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ABSTRACT  

BEF–stem volume equation has been widely applied to accurate stand biomass estimations. Stand biomass data 

were obtained from 53 permanent sample plots from Chinese fir plantations in Anhui and Fujian Province across 

China. There were significant differences between Fujian and Anhui from compared the stand biomass, volumes 

and BEF at difference age. The general approach, mixed model approach and Bayesian hierarchical approach 

were applied to establish BEF–stem volume equation for test effect factor of regions. Based on the fitting results, 

the mixed model approach and Bayesian hierarchical approach significant improving the accuracy of the stand 

biomass (p-values < 0.001). But there was no significant between the mixed model approach and Bayesian 

hierarchical approach (p-value =0.547). The R2 values which used mixed model approach and Bayesian 

hierarchical approach were 0.159 and 0.161 higher than general approach. The RMSE and MAB values also 

declined 0.083 and 0.092, 0.143 and 0.148, respectively. Both the mixed model approach and Bayesian 

hierarchical approach were an effective method for estimating stand biomass at the regional scale. 

Keywords: Chinese fir; BEF–stem volume equation; general approach; mixed model approach; Bayesian 

hierarchical approach. 

 

INTRODUCTION  

Chinese fir (Cunninghamia lanceolata) is an important native tree and a commercially valuable timber 

that is widely planted in the mountains of Southern China because of its straight shape and high 

resistance to bending and cracking. Chinese fir plantations comprise approximately 2.02 million ha, 

accounting for 1.72% of all timber plantations, with a volume of approximately 101 million m
3
, 

accounting for0.28% of the total plantation volume (China Forestry Bureau 2014). China contains the 

largest area of Chinese fir plantations in the world. 

Since forest ecosystems play irreplaceable roles in evaluating forest productivity regulating global 

carbon balance, stand biomass estimating and monitoring are becoming more important (Tomppo et al. 

2010). Biomass expansion factors (BEF) converts stem volume directly to the dry weight of biomass 

component (Johnson & Sharpe 1983, Karjalainen & Kellomaki 1996). BEF value defines as W/V(W is 

the stand biomass and V is the stem volume) which correspond to age, site, and stand density classes in 

the forest (Brown & Lugo 1984 1992, Schroeder et al. 1997, Fang et al. 1998 2001 2005 2007, Brown 

& Schroeder 1999, Nilsson et al. 2000).The stand biomass and stem volume data sets are typically 

collected from sample plots in the field. This technique is generally destructive, labour-intensive and 

time-consuming (Nafus et al. 2009). Established BEF equations can be applied to quantify and monitor 

the forest biomass, because the stem volume can be directly measured in the field. 

Selecting the appropriate estimation equations is critical for accurate biomass estimations. Brown and 

her group (Brown & Lugo 1992, Schroeder et al. 1997, Brown and Schroeder 1999, Brown et al.1999) 

and Fang and his group (Fang et al. 1996 1998 2001 2005) found that the BEF could be expressed as a 

consistent function of timber (stem) volume. However, further studies had indicated that this 

consistent function was not entirely suitable for different forest types. Fang and his colleagues (Fang 

et al. 1996 1998 2001 2005 2007, Fang & Wang 2001) have also derived a simple reciprocal equation 

to express the BEF–stem volume relationship. The BEF–stem volume equation improved the 

precision of biomass estimation for a specific forest type. Guo et al (2010) compared three equations 

to estimate the forest biomass and found BEF–stem volume equation was better than others equations. 

These studies estimated BEFs parameters mainly using ordinary least-squares, which represent a 
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general approach. However, as raise the generality level of the estimations, forecast error in local area 

will increase. When the BEF–stem volume equation was built, how to make it has a wider range of 

applicability was a problem worthy of studying. Mixed model and Bayesian hierarchical model 

provides possible ways to solve this problem. 

The mixed model approach is an improvement of the statistical approaches to estimate fixed effect 

parameters and random effects parameters, to improve the precision of prediction model, to eliminate 

the errors of different structure data, which can provide data variance, covariance and other information 

(Baayen et al 2008). Bayesian hierarchical approach can also incorporate variations during the model 

fitting process (Gilks et al. 1994, Carlin & Louis 1996). When data are obtained from multiple regions 

or ages or site index, the Bayesian hierarchical approach assumes that subjects (regions, ages or site 

index) share common attributes. Bayesian hierarchical approach allows for the estimation of a very 

broad range of equations and can yield more realistic assessments of parameter estimate uncertainties. 

Compared to use mixed model approach and Bayesian hierarchical approach in effective and accurate 

for modeling trees biomass(Zhang & Borders 2004, Fu et al. 2012, Mauricio et al. 2012, Zhang et al. 

2013, Chen et al. 2016), there is a few studies that used these two approaches for accurate BEF–stem 

volume equation.   

The objective of the study was to estimate BEF–stem volume equation of Chinese fir based on general 

approach, mixed model approach and Bayesian Hierarchical approach. In addition, the three approaches 

were compared with BEF estimation of Chinese fir. 

MATERIALS AND METHODS 

Study Site 

The experimental sites in our study included two sites of Chinese fir plantation. One site was at 

Mazongling farm (31.15º N, 115.40º E), Lu’an city, in Anhui Province, China. Mean annual 

precipitation is 1200 mm. Mean annual temperature is 13.5 ºC. The other site was at Dong’an farm 

(26.50º N, 118.40º E), Jan’ou city, in Fujian Province, China. Mean annual precipitation is 1700 mm. 

Mean annual temperature is 18.8 ºC. 

Three stands of 12 years, 23 years and 31 years Chinese fir were selected for the investigation in each 

site. Permanent sample plots of 26 and 27 plots were set in Mazongling farm and Dong’an farm, 

respectively. The tree diameter and height measurements in all of the plots were conducted after the tree 

height reached 1.3 m and each plot comprised an area of 20 m 30 m. The trees were distributed in 

diameter classes of 8, 10, 12,…, 42. One or two trees in each diameter class were destructively sampled. 

A total 49 trees were sampled (28 trees in Mazongling farm and 29 trees in Dong’an farm). After the 

tree was felled, the fresh weights of stem wood, branch, foliage and root were measured, and the stem 

volume were calculated. All the subsamples were selected and weighed on a portable digital balance in 

the field. All subsamples were dried at 80°C and weighed again to determine the percentage of dry 

biomass for each part of the tree. The dry weight for each part was calculated as the fresh weight of that 

part multiplied by the corresponding percentage of dry biomass, while the total dry biomass for the tree 

was determined by combining the dry weights of different parts of the sampled tree. According to the 

diameter classes, stem volume and sample trees biomass, the stand volume and biomass of each plot 

were computed and showed in Tab. 1.  

Tab.1. Descriptive statistics of plots sampled for fitting the BEF–stem volume equations (Std, standard deviation).  

Site 
Attribute

s 

12 years 23 years 31 years 

Biomass 

(t/ha) 

Volume 

(m
3
/ha) 

Biomass 

(t/ha) 

Volume 

(m
3
/ha) 

Biomass 

(t/ha) 

Volume 

(m
3
/ha) 

Mazo

ngling  

means 44.47 35.63 122.30 87.71 208.41 127.07 

Std 7.91 6.06 15.04 11.98 14.08 20.56 

min- 

max 

33.96- 

56.33 

28.52- 

46.22 

101.38- 

156.58 

70.01- 

105.21 

191.99- 

230.82 

106.04- 

173.89 

Dong 

an  

means 52.11 47.74 155.19 108.84 244.92 169.83 

Std 18.14 11.21 22.15 15.66 29.71 19.62 

min- 

max 

23.42- 

86.85 

31.12- 

71.27 

113.72- 

197.30 

85.13- 

145.41 

210.38- 

312.06 

149.31- 

204.59 

BEF–stem volume equation  
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Forest biomass can be calculated by using BEF–stem volume equation. The BEF–stem volume 

relationship is a simple reciprocal equation, and defines as: 

b
B E F a e

V
                                                                                    (1) 

Where BEF is the sampled BEF and V is the sampled volume. a and b are the parameters. Error term 

e assumes a normal distribution with a mean of zero and constant variance. Values for parameters are 

obtained by ordinary least squares in the general approach in this paper. 

Mixed Model Approach 

Nonlinear mixed-effects model offers a flexible tool for analyzing grouped data with models that 

depend nonlinearly upon their parameters. Nonlinear mixed-effects model is usually based on a 

mechanistic model of the relationship between the response and the covariates, their parameters can 

have fixed and random effects in their own right. Equation (1) can be altered by adding region random 

effects to the parameters a and b. The nonlinear mixed-effects model corresponding to the equation (1) 

as:  

j

j j j

j

j a a a b

j b a b b

b
B E F a e

V

a

b

   

   

  

    
      
    

                                                                  (2) 

Where BEFj and Vj are the sampled BEF and V of the j
th
 region, respectively.  ai and bi are the 

parameters, and each parameter contains fixed effects and random effects. βa and βb are the fixed 

effects which represents the population average of the individual parameters. σa and σb are the random 

effects which represents the deviations of the parameters from their population average. The random 

effects are assumed to be independent for different regions in this study. ej is the within-group errors 

which is assumed to be independent for different regions and to be independent of the random effects. 

Hierarchical Bayesian Approach 

Hierarchical Bayesian approach is based on combining data with prior information about parameter 

values to derive posterior probabilities of the various parameter values [27,28]. In our analysis, the 

distributional model f(BEF|θ) is for the biomass data BEF = (BEF1, . . . , BEFj), given a vector of 

parameters θ = (θ1, . . . , θj). Next is π(θ|λ), where λ is a vector of hyper parameters [29]. The inference 

parameter θ is based on its posterior distribution: 

(y , | ) f(y | ) (y , | )
( | y , )

(y , | ) f(y | ) (y , | )

p
p

p d d

     
 

       
 

 
                                           (3) 

Parameters aj and bj have specific values for each region, allowing for polymorphic lines and multiple 

asymptotes. For the stand of j
th
 region, the parameter θj in Equation (3) is defined as 
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The hierarchical Bayesian approach is used to fit Eq. 4 and is given by 
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where nj is the number of regions. 

Model Fitting  

General approach, mixed model approach and Bayesian hierarchical approach are used to fit the 

BEF–stem volume. Prediction determination coefficient (R
2
), root mean square error (RMSE) and 

absolute bias (MAB) are used to test fitting results. The statistics are given by the R
2
, RMSE and MAB: 
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yi is the observed biomass values, y’ is arithmetic mean of all observed biomass values, yi is estimated 

biomass values, n is sample number.  

Using the general approach as a base method, we use the nonlinear extra sum of squares method and the 

Lakkis-Jones test to assess whether mixed model approach and hierarchical Bayesian approach 

significantly improved the accuracy of the BEF-volumes equation(Bates & Watts 1988, Barrio-Anta et 

al. 2006). We also assess the difference between mixed model approach and hierarchical Bayesian 

approach. The statistics are given by the nonlinear extra sum of squares and Lakkis–Jones test: 

N

N

NB

NB

SSE
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where SSEB is the sum of squares of residuals in the general approach, SSEN is the sum of squares of 

residuals in the mixed model approach or the hierarchical Bayesian approach, dfB and dfN are the 

degrees of freedom of the general and he mixed model or the hierarchical Bayesian approaches, 

respectively, and n is the number of observations used in the model fitting. The F-statistic follows an 

F-distribution and the L-statistic follows a x
2
-distribution with v= dfB - dfN degrees of freedom. 

BEF–stem volume equation was fitted with mixed model approaches used NLME package and with 

the hierarchical Bayesian approach used in the MCMCglmm package (Hadfield 2010) and 

R2WinBUGS package (Sturtz et al. 2005) in R version 3.1.1 (R Development Core Team 2014).  

RESULTS 

 

Fig.1. Compared the stand biomass, volumes and BEF at difference aegions. 
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The results showed that stand biomass, volumes and BEF vary considerably with age (Fig. 1). Both 

stand biomass and volumes increased with age. However, The BEF decreased with age because the 

annual growth rate of stand volumes was higher than stand biomass. From 12-year to 32-year the annual 

growth rate of stand biomass and volumes were 5.3% and 6.3%, respectively. But the annual growth 

rate of BEF was -5.2%. The fig 1 also showed that the stand biomass, volumes and BEF were 

significant differences between Fujian and Anhui. The Fig. 1 was shown that regions may play an 

important role when fitting the BEF–stem volume equation. 

The general approach, mixed model approach and Bayesian hierarchical approach were used to fit the 

BEF–stem volume equation of Chinese fir from two regions (provinces)in China. The fitted result was 

shown in Tab. 2. The parameters of each approach were statistically significant(p<0.001). Posterior 

probability distribution was an important index for validation the fitting process in Bayesian 

hierarchical approach. The posterior probability distribution of BEF–stem volume equations was 

shown in Fig. 2, which were normal distribution for each parameter. The parameters contained fixed 

effect parameters of βa and βb and random effect parameters of σa and σb in the mixed model approach. 

The parameters of a1 and b1 are the parameters of Fujian, a2 and b2 are the parameters of Anhui in 

Bayesian hierarchical approach. The parameters which fitted mixed model approach and Bayesian 

hierarchical approach could predict the BEF in different regions.  

Tab.2.BEF–stem volume equation fitted results of the general approach, mixed model approach and Bayesian 

hierarchical approach. (1, 2 and 3 represent general approach, mixed model approach and Bayesian hierarchical 

approach, respectively. a1 and b1 are the parameters of Fujian, a2 and b2 are the parameters of Anhui.) 

Fitted approach Parameter Estimate values Std T-value P-value 

1 a 0.600 0.019 30.634 <0.001 

b 12.927 1.336 9.673 <0.001 

 

 

2 

βa 0.605 0.015 40.663 <0.001 

βb 12.651 2.977 4.251 <0.001 

σa 0.0001    

σb 3.883    

σab -0.268    

e 0.062    

 

3 

a1 0.601 0.014 41.253 <0.001 

b1 16.739 2.241 7.662 <0.001 

a2 0.764 0.016 40.977 <0.001 

b2 2.040 0.397 7.254 <0.001 

 

Fig.2. Posterior probability densities of parameters for BEF–stem volume equation. ( a1 and b1 are the 

parameters of Fujian, a2 and b2 are the parameters of Anhui.) 

The R
2
, RMSE and MAB of the BEF–stem volume equation estimated by the general approach, mixed 

model approach and Bayesian hierarchical approach were shown in Table 3. The R
2
 values which used 

mixed model approach and Bayesian hierarchical approach were 0.159 and 0.161 higher than general 
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approach. Thus, the RMSE and MAB values also declined 0.083 and 0.092, 0.143 and 0.148, 

respectively. For test the difference between the three approaches, the nonlinear extra sum of squares 

(F-value) and the Lakkis-Jones (L-value) were used to inter-comparison. There was significant between 

general approach and mixed approach (p-value < 0.001). And between general approach and Bayesian 

hierarchical approach also too. We detected that the mixed model approach and Bayesian hierarchical 

approach increased the goodness-of-fit statistics. But there was no significant between the mixed model 

approach and Bayesian hierarchical approach (p-value =0.547). 

Tab.3. Compare the general approach, mixed model approach and Bayesian hierarchical approach. (1, 2 and 3 

represent general approach, mixed model approach and Bayesian hierarchical approach, respectively.) 

Approach R
2
 RMSE  MAB F values Pr> |F| L values Pr> |L| 

1 0.643 0.301 0.376     

2 0.802 0.214 0.233     

3 0.804 0.209 0.228     

1 vs 2 
 

  16.437 <0.001 423.157 <0.001 

1 vs 3 
 

  16.509 <0.001 431.245 <0.001 

2 vs 3 
 

  1.049 0.547 18.254 0.547 

The performance of the three approaches was shown in Fig. 3. Boxplots illustrated the residual 

tendency of BEF for the general approach, mixed model approach and Bayesian hierarchical approach 

in each region. Both the mixed model approach and Bayesian hierarchical approach residuals were 

closer to both the zero-line and the observed values compared to those of the general approach. Thus, 

both the mixed model approach and Bayesian hierarchical approach yielded more accurate parameter 

estimates. 

 

Fig.3. Residual boxplots comparing the general approach, mixed model approach and Bayesian hierarchical 

approach. (1, 2 and 3 represent general approach, mixed model approach and Bayesian hierarchical approach, 

respectively.) 

DISCUSSION  

The total biomass stock of Chinese fir increased continuously during the last three decades, which was 

one of the most important tree species for the biomass carbon pool in China (China Forestry Bureau 

2014). The accurate estimation of stand biomass is critical for accounting and monitoring Chinese fir 

carbon stock. In this study, the BEF data was collected from difference regions of Fujian and Anhui 

Province. It encompasses large variations in climatic, soil physical and chemical properties that affect 

stand biomass and volumes accumulation. From compared the stand biomass, volumes and BEF at 

difference age, we found there were significant differences between Fujian and Anhui. This result 

indicated we must to consider regional difference when fitted the BEF–stem volume equation. 

In early studies, they focused how developed the equations to biomass estimation and which equations 

could improve the precision of biomass estimation for a specific forest type (Brown & Lugo 1992, 

Schroeder et al. 1997, Brown and Schroeder 1999, Brown et al.1999, Fang et al. 1996 1998). And 

Fang et al(1996 1998 2001 2005 2007)found the BEF–stem volume equation was better way to 

estimate the stand biomass. But there was no study to compare the fitting approaches when used the 

BEF–stem volume equation. The BEF–stem volume equation was fitted in our study which used the 

general approach, mixed model approach and Bayesian hierarchical approach, respectively. Used the 
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F-value and L-value to test the three approaches, we detected that the mixed model approach and 

Bayesian hierarchical approach significant increased the goodness-of-fit statistics. The R
2
 values which 

used mixed model approach and Bayesian hierarchical approach were 0.159 and 0.161 higher than 

general approach. The RMSE and MAB values also declined 0.083 and 0.092, 0.143 and 0.148, 

respectively. The mixed model approach and Bayesian hierarchical approach were better methods to 

improve the precision of biomass estimation at difference regional scales.  

The emphasis of this study is mainly on methodology. Some studies only compared the general 

approach and mixed model approach (Wang et al. 2008, Fu et al.2012), or general approach and 

Bayesian approach (Zhang et al. 2013), or Bayesian approach and Bayesian hierarchical approach 

(Chen et al. 2016) for estimation accuracy of tree biomass. We comprehensive compared the general 

approach, mixed model approach and Bayesian hierarchical approach for estimation accuracy of stand 

biomass. The general approach is assumed the parameters were fixed and unknown constant, whereas 

mixed model approach and Bayesian hierarchical approach assumed the parameters change with 

geographical factors (Anholt et al.2000, Li et al. 2012). When we used regions as a geographical factor, 

the parameters of each region were obtained which fitted the mixed model approach and Bayesian 

hierarchical approach. Thus, the precision of biomass estimation was improved in BEF–stem volume 

equation.  

The mixed model approach and Bayesian hierarchical approach provide effective methods to develop 

BEF–stem volume equation at different scales, and they could be applied to construct other 

equation(Fang & Bailey 2001, Daniel & Michael. 2004, Case & Hall 2008). The mixed model 

approach and Bayesian hierarchical approach which is more appropriate should be required to confirm 

in further study. There was no significant between the mixed model approach and Bayesian hierarchical 

approach in our result. Both the mixed model approach and Bayesian hierarchical approach performed 

to predict the stand biomass which only consider region as effect factor. When increase the effect factor 

(such as stand species, altitude et al), the mixed model approach may be more appropriate. In Bayesian 

approaches, how to define prior information of the parameters is firstly step. We usually assume that 

the parameters follow some statistical distribution. However, we must use the posterior probability 

distribution to calibrate the prior information(Ellison 2004, Carlin et al 2006, Wagner & Tüchler 2010). 

The fitting process of Bayesian hierarchical approach will be more complicated with the effect factor 

increase. Generally speaking, the mixed model may be more flexible and applicable. But this 

inference should be calibrated which approach is the effective method between the mixed model 

approach and Bayesian hierarchical approach. 

In addition to regional stand biomass and carbon stock assessments, our results indicate the mixed 

model approach and Bayesian hierarchical approach can be used in analysis of the carbon dynamics of 

forest ecosystems in difference regions. The BEF–stem volume equations presented in this study are 

applicable for difference regions where stand species were the same. Stand-level estimates of biomass 

according the BEF–stem volume equation are needed to consider the species effect in a region. Both 

the effects of regional scales and stand species was consider. It is important to be able to improve 

precision of biomass estimation and observe the dynamics of carbon stocks in different regions and 

stand species.    

CONCLUSIONS  

The stand biomass data of Chinese fir were collected from different regions of Anhui and Fujian 

Province, which encompass climatic, soil physical and chemical properties that affect stand biomass 

and volumes accumulation. From compared the stand biomass, volumes and BEF at difference age, we 

found there were significant differences between Fujian and Anhui. This result indicated variabilities 

to the BEF–stem volume equation, suggesting that the fitting approaches are better consider regional 

difference. In this paper, we applied the general approach, mixed model approach and Bayesian 

hierarchical approach to establish BEF–stem volume equation. Based on the fitting results, we detected 

that the mixed model approach and Bayesian hierarchical approach significant improving the accuracy 

of the stand biomass (p-values < 0.001). The R
2
 values which used mixed model approach and Bayesian 

hierarchical approach were 0.159 and 0.161 higher than general approach. The RMSE and MAB values 

also declined 0.083 and 0.092, 0.143 and 0.148, respectively. We also compared the mixed model 

approach and Bayesian hierarchical approach. There was no significant between these two approaches. 

Both the mixed model approach and Bayesian hierarchical approach were an effective method for 

estimating stand biomass at the regional scale.  
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