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Abstract

:

In this study, the effects of tree species, tissue types, and tree size on the carbon concentration were studied, and the two additive systems, one with tree diameter (D), and the other with both D and tree height (H), were developed to estimate the stem, root, branch, and foliage carbon content of 10 broadleaf species in northeast China. The coefficients of the two systems were estimated with the nonlinear seemingly unrelated regression (NSUR), while the heteroscedasticity of the model residual was solved with the weight function. Our results showed that carbon concentrations varied along with tree species and size; the tissues and foliage contained higher carbon concentration than other observed tissues. The two additive carbon equation systems exhibited good predictive and fitting performance, with Ra2 > 0.87, average prediction error of approximately 0, and small average absolute error and absolute error percentage. The carbon equation system constructed with D and H exhibited better fit and performance, particularly for the stem and total carbon. Thus, the additive carbon equation systems estimated the tree carbon of 10 broadleaf species more accurately. These carbon equations can be used to monitor the carbon pool sizes for natural forests in the Chinese National Forest Inventory.
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1. Introduction


According to the reports from the Food and Agriculture Organization [1], forestry occupies approximately 31% of the earth’s land area, meaning it has an indispensable role in the global carbon cycle. Almost 33.3% of the atmospheric CO2 concentration is reduced by forests, because of their carbon storage ability (approximately 2.4 Pg) and emission sequestration of CO2 (approximately 30%) [2,3]. Nowadays, more studies are underlining non-timber forest ecosystem services, such as natural hazards and biodiversity protection, and air and water cleaning. Globally, temperate mixed forests are mainly located in northeastern Europe, North America, and eastern Asia. In Asia, the majority of the temperate forests are distributed in the northeastern part of China, particularly in Heilongjiang province, which is a vital province in the climatic system and national carbon budget in China [4,5].



Among the studies on global climate change and carbon cycles, the quantity, distribution, and dynamics of forest carbon stocks are the hotspots and also remain a high priority for the prediction of forest growth and yield [3,6,7]. The main essential task for successfully implementing the initiatives of Reducing Emissions from Deforestation and Forest Degradation (REDD+), as well as for the conservation and enhancement of forest carbon stocks and sustainable management of forests is the development of allometric models for carbon accounting across different tree species. By doing this, those developing countries can receive financial bonuses for decreased carbon emissions [8,9]. However, few literature studies have been conducted on predictive models for quantifying the total and tissue carbon of broadleaf species.



To date, indirect and direct methods have been used to estimate individual tree carbon [10]. For the indirect methods, the individual tree carbon is calculated by multiplying the carbon concentration by the tree biomass, where the biomass is estimated using biomass equations [11,12]. When estimating forest carbon, 50% or 45% is generally used as the average carbon concentration for all species and forest types at regional and national scales; however, some others have used other carbon concentrations [10,13]. In general, the commonly accepted carbon concentrations are 50% for woody tissues, or 45%–50% for nonwoody tissues [14,15]. However, more and more studies have shown that the commonly used 45% or 50% carbon concentrations lead to certain errors [16,17,18,19,20], because of the various carbon concentrations among forest regions, tissue types, species, and sizes of trees [10,16,21]. For the direct methods, the carbon allometric equations are constructed using data obtained from a carbon analyzer when burning trees [10,22,23]. In summary, carbon allometric equations are essential and necessary if accurate fluxes and carbon stocks of natural forests are required.



It is common to use the diameter at breast height (D) as the only reliable predictor of the total and tissue biomass or carbon in most cases [4,9,10,24,25]. The tree height (H), another variable of the tree, can also be used as a predictor [9,25,26]. Adding H into biomass or carbon equations as another predictor notably improves the model performance by explaining the divergences and avoiding the potential limitations [25,27,28,29]. Thus, the regression with D and H was more reliable for prediction of the carbon in a forest.



The estimating equations for the total and tissue carbon of trees are categorized as nonadditive or additive models. The nonadditive equations cannot suit the total and tissue carbon data synchronously, leading to unequal total tissue carbon derived from the tissue and the total carbon model. The additive carbon equations fit the total and tissue carbon data simultaneously, which explicates the instinctive correlations among carbon tissues of the same sample [25,27,28,29], where the sum of carbon predictions from the tissue carbon model and from the total carbon models are the same [30,31]. For the additive carbon equations, various parameter estimation methods and model specifications were used in linear and nonlinear models [30,31,32,33]. Among these, nonlinear seemingly unrelated regression (NSUR) and seemingly unrelated regression (SUR) are more widely used. An advantage of using SUR and NSUR is the low variance of the total tree carbon model because of their own predictor variables and weighting functions for heteroscedasticity, which make SUR and NSUR the popular methods of parameter estimation in nonlinear and linear carbon and biomass equations [10,24,25,29,33,34]. Although additivity is included in this property by most researchers, additivity is still ignored in most carbon equations.



To overcome the heteroscedastic model residuals of the tree carbon data, logarithmic transformation or weighted regression should be performed before each carbon model construction. Regarding the logarithmic regression, to acquire an ideal result, a correction is necessary after the antilog transformation (i.e., by multiplying a correction factor by the predicted values). In recent decades, several correction factors have been used, especially for those with relatively large model errors [35,36,37,38,39]. When determining the total and tissue carbon equations of trees, after applying the correction factor to the logarithmic equations of the additive system, realizing this additivity is difficult [39]. Thus, the weighted regression overcomes the heteroscedasticity of tissue and total carbon model residuals in the additive system successfully [24,25,29].



To improve individual tree carbon estimation, species-specific carbon models must be developed urgently [10]. To date, all attempts to sustainably manage woodland and forest ecosystems have included carbon models, which describe and predict the changes in forest carbon stocks at national and regional scales over time and are essential in implementing the newly emerged carbon credit market mechanisms, such as REDD+. While some studies have focused on tree biomass models of broadleaf species in northeast China, tree carbon models are scarce [4,40]. Although these available biomass models can be used to indirectly estimate tree carbon, there are some obvious shortcomings, such as having been developed with few selected trees, limited tree size classes, few tree species, and limited geographic areas [9,10,22,23]. Furthermore, the currently available aboveground and belowground tree carbon models are constructed using 10–30 sample trees per species [9,10,22,23], leading to the inaccuracy of these models in predicting individual tree carbon [41].



The aim of this study was to: (1) examine the variation of carbon concentration and analyze the effects of species, tree sizes, and tissues on the carbon concentration of the 10 broadleaf species in northeast China; (2) construct two additive carbon equations, with both D and H or only D, along with NSUR; (3) verify the performance of the carbon models with jackknife resampling and explore the prediction errors of the tissue and total carbon equations of the 10 broadleaf species.




2. Materials and Methods


2.1. Study Sites


This study was carried out in Heilongjiang province (Figure 1), one of the largest forestry provinces in northeast China. This province has a continental monsoon climate, with an average rainfall of between 400 and 650 mm per year, and an average annual temperature between −5 °C and +5 °C. The altitude is 300 to 1500 m above sea level, with mainly Eutroboralfs and Haplumbrepts soils.



The trees were taken destructively from 15 sites (Figure 1), where the 10 broadleaf species are widely distributed in Heilongjiang province. A total of 72 plots of Chinese temperate forests were selected, with a size of 20 m × 30 m or 30 m × 30 m, which were dominated with Dahurian birch (Betula davurica), Mongolian oak (Quercus mongolica), aspen (Populus davidiana), white birch (Betula platyphylla), and other broadleaf mixed forest trees. For each plot, the suppressed, intermediate, and dominant trees were selected, with the sample trees being selected from outside of the plots.




2.2. Biomass Measurements in the Field


The data for this study was derived from a tree biomass large dataset. The species of the trees were Manchurian walnut (Juglans mandshurica), Amur linden (Tilia amurensis), Mongolian oak, Manchurian elm (Ulmus laciniata), Manchurian ash (Fraxinus mandshurica), aspen, Dahurian birch, white birch, Amur cork tree (Phellodendron amurense), and maple (Acer mono) in the secondary forests. Biomass measurements for the 10 broadleaf species were conducted in August of 2009, 2011, 2012, and 2015.



The 432 trees were destructively taken in natural forests, as previous described. Data for H, D, and length of live crown were recorded immediately after the stems were cut. Then, a 1 m section of the stem was weighed. For the terminus end of the stem, the weight and moisture content of the 2–3 cm thick disk were recorded. Three layers, namely the bottom, middle, and top, were evenly marked in the live crown, which is the part from the beginning of the live branch to the base of the terminal bud. After cutting all live branches of each layer of the crown, the 3–5 foliage and branches were weighed and sampled. Approximately 50–100 g was used to measure the moisture. For the roots, a radius of the circular zone of approximately 3 m was excavated, excluding the fine roots with radii larger than 5 mm because of the intense workload and difficulty of root excavation. Three classes of roots were classified: small roots (diameter smaller than 2 cm), medium roots (diameter ranging from 2–5 cm), and large roots (diameter larger than 5 cm). Approximately 100–200 g of the root from each class was sampled, weighed, and used for moisture content determination.



Before measuring the carbon concentration, all roots, branches, foliage, and stems were dried at 80 °C in an oven before weighing. The fresh weight was multiplied by the dry/fresh ratio of each component to calculate the dry biomass. The total dry biomass of each tree was the gross of that of foliage, branch, root, and stem. The statistic description of H (m), D (cm), and total biomass (kg) is shown in Figure 2.




2.3. Measurements of the Carbon Concentration and Carbon Stock


Approximately 50 mg of the oven-dried samples of foliage, branch, root, and stem was used to measure the carbon concentration, using a Multi N/C 3000 analyzer with a 1500 Solid Module (Analytik Jena AG, Thuringia, Germany). When the samples were burned completely in a vial containing pure oxygen at 1200 °C, the emitted CO2 concentration was measured with a non-dispersion infrared ray (NDIR) analyzer. The carbon stock of each tissue equaled the carbon concentration multiplied by its respective biomass. The gross of the tissue estimates was regarded as the carbon stock of the individual tree. The models of the 10 broadleaf species were constructed with the carbon stock of the individual trees. The statistic description of total carbon (kg) is shown in Figure 2.




2.4. Effects of Species, Tree Sizes, and Tissues on Carbon Concentration


The analysis of variance (ANOVA) was used to examine the effect of species and sizes of tree (D) as well as tissue types on the carbon concentration. The general linear model was used to analyze:


   Y  i j k   = μ +  α i  +  β j  +  γ k  +   ( α β )   i j   +   ( β γ )   j k   +   ( α γ )   i k   +   ( α β γ )   i j k   +  ε  i j k    



(1)




where Yijk is the measured carbon concentration, μ is the average number, αi is the effect of tree species on Yijk, βj shows the role of tissue types on Yijk, γk presents the effects of D on Yijk, (αβ)ij is the interaction between tree species and tissues, (βγ)jk shows the effect of the interaction between tissues and D, (αγ)ik is the effect of the interaction of tree species and D, (αβγ)ijk represents the effect of the interaction between the three variables, and εijk is the error term.



To eliminate the effect of allocation on the carbon concentration of interspecies, the average weighted carbon concentration (WMCC) of each species was calculated as follows:


  WMCC =   ∑   i = 1  n  C  C i  ×  P i   



(2)




where CCi is the carbon concentration of each tissue i, Pi is the ratio of tissue i to the total biomass, and n is the biomass of tissues.



The general linear model (GLM) procedure in statistical analysis system (SAS) software (Version 9.3, SAS Institute Inc., Cary, NC, USA) was applied to examine the variation in the carbon concentration [42].




2.5. Additive Carbon Equations


According to the data for the visual inspection of carbon of the foliage, branch, root, and stem, a multivariable allometric model of tree variables was used to construct the carbon equation of these tree tissues. The nonlinear model with an additive error in this study is as follows:


   C i  =  β  i 0    X 1   β  i 1      X 2   β  i 2     ⋯  X j   β  i j     +  ε i   



(3)




where Ci represents the weight (in kilograms) of the branch, foliage, stem, root, and total tree carbon (i = branch (b), foliage (f), root (r), stem (s), and total (t)); εi is the additive error term of the model; Xj represents the variables of the tree, such as H and D; and βij represents the estimated parameters of the model. Based on D and H, the following carbon equations derived from Equation (1) are proposed:


   C i  =  β  i 0    D   β  i 1     +  ε i   



(4)






   C i  =  β  i 0    D   β  i 1      H   β  i 2     +  ε i   



(5)







According to the description of Parresol [31], five additive equations with cross-equation error correlations of branch, foliage, stem, root, and total carbon are listed as follows:


       C r  =  e   β  r 0     ×  D   β  r 1     +  ε r         C s  =  e   β  s 0     ×  D   β  s 1     +  ε s         C b  =  e   β  b 0     ×  D   β  b 1     +  ε b         C f  =  e   β  f 0     ×  D   β  f 1     +  ε f         C t  =  C r  +  C s  +  C b  +  C f  +  ε t       



(6)






       C r  =  e   β  r 0     ×  D   β  r 1     ×  H   β  r 2     +  ε r         C s  =  e   β  s 0     ×  D   β  s 1     ×  H   β  s 2     +  ε s         C b  =  e   β  b 0     ×  D   β  b 1     ×  H   β  b 2     +  ε b         C f  =  e   β  f 0     ×  D   β  f 1     ×  H   β  f 2     +  ε f         C t  =  C r  +  C s  +  C b  +  C f  +  ε t       



(7)







Because of the heteroscedasticity in the model residuals shown by the tree carbon data, a weighting function was defined and applied for each carbon model. Following previous applications for modeling residual heteroscedasticity, the variances and the squares of residuals (ε2) in the ith observation functionally relate to other predicative variables, such as εi2 = σ2(xi)p, where εi is the unweighted model residual. In this study, the comparison between the weight functions, x = D only and x = D × H, showed no significant difference. Therefore, the heteroscedastic weighting function, 1/Dp, was programmed in the PROC MODEL [42], where 1/Dp was chosen as the weight and p was confirmed based on each carbon model.



The two additive systems of carbon, Equations (4) and (5), fit the data of each species with NSUR under the econometrics and time series (ETS)/SAS model [42].




2.6. Assessment and Validation of the Model


The two additive carbon equations suit the entire dataset, and were tested with the jackknife technique. All of the observations except one (sample size N-1) were used to construct the carbon equation, whose dependent variable was predicted with the fitting model. The five statistics of each equation system based on jackknifing were used to evaluate the fitting performance (adjusted coefficient of determination (Rα2) and root mean square error (RMSE)) and the predictive performance (mean prediction error (MPE), mean absolute error (MAE), and mean absolute percent error (MAE%)) of each tree carbon prediction equation. The mathematical expressions of the five statistics are as follows:


   R a 2  = 1 −     ∑   i = 1  N    (  C i  −   C ^  i  )  2      ∑   i = 1  N    (  C i  −  C ¯  )  2     (    N − 1   N − p    )   



(8)






  RMSE =       ∑   i = 1  N    (  C i  −   C ^  i  )  2    N − p      



(9)






  MPE =     ∑   i = 1  N   (   C i  −   C ^   i , − i    )   N   



(10)






  MAE =     ∑   i = 1  N   |   C i  −   C ^   i , − i    |   N   



(11)






   MAE %  =     ∑   i = 1  N   |     C i  −   C ^   i , − i      C i     |   N  × 100  



(12)




where Ci is the value of ith observed biomass;     C ^  i    is the ith biomass prediction from the model fitting the whole data (sample size N);    C ¯    is the average value of the biomass;     C ^   i , − i     is the prediction of the ith observation of the model fitting N-1 observations, excluding the usage of the ith observation; and p is the total number of model parameters.





3. Results


3.1. Variation of Carbon Concentration


The type and size of the tree, the types of tissue, and the interaction between the size and tissue of the tree significantly affect the carbon concentration (p < 0.05) (Table 1). Significantly different carbon concentrations were detected among the tissues across all tree species. Overall, the carbon concentrations of the tissues are ranked in the following order: foliage > stem > branch > root. The average carbon concentrations for the roots and foliage of the 10 species were 43.93 ± 2.27% (mean ± standard deviation) and 45.90 ± 2.66% (Table 2), respectively. The types of tissues with the lowest carbon concentrations for all species were roots (ranging from 42.47% to 45.46%), but the types of tissues with the highest carbon concentrations varied with species (Table 2). The highest carbon concentrations were in the foliage of Juglans mandshurica, Tilia amurensis, Quercus mongolica, Acer mono, Betula platyphylla, Betula davurica, and Populus davidiana; in the branches of Fraxinus mandshurica and Ulmus laciniata; and in the stem of the Phellodendron amurense (Table 2).



Besides the effect of tissue on carbon concentration, significantly different carbon concentrations were observed among the tree species. Betula platyphylla had the highest WMCC (46.18 ± 1.64%) among all the species, which was largely driven by the relatively high carbon concentrations in foliage (48.68 ± 2.09%). Ulmus laciniata had the lowest WMCC of 43.67 ± 1.62% (Table 2). The carbon concentrations of the tree species are ranked in the following order: Betula platyphylla > Betula davurica > Quercus mongolica > Fraxinus mandshurica > Juglans mandshurica > Tilia amurensis > Populus davidiana > Acer mono > Phellodendron amurense > Ulmus laciniata (Table 2).




3.2. Allometric Equations of Carbon and Validation of Models


Under the NSUR method, two additive systems of carbon equations, one with D (Equation (6), namely MS-1) and the other with both D and H (Equation (7), namely MS-2) fit the carbon data of the 10 broadleaf species. The goodness-of-fit statistics (Ra2 and RMSE) for each carbon equation suggested that all equations of MS-1 fit the carbon data well, with a Ra2 > 87% and an RMSE < 17.5. The models fit the carbon data of the total and stem better, while a relatively smaller model Ra2 value was observed in the root, branch, and foliage equations. Among the 10 broadleaf species, higher Ra2 was detected in Phellodendron amurense and Betula platyphylla under the additive system with D (Table 3). The carbon equation MS-2 was constructed with both D and H when the height of the tree was available. Compared with equation MS-1, equation MS-2 had a greater Ra2 and smaller RMSE for most of the total, root, stem, branch, and foliage values (Table 4).



Based on jackknifing residuals of the two carbon equation systems (MS-1 and MS-2), the model validations for Equations (10)–(12) were computed. For the total carbon, relatively small model prediction errors were reported for the two systems (−0.50 < MPE < 0.90, MAE < 9.0 kg, and MAB% < 19.0%), except for Fraxinus mandshurica and Juglans mandshurica. MS-2 seemed to perform better than MS-1, which was also true for the stem carbon (Figure 3). On the other hand, compared to the total and stem carbon, less accurate predictions were observed in the carbon equations for root, branch, and foliage (MAE% > 16%). The model performance was improved by adding H into the additive system of carbon equations for most of the 10 broadleaf species, but there were nonsignificant differences among the branches, foliage, and roots of some species (e.g., Ulmus laciniata, Phellodendron amurense, and Betula davurica) (Figure 3).



To quantify the spread of the observations of carbon, the residual and approximate confident bands of the observed data, containing approximately 90% of the average curve, were derived from all additive carbon equations. The specific methods for calculating the approximate confidence band were described by Bi et al. [28]. Compared to MS-1, the incorporation of H in MS-2 led to a slightly smaller confidence interval for carbon (Figure 4). In total, the carbon concentrations of all tissues from the 10 species of trees were predicted well with the equation systems, MS-1 and MS-2.




3.3. Carbon Partitioning


The relative ratio of stem to total tree carbon (Figure 5) was the largest in Populus davidiana (72.63 ± 2.92% (mean ± SD), followed by Fraxinus mandshurica (65.95 ± 4.51%) and Tilia amurensis (65.29 ± 5.21%), while the smallest was found in Acer mono (57.44 ± 2.29%). The largest proportion of root carbon was Tilia amurensis (23.37 ± 7.45%), followed by Ulmus laciniata (23.18 ± 1.82%) and Acer mono (22.90 ± 2.76%), where the smallest was for Populus davidiana (15.82 ± 1.45%). Compared with other tissues, the largest proportion of branch carbon was that of Acer mono (16.02 ± 2.94%), with the smallest in Tilia amurensis (8.78 ± 0.95%). The proportion of foliage carbon was the largest for Phellodendron amurense (3.77 ± 0.94%), and the smallest was for the Populus davidiana (2.16 ± 0.27%) (Figure 5). In general, the mean proportion of each carbon tissue was 63.68% for the stems, 20.79% for the roots, 12.50% for the branches, and 3.03% for the foliage. The carbon in the aboveground part (i.e., the sum of stem, foliage, and branch carbon) was approximately 79% of the total carbon, while that of the belowground (i.e., the roots) part was approximately 21.0% (Figure 5).





4. Discussion


The stability of biomass models is generally affected by factors related to tree growth, such as temperature and rainfall [7,43,44,45], which was also observed in the carbon model. Therefore, adding a wide range of natural variation to such factors is necessary when constructing the carbon model. In this study, the carbon concentrations of various tissue types of 10 broadleaf species and their variation with tree size were examined. When predicting individual tree carbon for the 10 broadleaf species in northeast China, the carbon concentrations and allometric equations were constructed from a dataset with a wide range of diameters and geographical locations, which made the prediction more accurate.



The carbon concentrations were significantly affected by the types and sizes of trees, along with the tissue types, which ranged from 42.47% in the root of Phellodendron amurense to 48.68% in the foliage of Betula platyphylla. The carbon concentration of the foliage was the highest, followed by that of the stem, branch, and root. The WMCC was the highest in Betula platyphylla and the lowest in Ulmus laciniata. This range of carbon concentration was more stable and narrower than that of the 11 Chinese temperate broadleaf species (48.36%–50.55%) [46], 8 other Chinese temperate broadleaf species in northeast China (43.70%–55.10%) [16], 41 tree species from North America (46.30%–55.20%) [47], and 32 tree species in tropical forests (44.40%–49.40%) [21]. Although the carbon was estimated by assuming the biomass carbon as a constant 50% (or other values) [48,49,50], the average carbon concentration of all tissues of all 10 broadleaf species (44.84%) in this study was smaller than the generic carbon concentration of 50%. Thus, it is inappropriate to calculate the carbon concentrations of the 10 broadleaf tree species in northeast China at 50%, and species-specific mean carbon concentrations of tissues or the WMCC should be used [10,16]. As tree sizes affected the carbon concentrations, the carbon concentrations of the branch, foliage, stem, and root samples of different tree sizes were also taken into consideration when calculating accurate individual tree carbon results [10]. In this study, the carbon of each tissue was the product of the multiplication of the carbon concentration by the biomass of each tissue. The sum of branch, foliage, stem, and root carbon produced the total tree carbon.



To predict the individual tree carbon, only those variables of the tree that were easy to measure in the field were used. Based on power-law models, the introduction of the typical allometric equations is used to increase carbon estimation accuracy in most studies. Concerning the allometric equations, D is an indispensable predictor of carbon models and forest growth. In practice, individual tree carbon models constructed with only D are simple and only require basic forest inventory data for the application [4,24,29,51]. Our results showed that D was the primary explanatory variable in the allometry model, resulting in the discrepancy between the total and tissue carbon. This may originate from the intimate correlations between tissues and diameter, which constitutes the overwhelming majority of total carbon in stems [4,9,29]. Nevertheless, relatively large variations appeared among the tissue types and the total carbon values with a given D, which reminded us that it was insufficient to predict the total or tissue carbon of the trees with the carbon model only constructed with D. To improve the predictive accuracy of the carbon equations, another variable was added. In order to reduce the biased estimates of carbon or biomass, the height of the tree is considered as another commonly used predictor variable by many scholars [24,25,29,33]. Dong et al. [24] also considered the tree height at different sites as a vital predictor variable to improve the carbon estimates of forests. This was the first study on the carbon equations of 10 broadleaf species in northeast China. In this study, the tree carbon data of a relatively large geographical area in northeast China were collected, and C = β0Dβ1 and C = β0Dβ1Hβ2 were selected to construct the basic equations that simulate the carbon allometric relationships of individual trees. Two carbon equation systems, MS-1 and MS-2, were constructed and tested with a jackknifing technique. The addition of H to the carbon equation improved the accuracy of the carbon equations of the 10 broadleaf species, which was reported in previous studies [24,25,29,33]. Overall, to acquire accurate carbon measurements of individual trees, the carbon allometric equation constructed with the whole, detailed data on the biomass and carbon concentration was the best [10,22].



Parresol [31] pointed out that the aggregation approach is the standard method for ensuring the additivity of carbon estimates, which can be used with various types of tree tissue. In the Parresol method, a nonlinear model is assigned to each of the N carbon tissues before aggregating these tissue models into the total tree carbon. Considering the intrinsic correlation among the tree tissues from the same sample tree, these aggregate models are typically estimated by weighted NSUR jointly to fit all N + 1 equations [29,30,31,33,34]. However, some nonadditive carbon equations are still published because of the use of least squares regression (OLS) of estimation [9,22,23].



Carbon partitioning plays a vital role in the future. In this study, there were strikingly noticeable differences in the carbon proportions of different tree tissues. According to the previous reports, the proportion of stem carbon is the largest, and branch and foliage carbon constitute a small amount of the total [10,22,23]. The average proportion of stem carbon of the 10 broadleaf species remained steady among the tree species, while the average proportion of branch carbon varied significantly. The phenomenon that some species, such as Populus davidiana, distributed more carbon to the stems (72.63%) than the roots (15.82%) mainly resulted from a small crown in the canopy and shallow lateral roots. In summary, the percentage of branch carbon varied across species, which probably resulted from the thickness of the branches and the formation of the forks. In the same way, the partitioning profiles of roots might also be linked with morphology of the tree root (e.g., deep or shallow roots), soil conditions, and growth processes [4,52,53]. The partitioning variation of the total carbon for tree tissues across the tree species has been reported in many studies, indicating that aboveground carbon generally occupies approximately 80% with the remaining 20% attributed to belowground carbon [10,22,23]. In this study, the proportions of stem and root carbon of the 10 broadleaf species exhibited approximately 64% and 21%, respectively, of the total carbon for an average tree.



The difficulty in measuring the carbon in roots leads to scarce reports on root carbon. The difficulty in excavating tree roots was mainly because of the morphology of the tree roots and soil conditions. For some species, the usage of a chain (i.e., lifting equipment) can pull out coarse roots (diameter ≥ 2 cm) successfully. In our study, the prediction accuracy of the branch and leaf carbon equations was relatively low, probably because the 3–5 randomly selected branches of each crown layer led to a large variation. Therefore, increasing the number of separated branch samples in the future may improve the prediction accuracy of the branch and foliage carbon equations, as separating and weighing all the branches is time-consuming and hard to accomplish.



In summary, accurately estimating the carbon of large trees is critical for the estimation of forest carbon, because large trees usually retain a high proportion of the carbon in forests. The maximum diameters of the 10 species in this study ranged from 30.0 cm to 41.1 cm, which made the prediction of the carbon in the forest of northeast China feasible. However, if the carbon equations of this study are used to estimate individual tree carbon outside of this data, the models may produce uncertain prediction errors.




5. Conclusions


When estimating individual tree carbon, the significance of variation in carbon concentration was addressed in this study, and meant a lot in validating the global carbon accounting and the model used. The carbon concentration of the foliage was notably higher than that of the other tissues, which varied among the 10 broadleaf species. The carbon models constructed with the predictor variables D and H explained the variation of the 10 broadleaf species. As expected, different accuracies of the two additive carbon equations of the 10 broadleaf species were detected, and MS-2 had better goodness-of-fit and validation statistics than MS-1. For the carbon equations of total tissue and stem, the RMSE of the model was relatively larger than that for the roots, branches, and foliage. Overall, adding H to the carbon equations strikingly improved the performance and model fit.



The carbon partitioning of aboveground and belowground tissues of the 10 broadleaf species conforms with the other reports, in which stem carbon contains the majority of the total carbon. The tree carbon data of this study were in a wide range of geographical locations and diameter grades. Therefore, the species-specific allometric models of this study enhance the prediction of aboveground and belowground carbon of the same tree species in different locations and supplies basic information to the Chinese National Forest Inventory.
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Figure 1. Geographical position of study area and sampling plots in Heilongjiang province. 
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Figure 2. Boxplots of diameter at breast height (D), total tree height (H), total biomass, and carbon for 10 tree species. Numbers on the right-hand side indicate the number of sample trees. FM: Fraxinus manshuric; JM: Juglans mandshurica; PA: Phellodendron amurense; QM: Quercus mongolica; TA: Tilia amurensis; UL: Ulmus laciniata; AM: Acer mono; BP: Betula platyphylla; BD: Betula davuria; PD: Populus davidiana. 






Figure 2. Boxplots of diameter at breast height (D), total tree height (H), total biomass, and carbon for 10 tree species. Numbers on the right-hand side indicate the number of sample trees. FM: Fraxinus manshuric; JM: Juglans mandshurica; PA: Phellodendron amurense; QM: Quercus mongolica; TA: Tilia amurensis; UL: Ulmus laciniata; AM: Acer mono; BP: Betula platyphylla; BD: Betula davuria; PD: Populus davidiana.



[image: Forests 10 00928 g002]







[image: Forests 10 00928 g003 550] 





Figure 3. Mean prediction error (MPE), mean absolute error (MAE), and mean absolute percent error (MAE%) among the total and component biomass for the 10 tree species. FM: Fraxinus manshuric; JM: Juglans mandshurica; PA: Phellodendron amurense; QM: Quercus mongolica; TA: Tilia amurensis; UL: Ulmus laciniata; AM: Acer mono; BP: Betula platyphylla; BD: Betula davuria; PD: Populus davidiana. 
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Figure 4. Multi-panel display of observed total, stem, and root carbon for 10 tree species plotted against their predicted values from MS-1 and MS-2. The diagonal line of unity is shown together with the 90% upper and lower confidence limits of prediction error in each panel. FM: Fraxinus manshuric; JM: Juglans mandshurica; PA: Phellodendron amurense; QM: Quercus mongolica; TA: Tilia amurensis; UL: Ulmus laciniata; AM: Acer mono; BP: Betula platyphylla; BD: Betula davuria; PD: Populus davidiana. 
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Figure 5. Distribution of aboveground and belowground carbon among different tree tissues (root, stem, branch, and foliage) for 432 trees from 10 tree species. FM: Fraxinus manshuric; JM: Juglans mandshurica; PA: Phellodendron amurense; QM: Quercus mongolica; TA: Tilia amurensis; UL: Ulmus laciniata; AM: Acer mono; BP: Betula platyphylla; BD: Betula davuria; PD: Populus davidiana. 
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Table 1. The effects of tree size (D), tree species, and tissue on tissue-specific carbon concentrations of the 10 tree species. The columns give the degrees of freedom (DF), type III sum of squares, and mean square, F values, and p values.
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	Source
	DF
	Type III SS
	Mean Square
	F Value
	p Value





	Tree size (D)
	1
	24.16
	24.16
	5.42
	0.0200



	Tree species
	9
	603.19
	67.02
	15.05
	<0.0001



	Tissue
	3
	854.96
	284.99
	63.99
	<0.0001



	Tree size × Tissue
	9
	273.65
	30.41
	6.83
	<0.0001
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Table 2. Means and standard deviation (SD) of tissue-specific carbon concentration of the 10 tree species.
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	Tree Species
	N
	Branch
	Foliage
	Root
	Stem
	WMCC





	FM
	24
	45.70 ± 2.83
	44.49 ± 1.91
	44.11 ± 2.92
	44.82 ± 3.06
	44.75 ± 2.93



	JM
	30
	45.05 ± 1.90
	46.85 ± 1.93
	42.89 ± 1.69
	44.95 ± 2.46
	44.58 ± 2.04



	PA
	18
	43.63 ± 2.31
	43.67 ± 1.76
	42.47 ± 2.88
	44.16 ± 2.22
	43.70 ± 2.25



	TA
	38
	43.97 ± 2.43
	45.24 ± 2.30
	43.57 ± 2.39
	45.18 ± 2.25
	44.73 ± 2.06



	QM
	64
	44.91 ± 2.10
	46.70 ± 2.12
	44.06 ± 2.36
	45.68 ± 2.13
	45.25 ± 2.02



	UL
	40
	44.26 ± 1.53
	42.87 ± 1.54
	43.07 ± 1.69
	43.85 ± 1.91
	43.67 ± 1.62



	AM
	46
	44.07 ± 2.27
	44.37 ± 2.02
	43.19 ± 1.89
	44.20 ± 2.25
	43.94 ± 2.01



	BP
	66
	46.17 ± 1.77
	48.68 ± 2.09
	45.46 ± 1.77
	46.35 ± 1.87
	46.18 ± 1.64



	BD
	52
	45.92 ± 1.85
	46.43 ± 2.04
	44.99 ± 1.94
	45.70 ± 2.09
	45.56 ± 1.91



	PD
	54
	44.53 ± 1.99
	45.92 ± 2.46
	43.37 ± 2.03
	44.40 ± 1.88
	44.28 ± 1.81



	All species
	432
	44.94 ± 2.20
	45.90 ± 2.66
	43.93 ± 2.27
	45.09 ± 2.28
	44.84 ± 2.11







Note: FM: Fraxinus manshuric; JM: Juglans mandshurica; PA: Phellodendron amurense; QM: Quercus mongolica; TA: Tilia amurensis; UL: Ulmus laciniata; AM: Acer mono; BP: Betula platyphylla; BD: Betula davuria; PD: Populus davidiana.


nav.xhtml


  forests-10-00928


  
    		
      forests-10-00928
    


  




  





media/file8.jpg
Carbon proportions (%)

100

90

80

70

60

40

30

20

EN

M

@Root OStem

@Branch

M

PA

TA

QM UL





media/file6.jpg
ap

VavAYrarayyavi






media/file1.png
Heilongjiang Province

Site

B wudalianchi
[ Wuchang
B vilan
[ Boli
[ Tahe
B sunwu

g Ning'an
= Qing'an
[ 1 Mohe
B Heihe
B [ uobei
B Hulin
™ Tonghe

B Acheng
0 100 200 400 =
< [ ] Jidong






media/file7.png
100 150 200 250

50

0

400

100 200 300

0

100 150 200 250

50

100 150 200 250

50

0

Observed total carbon value (kg)

100 200 300 400

0

100 150 200 250

50

0

50 100 150 200 250
L 1

0

MS-1 MS-2 MS-1 MS-2
! 7 e 2 .
i =3 - . .
g wy
g g .
| ‘ 2 2 Y 2
7 g 9\ ¥ £ ..3 .
_ ° %
T T T T T = 1 1 1 1 Ll 1 1 1 1 1 1 1 < . I 1 1 ~ 1 1 T
) 50 100 150 200 2500 50 100 150 200 250 10 20 30 40 50 600 10 20 30 40 50 60 ) 50 100 150 0 50 100 150
] d ‘ € 1 B
o
<
wy
- e —
] . g 7 . ’ ; e .
: 7 2 2 /s - g 2
o A .
o~
s | g
) e 4 Jfy - 4 .
T T T T T T T T = T T T T T T | — T T T T T T T T T
) 100 200 300 400 ( 100 200 300 400 0 10 20 30 40 50 600 10 20 30 40 50 60 0 70 140 210 280 ( 70 140 210 280
E = 4 /
- = |
=3
- S
A A - (e
[/ 07 o J . : ) )
1 = ‘* : ' s =
<
o
= o | . % .
. 4 o~
o s
T T T T T T T T T T < 1 1 I 1 I 1 1 1 1 1 1 1 1 1 T T T
30 100 150 200 250 50 100 150 200 250 ) 10 20 30 40 50 60 700 10 20 30 40 50 60 70 0 50 100 150
—_ ~ o
= é . _&L —Pé.! v p i
4 - — ~ . —
: = > 3 =
= = -
- Y & = = /s .
= - a
~— - .,
- g =
2 2
T T T T T T T T T T = T = S T T T T T T T T
) 50 100 150 200 250 50 100 150 200 250 o 40 2 ( 50 100 150 200C 50 100 150 200
— g =
] 3 21 5 2 : .
bs ‘ Iz
. Q - : 3 re) E Ba . Q
2 2 9- o ¢! = 3 - L/ v =
- £ ) * yew n o 4 .
O s s D S 4 / /o
o { S O
o} a . f o |
wy
T T T T T T T T i T T T T T T T T = T T T T T T T T T T
0 100 200 300 400 0O 100 200 300 400 50100 150 200 250 50 100 150 200 250
- E 2
- -
a2 L)
’ fy =] = o/
. - 2 —
1 , 3 2 .
n V, : 8 S 4
= |
T T T T T T T T T T - T T T T T T T < T T
) 50 100 150 200 250 50 100 150 200 250 20 30 40 50 60 50 100
=
&l

140 210 280

70

100 150 200 250

50

0

100 150 200 250

50

0

- o
Uz
T T T T T T T T T T e T T T T T T
0__ 50 100 150 200 250 C 50 100 150 200 250 50 100 150 50 100 150
( £ A . . e | 4
- o i
=3
< . ) .
7 . ¥ 8 a . .
A 4 [ov) g - / o = o
o o
— w ° - .
“a .
S 4 A A 2 1 g
| 2+, . g . 4
T T T T T T T T e T T T T T 1 T T T T T 1 o T T T T T T
) 70 140 210 280 70 140 210 280 10 20 30 40 S50 60 700 10 20 30 40 50 _60 70 50 100 150 50 100 150
S 4
— - =
o P 3
- . o = . .
“ . * o . .
| . . A . o % o
. % o ] . . . g . U
P 4 «a - * /oo s /e
i g o 2 of 2 of o . /4
oSy 2 ) ne - o . .
- V' e - /
T T T T T T T T T T = 1 ! I T T T T T T T T T T T T T
S50 100 150 200 250 50 100 150 200 250 30 60 90 120 30 60 90 120
T =3
Dl 4 A
. . o A LA g
' 4 < g - 5% & g
- / <o ’
v .
e T T T T T T

T T 1 T 1 T T T ] 1

0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 0 50 100 150

Predicted total carbon value (kg) Predicted root carbon value (kg) predicted stem carbon value (kg)





media/file9.png
NNE

NN

NANE

NN

RN

QM UL AM

AN

.

NN

N\

NN

00000000000

00000000

(o4,) suonaodoad uoqae)

(g\] —(

TA

JM PA

FM





media/file5.png
o o
wn wn
a = a
Z = 3 2
- a - a
wn wn
= a = a
n 5
] A =]
) )
g = =
- -
i ] =
= =
= ] =
o o
- ] <
= =
- | «
=] =]
= =
- -
_m. N
< = g =
= = & =
s = <9 - - - -
7 — R ] L7 — R T o 2 ' £ N — R T A —1
Lo T - T | LT - R o B & B ]
o o
@ 2 =4
= a = i~
o ~ g
- yy S =
h =] 2] -
s 2 2 =
n n
N T
& )
“ <
1 S
= =
1 = At =
o o
L]
| = =
« [«
] « z
= A S
= -
£ 3
g = 2 i
= = 4 =
=) =) =) =) < < < < <
o o
17 2]
a = )
Z = G =
- -
7 =)