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Abstract

:

Research Highlights: The estimation of soil and litter carbon stocks by the Land Use, Land-Use Changes, and Forestry (LULUCF) sectors has the potential to improve reports on national greenhouse gas (GHG) inventories. Background and Objectives: Forests are carbon sinks in the LULUCF sectors and therefore can be a comparatively cost-effective means and method of GHG mitigation. Materials and Methods: This study was conducted to assess soil at 0–30 cm and litter carbon stocks using the National Forest Inventory (NFI) data and random forest (RF) models, mapping their carbon stocks. The three main types of forest in South Kora were studied, namely, coniferous, deciduous, and mixed. Results: The litter carbon stocks (t C ha−1) were 4.63 ± 0.18 for coniferous, 3.98 ± 0.15 for mixed, and 3.28 ± 0.13 for deciduous. The soil carbon stocks (t C ha−1) were 44.11 ± 1.54 for deciduous, 35.75 ± 1.60 for mixed, and 33.96 ± 1.62 for coniferous. Coniferous forests had higher litter carbon stocks while deciduous forests contained higher soil carbon stocks. The carbon storage in the soil and litter layer increased as the forest grew older; however, a significant difference was found in several age classes. For mapping the soil and litter carbon stocks, we used four random forest models, namely RF1 to RF4, and the best performing model was RF2 (root mean square error (RMSE) (t C ha−1) = 1.67 in soil carbon stocks, 1.49 in soil and litter carbon stocks). Our study indicated that elevation, accessibility class, slope, diameter at breast height, height, and growing stock are important predictors of carbon stock. Soil and litter carbon stock maps were produced using the RF2 models. Almost all prediction values were appropriated to soil and litter carbon stocks. Conclusions: Estimating and mapping the carbon stocks in the soil and litter layer using the NFI data and random forest models could be used in future national GHG inventory reports. Additionally, the data and models can estimate all carbon pools to achieve an accurate and complete national GHG inventory report.
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1. Introduction


Forests have an important role as carbon sinks; through tree growth and CO2 removal from the atmosphere, they store more than 80% of all terrestrial aboveground carbon and 70% of soil organic carbon [1,2,3]. Accurately and efficiently quantifying forest carbon stocks is crucial in understanding their response in mitigating rising climate change issues [4]. Mitigation through activities in the forest sector, either by increasing the removal of greenhouse gases (GHG) or by reducing emissions from carbon sources, can be comparatively cost-effective [5,6]. Thus, a precise estimation of the carbon storage in carbon pools is required in soil and litter organic carbon stocks [7].



The Paris Agreement decided in 2015 that all parties participating in the United Nations Framework Convention on Climate Change (UNFCCC) should adopt a nationally determined contributions (NDC) plan. This bottom-up system takes each nation’s differing capabilities, circumstances and common yet distinct responsibilities into account to reduce global GHG [8]. From 2020 onwards parties will be responsible for achieving their GHG reduction targets, by submitting annual national GHG inventory reports according to the principle of measurement, reporting, and verification [9]. The Land Use, Land-Use Change, and Forestry (LULUCF) sectors will be a key component of the Paris Agreement on NDCs as a net carbon sink [10]. The LULUCF is expected to contribute at a global level as much as 20% of the full mitigation potential of all the conditional and unconditional NDC targets [11]. Therefore, the five carbon pools (aboveground biomass, belowground biomass, dead wood, soil, and litter) of the LULUCF sectors could play an instrumental role in reporting and setting a reduction target for national GHG inventories.



To report on national GHG inventories of carbon stocks of the LULUCF, several Annex I nations repurposed and utilized data collected by the system of the National Forest Inventory (NFI). This is because the NFI is a key source of information to calculate GHG emissions and their removal [12]. Finland elected the Yasso model to estimate the carbon stocks of soil and dead organic matter (deadwood and litter), and the model utilized the data collected from the NFI survey as input values [13]. Germany also utilized the NFI data to estimate the carbon stocks of all carbon pools (living biomass, soil, and dead organic matter) for the national GHG inventory report [14]. South Korea’s NFI survey system was reorganized in 2006 due to the increasing demand for sustainable forest management research according to the sustainable development principle agreed in the Rio Summit, 1992 [15]. This is based on systematic sampling, with a square grid to survey forest stand, growing stocks, and deadwood volume every five years cycles. Each grid contains one ground sampling plot, which is a cluster of four sub-sampling plots. Forest Health Monitoring (FHM) is based on the same sampling design as the NFI, but it uses only one of the sub-sampling plots to collect data on soil, litter carbon stocks within 10 years, and soil and litter properties within 5 years, respectively. When reporting national GHG inventories, South Korea has used the data of the NFI survey for living biomass carbon stocks. However, the change in carbon stocks in soil, dead wood, and litter layer cannot be calculated due to the lack of time-series activity and emission data [16,17].



Despite soil and litter carbon stocks’ importance being well-recognized, spatial information of regional soil and litter carbon stocks is yet to be widely available [18]. Most of the information regarding this matter exists only as non-digital fragmented legacy observations [19]. Moreover, most of the previous studies in South Korea were conducted to estimate soil and litter carbon stocks in specific forest stands or using specific modeling methods [17,20,21,22]. It may be challenging to accurately map soil organic carbon owing to spatial variabilities such as scale-dependent nature, climate, topography, land use, and other factors. As a solution, recent studies which utilized machine learning methods have demonstrated improved accuracies in predicting soil and litter carbon stocks [23,24]. These machine learning methods such as random forest, boosted regression trees, and original kriging have also been used to model and map soil organic matter [25,26,27]. As far as root mean squared deviations and coefficient of determination are considered, random forest surpassed other machine learning methods in the areas of common geostatistical, machine learning, and hybrid methods [27].



The purpose of this study is to estimate the soil at 0–30 cm and litter carbon stocks at national levels and to provide a map of these carbon stocks using random forest machine learning tools in South Korean forests.




2. Materials and Methods


2.1. Study Area


This study was carried out in South Korea’s forest, which accounts for approximately 64% of the total land area in South Korea [28]. The composition of the forest is as follows: coniferous 31.8%; deciduous 38.4%; and mixed 27.2%. As for the age class, 68% of the forest area is III~IV, between 21 and 40 years old [28]. South Korea is located in the mid-latitude temperate climate zone with four distinct seasons. The mean annual precipitation ranges from 1000 mm to 1800mm in the southern part of South Korea and 1100 mm to 1400 mm in the central part of South Korea. The mean annual temperature ranges from 10 to 16 °C except in the high mountain areas [29]. Accounting for approximately 60% of the land, dominant parent soil material in South Korea includes granitic gneiss (32.4%), granite (22.3%), and schist (10.3%) [30]. Dominant soil orders in South Korea include Inceptisols, Entisols, Ultisols, Alfisols, and Andisols [31]. South Korea developed an independent classification system for forest soil due to its importance in forest productivity. Forest soil in South Korea has eight soil groups (brown forest soil, red & yellow forest soils, dark red forest soils, gray-brown forest soils, volcanic ash forest soils, eroded soil. immature soils, and lithosols) including 11 soil subgroups, and 28 soil types [32].




2.2. Data Sources and Analysis


2.2.1. Carbon Stock of Soil and Litter


To estimate the carbon stock of soil and litter in South Korean forests, the data from the seventh NFI (NFI7) and FHM survey were used from 2016 to 2019 (Figure 1). The NFI provides data on growing stocks, diameter at breast height (DBH), height, tree density, age, and the number of sampling plots for each forest type and species. The NFI classifies a tree into 10 age classes, from class I to X as the youngest and oldest, respectively. Each class has a 10-year range. In this study, all trees older than 60 years are classified as class VI due to limitations of the sampling points. The FHM provides data on soil and litter properties and carbon concentration for each forest type and species. The NFI7 and FHM, which were conducted from 2016 to 2019, are based on the plot design as illustrated in Figure 2. The permanent sampling plot is a cluster of four sub-sampling plots, which is systematically installed across the entire forest in South Korea. Soil and litter samples are collected only at the central sub-sampling plots (subplot 1). If data collection at the site of sub-sampling plots was found to be difficult due to geographical inaccessibility, then the collection from those plots was omitted [33,34]. A total of 643 permanent sampling plots of FHM were used to calculate soil and litter carbon stocks, 184, 264, and 195 of which were coniferous, deciduous, and mixed forests, respectively (Table 1).



Sampling and analysis of soil and litter were performed in NFI and FHM surveys. Soil samples from depths of 0–10 cm, 10–20 cm, and 20–30 cm were passed through a 2-mm sieve to remove coarse fragments and roots, respectively. Soil bulk density was estimated as the proportion of the dry mass of all mineral soils to the volume of the corer, while the coarse fragment content was estimated as the ratio between the dry mass of coarse fragments to fine earth fractions, both of which were based on the mass remaining after oven-drying at 105 °C [35]. Litter samples were classified into the litter horizon (L horizon) and fermentation and humus horizon (FH horizon) depending on the degree of decomposition. The L horizon is the undissolved layer, and the FH horizon is the decayed layer from which plant tissues have been decomposed. To estimate the litter carbon stock, all fallen leaves and branches (less than 6 cm in diameter) of the L and FH horizons were collected from the upper part of the FHM sampling point. Once the sample was collected, it was dried at 80 °C for 24 h, and its dry weight was measured [35]. Then soil and litter samples were finely ground, and their carbon contents were measured with an elemental analyzer (vario Macro, Elementar Analysensystme, Germany) [35].



Soil carbon stocks (t C ha−1) at 0–30 cm were calculated as the sum of each soil depth multiplied by bulk density, coarse fragments content, and carbon concentration.


   Soil   carbon   stocks      t   C    ha  − 1     =   ∑   horizon = 1  3  BD ×     1 − frag     ×   CC   ×   D  








where BD is bulk density (Mg m−3), frag is % contents of coarse fragments/100, CC is carbon contents (%), D is depth of soil (cm), and horizon is soil depth layer which are notated by numbers from 1 to 3, each number signifying the depths of 0–10 cm, 10–20 cm, and 20–30 cm, respectively.



Litter carbon stocks (t C ha−1) were calculated using the dry mass multiplied by carbon concentration.


  Litter   carbon   stocks     t   C    ha  − 1     =   ∑   horizon = 1  2  DW   ×   CF  








where DW is dry weight of litter (t ha−1) and CF is % carbon contents/100. When horizon equals 1, the equation calculates litter carbon stocks for the L horizon, and when horizon equals 2, it computes the litter carbon stock of the FH horizon.



A generalized linear model was utilized to conduct a variance analysis in carbon stock differences by forest type and age class. The Tukey’s honest significant difference test was conducted to examine the difference between the means of carbon stock by forest type and age class. All analyses were conducted with SAS 9.4 software [36].




2.2.2. Mapping Soil and Litter Carbon Stocks


Despite the considerable sampling of FHM plots for soil and litter data across South Korea, the 643 sample plots did not provide enough empirical estimates for the soil and litter carbon map. To overcome this, soil and litter carbon stocks at the NFI plots without carbon data (n = 10,330) were predicted with the random forest (RF) technique. Then, to fill the non-sampled points between the NFI sampling plots, interpolation by ordinary kriging was used.



RF is a machine learning tool using bootstrap aggregating to develop models with an improved prediction [37]. RF randomly selects predictors at each node of a decision tree. This procedure generates a de-correlated tree, which decreases the variance of the average from the generated trees [38]. These trees recognize the relationship between a dependent variable, in this case soil and litter carbon stocks, and predictor variables. Many predictor variables, either continuous or categorical, from the NFI survey data were selected, which include forest type, tree age, crown density, accessibility class, topography, elevation, slope, tree density, growing stocks, DBH, basal area, and height (Table 2). A forest soil digital map (1:25 k) was also included in the variable selection process [32] (Table 2). The RF models were trained using 70% of the NFI dataset and validated using the remaining data. To determine the variables for carbon stock prediction, we utilized important variable feature in the RF model. We used the importance values for simulating the RF models which were divided into four models, namely RF1 to RF4, then eliminated two variables for each iteration, and the best predictor was selected. This process was repeated multiple times, splitting the data randomly each time. RF prediction was conducted with the randomForest package in R version 4.0.2 with a default option and a fixed random seed [39,40]. The map of soil and litter carbon stocks was based on ordinary kriging using the default number of points (n = 12) to perform the interpolation in ArcGIS 10.4.1 [41]. Because there were several sub-sampling plots missing data on predictors in Table 2, they were dropped from the analysis. A total of 10,972 data points from observed and predicted carbon stocks were used for the interpolation.






3. Results and Discussion


3.1. Soil and Litter Carbon Stocks by Forest Type


Soil and litter carbon stocks for each forest type are presented in Table 3. The litter carbon stocks (t C ha−1) were 4.63 ± 0.18 for coniferous, 3.98 ± 0.15 for mixed, and 3.28 ± 0.13 for deciduous. Concerning the soil carbon stocks (t C ha−1), conversely, it was deciduous that accounted for the largest values at 44.11 ± 1.54, followed by 35.75 ± 1.60 for mixed, and 33.96 ± 1.62 for coniferous in descending order. The coniferous forest generally had higher litter carbon stocks than others (p < 0.05), while mineral soil carbon stocks were higher in the deciduous forest than others (p < 0.05). The total of soil and litter carbon stocks (t C ha−1) ranged from 38.58–47.39 for the forest types. The deciduous forests had higher soil and litter carbon stocks than the others.



Previous studies have reported similar results in litter carbon stocks [31,42,43,44]. This is because the litter layer of the coniferous forest generally contains more substances that are difficult to break down than those in the litter layer of other forest types [45,46]. Especially, the C/N ratio in the litter from the coniferous forests was of a higher value than that of the deciduous forests [44]. Additionally, the pH level of the coniferous forest’s soil tends to be lower than that of deciduous forest, decreasing the microorganism activities in soil, which results in fresher leaves than the decomposed leaves in the layer [46,47]. The decomposition rate of the litter layer for forest carbon modeling was higher in oaks (0.40 year−1) than pine trees (0.32 year−1) in South Korea [20]. This also implies that remaining litter carbon stocks in coniferous forests may be larger than those in deciduous forests.



In contrast to litter carbon stocks, soil carbon stocks of deciduous forests were higher than those of coniferous forests. A previous study in South Korea also reported that soil carbon stocks were 83.2 t C ha−1 in deciduous forests and 59.1 t C ha−1 in coniferous forests [42]. In this study, no significant correlation was found between soil organic carbon stocks and tree species, despite tree species affecting soil organic carbon stocks by the quantity and quality of organic matter input through litterfall and root activity [44,48]. Nevertheless, soil carbon stocks of deciduous forests were higher than those of coniferous forest potentially because of the decomposition of aboveground organic matters. Litter carbon content decreases with an increasing mineral soil nutrient status and is related to soil properties such as texture, pH, and the concentration of P and Ca [46]. The tree species could bring about a major impact in soil fauna activity and the related incorporation of litter into the soil, possibly changing the inputs of organic layer material to the upper mineral soil [44]. Moreover, root biomass and turnover rate of tree species would influence the residual carbon from the litter to soil [44]. Another explanation is that there may be more forest management activities conducted in coniferous forests than in deciduous forests. Most forest management in South Korea is conducted in coniferous forests, occupying 63% of the total plantation area [28]. Forest management activities can decrease the soil organic carbon contents, which is related to aeration and the mineralization of organic matter. Soil bulk density, one of the key factors in soil carbon stocks, can either increase by compaction or decrease through tillage and stand regeneration for forest management [48]. However, soil carbon stocks also made a difference in site conditions and soil texture. Coniferous forests had small soil carbon pools, while deciduous forests such as beech forests had large soil carbon pools. However, this varied depending on the site conditions where the species dominate [48,49]. Another study reported that loamy soil had higher carbon stocks under deciduous forest compared to coniferous forest. In contrast, soils from base-poor consolidated bedrock had higher carbon stocks under coniferous forests compared to deciduous forests [44].




3.2. Soil and Litter Carbon Stocks by Age Class


Soil at 0–30 cm and litter carbon stocks for each age class are displayed in Figure 3. The carbon storage in the litter layer increased as the forest grew older; however, a significant difference was found between age class II and IV (p < 0.05) (Figure 3a). The litter carbon stocks were higher in the coniferous forest than others at the age classes ranging from IV to VI. However, the age classes of I to III did not demonstrate such a trend (higher carbon stocks in the coniferous forest). Although the carbon storage in the soil had increased with the forest’s age, no significant difference was observed among the age classes except that of II and VI (Figure 3b). The total of soil and litter carbon stocks revealed a similar trend in soil carbon stocks, due to the large portion in these layers.



The carbon storage quantity slightly increased with the maturation of the stand, and similar results were observed in previous studies [31,43,44,50,51,52]. This is because the quantity of litter increases as a stand matures [43,50]. Schulp et al. [43] has reported that the quantity of carbon in the litter layer increased as fine roots and bark in the mature stand grew more abundant. Forest age is acknowledged to influence the rate of soil carbon sequestration and, accordingly, the soil organic carbon stocks [48,53]. This study observed a higher carbon stock in age class I than in age class II, even if there is no statistically significant difference. This could be related to the trees in age class I being more easily influenced by the pre-existing stands. Moreover, the soil carbon may increase due to an increase in biomass production and accretion into the soil, which also enhances the production of the root biomass [51]. The aging of forests results in increasing carbon densities in management systems with longer rotation lengths, provided that the harvest age is not beyond the age where the forest stand turns from a net sink to a source of carbon at tipping points [48]. Soil organic carbon stocks in granite soils tend to increase as forest stands age in tropical secondary forests [52]. Soil carbon decreased with increasing stand age due to the soil disturbance during forest management in an over-mature stand in Pakistan [54]. In temperate forests, no value difference was observed between tree biomass and soil carbon stocks [44]. Aging forests in a steady state of carbon cycle have lower carbon fixation potential than soils of younger forests; this may be attributed to a loss of organic matter following management disturbance [55].




3.3. Soil Carbon Map


3.3.1. Model Performance


To determine the variables for carbon stock prediction, a variable importance test was conducted. Table 4 gives an overview of the selected predictors for the RF machine learning algorithm. Starting from RF1, the predictors with less significance were eliminated, and then RF2 commenced. Such a process was iterated until the simulation reached RF4. We assumed that age class and soil type were the important predictors; however, they have a small importance variable (Table 4). As the low-significant predictors were eliminated, the model’s prediction capability improved. In particular, the model that predicted soil carbon stock made a huge improvement as it progressed from RF1 to RF2 (root mean square error (RMSE (t C ha−1)) = 1.82, 1.67, respectively, Table 5). The error margin narrowed with each iteration of the model, but the improvement was relatively small. A similar trend was observed in the soil and litter model as it went from RF1 to RF4, but the prediction accuracy was lowered when the model went from RF2 to RF3. We did not use the RF4 model since it excludes the forest type, which was confirmed as influencing the carbon stocks in the previous section. When considering the mean absolute error (MAE) value, this study determined RF2, a model that removed two predictor variables, to be the most accurate. The elevation, accessibility class, slope, DBH, height, and growing stocks appeared to be the most important variables for predicting soil, and soil and litter carbon stocks (Table 4). The best prediction was found at the soil and litter carbon stocks for both training and test data sets, because the relative RMSE values were 4.22% and 3.53% for soil carbon and soil and litter carbon, respectively, in RF2.



Our study indicated that elevation, accessibility class, slope, DBH, height, and growing stocks were important predictors, while other studies found different predictors that yielded the best performance; this could be attributed to difference in materials and methods. De Vos et al. [56] reported that soil type and tree species were the major predictors for forest floor carbon stocks using the boosted regression tree model. For topsoil carbon stocks, soil type, mean air temperature and precipitation were the major predictors for mineral soil carbon stocks. Chen et al. [18] reported the most important predictors using RF modeling, ranked from the highest to lowest; they include land cover, parent material, net primary production, elevation, mean annual temperature, mean annual precipitation, erosion rates, topographic wetness index, soil type, and slope. According to Nanko et al. [57], soil group, air temperature, slope, altitude, and organic carbon stocks of litter were the most important factors for affecting soil organic carbon stocks, while information on forest stands such as stand density, growing stock, age class, and species have a smaller effect on soil organic carbon stocks using boosted regression tree modeling. Several studies reported precipitation as an important variable [58,59]. Conversely, Nanko et al. [57] asserted that precipitation was not important due to the conflicting effects of the increase in soil organic carbon content with increasing net primary production and the decrease in mineral soil mass by the loss in topsoil.




3.3.2. Forest Soil Carbon Map


Two carbon stock maps were constructed using the RF2 models. One was made for only soil carbon stocks (Figure 4a), and the other for both soil and litter carbon stocks (Figure 4b). For the map of soil carbon stocks, average values were approximately 38.09 ± 0.03 t C ha−1 and for the carbon stocks map of combined soil and litter, this was approximately 42.09 ± 0.03 t C ha−1. Our results were lower than the previous study of temperate forests. Wellbrock et al. [60] reported that the carbon stock of German forests was 19.0 t C ha−1 in the organic layer, and 55.6 t C ha−1 in the mineral soil from 0 cm to 30 cm. De Vos et al. [56] reported that soil organic carbon stocks from 0 cm to 30 cm of European forests was 71.3 t C ha−1, and there were differences among the reference soil groups. The difference in carbon stocks in forests among different countries might be due to the differences in parent soil material, mean temperature and precipitation, and forest stand statuses such as age class, growing stocks, and tree species. Different measuring scales, quantification, and the sample size of various countries could also cause differences in carbon stocks of soil organic carbon [61]. The map shows that Gangwon-do, the north-eastern part of South Korea, and Jeju-do, the southern island in South Korea, carry a large quantity of soil carbon stocks. In the case of Gangwon-do, there are large growing stocks in the forests. Jeju-do is a volcanic island formed by continental intraplate volcanism [62], which could explain the great soil carbon stocks in Jeju-do, the southern island in South Korea. Nanko et al. [57] reported that volcanic soil had larger soil organic carbon stocks than other soil types. Additionally, soil carbon maps revealed a similar trend to the topographic distribution of primary mountain regions in South Korea [63,64]. These areas have a mean elevation value from 446 to 794 m [63]. The soil and litter carbon map also shares a similar trend with the soil carbon map. This map demonstrated a similar trend to the biomass resource map in the South: there were many biomass resources in the north-eastern part, east-southern part, and southern-central part in South Korea [65].





3.4. Implication


Estimating carbon stock in the soil and litter layer using the NFI data could be used in future national GHG inventory reports for tier 2 levels related to the accuracy indicators. It can also estimate all carbon pools to achieve accuracy and completeness in the national GHG inventory report to be submitted to the UNFCCC. Other countries also use their iterations of NFIs to compute their carbon stocks, and they reported the carbon stocks of all carbon pools [13,14]. Additionally, soil and litter carbon maps can be used for spatial soil carbon stocks at national levels. For reporting soil organic carbon inventories, the Netherlands has used the soil organic carbon stocks map coupled with the soil map and field survey data [43]. The data collected by this study may be utilized in the UN’s Food and Agriculture Organization (FAO) Global Soil Organic Carbon map (GSOCmap). However, we used an ordinary kriging method for the carbon stocks map of forest soil and litter. In order to improve the accuracy of this map, it is necessary to improve the mapping method. Using accurate forest cover and soil type maps while deciding an appropriate scaling up method would aid in accomplishing such goal in the future [61].





4. Conclusions


The purpose of this study was to estimate soil and litter carbon stocks using the NFI data and RF models and to map carbon stocks in South Korean forests. Coniferous forests had higher litter carbon stocks than the others while deciduous forests contained higher soil carbon stocks. The carbon storage in the soil and litter layer had grown as the forest matured, with a few exceptions in several age classes, where significant differences were observed. The rise of carbon in the soil and litter layer is contributed to by the increase in residual substances from mature stands. Out of four different random forest models (RF1–RF4) which the current study employed, we have determined the RF2 model to be the most accurate. We chose elevation, accessibility class, slope, DBH, height, and growing stocks as the important predictors. Based on the RF2 model, two types of maps were generated, one for soil and the other for litter carbon stocks. For soil carbon stocks, average values were approximately 38.09 ± 0.03 t C ha−1, and the carbon stocks of combined soil and litter were approximately 42.09 ± 0.03 t C ha−1 in the RF2 model. Our findings will provide more detailed information on litter and soil carbon stocks, thereby facilitating the understanding of forest carbon storage in South Korea. A few limitations, however, were seen. We were only able to utilize the data sets gathered over four years, a year short of the full grid sampling cycle of the NFI. Including a full set of the data will allow not just a more accurate estimation of carbon stocks in forest soil, but also identification of change in the near future. Another flaw is that only one methodology was applied to map the carbon stocks in forest soil and litter. To obtain precise information requires comparison with appropriate scaling-up tools. These drawbacks notwithstanding, the methods used in this study to estimate and map carbon stocks in forest litter and soil could be adopted in future national GHG inventory reports for tier 2 levels. All carbon pools can also be assessed by these approaches to achieve accuracy and completeness in the reports. Moreover, soil and litter carbon maps will be of great use for spatial soil carbon stocks at a national level, the data of which will eventually be utilized at a global level.
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Figure 1. Distribution of National Forest Inventory (NFI) and Forest Health Monitoring (FHM) sample plots in South Korea (2016–2019). 
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Figure 2. Plot design of National Forest Inventory (NFI) and Forest Health Monitoring (FHM) survey in South Korea. 
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Figure 3. Litter (a) and soil at 0–30 cm (b) carbon stock by age class and forest type in South Korea. The error bars represent the standard error of the mean. Different letters in the bars indicate significant differences among age class (p < 0.05). Significant differences between forest type in a same age class are indicated by asterisks (p < 0.05). 






Figure 3. Litter (a) and soil at 0–30 cm (b) carbon stock by age class and forest type in South Korea. The error bars represent the standard error of the mean. Different letters in the bars indicate significant differences among age class (p < 0.05). Significant differences between forest type in a same age class are indicated by asterisks (p < 0.05).



[image: Forests 11 01318 g003]







[image: Forests 11 01318 g004 550] 





Figure 4. Map of carbon stocks in (a) soil at 0–30 cm, (b) soil at 0–30 cm and litter in South Korean forests. 
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Table 1. Mean ± standard error in the seventh National Forest Inventory (NFI7) and Forest Health Monitoring (FHM) survey data.
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Forest Type




	
Category

	
Coniferous

	
Deciduous

	
Mixed






	
NFI7

	
Number of plots

	
184

	
264

	
195




	
Age

	
40.26 ± 0.98

	
39.89 ± 0.87

	
40.54 ± 0.84




	
Height (m)

	
12.94 ± 0.30

	
12.77 ± 0.19

	
13.40 ± 0.18




	
Diameter at breast height (cm)

	
22.97 ± 0.53

	
22.43 ± 0.38

	
24.44 ± 0.34




	
Tree density (trees ha−1)

	
1175.36 ± 50.73

	
1003.29 ± 32.63

	
1112.55 ± 42.46




	
Tree growing stocks (m3 ha−1)

	
217.73 ± 8.46

	
145.26 ± 4.80

	
180.92 ± 6.07




	
FHM

	
Litter carbon contents (%)

	




	
Litter horizon

	
44.78 ± 0.27

	
42.59 ± 0.27

	
43.89 ± 0.29




	
Fermentation and humus horizon

	
41.22 ± 0.43

	
38.92 ± 0.41

	
40.94 ± 0.38




	
Soil characteristics

	




	
Bulk density (Mg m−3)




	
0–10 cm

	
1.13 ± 0.03

	
1.23 ± 0.05

	
1.27 ± 0.07




	
10–20 cm

	
1.15 ± 0.03

	
1.26 ± 0.04

	
1.23 ± 0.04




	
20–30 cm

	
1.14 ± 0.03

	
1.19 ± 0.03

	
1.18 ± 0.03




	
Coarse fragment contents (%)

	




	
0–10 cm

	
33.31 ± 0.93

	
32.45 ± 0.81

	
33.47 ± 1.00




	
10–20 cm

	
32.65 ± 0.94

	
32.08 ± 0.80

	
32.62 ± 0.99




	
20–30 cm

	
32.98 ± 1.01

	
32.41 ± 0.80

	
32.57 ± 0.97




	
Soil organic carbon contents (%)

	




	
0–10 cm

	
1.98 ± 0.13

	
2.53 ± 0.12

	
2.00 ± 0.11




	
10–20 cm

	
1.62 ± 0.10

	
2.02 ± 0.09

	
1.58 ± 0.08




	
20–30 cm

	
1.36 ± 0.10

	
1.70 ± 0.08

	
1.37 ± 0.07
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Table 2. List of predictors using data sources of soil and litter carbon stock in South Korea.
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	Predictors
	Data Type
	Source
	Scale





	Soil type
	Categorical
	Forest soil map
	1:25,000



	Soil parent
	Categorical
	Forest soil map
	1:25,000



	Rock exposure index
	Categorical
	Forest soil map
	1:25,000



	Wind exposure index
	Categorical
	Forest soil map
	1:25,000



	Weathering index
	Categorical
	Forest soil map
	1:25,000



	Forest type
	Categorical
	The National Forest Inventory (NFI)
	2 km or 4 km



	Tree age (year)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Crown density (%)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Accessibility class (m)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Topography
	Categorical
	The National Forest Inventory (NFI)
	2 km or 4 km



	Elevation (m)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Slope (°)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Tree density (n ha−1)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Growing stocks (m2 ha−1)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Diameter at breast height (cm)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Basal area (m2 ha−1)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km



	Height (m)
	Continuous
	The National Forest Inventory (NFI)
	2 km or 4 km
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Table 3. Litter and soil at 0–30 cm carbon stock in South Korea (unit: t C ha−1, mean ± standard error).






Table 3. Litter and soil at 0–30 cm carbon stock in South Korea (unit: t C ha−1, mean ± standard error).





	

	
Coniferous

	
Deciduous

	
Mixed






	
Litter

	

	

	




	
Litter horizon

	
2.04 ± 0.07 a

	
1.56 ± 0.05 b

	
1.80 ± 0.08 c




	
Fermentation and humus horizon

	
2.59 ± 0.13 a

	
1.72 ± 0.10 b

	
2.18 ± 0.11 c




	
sub-total

	
4.63 ± 0.18 a

	
3.28 ± 0.13 b

	
3.98 ± 0.15 c




	
Soil

	




	
0–10 cm

	
13.08 ± 0.65 a

	
17.24 ± 0.64 b

	
13.83 ± 0.67 a




	
10–20 cm

	
11.33 ± 0.56 a

	
14.71 ± 0.55 b

	
11.83 ± 0.57 a




	
20–30 cm

	
9.54 ± 0.60 a

	
12.16 ± 0.50 b

	
10.09 ± 0.53 a




	
sub-total

	
33.96 ± 1.62 a

	
44.11 ± 1.54 b

	
35.75 ± 1.60 a




	
Total

	
38.58 ± 1.62 a

	
47.39 ± 1.53 b

	
39.73 ± 1.60 a








Different letters at each estimate indicate significant differences among forest type (p < 0.05).
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Table 4. Variable importance from training data set of the four random forest (RF) models.
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For Soil Carbon Only

	
For Soil and Litter Carbon




	
RF1

	
RF2

	
RF3

	
RF4

	
RF1

	
RF2

	
RF3

	
RF4






	
Soil type

	
7865

	
8250

	
8520

	
9581

	
7239

	
8052

	
8403

	
9353




	
Soil parent

	
3741

	
3867

	
-

	
-

	
3718

	
3670

	
-

	
-




	
Rock exposure index

	
3414

	
-

	
-

	
-

	
3119

	
-

	
-

	
-




	
Wind exposure index

	
5173

	
5492

	
5960

	
-

	
5778

	
548

	
6010

	
-




	
Weathering index

	
3900

	
3720

	

	
-

	
4028

	
3898

	
-

	
-




	
Forest type

	
6637

	
6631

	
6459

	
-

	
5915

	
6343

	
6590

	
-




	
Age class

	
7809

	
7472

	
7698

	
7671

	
7246

	
7419

	
7735

	
8206




	
Crown density (%)

	
3432

	
-

	
-

	
-

	
3332

	
-

	
-

	
-




	
Accessibility class (m)

	
24,863

	
26,914

	
26,628

	
28,154

	
25,978

	
25,430

	
27,006

	
29,154




	
Topography

	
10,290

	
10,767

	
10,443

	
11,295

	
9845

	
10,251

	
11,048

	
11,010




	
Elevation (m)

	
43,141

	
44,420

	
45,062

	
46,613

	
41,820

	
43,291

	
42,879

	
43,366




	
Slope (°)

	
20,331

	
21,332

	
22,099

	
22,089

	
19,942

	
21,470

	
21,957

	
22,233




	
Tree density (n ha−1)

	
14,138

	
14,894

	
15,970

	
17,121

	
13,802

	
14,449

	
15,011

	
17,257




	
Growing stocks (m2 ha−1)

	
15,937

	
16,992

	
17,837

	
18,649

	
16,385

	
17,367

	
17,506

	
18,889




	
DBH (cm)

	
17,733

	
17,864

	
19,658

	
19,906

	
18,329

	
19,316

	
19,466

	
20,678




	
Basal area (m2 ha−1)

	
13,087

	
14,693

	
15,024

	
16,478

	
13,121

	
14,313

	
14,323

	
15,815




	
Height (m)

	
16,842

	
17,141

	
18,012

	
19,418

	
16,657

	
16,779

	
18,240

	
19,387
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Table 5. Root mean square error (RMSE) and mean absolute error (MAE)of the four random forest (RF) models using the validation data (unit: t C ha−1).
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Predicted Soil Carbon

	
Predicted Soil and Litter Carbon




	
RF1

	
RF2

	
RF3

	
RF4

	
RF1

	
RF2

	
RF3

	
RF4






	
RMSE

	
1.82

	
1.67

	
1.65

	
1.63

	
1.56

	
1.49

	
1.54

	
1.39




	
MAE

	
15.90

	
15.85

	
15.80

	
16.00

	
16.11

	
15.99

	
15.93

	
16.25
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