided by strictly managing wildfires and reducing the probability of forest fires. In addition, human activities, forest management practices, and fire rotation periods in boreal forests should be considered in future studies to further refine the study of SOC in boreal forests.







Author Contributions


Conceptualization, T.H. and L.S.; methodology, T.H., C.Y. and X.D.; software, T.H., C.Y. and Y.Z.; validation, C.Y., X.D. and T.H.; formal analysis, T.H., C.Y. and X.D.; investigation, C.Y. and G.L.; resources, T.H. and L.S.; data curation, T.H. and C.Y.; writing—original draft preparation, T.H. and C.Y.; writing—review and editing, X.D., G.L. and L.S.; visualization, C.Y. and Y.Z.; supervision, T.H. and L.S.; project administration, T.H. and L.S.; funding acquisition, T.H. and L.S. All authors have read and agreed to the published version of the manuscript.




Funding


This research was financially supported by the National Natural Science Foundation (No. 32001324), Youth Lift Project of China Association for Science and Technology (No. YESS20210370), Heilongjiang Province Outstanding Youth Joint Guidance Project (No. LH2021C012) and Fundamental Research Funds for the Central Universities (2572023CT01).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data that support the findings of this study are available on request from the corresponding author, (L.S.).




Conflicts of Interest


The authors declare no conflict of interest.





Appendix A




[image: Fire 06 00414 g0a1] 





Figure A1. CENTURY model calibration and validation. 
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Figure 1. Location, climatic data, and fire severity classification of the study area. (a) Location of Oroqen Autonomous Banner; (b) Topographic map of Oroqen Autonomous Banner; (c) Climate data of the study area; (d) Fire severity classification. 
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Figure 2. Comparison of SOC simulated and observed values. (a) unburned; (b) low fire severity; (c) medium fire severity; (d) high fire severity; n = 36. The lines are the fitted curves, and the gray areas represent the 95% confidence intervals. 
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Figure 3. The results of ANOVA between simulated and observed values of SOC stocks (mean ± SD). Unburned, Low, Medium and High are different fire severities. Different lowercase letters indicate significant differences between simulated and observed values (p < 0.05), and different capital letters indicate significant differences in fire severity (p < 0.05). 
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Figure 4. Changes in the relationship between SOC reserves and simulated years under different fire severities. (a) Activated carbon pool; (b) slow carbon pool; (c) passive carbon pool; (d) soil organic carbon. Unburned, Low, Medium and High are different fire severities. 
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Figure 5. SOC reserves (mean ± SD) for three periods under different fire severities. Short-term: 0 to 50 years; Medium-term: 50 to 150 years; Long-term: 150 to 300 years. Unburned, Low, Medium and High are different fire severities. Different lowercase letters indicate significant (p < 0.05) differences between different fire severities. 
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Figure 6. Changes in SOC stocks after fire under different climate scenarios. (a) unburned; (b) low fire severity; (c) medium fire severity; (d) high fire severity. 
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Figure 7. SOC stocks over three periods under different climate scenarios (mean ± SD). Unburned, Low, Medium and High are different fire severities. Different lowercase letters indicate significant differences between different fire severities (p < 0.05). 
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Figure 8. SOC stocks 0~300 years after fire under different climate scenarios (mean ± SD). Unburned, Low, Medium and High are different fire severities. Different lowercase letters indicate significant (p < 0.05) differences between different fire severities, and different uppercase letters indicate significant (p < 0.05) differences between different climate scenarios. 
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Figure 9. Spatial pattern of SOC at 0, 50, 150 and 300 years after fire under different climate scenario models. 






Figure 9. Spatial pattern of SOC at 0, 50, 150 and 300 years after fire under different climate scenario models.



[image: Fire 06 00414 g009]







 





Table 1. Soil initialization parameters in the study area (mean ± SD).
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Severity




	

	
Unburned

	
Low

	
Medium

	
High






	
SOC (t/ha)

	
62.01 ± 4.18

	
63.71 ± 3.94

	
64.41 ± 2.62

	
65.52 ± 1.62




	
pH

	
5.74 ± 0.17

	
5.64 ± 0.18

	
5.65 ± 0.22

	
5.83 ± 0.19




	
Density (g/cm3)

	
1.09 ± 0.07

	
1.07 ± 0.08

	
1.11 ± 0.10

	
1.08 ± 0.08











 





Table 2. Calibrated values of vegetation parameters for the study area in the CENTURY model.
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	Parameters
	Parameters Value
	Description





	PRDX (1)
	350.000
	Monthly potential maximum productivity (g/m2)



	PPDF (1)
	15.000
	Optimum temperature for production (°C)



	PPDF (2)
	36.000
	Maximum temperature for production (°C)



	PPDF (3)
	1.000
	Left arc of temperature response curve



	PPDF (4)
	3.500
	Right arc of temperature response curve










 





Table 3. Parameters in the Trem module of the CENTURY model for different fire severities.
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Fire Severity

	
Ratio of Aboveground Live

Tissues Removed

	
Ratio of Underground Live Tissues Removed

	
Ratio of Dead Tissues Removed




	
Leaves

	
Fine Branch

	
Large Wood

	
Coarse Root

	
Fine Root

	
Dead Fine Branch

	
Dead Large Wood






	
Low

	
0.350

	
0.300

	
0.325

	
0.325

	
0.325

	
0.350

	
0.325




	
Medium

	
0.700

	
0.650

	
0.525

	
0.525

	
0.525

	
0.700

	
0.525




	
High

	
0.950

	
0.900

	
0.825

	
0.825

	
0.825

	
0.950

	
0.825











 





Table 4. Parameters in the CENTURY model Fire module for different fire severities.






Table 4. Parameters in the CENTURY model Fire module for different fire severities.





	
Fire Severity

	
Ratio of Organics Removed

	
Enhanced Effect of Fire to C/N of the Above- and Underground Live Tissues

	
Enhanced Effect of Fire to the Root/Stem Ratio




	
Standing Wood

	
Surface Litter

	
Aboveground Live Tissues

	
Aboveground

	
Fine Root

	
Underground






	
Low

	
0.350

	
0.300

	
0.325

	
0.325

	
0.325

	
0.350




	
Medium

	
0.700

	
0.650

	
0.525

	
0.525

	
0.525

	
0.700




	
High

	
0.950

	
0.900

	
0.825

	
0.825

	
0.825

	
0.950
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