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Introduction

Climate change stimulated by emissions of  CO2 has become 
a significant issue worldwide. As the largest carbon pool 
in terrestrial ecosystems, forests play an important role in 
maintaining global carbon balances and in balancing global 
warming (Dixon et al. 1994; Wingfield et al. 2015; Cui et al. 
2018). Trees absorb  CO2 and release oxygen through pho-
tosynthesis in the growth process, and the absorbed  CO2 is 
fixed in the plant and soil in the form of biomass, making 
forests the most important carbon sink or carbon pool of ter-
restrial ecosystems. Globally, forest vegetation and soils con-
tain approximately 1146 MT carbon, accounting for about 
45% of the total earth’s carbon (Bonan 2008). Carbon is 
also significantly exchanged between forests and the atmos-
phere. Carbon storage (i.e., the stock of carbon stored in 
plant biomass and soil) and sequestration (i.e., the removal 
of atmospheric carbon per unit of time by plants and soils) 
are recognized ecosystem services that contribute to climate 
change mitigation (Pan et al. 2011; Alongi 2012; Caldeira 
2012). Therefore, quantifying economic values of total car-
bon stocks and annual carbon sinks of forest ecosystem are 
required for carbon trading and forest carbon projects.

Total forest carbon stock mainly includes vegetation, soil 
and litter carbon stocks, an important parameter for assessing 
carbon sequestration capacity and carbon budgets (Ravin-
dranath and Ostwald 2009). The value of forest carbon stock 
(CSV) is to express the forest fixed amount of  CO2 in the mon-
etary terms which helps people to understand the utility of the 
forest carbon sink function (Zhang et al. 2013). In addition, 
the value of forest carbon sinks (COV) is often used to assess 
the value of a forest’s ecological services. As an important 
ecological function, carbon fixation and oxygen release by for-
est vegetation play an important regulatory role in the mate-
rial cycle and energy flow of ecosystems by providing and 
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increasing  O2 concentrations while fixing and reducing atmos-
pheric  CO2, and maintaining the balance between atmospheric 
 CO2 and  O2 (Deng et al. 2011). Therefore, estimating COV in 
forest vegetation has attracted considerable attention (Zhang 
et al. 2018). However, there is a common challenge to under-
standing the factors affecting CSV and COV.

Several studies have analyzed the factors affecting the 
economic value of forest carbon stock,  CO2 fixation and  O2 
release. Adams et al. (1999) indicated that the most impor-
tant factor affecting the value of forest carbon sinks in the 
short-term is forest management; meanwhile, forest area is 
the decisive factor affecting long-term forest carbon sinks. 
Xu et al. (2010) found that timber production was the most 
important factor affecting the value of forest carbon sinks in 
China. However, despite the need for such research, there is 
a lack of emphasis on identifying the environment, policy, 
and economic factors affecting CSV and COV.

The forest industry region of Heilongjiang Province 
(HLJFI) is located in Northeast China (Fig. 1), with a total 
forest area of over 10.0 million ha, which is about 31.0% of 
the total forest area of China with a forest cover of 83.9%. We 
quantified the economic values of total forest carbon stock, 
carbon fixation, and oxygen release during 2000−2015 by 
using national forest inventory and net primary productivity 
(NPP) data. In addition, we econometrically assessed the 
potential effects and importance of environment, policy, and 
economic factors on the CSV and COV in HLJFI.

Materials and methods

Data

Forest inventory data

We estimated forest biomass, carbon stock and carbon 
density from 2000 to 2010 with three consecutive forest 

inventories (the sixth to the eighth inventories 2000, 2005, 
and 2010, respectively) in HLJFI. Meanwhile, the forest bio-
mass, carbon stock and carbon density from 2010 to 2015 
was predicted by using the forest inventory data from 2000 
to 2010, due to the lack of available forest inventory data in 
2015. The data set was measured with 5-year intervals and 
periodically to provide statistics on stand age, height (H), 
diameter at breast height (DBH), and forest type.

Climate data

Annual average temperature and precipitation data were col-
lected from the China Meteorological Data Network, includ-
ing 26 stations in HLJFI. We calculated the average values 
of these stations as the climate factors.

Economic and policy data

The economic and management data were developed by 
the Heilongjiang forest industry. These data sets record 
economic factors, including forestry investment, number of 
employees, enterprise gross output value, and management 
factors such as forest tending area, afforestation area (AA), 
and reforestation area from 2000 to 2015.

NPP data

The annual NPP from 2000 to 2015 in HLJFI was produced 
by Wang et al. (2017) using the Integrated Terrestrial Eco-
system Carbon (InTEC) model. The InTEC model has been 
validated and applied widely (Ju et al. 2007; Zhang et al. 
2012, 2015).

Fig. 1  Forest industry region of 
Heilongjiang Province, China
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Forest fire disturbance

The annual forest fire disturbance area in HLJFI from 2000 
to 2015 was collected from Heilongjiang Provincial Forestry 
Department, the data include various information such as 
geographic coordinates of the fire location, fire-discovery 
time, fire-extinguishing time, burning area, and fire cause.

Calculating the carbon stock from 2000 to 2010

Total forest carbon stock mainly includes vegetation, soil and 
understory carbon stocks. For vegetation carbon stock, the 
volume-derived biomass method is effective to estimate for-
est carbon storage; therefore, we first calculated the vegetation 
biomass (includes above-ground and under-ground) using the 
relationship between stand biomass and stocking volumes for 
the main tree species in Heilongjiang Province, which was 
produced by Dong et al. (2015). A ratio of 0.5 was then used to 
convert biomass to carbon density. We used vegetation carbon 
storage for soil and understory carbon stock combined with 
conversion coefficients for calculation, as Eqs. 1 and 2.

where Csi represents the soil carbon density of ith forest 
type, Cui represents the understory carbon density of ith for-
est type, Cvi is the vegetation carbon density of ith forest 
type, α is the carbon conversion coefficient of vegetation to 
understory vegetation, and β is the carbon conversion coef-
ficient of vegetation to the soil. α and β are 0.195 and 1.244, 
respectively (IPCC, 1996).

The total carbon stock of the forest ecosystem in 2000, 2005 
and 2010 is calculated as the sum of vegetation carbon stock, 
soil carbon stock, and understory carbon stock (Eq. 3).

where Ci represents the total carbon stock of ith forest type, 
and Ai is the area of ith forest type.

Predicting the carbon stock in 2015

Due to the lack of available forest inventory data, an effective 
method by Zhang et al. (2020) was used to predict the total 
forest carbon stock in 2015 by combining an expanded for-
est area and the average annual growth per unit area during 
2000−2010 (Eqs. 4−6). Finally, assume that the increase rate 
of forest carbon stocks is constant during each 5-year interval 
period of forest inventory, and calculate annual total forest 
carbon stocks from 2000 to 2015.
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where C2015 represents predicted carbon stock in 2015 (Tg); 
CR is the predicted carbon stock due to an average annual 
increase in 2015 (Tg); CS is the predicted carbon stock due 
to increased forest area (Tg); R2010–2000 is the annual average 
increase in carbon stock during 2000–2010 (%); G2010–2000 
represents the annual average increase in carbon stock in 
the period 2000–2010 (Tg  ha−1); S2000, S2010 and S2015 rep-
resent the forest area in 2000, 2010 and 2015, respectively; 
C2000 and C2010 represent the carbon stock in 2000 and 2010, 
respectively.

Calculating CSV and COV

In this study, the carbon taxation method is solely employed 
to estimate annual total carbon stock price,  CO2 fixation, 
and  O2 release. We adopted the Swedish carbon tax rate 
(150 USD  t−1) as the unit price of forest carbon sequestra-
tion from the atmosphere, and converted it into yuan RMB 
according to the current exchange rate. The price of for-
est oxygen release is 1,000 yuan  t−1 (Nation Forestry and 
Grassland Administration 2020). The annual CSV can be 
calculated as the unit price of forest carbon sequestration 
multiplied by the annual forest carbon stock from 2000 to 
2015.

We defined the annual COV as the sum of the price of 
forest carbon sequestration from the atmosphere and oxygen 
released into the atmosphere in unit time (Eq. 7) (Nation 
Forestry and Grassland Administration 2020).

where VC and VO represent the annual value of forest car-
bon fixation and oxygen release, respectively; PC and 
PO represent the unit price of forest carbon fixation and 
oxygen release, respectively; MC is the carbon content 
of  CO2 (27.27%); F is the annual soil carbon fixation 
(F/NPP = 0.02/0.49) (Woodburry et al. 2007); and S is the 
area of the ith forest type.
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Evaluating influencing factors

We used multiple linear stepwise regression analysis (MLR) 
combined with 11 variables to obtain the factors that have 
a significant impact on the changes to CSV and COV; the 
variables include stand age, annual average temperature and 
precipitation, annual forest fire disturbance area and annual 
economic and policy factors. The impact of these factors 
on CSV and COV was then used for further quantitative 
analysis.

We employed the vector autoregressive model (VAR) to 
measure contribution rate of variables filtered by MLR on 
CSV and COV. The VAR is an economic model used to cap-
ture the linear interdependencies among multiple time series, 
and it can predict more accurately than traditional structural 
models (Sims 1980). In the VAR model, all variables enter 
the model in the same way; each variable has an equation 
that explains its evolution according to its past values and 
error term of all the variables in the model, as it describes 
the dynamic evolution of several variables from their shared 
history. VAR models have been widely used in determining 
and analyzing the relationship between multiple time series 
economic indicators (Amuka et al. 2016; Uwamariya and 
Gasana 2018). The structure of the VAR model is as follows:

where Yt is a h vector of endogenous variables, Xt is a p vec-
tor of exogenous variables, k is the lag orders, A1,…, Ak are 
matrices of coefficients to be estimated, and εt is a k vector 
of innovations.

Results

CSV and COV during 2000−2015

The total forest carbon stock increased from 715.5 Tg in 
2000 to 1041.0 Tg in 2010, and we predicted that the total 
forest carbon stock would continue to increase to 1240.9 Tg 
in 2015.

The CSV increased from 858.6 billion yuan RMB in 
2000 to 1489.0 billion in 2015, an average annual growth 
of nearly 5.0%. The COV increased from 51.5 billion yuan 
RMB in 2000 to 60.7 billion in 2015, an average annual rate 
of growth of nearly 1.0% (Fig. 2).

The results of MLR indicated that the variables that have 
a significant impact on the CSV are stand age (AGE), enter-
prise gross output value (EGOV), and afforestation area 
(AA). The variables that have a significant impact on the 
COV are stand age and the afforestation area. Both models 

(8)Y
t
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1
Y
t−1 + A

2
Y
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k
Y
t−k + BX

t
+ �

t

are significant (p < 0.05), and the R2 of the CSV model and 
the COV model are 97.0% and 83.0%, respectively.

VAR model result

We used CSV and COV as response variables and the factors 
fitted by the MLR method as independent variables to fit 
two VAR models separately. To eliminate heteroscedastic-
ity, we chose the method of taking the natural logarithm to 
each variable that is commonly used in the time series in the 
normalization method.

Variable stability test

We first tested the stability of the original variable series 
and found that the original series was not stable. Therefore, 
we made a further difference series test. Consequently, by 
repeatedly testing the difference series of these dependent 
variables and independent variables, all were stable for the 
first-order difference series (Table 1).
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Fig. 2  The economic values of forest carbon stock and sink during 
2000−2015

Table 1  Augmented Dickey Fuller (ADF) test results of first-order 
differential variables

d Represents the first difference of the variable; AGE represents the 
stand age; EGOV represents the enterprise gross output value; AA 
represents the afforestation area

Variables ADF statistics p value

dln(CSV)  − 3.562729 p < 0.05
dln (COV)  − 3.922896 p < 0.05
dln (AGE)  − 4.017998 p < 0.05
dln (EGOV)  − 3.260932 p < 0.05
dln (AA)  − 3.913006 p < 0.05



Carbon stock and sink economic values of forest ecosystem in the forest industry region of…

1 3

Model stability test

The reliability of the VAR model result depends on how 
the variables in the model can be identified over time. The 
stability condition is satisfied in VAR only if all the charac-
teristic roots lie within the unit circle. The result of the VAR 
stability test of the CSV-VAR model and COV-VAR model 
are presented in Fig. 3a, b, showing that all the values of the 
two models lie within the unit circle, thereby satisfying the 
VAR stability condition.

VAR lag order selection criteria

Before the co-integration test, it is crucial to determine the 
lag period because the optimal lag of the co-integration 
test is generally the optimal lag of VAR minus 1. There-
fore, first we need to determine the optimal lag order of 

the VAR model. Tables 1 and 2 show the five evaluation 
statistical indicators of the 0−2 order VAR model: the val-
ues of LR, FPE, AIC, SC, and HQ, and the optimal lag 
period given by each evaluation indicator is marked with 
“*”. If the test results of these statistical evaluation indica-
tors are inconsistent, the lag order of VAR is determined 
based on the majority principle. It can be seen that all the 
indicators select the optimal lag order 2 in Tables 2 and 3. 
Consequently, the lag order of the CSV-VAR model and 
COV-VAR model are all defined as 2.

Johansen co‑integration test

When conducting time series analysis, it is traditionally 
required that the series should be stable, that is, there is no 
random trend or definite trend, otherwise it will produce a 
false regression problem. However, in reality, the time series 

Fig. 3  VAR characteristic roots 
of (a) CSV-VAR model and (b) 
COV-VAR model

Table 2  Judgment result of the 
lag order of CSV-VAR model

*Indicates lag order selected by the criterion. LR: sequential modified LR test statistic (each test at 5% 
level); FPE Final prediction error; AIC Akaike information criterion; SC Schwarz information criterion; 
HQ Hannan-Quinn information criterion

Lag LogL LR FPE AIC SC HQ

0 76.00193 NA 1.82e−10 − 11.07722 − 10.90339 − 11.11295
1 89.39627 16.48534 3.21e−10 − 10.67635 − 9.807196 − 10.85500
2 134.3200 27.64539* 1.14e−11* − 15.12616* − 13.56168* − 15.44773*

Table 3  Judgment result of the 
lag order of COV-VAR model

*Indicates lag order selected by the criterion; LR: sequential modified LR test statistic (each test at 5% 
level); FPE Final prediction error; AIC Akaike information criterion; SC Schwarz information criterion; 
HQ Hannan-Quinn information criterion

Lag LogL LR FPE AIC SC HQ

0 33.73271 NA 1.78e−06 − 4.728110 − 4.597737 − 4.754907
1 39.80882 8.413064 2.96e−06 − 4.278279 − 3.756788 − 4.385469
2 61.84790 20.34377* 5.48e−07* − 6.284292* − 5.371682* − 6.471875*
2 134.3200 27.64539* 1.14e−11* − 15.12616* − 13.56168* − 15.44773*
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is usually non-stationary and can be differentiated to make it 
stable (such as the first-order difference processing of each 
data before), but this will lose the total long-term informa-
tion, and this information is necessary for the analysis of the 
problem. Therefore, co-integration was used to solve this 
problem, and finally to determine the long-term stable rela-
tionship between various variables.

Tables 4 and 5 show the trace statistics results of the two 
models, respectively. There is only one co-integration equa-
tion for the CSV-VAR model and COV-VAR model at the 
0.05 significance level.

Impulse response function test

The impulse response is an important aspect of the dynamic 
characteristics of the VAR model system. It describes the 
trajectory of each variable’s change or impact on itself and 
on all other variables, and helps us to know the pattern of 

response to shocks, that is, whether the response is in an 
upward or downward movement. The shock from the exog-
enous variable can transmit to the endogenous; therefore, 
impulse response provides information on the period-to-
period response of the endogenous variable to the innova-
tion/shocks in the exogenous.

For CSV, Fig. 4 indicates that, except for the slight neg-
ative impulse in the seventh and eighth period, the stand 
age factor had a positive impulse in other periods, and 
reached its maximum in the third period. However, the 
effect of stand age on carbon prices began to gradually 
decrease after the fourth period. The EGOV was always 
a negative impulse on CSV (Fig. 4), and after the ninth 
period, the impact of EGOV on CSV is almost 0. The 
impact of AA on CSV showed a positive trend over the 
whole period, and reached its maximum in the fourth 
period.

Figure 5 shows that the impact of stand age on COV had 
an obvious positive trend before the fourth period, but turned 
into a negative trend during the fourth and sixth periods. 
After that, the impact of stand age on COV was close to the 
zero axis. Figure 5 also indicates that AA had a negative 
impact on COV during the first two periods. In the subse-
quent period, the impact of AA on COV was almost positive.

Table 4  Results of Johansen co-integration test of CSV-VAR model

*Significant at a 5% level; CE, Co-integration equation

Hypothesized 
No. of CE(s)

Eigenvalue Trace statistic 0.05 critical 
value

p value

None* 0.996948 107.7371 47.85613 0.0000
At most 1* 0.842125 32.44039 29.79707 0.0242
At most 2 0.431371 8.443022 15.49471 0.4193
At most 3 0.081429 1.104174 3.841466 0.2934

Table 5  Results of Johansen co-integration test of COV-VAR model

*Significant at a 5% level; CE, Co-integration equation

Hypoth-
esized No. of 
CE(s)

Eigenvalue Trace statistic 0.05 critical 
value

p value**

None* 0.951848 56.88832 29.79707 0.0000
At most 1* 0.662692 17.45422 15.49471 0.0250
At most 2 0.225761 3.326377 3.841466 0.0682
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Fig. 5  The impulse response of COV-VAR model

Table 6  Results of variance decomposition of CSV-VAR model

SE standard error

Period S.E CSV AGE AA EGOV

1 0.011461 100.0000 0.000000 0.000000 0.000000
2 0.012599 93.28237 2.966319 3.716095 0.035219
3 0.015401 65.45747 23.77384 10.58587 0.182817
4 0.017122 53.33126 35.48067 10.88008 0.307984
5 0.017991 48.73755 40.92561 10.00916 0.327674
6 0.018151 49.02699 40.78924 9.854339 0.329431
7 0.018200 49.01249 40.85803 9.801541 0.327944
8 0.018278 49.29748 40.64591 9.729908 0.326695
9 0.018366 49.70381 40.26950 9.702869 0.323817
10 0.018447 49.53328 40.44145 9.701083 0.324187
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From the impulse response function perspective, each 
influencing factor, positively or negatively, impacts CSV or 
COV. To further quantitatively analyze the degree of con-
tribution of each influencing factor in the long-term CSV or 
COV change process, the variance decomposition needs to 
be conducted.

The changes of CSV affected by itself showed a down-
ward trend, from 100% at the beginning to 49.5% in the last 
period. In contrast, the impact of other variables on the CSV 
showed a gradual upward trend. The influence of stand age, 
EGOV and AA on CSV reached 40.4%, 9.7% and 0.3% in 
the tenth period, respectively (Table 6).

Table 7 shows that the change of COV was gradually 
decreasing due to its own impact, from 100% in the first 
period to 86.2% in the tenth period. The influence of stand 
age on the COV showed an overall upward trend; in the 
long run, the cumulative contribution of age to COV changes 
reached 9.7%. Similarly, the impact of AA on the COV also 
showed an upward trend, but the contribution was relatively 
smaller, reaching 4.0% in the tenth period.

Discussion

Numerous studies have shown that stand age is one of the 
most important factors that affects carbon accumulation in 
forest ecosystem. Our impulse response function test result 
showed that stand age had a positive impulse on CSV. This is 
because, with the increase of stand age, biomass carbon stock 
continues to accumulate. In our study, soil carbon storage and 
understory carbon storage are directly proportional to veg-
etation carbon storage; hence, total forest ecosystem carbon 
stock will increase with stand age, which affects the CSV.

Similarly, stand age significantly affects changes in net 
primary productivity (NPP). Wang et al. (2018a) reported 
that NPP increased rapidly during the early stages of stand 
growth, reached a peak when mature and then declined after 

maturity. During a young forest’s growth, NPP increases rap-
idly with age caused mainly by increases in biomass growth 
due to faster cell division. For old forest stands, where pho-
tosynthetic products were mainly consumed by foliage and 
fine root turnover, NPP begins to decrease. Our study used 
NPP and the carbon tax method to calculate COV, and the 
change curve of the impact of stand age on COV is consist-
ent with the change curve of NPP-age; therefore, forest age 
is an important influencing factor of COV change.

The impact of AA on CSV is generally positive. The effect 
of the first two periods is weak but increases rapidly from the 
third period and reaches a peak in the fourth period. Our result 
results align well with Wu et al. (2015), who also indicated 
a lag in the impact of AA on carbon stock; the initial effect 
is relatively small. However, it also continues to increase to 
a maximum as AA and forest biomass continue to increase.

The increase in AA has a slightly positive impact on 
COV in the first four periods, then the impulse curve fluc-
tuates up and down around the 0 axis. Huang et al. (2015) 
indicated that during the first four years of afforestation, 
NPP increased rapidly and then the growth rate decreased. 
Afforestation can sometimes negatively impact NPP because 
afforestation reduces biodiversity and soil fertility, further 
affects the local water cycle, and increases the risk of for-
est fires, pests, and other ecological problems (Thuille and 
Schulze 2006).

Our results indicate that EGOV is an important fac-
tor affecting the carbon value of forests and always has a 
negative impact. This is agreement with Xu and Jia (2012) 
which showed, as EGOV increases, forest carbon stock will 
decrease, which in turn affects CSV. Wang et al. (2018b) 
also considered that the EGOV by excessive consumption 
of forest resources is not conducive to forest carbon sinks.

Due to data limitations, our research only analyzed the 
impact of environmental, economic, and policy factors on the 
CSV and COV over 15 years. Despite the limitation, our study 
still highlights the main factors and their influence on CSV 
and COV. Our results show that stand age and afforestation 
will positively impact CSC and COV, which indicates that 
large-area afforestation with young trees is of considerable 
significance for increasing CSV and COV. Meanwhile, our 
results also indicate that a reduction in forest resource con-
sumption is contributes to the carbon sink of forest ecosystem.

Conclusion

We used multiple linear regression to analyze the factors that 
significantly impact the values of forest carbon stock and 
carbon sink in HLJFI from 2000 to 2015, and adopted the 
VAR model to further quantitatively analyze the impact of 
these factors on the values of forest carbon stock and carbon 
sink changes. Among environmental, economic, and policy 

Table 7  Results of variance decomposition of COV-VAR model

SE standard error

Period S.E COV AGE EGOV

1 0.063131 100.0000 0.000000 0.000000
2 0.064931 97.78606 0.175520 2.038418
3 0.068535 87.87413 8.789113 3.336757
4 0.068608 87.68788 8.893977 3.418139
5 0.069252 86.39420 9.808567 3.797229
6 0.069562 86.34447 9.751825 3.903704
7 0.070057 86.50751 9.642661 3.849828
8 0.070145 86.34535 9.673916 3.980737
9 0.070196 86.22602 9.797916 3.976066
10 0.070231 86.17796 9.839924 3.982117
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factors, stand age and afforestation area have significant 
effects on the values of forest carbon stock and carbon sink, 
while enterprise gross output value has a significant impact 
on the values of forest carbon stock. For the values of forest 
carbon stock changes, the increase in stand age and affor-
estation area have a promotional effect on the values of for-
est carbon stock; however, the enterprise gross output value 
will negatively affect the values of forest carbon stock in 
the long- term. For the values of forest carbon sink changes, 
the impact of stand age and afforestation area is relatively 
weak, and younger and more productive forest stands are 
conducive to the values of forest carbon sink growth.
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