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Abstract. It is difficult to meet the needs of forest investigation and management in different stands using 

an h–d model with the diameter at breast height (DBH) as the only variable to predict the height (h). To 

predict h accurately, we tested 12 frequently used h–d models based on 5083 Dahurian larch (Larix 

gmelinii) in the Great Khing’an Mountains, and constructed a structural equation model (SEM) with 15 

factors to verify their effects on h, the main factors were screened as variables to improve the h–d model. 

The results demonstrated that the Chapman–Richards model was the best predictor of h. The dominant 

diameter (DD) and total basal area of all trees with a diameter larger than the target tree (LDTBA) had a 

significant influence on the observed h. By combining them as independent variables with the Chapman–

Richards model terms, we found that modified model Equation 20 reduced the differential value from -

0.044 to -0.010 compared with the Chapman–Richards model. The study proved that using SEM to select 

critical variables is an effective method to improve the accuracy of the h–d model. 

Keywords: model fitting, structural equation model, tree size effects, stand and site quality effects, 

competition effects 

Introduction 

Diameter at breast height (DBH) and tree height (h) are the two most critical parameters 

used to estimate stand volume, biomass, carbon, and other derived parameters in the forest 

inventory, which are frequently used in forest operation and management (Colbert et al., 2002; 

Mehtätalo et al., 2015; Schmidt et al., 2018). There is an allometric correlation between h and 

DBH (Mehtätalo et al., 2015; Mayer, 1936), and forest managers use this relationship to 

predict h. Typically, using a simple operation and portable equipment can achieve a 

sufficiently accurate measurement of DBH, whereas the measurement of h is difficult to obtain 

because the observers’ sight is obstructed by the forest canopy. Additionally, the equipment is 

expensive (Colbert et al., 2002; Adame et al., 2008; Ng’andwe et al., 2019). 

At present, many functions have been developed to predict h, including linear functions and 

nonlinear functions (Bronisz and Mehtätalo, 2020). Nonlinear functions have been used more 

widely than linear functions because the growth of the diameter and h are always in an 
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allometric relationship, which is consistent with the basic biological principles of biological 

growth (Huang et al., 2000). Particularly in natural forests, trees have different ages and crown 

types, and their h–d relationship varies more than those in plantations (Temesgen et al., 2014). 

The models typically use an exponential function, power function, and logistic function 

(Huang et al., 1992). Although the forms of the h–d model differ substantially, they can be 

divided into two basic types according to the independent variables (Lei et al., 2009): in one, it 

is assumed that h is completely dependent on the DBH, and in the other, it is considered that 

the independent variables include DBH and other stand level or individual plant level 

variables, such as age, site index, stand basal area, stand density, and dominant tree height. 

These models are also called composite models (Bruchwald and Wróblewski, 1994; Soares 

and Tomé, 2002; Newton and Amponsah, 2007). The above two types of models whose 

parameter estimation are sufficiently simple to fit the size distribution for different shapes and 

skewness have been widely used by scholars and practitioners (Liu et al., 2014). 

The influence of trees themselves and their environment on the growth process is complex 

in nature. Such influencing factors are broadly categorized as structure, site, density, and 

competition factors according to their characteristics, etc. (Wang et al., 2015). These influence 

factors restrict or promote each other directly or indirectly. For the prediction of h, to select the 

main influence factors from many of them, it is necessary to make the simultaneous action 

clear of multiple factors in the influence system to represent the complexity of the system 

(Doncaster, 2007). At present, to find the h and its related variables, most of the methods used 

correlation analysis, or use a dummy variable and quantile model to study the classification of 

h; few of them determine effective variables based on the interaction of candidate variables, 

and these studies have failed to empirically examine the integral influence of factors. How do 

the influencing factors affect each other, and what are the relationships among the different 

categories to which they belong? Structural equation model (SEM) is a new method to find 

effective variables based on factors relationship Therefore, the objectives of this study are as 

follows: (1) to evaluate whether the commonly used model for larch can accurately fit the 

DBH and h of Dahurian larch in the Great Khing’an Mountains; (2) by considering the 

interrelated influence factors, which of them have an important influence on h; and (3) to 

develop and test a new h–d model for Dahurian larch based on factors classification and 

relationship of SEM. 

Materials and methods 

Study site 

The data for this study were collected from the north of the Great Khing’an Mountains 

(121°30′–121°32′E, 50°53′–50°57′N), the altitude was 810–1160 m, the annual average 

precipitation was 450–550 mm, and the annual average temperature was below −5.4 °C, which 

belongs to the cold temperate continental monsoon climate. Dahurian larch is not only a 

dominant species in the Great Khing’an Mountains of Inner Mongolia, but also the dominant 

tree species in the cold temperate zone of North China. Its stock volume accounts for more 

than 78% of the forest land (Wang et al., 2012). 

Modeling data was from 18 permanent sample plots with an area of 0.16–0.25 ha set up in a 

typical area in the Chaocha forest farm of the Great Khing’an Mountains, which included 8 

primary forest plots and 9 natural secondary forest plots. Additionally, there was 1 primary 

forest sample plot with an area of 1 ha. To make the investigation easier, each sample was 

divided into a square sample plot with a side length of 10 m (Fig. 1). 
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Figure 1. Location of the research area and the distribution of the plots 

 

 

The DBH and h data were obtained from 5083 Dahurian larch, the information of 

trees and sites are in Table 1. The diameter at 1.3 m (DBH) was measured using a tree 

measuring tape and electronic caliper, and the h was measured using a Haglöf altimeter. 

The investigation team was composed of 10 statisticians with forestry investigation 
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experience. Dahurian larch with a DBH greater than or equal to 5 cm was measured. It 

is generally accepted in forestry that the dataset used for model verification should 

preferably be independent of the development data (Bohora and Cao, 2014). To 

accurately verify the established model, the independent datasets for verification came 

from 24 complete sample plots with an area of 0.01–0.25 ha, which contained a total of 

906 Dahurian larch (Table 1). 

 
Table 1. Characteristics of trees and sites 

  H (m) DBH (cm) BA (cm2) DH (m) DD (cm) EN (m) PD (n/ha) 

Fitting data 

N = 5083 

Mean 10.1 9.2 122.1 16.16 18.9 829 2100 

Max 31.9 56.8 2532.7 39.0 41.0 883 3500 

Min 3.1 5 19.6 5.47 7.9 813 400 

Std. 5.5 7.3 246.6 7.7 9.6 24.4 884.8 

Verification data 

N = 906 

Mean 10.0 9.3 114.9 15.7 18.2 830 2300 

Max 27.9 49.5 1923.4 28.4 36.4 876 3500 

Min 3.8 5 19.62 7.1 8.3 817 700 

Std. 4.0 6.8 218.4 6.3 8.5 22.5 653.1 

BA is the basal area; Std. is the standard deviation; DH is the dominant height of the plot; DD is the 

dominant diameter of the plot; EN is the elevation; PD is the number of trees per hectare 

 

 

Candidate h–d model 

This step is to preliminary screening the most appropriate model by evaluating the 

accuracy, precision, and reliability for Dahurian larch whether they come from primary 

forest or secondary forest. Candidate models for predicting h include the Curtis model, 

Wykoff model, and Näslund model etc. The root mean square error (RMSE) (Eq. 1) is 

used to express the degree of dispersion between the model predicted h and the measured 

h. The mean absolute percentage error (MAPE) (Eq. 3) is used as the accuracy index, 

which is based on the absolute percentage error (APE) (Eq. 3) (Sileshi, 2014; Yao et al., 

2013). The overall model prediction accuracy (MPA) (Eq. 5) is the precision that 

combines the reliability of the mean deviation (Eq. 4) and deviation change. The 

measured h is compared with the predicted h generated by each model (Huang et al., 

2003). The model is considered to be highly reliable when the MAPE is less than 10%; 

acceptable when the MAPE is 10%–20% (Huang et al., 2003); and unreliable when it is 

greater than 20%. The parameters are calculated as follows: 
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where k is the number of fixed model parameters; MAPE is the arithmetic average of 

the sum of the APEs divided by the number n; hi is the measured h of the i-th tree; 
'

ih  is 

the predicted h of the i-th tree;   is the average prediction deviation, which reflects the 

deviation between the predicted h of the model and the measured h; SD is the standard 

deviation of the prediction deviation. 

To compare the predicted h with the measured h, Welch’s t-test is selected, which 

can correct samples with unequal variance (Welch, 1938). The Honest Significant 

Difference (HSD) method of analysis of variance (ANOVA) is used to compare the 

predictions of multiple h–d models. 

In a comparison of the prediction ability of the model, the model with low MAPE 

and MPA is preferred. In previous studies, high R2, low MAPE, and low MPA were 

used as the basic criteria for screening models (Huang et al., 2003; Anitha et al., 2015). 

Although R2 has been widely used to evaluate the goodness of fit of linear models 

(Dorado et al., 2006; Chai et al., 2018; Lumbres et al., 2013; Huang et al., 2000), its 

value sometimes exceeds the range (0–1) when evaluating nonlinear models, and the 

total variance is also affected, which increases the type II error (Quinn and Keough, 

2002; Sokal et al., 1985; Spiess and Neumeyer, 2010). In this study, the models used to 

fit h–d are all nonlinear models, so R2 is not selected as the evaluation index (Table 2). 

 
Table 2. Frequently used theoretical functions in the development of the h–d models for 

Dahurian larch 

No. Function name K Function References 

1 Curtis 2 21

11.3 / (1 )h d
 −= + +

 
Curtis, 1976 

2 Wykoff 2 1 2 /( 1)
1.3

d
h e

 + +
= +  

Dorado, 2006 

3 Näslund 2 
2

1 21.3 ( / ( ))h d d = + +
 

Laiho et al., 2014 

4 Meyer 2 2

11.3 (1 )
d

h e
 −

= + −
 

Meyer, 1940 

5 Schumacher 2 2 /

11.3
d

h e
= +

 

Schumacher, 1939; Bronisz 

and Mehtätalo, 2020 

6 Modified Logistic 3 31

1 21.3 / (1 )h d
  −−= + +

 
Lumbres et al., 2013 

7 Hossfeld 3 1

1 2 31.3 / ( )h d d
  = + +

 
Sharma, 2010 

8 Strand 3 
2 2

1 2 31.3 / ( )h d d d  = + + +
 

Bronisz and Mehtätalo, 2020 

9 Weibull 3 
3

2

11.3 (1 )
d

h e
 −

= + −
 

Huang et al., 1992 

10 Zeide 3 
3

2

11.3
d

h e
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−
−

= +
 

Zeide, 1989 

11 Ratkowsky 3 2 3/( )

11.3
d

h e
  +

= +
 

Weiss and David, 1990 

12 Chapman Richards 3 32

11.3 (1 )
d

h e
 −

= + −
 

Lumbres et al., 2013 

1, 2, and3 are the parameters of the functions; h is the tree height (m), d is the DBH (cm); and K is the number of parameters 
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Building a SEM using influence factors 

The growth process of trees on the one hand follows their own biological 

characteristics and stand conditions, such as diameter and plot arithmetic mean 

diameter; on the other hand it is disturbed by external biological and non-biological 

factors, such as plant density, elevation, and number of trees with a diameter larger than 

the target tree. According to previous experience, the factors that represent the above 

effects are classified as tree size effects, standard and site quality effects, and 

competition effects (Fu et al., 2016; Wykoff et al., 1982; Monserud and Sterba, 1996), 

with a total of 15 influence factors (Table 3). 

Correlation analysis is the most commonly used method to screen the relationship 

between influence factors and h, however, it can only explain the direct influence of 

relevant variables, because this method does not consider the mutual constraint or 

promotion relationship among factors. Therefore, there are limitations in explaining the 

complex effects of many factors on h. To control different influence factors 

simultaneously, a SEM based on the maximum likelihood (ML) can be used as an 

effective method to process the complex relationship between the influence factors and 

h. It can focus not only on the direct influence of the factors on h but also the indirect 

impact of the influence factors on h through other factors, and find the maximum value 

of the joint probability of continuous sample observations (Lee and Kim, 2018). Amos 

21.0 (developed by IBM SPSS Statistics) is used to construct the structural equation 

path of the relationship between influence factors and h. 

 
Table 3. Candidate variables that affect the relationship between h and DBH 

Group Variables 

Tree size effects 

Plot arithmetic mean diameter (AMD) 

Plot quadratic mean diameter (QMD) 

Plot dominant tree diameter (DD) 

Plot dominant tree height (DH) 

Stand and site quality 

effects 

Canopy density (CD) 

Plant density (PD) 

Slope (SE) 

Elevation (EN) 

Competition effects 

Total basal area (TBA) 

Mean basal area (MBA) 

Number of trees with diameter larger than a target tree (LDN) 

Mean diameter of all trees with diameter larger than the target tree (LDMD) 

Total diameter of all trees with diameter larger than the target tree (LDTD) 

Mean basal area of all trees with diameter larger than the target tree (LDMBA) 

Total basal area of all trees with diameter larger than the target tree (LDTBA) 

 

 

According to whether the influence factors can be measured, they are defined as 

observed variables and latent variables (Grace, 2006). The SEM is a confirmatory 

model, which cannot be used to define causality. The establishment path must be based 

on the theoretical background, logical hypothesis, or research design (Sobel, 2008). 

Tree size is generally considered to be closely coordinated with changes during tree 

growth (Mackenzie et al., 1997; Seifert et al., 2014), but it is moderately limited by 

competition, and forest stand and site quality. According to this relationship, stand and 

site quality factors are considered as exogenous variables; h is considered as an 
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endogenous variable. Tree size factors and competition factors are considered as 

mediator variables because they are affected by stand and site quality factors, and can 

directly affect the h. Moreover, tree size factors are also constrained using competition 

factors. The model is shown in Figure 2. 

 

St and and si t e 

qual i t y ef f ect s

Tr ee si ze and 

vi gor  ef f ect s

Compet i t i on 

ef f ect s

Tr ee hei ght

 

Figure 2. SEM based on the influence relationship 

 

 

The fitness and accuracy test results of the SEM are evaluated using the following 

indicators, they are provided automatically after the program runs: 
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where RMSEA is the RMSE of the approximation, GFI is the goodness-of-fit index, 

AGFI is the adjusted GFI, NFI is the normed fit index, IFI is the incremental fit index, 

TLI is the Tucker–Lewis index, CFI is the comparative fit index, PNFI is the 

parsimony-adjusted NFI, PGFI is the parsimony-adjusted GFI, PCFI is the parsimony-

adjusted CFI, F0 is the total difference function value, FML is the adaptation function, n 

is the number of samples, tr is the sum of the diagonal elements in the matrix, -1 is the 

sample covariance matrix,  is the hidden covariance matrix of the model, k is the 

number of model variables, 2 n and 2 t are the virtual model and hypothesis model, 

respectively, S is the observation matrix, df is the degrees of freedom, dfpro is the 

adaptation function, m is the number of observation variables, dj and dd are the test 

model and independent model, respectively. Using the observed variable covariance 

matrix to estimate the unstandardized regression coefficients of the model parameters, 

and the unregression coefficients of each latent variable and one of the measured 

variables set to 1, these paths need not be tested for the significance of the path 

coefficients. The critical ratio is the ratio between the estimated value of the parameter 

and the standard error. The path that does not meet the inspection requirements is 

deleted to complete the adjustment of the path analysis. Finally, the influence of an 

independent variable on a dependent variable is expressed using the regression 

coefficient. 

 

Adjustment of the h–d model 

Two factors that have a significant impact on the change of h are selected as 

independent variables, and the necessary combinations and transformations are detected 

in the h–d model. The parameters of the new h–d model are obtained by fitting a subset 

of the data. The performance of the new model is evaluated using the MAPE (Eq. 3) 

and MRE (Eq. 5). Using Welch’s t-test, the means of the predicted h and measured h are 

also compared following Bartlett’s homogeneity test for variance. 

Result 

Performance of frequently used h–d models in the Great Khing’an Mountains 

The parameters and fitting evaluation of 12 frequently used nonlinear functions are 

shown (Table 4). The fitting results of 1, 2, and 3 of all functions were significant 

(P < 0.05). The fitting curves of all models were drawn in the trend of the h scatter 

distribution (Fig. 3). The table shows that the fitting results of the three-parameter 

function were generally better than those of the two-parameter function (Table 4).  
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Table 4. Estimated parameters and their associated statistic fits for each h–d model for Dahurian larch 

Function name 

Parameter estimates Modeling data Validation data 

1 2 3 RMSE Rk MAPE Rk MPA Rk RMSE Rk MAPE Rk MPA Rk 

Curtis 22.727(0.144) 9.627(0.072)  1.807 11 12.75 11 12.24 10 0.825 11 2.93 1 9.72 11 

Wykoff 3.154(0.006) -10.533(0.077)  1.748 10 12.38 10 12.02 9 0.811 10 3.04 6 9.45 10 

Näslund 1.433(0.011) 0.195(0.001)  1.729 9 11.80 9 11.50 8 0.780 8 3.04 5 8.79 9 

Meyer 23.439(0.254) 0.045(0.001)  1.700 8 11.66 5 13.32 12 0.763 1 3.02 3 8.77 8 

Schumacher 22.060 (0.139) -8.783(0.068)  1.834 12 13.01 12 12.47 11 0.840 12 3.14 11 10.00 12 

Modified Logistic 40.213(2.490) 0.030(0.001) -0.946(0.025) 1.688 3 11.60 3 10.27 3 0.775 4 3.04 7 7.65 4 

Hossfeld 0.846(0.048) 0.967(0.066) 0.044(0.006) 1.686 2 11.71 8 10.31 5 0.788 9 3.17 12 7.56 2 

Strand -0.123(0.151) 0.924(0.025) 0.028(0.001) 1.689 4 11.59 1 10.30 4 0.777 5 3.03 4 7.70 5 

Weibull 29.645(1.496) 0.044(0.001) 0.875(0.018) 1.690 5 11.67 6 10.22 2 0.777 6 3.06 10 7.58 3 

Zeide 115.399(22.087) -5.044(0.105) 0.286(0.024) 1.684 1 11.65 4 10.62 7 0.771  2 3.05 8 7.76 6 

Ratkowsky 32.337(0.673) -23.635(0.994) 7.519(0.440) 1.693 7 11.71 7 10.47 6 0.772 3 3.06 9 7.76 7 

Chapman Richards 28.162(1.100) 0.027(0.002) 0.849(0.020) 1.693 6 11.60 2 10.16 1 0.780 7 3.02 2 7.55 1 

The standard deviation is in brackets 
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Figure 3. Fitting of the frequently used models on the actual data for Dahurian larch in the 

Great Khing’an Mountains 

 

 

For example, the minimum value of the RMSE for the two-parameter function in the 

modeling data stage was 1.700 (Meyer) and the maximum was 1.834 (Schumacher), 

whereas the minimum value of RMSE for the three-parameter function was 1.684 

(Zeide) and the maximum value was 1,693 (Ratkowsky). Although the Curtis function 

had the best accuracy in the validation data stage (MAPE 2.93), it had a higher RMSE 

and MPA for the modeling dataset and validation dataset, and the fitting result was not 

satisfied compared with other functions. The Chapman–Richards model ranked second 

for accuracy (MAPE 11.60) and first for precision (MPA 10.16) in the modeling data 

stage. It also had the same reliable performance in the independent validation data stage, 

that is, accuracy ranked second (MAPE 3.02) and precision ranked first (MPA 7.55). 

This model can be regarded as the most appropriate function among the commonly used 

models in research. Therefore, the Chapman–Richards model can used to explain the 

relationship between h and DBH in both the primary forest and natural secondary forest 

of Dahurian larch in the Great Khing’an Mountains. 

The expression with the parameters is 

 

 
0.027 0.8491.3 (28.16 12 )dh e −= + −  (Eq.16) 

 

Parameter test and estimation of the SEM 

The fitness test based on information theory was used to evaluate the degree of 

consistency between the path analysis model and the observation data. The RMSEA 
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(0.073) (Table 5) was between 0.05 and 0.08, which indicates that the model fits well 

(Lai and Green, 2016; Browne and Cudeck, 1992). The value of the GFI (0.946) and 

AGFI (0.912) were greater than standard value 0.90, indicating the model passed the 

goodness of fit test. The value of NFI (0.933), IFI (0.935), TLI (0.926) and CFI (0.934) 

were all greater than standard value 0.90, which indicates that the model support the 

good fitting accuracy. The values of the PNFI (0.776), PGFI (0.778), and PCFI (0.791) 

were all greater than standard value 0.5, which indicates that the model performed well. 

All Indicators met the requirement. 

 
Table 5. Model accuracy fitness and test table 

Indicators Standard Value Indicators Standard Value 

RMSEA  < 0.08 0.073 TLI  > 0.90 0.926 

GFI  > 0.90 0.946 CFI  > 0.90 0.934 

AGFI  > 0.90 0.912 PNFI  > 0.50 0.776 

NFI  > 0.90 0.933 PGFI  > 0.50 0.778 

IFI  > 0.90 0.935 PCFI  > 0.50 0.791 

 

 

The critical ratio is the ratio between the estimated value of the parameter and the 

standard error. The absolute value was greater than 2.58, and the P-values were all 

less than 0.01, which indicates that the observed variables all passed the significance 

test. 

The SEM used the ML estimation method to estimate the regression coefficients of 

the model parameters. The standardized path coefficient represents the correlation 

between endogenous variables and exogenous variables (Table 6). 

 
Table 6. Standardized regression coefficients of the latent variable to h and the observation 

variable to the latent variable 

Endogenous 

variables 
Latent variables 

Total 

effects 

Observed 

variables 

Total 

effects 

Critical 

ratio 
P 

Tree height 

Tree size effects 0.330 

AMD 0.742   

QMD 0.626 30.659 ** 

DD 0.924 53.051 ** 

DH 0.915 47.833 ** 

Stand and site quality effects 0.300 

CD 0.870   

PD -0.317 -14.848 ** 

SE 0.318 56.872 ** 

EN 0.573 28.916 ** 

Competition effects 0.213 

TBA 0.971   

MBA 0.297 14.829 ** 

LDN -0.061 -2.905 ** 

LDTD 0.618 36.705 ** 

LDMD 0.823 65.529 ** 

LDTBA 0.922 231.057 ** 

LDMBA 0.619 36.959 ** 

**is significant codes: P < 0.01 
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Among all the latent variables, tree size effects had the greatest impact on h (path 

coefficient 0.330), followed by stand and site quality effects (0.300). The impact of 

competition (0.213) on h was significantly smaller than other effects, which indicates 

that h was mainly affected by tree size, and stand and site quality. Among the influence 

factors that represent the size of trees, the dominant diameter (DD) had the largest path 

coefficient (0.924), which indicates that the DD fully reflected the size of the trees in 

the stand. Among the influence factors that represent the forest stand and site quality, 

the path coefficient of CD was the largest (0.870), and the path coefficients of other 

variables were significantly smaller than that of CD (−0.317–0.573), which indicates 

that CD was the dominant influence factor in the relationship between stand and site 

quality affecting h. Among the influence factors that represent competition, the path 

coefficient of the diameter larger than the target tree (LDTBA) was the largest (0.922), 

which indicates that LDTBA was the most representative of all factors that 

characterized competition. When selecting the new variables added by the h–d model, 

the simplicity of the model should be ensured so that it can be used in practical work. 

Meanwhile, the variables that can be measured easily and have high accuracy should be 

considered first; hence, the DD variable and LDTBA variable must be chosen (Fig. 4). 
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Figure 4. SEM for the influence factors 

 

 

Model development 

To improve the accuracy and precision of model fitting, a combination of DD 

variable and LDTBA variable was tested at different parameter positions. The formulas 

are as follows: 

 

 32

1 4 51.3 ( *DD *LDTBA)(1 )
d

h e
   − 

= + + + −  (Eq.17) 
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 2 5 3( )

1 41.3 ( *DD)(1 )
LDTBA d

h e
    − +  

= + + −  (Eq.18) 

 

 3 52 ( *LDTBA)

1 41.3 ( *DD)(1 )
d

h e
   +− 

= + + −  (Eq.19) 

 

 32 41*( *DD)

1 51.3 ( *LDTBA)(1 )
d

h e
   − + 

= + + −  (Eq.20) 

 

 3 42 ( *DD)

1 51.3 ( *LDTBA)(1 )
d

h e
   +− 

= + + −  (Eq.21) 

 

 2 4 5 3
1* *DD *LDTBA

11.3 (1 )
d

h e
   

− + + 
= + −  (Eq.22) 

 

 3 4 52 ( *DD *LDTBA)

11.3 (1 )
d

h e
   + +− 

= + −  (Eq.23) 

 

The parameter estimates of the modified model (Eqs. 17–23) were all significant 

(P < 0.05), RMSE (1.451–1.707), MAPE (11.02–12.15), and MPA (9.26–12.38). These 

values are within the acceptable thresholds for reliable models that accurately predict h. 

Only the fitting results of Equation 22 （RMSE1.707，MAPE12.15，MPA12.38） 

were all less than Chapman Richards model (RMSE1.693, MAPE11.60, MPA10.16) 

(Table 7), because the combination of variables in the defined domain made the value of 

Equation 22 model less than zero, thereby resulting in invalid values and narrowing the 

fitting sample. Additionally, the fitting performance of the Chapman–Richards model 

was not the worst; its accuracy (MAPE11.60) and precision (MPA10.16) were better 

than those of Equation 22 (MAPE12.15, MPA12.38) and Equation 23 (MAPE11.73, 

MPA10.78), which indicates that the predictive ability of the model is not the more 

variables, the better, but determined by both the number and the location of variables 

Among all the models, the predicted h in Equation 19 and observed h had the lowest 

degree of dispersion (RMSE1.693), and the accuracy and precision were the best 

(MAPE11.02, MPA9.26), which indicates that Equation 19 was the best choice for 

predicting h. The difference between the predicted mean and the observed mean of 

Equation 19 (−0.010) was closer to zero than that of the other models (−0.059–0.775), 

which indicates that the predicted value of Equation 19 was closer to the observed 

value. Comparing Equation 19 with the Chapman–Richards model (0.042), the 

prediction mean of the Chapman–Richards model was overestimated, which indicates 

that Equation 19 had a significantly better prediction effect. This model had higher 

prediction efficiency, whereas other models overestimated or underestimated the results 

to varying degrees. Finally, Equation 19 was determined to be the best model for 

predicting h. 

Discussion 

We tested two-parameter models, including Curtis and Wykoff etc, and three-

parameter models, including modified logistic and Hossfeld etc. Based on the analysis 

of the functional performance standards, the prediction results should consider the 

precision, accuracy, and biological interpretation (Huang et al., 1992; Misir, 2010; 

Stankova and Diéguez-Aranda, 2013). Among frequently used models, the Chapman–



Zhang et al.: Predicting the height based on the main influence factors for Dahurian larch (Larix gmelinii) in the great Khing’an 

Mountains, China 
- 1286 - 

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 21(2):1273-1291. 

http://www.aloki.hu ● ISSN 1589 1623 (Print) ● ISSN 1785 0037 (Online) 
DOI: http://dx.doi.org/10.15666/aeer/2102_12731291 

© 2023, ALÖKI Kft., Budapest, Hungary 

Richards model was the best fitting, and its RMSE, MAPE, and MPA demonstrated 

good performance compared with the others. Although the fitting evaluation was 

sufficiently good in some other models, for example, the RMSE of the Zeide model was 

the smallest, however, on considering MAPE and MPA, this model was not the most 

appropriate choice. After comprehensive consideration, the Chapman–Richards model 

was selected for Dahurian larch in the Great Khing’an Mountains (Enzinga and Jiang, 

2019). Also, the Chapman–Richards model curve reflected the biological characteristics 

of h and DBH (Enzinga and Jiang, 2019; Sharma et al., 2019; Ahmadi et al., 2013), and 

had a wide application for predicting the growth of larch. Dai et al. developed the h of 

the larch model in Northeast China and found that the Chapman–Richards model was 

one of the most appropriate models among the 12 classical models (Dai and Jiang, 2015). 

Generally, the fitting effect of the three-parameter h–d model is better than that of the 

two-parameter model. However, studies have shown that the number of parameters is not 

the critical determinant. For example, on the study of predicting planted and natural pine 

forests in China, two-parameter models (Näslund and Curtis) and three-parameter 

models (Chapman–Richards and Hossfeld) have the same fitting effect (Chai et al., 

2018). In the establishment of a variety of pine growth models in Angola, a two-

parameter model (Näslund) performed well (Delgado and Pukkala, 2013). This may have 

been caused by the difference in stands. Therefore, to improve the prediction ability of 

the model, it is more important to find the key variables by using scientific analytical 

methods. When models have similar prediction capabilities, model with less parameters 

and variables is easier to use because it has more concise model expression. 

 
Table 7. Estimated parameters and their associated statistic fits for the modified h–d models 

for Dahurian larch in the Great Khing’an Mountains 

Equation β1 β2 β3 β4 β5 RMSE MAPE MPA Predicted h Observed h 
Differential 

value 

Chapman 

Richards 
28.162 0.027 0.849   1.693 11.60 10.16 9.170 

9.214 

-0.044 

(18) 19.047 0.058 1.298 0.358 -0.876 1.542 11.13 10.01 9.256 0.042 

(19) 10.956 0.124 1.856 0.418 -0.009 1.504 11.04 9.58 9.259 0.045 

(20) 12.738 0.084 1.240 0.386 0.191 1.451 11.02 9.26 9.204 -0.010 

(21) 34.383 0.025 1.092 0.0001 -0.401 1.483 11.18 9.67 9.155 -0.059 

(22) 32.683 0.037 1.272 -0.006 0.119 1.513 11.29 9.96 9.333 0.119 

(23) 30.662 0.030 1.172 0.001 -0.003 1.707 12.15 12.38 9.969 0.755 

(24) 31.796 0.041 1.395 -0.015 0.070 1.562 11.73 10.78 9.310 0.096 

 

 

Many factors affect the h and their influences are complex. It is difficult to define 

which of these factors is absolutely active or passive. According to previous 

classifications of influence factors (Wykoff et al., 1982; Walters and Hann, 1986; 

Monserud and Sterba, 1996; Rijal et al., 2012), they are classified into tree size effects, 

stand and site quality effects, and competition effects. the authors believe that tree size 

effects are affected by stand and site quality effects, and competition factors (Mackenzie 

et al., 1997; Seifert et al., 2014; Sharma and Brunner, 2017). The forest stand and site 

factors are not affected by other types of factors. The SEM is often used in the fields of 

engineering and medicine (Chang et al., 2019; Tekce, 2020), however, it is rarely used 

in the forestry to analyze the relationship between h and its influence factors. This study 

provides a new perspective to show the influence of variables in variously classified. 

Among all classifications, tree size proved to be the most influential category by using 
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SEM. The DD and LDTBA are the main factors that affect the h prediction of Dahurian 

larch in all the investigated stands. The DD has the greatest impact on h prediction. It is 

a common index used to express the age and growth quality of the stand and has been 

used in prediction models to improve their prediction ability. For example, DD was 

selected as a highly significant virtual variable to establish the h to diameter ratio 

models of Norway spruce (Picea abies (L.) Karst.) and European beech (Fagus 

sylvatica L.) located in the Czech Republic, and provided more accurate predictions for 

models. It was found that h to diameter ratio decreased with increasing DD (Sharma et 

al., 2016). Some studies have shown that other variables belong to these classifications, 

such as stand density and diameter distribution percentiles help to improve the 

estimation of h (Lei et al., 2009; Eerikäinen, 2003; Temesgen et al., 2008). By using 

SEM, it is proved that the method of screening important influence factors is effective. 

Compared with the modified model, the Chapman–Richards model overestimated the 

prediction of h in Dahurian larch to a certain extent. The prediction ability of the 

modified model with influence factor variables was better than that of the original 

model. In a follow-up study, the DD and LDTBA should be used as variables to predict 

h together with the DBH because the variables can fully reflect the variability of 

different sampling sites (Hökkä, 1997). However, this method must be supported by a 

sufficient sample size (Li et al., 2015). In addition to the influence factors within the 

forest stand, the reason for the difference in h of Dahurian larch may also be caused by 

the large-scale clear-cutting of the Great Khing’an Mountains’ forests in the 1970s. 

After the forest was thinned by humans, its spatial structure and age composition 

changed significantly. A large number of young trees grew and competed 

simultaneously, which was different from the diameter structure of the original forest. 

In a future study, if the researchers take into account whether the forest has been 

disturbed by humans, the accuracy of h prediction may be improved further. 

Conclusions 

In this study, the Chapman–Richards model was shown to overestimate the prediction 

of the h of Dahurian larch. This model was reasonable when considering it needs only 

DBH as input variables. However, if used in a specific forest type or smaller area, the 

improved model performed better. If considering new variables in the model, it is better to 

introduce them that related to tree size. Because of different site conditions, tree size, and 

competition in a Dahurian larch forest, the prediction efficiency of the model with a single 

variable was limited. The main factors that affect h were found in Dahurian larch forest in 

the Great Khing’an Mountains, which proved that it was reliable to add these variables 

into the model. In the process of forest resource investigation and forest management 

planning, local forest characteristics should be taken into account, and influence factors, 

such as site quality and competition intensity, should be fully considered. This method 

can be extended to other forests according to the stand characteristics, site characteristics 

and competition, to achieve accurate and reliable prediction results. 
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