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Abstract: Judging and predicting tree suitability is of great significance in the cultivation and
management of forests. Background and Objectives: Due to the diversity of tree species for afforestation
in China and the lack of experts or the limitations of expert knowledge, the site rules of tree species in
some regions are lacking or incomplete, so that a small number of tree suitability empirical site rules
are difficult to adapt to the afforestation expert system'’s diverse needs. Research Highlights: This paper
explores an intelligent method to automatically extract rules for selecting favorable site conditions
(tree suitability site rules) from a large amount of data to solve the problem of knowledge acquisition,
updating and maintenance of suitable forest site rules in the expert system. Materials and Methods:
Based on the method of site quality evaluation and the theory of the decision tree in knowledge
discovery and machine learning, the dominant species of Chinese fir and Masson pine in the forest
resources subcompartment data (FRSD) of Jinping County, Guizhou Province were taken as examples
to select the important site factors affecting the forest quality and based on the site quality of potential
productivity. Assessment methodology was proposed to determine the afforestation of a stand site
by nonlinear quantile regression, the decision tree was constructed from the ID3, C5.0 and CART
algorithms. Results: Finally, the best-performing CART algorithm was selected to construct the model,
and the extractor of the afforestation rules was constructed. After validating the rules for selecting
favorable site conditions of Chinese fir and Masson pine, the production representation method was
used to construct the relationship model of the knowledge base. Conclusions: Intelligent extraction
of suitable tree rules for afforestation design in an expert system was realized, which provided the
theoretical basis and technical support for afforestation land planning and design.

Keywords: site quality evaluation of potential productivity; nonlinear quantile regression; tree
suitability site rules; decision tree; intelligent extraction

1. Introduction

Tree suitability involves adapting the afforestation characteristics of a tree species to the site
conditions to give full play to the productive potential of forests and achieve a higher level of
productivity of afforestation tree species under the current technical and economic conditions of the
site. Tree suitability is the embodiment of the principle of suitability to local conditions. To improve
the survival rate of afforestation and the growth of trees, it is necessary to select suitable tree species
scientifically and reasonably, which is the key part to promote the afforestation quality [1,2].

Basically, there are three aspects that determinate the growth of a tree species: climatic water,
energy (i.e., either solar radiation or temperature) and soil nutrient availability. These aspects are
described then by topography factors (e.g., slope and altitude), soil factors (e.g., soil type and soil
layer thickness), meteorological factors (e.g., precipitation, radiation and temperature) and biological
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factors (e.g., plant biodiversity, composition and stand factors) [3-5]. For afforestation, site conditions,
such as topography factors, soil factors and stand factors may be important factors that determine
the growth of a tree species. Tree suitability judgment and prediction are highly important links in
forest production and management. Currently, there are three primary kinds of quantitative criteria
for evaluating afforestation in the relevant literature: site index (SI), average volume growth and site
rules. Site index is normally used to measure the site quality under various site conditions to better
reflect the relationship between site performance and tree species growth [6-8]. The dominant height
model [9-15] and site index curve [14,16-21] are two main forms of site indexes. The disadvantage of
the site index is that it is difficult to directly explain the productivity level of site (i.e., tree suitability
performance) through the SI value. This is because the planting density and the relationship between
tree height and diameter at breast height (1.3 m)(DBH) depend on the tree species, the relationship
between SI value and yield of different tree species is also different [1,2]. Average volume growth
is another index to measure tree suitability performance, which measures tree suitability by the
average volume growth of a tree species when it reaches maturity. Because the average volume
growth is not only affected by the site conditions but also by the stand density and management
level [1,2,22], it is necessary to consider complex conditions (different regions, site conditions, tree
species and management measures) when using average volume growth as an evaluation index.
However, it is not practical to use the average volume growth as a measure of tree suitability because
of the complexity [23]. Site rules could also be used to judge the tree suitability performance in the
expert system of forest cultivation. Several papers that study the application of site rules matching
afforestation tree species can also be found in the literature. Schroder [24] developed the Multipurpose
Tree and Shrub Database, which contains the first-hand, site-specific information about multipurpose
tree species. This information can provide decision support when candidate species for specific
sites or end-uses are required. Hu Bo [25] used the accumulated empirical site rules to establish a
forestry knowledge base by tree structure representation and construct a reasoning afforestation expert
system. Ding Quanlong [26] used the tree structure method to build the site rules knowledge base
and used the fact base to control the repository to enhance the universality of usage and reduces
the regional restrictions of the Expert System. Wu Baoguo [27,28] realized the implementation of a
web-based afforestation decision-making consultation system. The knowledge base of afforestation
site rules was represented by the production rule method, and the forest site factors provided by
users were inferred and analyzed by imitating afforestation experts to select suitable afforestation tree
species. Ma Chi [29,30] expressed afforestation site rules knowledge through the combination of the
production rule method and the frame method, realized the separation of a reasoning machine and
knowledge base and improved the practicability of afforestation expert system. Helton Nonato de
Souza [31] selected the suitable trees in the agroforestry systems was based on market accessibility
and environmental needs (e.g., soil fertility). Han Yanyun [32] used the credibility of the rules to deal
with the uncertainty of forest cultivation knowledge and realized the inference engine algorithm of
uncertainty reasoning in the forest cultivation expert system. Prabakaran [33] proposed fuzzy system
structure along with integration of expert knowledge. Vasquez Ruben Purroy [34] proposed fuzzy
multicriteria decision support system founded on logic-based decision rules. With the wide application
of the forestry-service-oriented expert system of afforestation consultation, the site rules quantitative
criteria for evaluating afforestation was more intuitive, simple and practical.

However, one practical and several theoretical problems have arisen after almost a decade of
practical experience with the site rules of the forest cultivation expert system. The practical problem
pertains to the absence and incompleteness of site rules; the current site rules are summarized by
experienced experts through long-term afforestation practice, commonly referred to as empirical site
rules. Due to the diversity of tree species for afforestation in China and the lack of experts or the
limitations of expert knowledge, the site rules of tree species in some regions are lacking or incomplete,
so that a small number of empirical tree suitability site rules are difficult to adapt to the diverse needs.
Two of the theoretical problems are as follows: (i) The empirical site rules of a certain tree species are



Forests 2019, 10, 739 30f 22

subjective due to human judgment by experts, these experts” subjectivity is high during the operation
process, thus the tree suitability evaluation lacks scientific accuracy. (ii) Since the site conditions are
changing and the rules of the expert system are relatively fixed, the expert system is faced with great
difficulty in maintaining the knowledge of the site rules.

In order to remedy these practical and theoretical problems, it is necessary to explore a method
of automatically extracting appropriate site rules. The machine learning algorithm features excellent
self-organization, self-learning and self-adaptability, and can acquire the implicit knowledge from
the data through massive data learning. The long-term-accumulated survey data of forest resources
and the statistical data contain a large amount of explicit information (e.g., dominant tree species,
landform, gradient, slope direction, slope position, soil type and soil thickness) and, more importantly,
the relationships and rules among them [2]. By mining the hidden knowledge behind the forest
resource data, the bottleneck problem of obtaining afforestation site rules has been overcome to some
extent. The decision tree algorithm in the machine learning algorithm has been widely used for its
advantages of easily extracting rules [35,36], displaying important decision attributes [37] and high
classification accuracy [38—40]. Currently, the decision tree algorithm has rarely been used to extract
afforestation suitability rules from a large amount of forest resource survey data. Compared with
the site rules obtained from the experience summary, this algorithm has some advantages. First,
the algorithm extracts rules from the overall data. The rules are relatively comprehensive which,
to some extent, resolves the bottleneck problem of acquiring rules for afforestation sites. Second,
extracting rules from the data can overcome the limitation and subjectivity of expert judgment and
enhance confidence. Third, the more data, the more accurate the extraction rules. Thus, the extraction
rules can be updated and maintained.

The purpose of this study was to solve the problem of acquiring and updating the site rules in the
afforestation expert system. Therefore, the objectives of this study were as follows: (i) To explore an
intelligent method to automatically extract the afforestation site rules; (ii) the knowledge of site rules
was represented by the production rule method and then applied in the afforestation expert system.

2. Materials and Methods

2.1. Data Source and Processing

The data were obtained from the 2005 and 2015 forest resources subcompartment database in
Jinping County, Guizhou Province. Jinping County is located in the eastern part of Guizhou province,
with terrain gradually declining from west to east. The western part is dominated by low mountain
and low-middle mountain landforms, with an elevation of 800-1300 m. The eastern part encompasses
low mountains, hills, valleys and basins with an elevation between 500 and 700 m. Yellow soil
is the majority followed by red soil, yellow brown soil and rice soil. Located in the subtropical
evergreen broad-leaved forest area, the tree species are mainly Chinese fir followed by Masson pine
and broad-leaved tree species, such as Quercus and Liquidambar. The dominant tree species Chinese
fir (Cunninghamia lanceolate (Lamb.) Hook.) and Masson pine (Pinus massoniana Lamb.), which were the
main fast-growing timber forest in the area, were selected, and the forest factors, including topographic
factors, such as landform (DM), slope direction (PX), slope position (PW), slope gradient (PD), elevation
(HB), soil factors, such as soil type (TRMC), soil parent material (TRMZ), soil layer thickness (TCHD),
and stand factors, such as average age (t), volume per hectare of dominant tree species (YSSZGQX]),
number of trees per hectare of dominant tree species (YSSZGQZS), average height of dominant tree
species (YSSZP]G) and average DBH of dominant tree species (YSSZPJX]), were sorted out. Among
these species, there were 7971 effective subcompartments of Chinese fir as the dominant tree species
and 263 effective subcompartments of Masson pine as the dominant tree species. Eight attributes, such
as landform, slope direction, slope position, slope gradient, altitude, soil type, soil parent material and
soil thickness, were extracted from the forest resources subcompartment database, forming the growth
site information for Chinese fir and Masson pine.
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Table 1. Growth information of the forest resource subcompartment data in Jinping County of Guizhou Province in 2015.

(I;I:; DM PW I()!? PX TRMZ TRMC T((E;I)D YSSZ t YS(SjnP)JXJ YS?SS’]G Yszrsnzg,/cl;lgxl YS(SI\ZI /iSZS S§77C QY
770 M;frr’:ain MidSlope 27 Southeast ~ Sandstone  Yellow Soil 80 Chinese fir 26 16.5 10 123.74 1005.5 10fir Plantation
640 M(I:lor::ain MidSlope 38  Northwest  Sandstone  Yellow Soil 70 Chinese fir 35 25 14 205.26 550.04 10fir Plantation
760 M(}uor:/:ain Uphill 14 West Sandstone  Yellow Soil 50 Chinese fir 32 18 10 112.23 766.3 9firIM  Plantation
830 Mcffrr:ain MidSlope 20 Southeast ~ Sandstone Red Soil 60 Chinese fir 32 22 13 158.53 565.59 8fir2M Plantation
760 Mc}lfr?:ain Uphill 6 South Sandstone  Yellow Soil 80 Chinese fir 35 19.5 10.5 128.79 719.91 10fir Plantation
1090 Ml\gitiftiein MidSlope 25 East Slate Yellow Soil 50 Chinese fir 26 14.5 12 160 1453.4 10fir Plantation
620 M(ilor:;,ain downhill 28 East Sandstone  Yellow Soil 60 Masson pine 26 23.5 13 88.41 299.72 6M4fir  Plantation
500 M(Ifr:’\t]ain downhill 26 West Sandstone  Yellow Soil 70 Masson pine 7 9 5 16.89 785.95 7M3fir ~ Plantation
530 M;frr’:ain MidSlope 37  Northwest  Sandstone  Yellow Soil 60 Masson pine 30 28 13 116.32 276.08 6M4fir  Plantation
790 M(I:lor::ain downhill 42 East Sandstone  Yellow Soil 50 Masson pine 21 24 13 118.58 397.89 10M Plantation
670 M(}uor:/:ain MidSlope 35 Southeast Slate Yellow Soil 30 Masson pine 26 25 14 87.54 254.65 7M3B Plantation
1150 Ml\gwii:gein Uphill 19 Southeast Slate Yellow Soil 50 Masson pine 25 20 8.5 23.26 159.15 8M2fir  Plantation
560 Mc}lfr?:ain MidSlope 43  Northwest  Sandstone  Yellow Soil 60 Masson pine 10 5.2 4 19.51 2825.23 10M Plantation
770 M()Llfnvt“am downhill 30 West Sars‘i:;‘e’“e Yellow Soil 60  Masson pine 35 20.5 114 127,55 651.39 10M  natural-forests

Note: SZZC, tree species composition; QY, origin.
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Ideally, model validation should involve the use of an independent data set [41]. In the present
study, the validation data sets were gathered from the 2015 forest resources subcompartment database
in the region. After processing, the validation data sets contained 1224 subcompartments of Chinese
fir and 171 subcompartments of Masson pine (Table 1). Moreover, variations in stand factors and
environmental site factors were included in the data set.

2.2. Extraction of Tree Suitability Site Rules Based on the Decision Tree

The decision tree is an instance-based learning algorithm similar to the tree structure classification
of flowcharts. The decision tree is composed of three main parts: the decision node, branch and
leaf node. The classification rules represented by the decision tree are inferred from the multiple
irregular and disorderly data tuples. The whole decision-making process starts with the root decision
node. From top to bottom, each decision node represents a data category or attribute to be classified,
and each leaf node represents the result. Each path corresponds to a classification rule, and the set of
classification rules constitutes a complete set of decision tree expressions. In this paper, the decision
tree algorithm was selected to discover the knowledge of tree suitability, and the decision tree model
was used to extract the implicit classification rules between a large number of site factors and tree
suitability. Figure 1 is a schematic diagram of the decision tree being transformed into a decision rule.

Decision Tree
DATA

Algorithm

v v

Create Decision Tree

________ i______________ Rules
! i

Inputl Decision Tree Model | IF Inputi=al,

~- | THEN Output =Y1
- S |
Inputl=at Inputi=bl1 | Conversion

R . A I Convert the paths

| A les If Inputl =bl AND
Y1 Input2 [ ores g Input2=b2,
Then Output = Y2

N l
Inpui2<a2 D‘PE“Z b2 : If Inputl = b1 AND
y's RN | Input2=a2,
| Then Output=Y1
|
|

Y1 Y2

Figure 1. Principle of decision rules extraction based on the decision tree algorithm. Where Inputl and
Input2 outputs are variables of the decision tree and al, a2, b1, b2, Y1 and Y2 are the decision tree sets.

Based on the above principles, first, the site factors and grading index were constructed to
determine the input of the decision tree model. Second, the tree suitability was evaluated, and the
output of the decision tree model was determined. Third, the training results of decision tree models
trained by different algorithms were compared. The decision tree model of the optimal algorithm
was selected as the knowledge rule extraction model of tree suitability, and the extracted rules were
the output.

2.2.1. Site Factors and Grading Index

In the actual afforestation operation plan of Guizhou province, the site conditions mainly involve
8 site factors, including landform, slope direction, slope position, slope gradient, elevation, soil type,
soil parent material and soil layer thickness. Therefore, the 8 site factors served as input variables of
the decision tree model. Based on the “Detailed Rules for the Implementation of Forest Resources
Planning and Design Survey in Guizhou Province"”, site factors were divided, and the meanings of
site factors and their grading indicators in the study area are presented in Table 2.

"
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Table 2. Site factors and their classification indexes.

NO. Site Factor Grading Index
1 DM MiddleMountain;LowMountain;Hills
5 PX SunnySlope (south, southeast, southwest); ShadySlope
(north, northwest, northeast); HalfsunnySlope (east, west)

3 PW Ridge; Uphill; Middle Slope; Downhill; Valley; FlatLand; NoSlope

4 PD FlatSlope (0°-5°); GentleSlope(6°-15°); Incline(16°-25°);
AbruptSlope(26°-35°);SteepSlope(36°—45°);DangerousSlope(>46°)

5 HB Low (<1000 m); Medium (1000-3500 m); High (>3500 m)

6 TRMC YellowSoil;RedSoil; YellowBrownSoil;RiceSoil

7 TRMZ Sandstone;Shale;SandstoneShale;Slate

8 TCHD Thick (>80 cm); Middle (40-79 cm); Thin (<40 cm)

2.2.2. Determining Tree Suitability Based on Quantile Regression

The decision tree is a classification algorithm. The output variable corresponded to the classification
of tree suitability (most suitable, suitable and unsuitable). The essence of determining tree suitability
is to evaluate the site quality. To ensure the accuracy and flexibility of the decision tree model, that
is, to make the extracted tree suitability site rules accurate and flexible in the application of natural,
uneven-aged and mixed forests of different species in different regions. This paper used the theory of
site quality assessment based on potential growth to determine tree suitability. This method assumes
that at the same site and with the same stand type, if there were an approximate stand structure and
approximate density, there would be an approximate growth process, including height growth, area
growth and volume growth [42,43]. Since quantile regression could comprehensively describe the
relationship between independent variables and dependent variables under different quantiles [44,45],
this hypothesis could be quantified by quantile regression, which could capture the tail characteristics of
the distribution. When the independent variables had different effects on the distribution of dependent
variables in different parts, it could describe the distribution characteristics more comprehensively
and obtain a comprehensive analysis [46]. The growth process was essentially the distribution of the
age-dependent variable and growth-dependent variable. The theoretical growth equations (Table 3)
were used to fit the age and growth of one-third and two-thirds of the quantile positions. The optimal
equations were screened by the Akaike Information Criterion (AIC) information criterion. Therefore,
for forests of the same age, the two quantile regression lines divided the growth into three types:
the most suitable, the suitable and the unsuitable.

Table 3. Theoretical growth equations.

Equation Model Expression
1 Logistic y = aneﬁm
2 Mitscherlich y = Ax(1—exp(-r=t))
3 Gompertz (1825) y = Axexp(—mxexp(-r=t))
4 Korf (1939) y = Axexp(—m=*f(-r) )
5 Richards (1959) y=Ax(1-exp(-r*t))™

Note: y, predictive factors, such as DBH, tree height, volume, etc.; t, independent variables, generally expressed as
age; A, M, r are the regression coefficients.

When quantile regression of forest resource subcompartment survey data was used to determine
tree suitability, there were three forms of growth in the growth process: (1) The determination of
the average volume growth under the same age forest condition (AGE-V-Quantile method); (2) the
determination of the average height growth under the same age forest condition (AGE-H-Quantile
method); and (3) the determination of the average diameter at breast height growth under the same
age forest condition (AGE-DBH-Quantile method). Since height growth was less affected by density,
the AGE-H-Quantile method was selected in the experiment. Although the average tree height of
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the dominant trees can more accurately reflect the site quality of the sample plot, in the actual forest
resources subcompartment survey, the forest stand survey factors only included the average height,
but not the average height of the dominant trees. In terms of determining tree suitability, because the
average height was smaller than the average height of the dominant trees, the average tree height of
the dominant trees must be “suitable” if the results of judging by average tree height were “suitable”.
Therefore, determining the tree suitability by the average tree height ensured the appropriate accuracy
of the tree suitability rules to some extent.

2.2.3. Decision Tree Algorithms Modeling

The decision tree is a data mining technology that could realize functions, such as data classification,
association rules extraction and regression prediction [36]. Common algorithms include the ID3
algorithm based on entropy theory and information gain theory, the C5.0 algorithm based on
information gain ratio to select features (an improved algorithm based on C4.5), the CART algorithm
with the Gini index as the sorting criterion. This paper used ID3, C5.0 and CART algorithms of a
decision tree to construct the model and implemented it in R language. All statistical analyses were
performed using C50 and rpart R packages. Generally, the decision tree construction includes three
processes: feature selection (ID3 for information gain, C5.0 for information gain ratio and CART for
Gini index), decision tree construction and pruning. The decision tree model was constructed with R
language as follows:

Step 1. the training data were pretreated, the input variables were discretized by establishing the
site factor and grading index, and the output variables were discretized by determining
tree suitability.

Step 2. by adjusting the parameters, the decision tree model was generated and the tree suitability site
rules were produced.

Step 3. the decision tree was pruned, and the tree suitability site rules were the output.

Step4. the importance of site factors in the final decision tree model was analyzed.

Step 5. the accuracy of the decision tree classification was evaluated.

2.3. Rules Validation

The accuracy of the tree suitability rules extracted from the model was verified based on validation
data. Table 4 summarizes the experience rules of Chinese fir and Masson pine in Guizhou Province
Forest Management Information Collection in 1989. Table 5 shows the empirical rules of Masson
pine collected from the table of afforestation investigation and design in Guizhou province in actual
afforestation operations. The incompleteness and obsolescence of the empirical rules affected the
accuracy of judgment in Table 4. In addition, the empirical rules can only roughly determine the
suitability of the tree species and cannot further determine the degree of suitability (most suitable,
suitable and unsuitable) in Table 5. The existing site index tables of Chinese fir and Masson pine in
Guizhou were divided into three grades according to SI grade, that is, 8-12 index grade is unsuitable,
14-18 index grade is suitable and 20-22 index grade is most suitable. In this paper, the extracted site
rules for tree suitability evaluation were compared with the existing site-specific site index tables of
Chinese fir and Masson pine respectively, which were used to test the consistency of the judgment
results of the tree suitability.
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Table 4. Summary of empirical site rules from Guizhou Province Forest Management Information Collection in 1989.

Site Type District

Site Type Group

Site Type

Suitable Tree Specie

Evaluate

Low mountain

Metamorphic rocks

Sandstone Shale

Granite

Upper humus

middle humus

Lower humus
Upper thin soil layer

Middle thin soil layer

Lower thin soil layer
Upper thin soil layer
Middle thin soil layer
Lower thin soil layer

Masson pine
Chinese fir
Chinese fir

Masson pine
Chinese fir

Masson pine
Chinese fir

Masson pine

Masson pine
Chinese fir

Tree suitability is moderate, and the average site index of Masson pine is 12-14.
Tree suitability is good, and site index of Chinese fir is 14-18.
Tree suitability is best, and site index of Chinese fir is 18-20.
Tree suitability is slightly worse, and site index of Masson pine is 10-12.

Tree suitability is slightly better, and site index of Chinese fir is 10-12.

Tree suitability is good, and site index of Chinese fir is 14-16.
Tree suitability is slightly worse, and site index of Masson pine is 10-12.
Tree suitability is slightly better, and site index of Chinese fir is 10-12.
Tree suitability is good, and site index of Chinese fir is 14-16.

Hilly in front of hill

metamorphic rock

Sandstone Shale

Mid-upper Mid-thin humus
Mid-lower Mid-thick humus
Mid-upper thin soil layer
Mid-lower thick soil layer

Masson pine
Chinese fir
Masson pine
Chinese fir

Tree suitability is moderate, and site index of Masson pine is 12-14.
Tree suitability is good, and site index of Chinese fir is 14-18.
Tree suitability is slightly better, and site index of Masson pine is 10-12.
Tree suitability is good, and site index of Chinese fir is 14-16.

hills

Sandstone Shale

Mid-upper thin soil layer
Mid-upper middle soil layer
Mid-lower thick soil layer

Masson pine
Masson pine
Chinese fir

Tree suitability is slightly worse, and site index of Masson pine is 10-12.
Tree suitability is slightly better, and site index of Masson pine is 12-14.
Tree suitability is good, and site index of Chinese fir is 12-14.

Where, site region is Mountainous and Hilly Areas in Southeast Guizhou; Site sub-region is Jinping Metamorphic rocks, clasolite, low mountains and hills.



Forests 2019, 10, 739

Table 5. Summary of empirical site rules from Guizhou Plantation Survey and Design.

9 of 22

Suitable Tree
Specie

Masson pine
Masson pine
Masson pine

Masson pine
Masson pine
Masson pine

Masson pine
Masson pine
Masson pine

hilly (<1000 m)

shale

Masson pine
Masson pine
Masson pine

Incline (15°-25°)

Type Region Type District Type Group Site Type
Landform Elevation Lithology Slope Soil Thickness
Thick (>80 cm)
Flat g(‘fféf)“"pe Middle (40-80 cm)
- Thin (<40 cm)
Middle mountains Sandstone and Thick (>80 cm)
(>1000 m) shale Incline (15°-25°) Middle (40-80 cm)
Thin (<40 cm)
) Thick (>80 cm)
Abrupt :f‘;‘zg;r)ous Middle (40-80 cm)
pe s Thin (<40 cm)
Thick (>80 cm)
Flat g(iqtéf;l"pe Middle (40-80 cm)
- Thin (<40 cm)
Low mountains and  Sandstone and Thick (>80 cm)

Middle (40-80 cm)
Thin (<40 cm)

Masson pine
Masson pine
Masson pine

Abrupt-dangerous
slope (>25°)

Thick (>80 cm)
Middle (40-80 cm)
Thin (<40 cm)

Masson pine
Masson pine
Masson pine

2.4. Rules Application

Based on the rules extracted by the decision tree algorithm, an expert-assisted decision support
system for afforestation could be constructed with five parts. Figure 2 shows the relationship between
the rule extraction and the knowledge base of the expert system for afforestation. A database was
used to store the original data and intermediate results. In this study, the database stored the forest
resource subcompartment data. The Site Rule Intelligent Extractor is the procedure of extracting site
rules for afforestation based on decision tree algorithm, including the determination of tree suitability
by the quantile method, decision tree rule extraction and rule verification, which is the core module
for data-to-knowledge conversion. The Site Rule Knowledge Base was used to store the extracted
knowledge of the site rules. The knowledge of site rules was represented by the production rule
method in this paper. The Inference Machine transformed site rules into IF-THEN form and deduced
the conclusion based on the user input conditions. The Human-computer Interaction Interface was the
interface between the system and the user for communication. Through this interface, users input basic
information to answer the relevant questions raised by the system, and the system outputs reasoning
results and relevant explanations.

Human-computer Interaction Interface

*

Inf Machi T
frierence Aacihine Site Rule Intelligent Extractor
A 5 o
‘ = o
Site Rule Knowledge Base £ = Y % % g S
Site Factor Table < = 2. s & = E—
Afforestation Tree species Table e (_—_i - o2 g' - E g =) Data Base
Afforestation model Table g ?: = g g ® L -
Forest Suitability Site Rule Table : 3 - 3 252
i = 5< 3@

Figure 2. The architecture diagram of the afforestation expert assistant decision support system.
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3. Results

3.1. Determining Tree Suitability Based on the Quantile Method

The fitting results at one-third and two-thirds of the quantile positions by the AGE-H-Quantile
method are shown in Table 6. Both Chinese fir and Masson pine, Logistics regression models
(Equation 1) with one-third of the quantile were the best, Richards’s regression models (Equation 5)
with two-thirds of the quantile were the best, and the corresponding stand site tree suitability results
for Chinese fir and Masson pine are shown in Figure 3.

Table 6. Fitting results of AGE-H-Quantile method.

Tree Species Chinese Fir Masson Pine
i Parameter Parameter
Quantile Equation AIC AIC
A m r A m r
1* 1215988  6.0329  0.17977  30332.09 13.58889  9.8664  0.15862  1154.531*
2 3.47527 0.00246  61230.45 3.47527 0.00246  2042.726
1/3 3 12.42655 2.70757  0.13603  30339.11 14.01058 3.58874  0.11505  1156.298
4 14.61426 1625706  1.29069  30400.26 17.06511 27.75359  1.3185 1162.853
5 12.58429 1.93628  0.11835 30349.58 14.20997 250435 0.09992  1157.933
1 14.16818 —24.2812 0.1035  94367.34 14.72274 -2.87547 0.16881 1912.02
2 12.4428 0.63702  34809.34 13.88931 0.63372  1366.349
2/3 3 1515694 1.60902  0.08773  31064.13 1526932 3.37098  0.12279  1174.222
4 18.54135 6522292 1.77704 39694.45 17.84899 25.28194  1.3604 1173.953
5% 16.23922  0.84568  0.05428 31051.74 15.46045 2.31423 0.10577 1173.915*
Note: symbol * express the best results.
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Figure 3. Distribution of stand site tree suitability of Chinese fir and Masson Pine.
3.2. Model Evaluation

Using the decision tree ID3 C5.0 and CART algorithms, eight site factors in the subcompartment
data were taken as input data sets according to Table 2, and the tree suitability of Chinese fir and
Masson pine, which were determined by quantile regression, were used as output data. The decision
tree models for classifying the suitability of Chinese fir and Masson pine were established. The three
algorithm decision tree models were used to predict the tree suitability of the subcompartments,
and the accuracy was calculated and is shown in Table 7. It showed that the CART algorithm for the
Chinese fir and Masson Pine decision tree models was slightly superior to the other two algorithms.
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Table 7. Comparison results of three decision tree models.

Tree Species Algorithm Accuracy (%)
Chinese fir ID3 50.51%
C5.0 50.11%
CART 50.88%
Masson pine ID3 51.71%
C5.0 53.99%
CART 54.75%

Further analysis of the coincidence matrix of the three algorithms (Table 8), the CART algorithm
showed that the number of correct judgments for the suitable growth of Chinese fir was 3308, and the
number of wrong judgments was 2039, the correct rate being 61.87%. The number of correct judgments
for the suitable growth of Masson pine was 123, and the number of wrong judgments was 44, the correct
rate being 73.65%. The ID3 algorithm the correct rate of correct judgments for the suitable growth of
Chinese fir and Masson pine were 59.40% and 75.45%, respectively. The C5.0 algorithm the correct
rate of correct judgments for the suitable growth of Chinese fir and Masson pine were 59.89% and
69.46%, respectively. For Chinese fir, the prediction effect of the three algorithms are similar, CART
performed best, followed by C5.0 and ID3. For Masson pine, the number of correct judgments for the
suitable growth of the three algorithms were 126,116 and 123, ID3 and CART performed slightly better.
Therefore, the decision tree model was constructed by CART algorithm comprehensively.

Table 8. The coincidence matrix of three algorithms for Chinese fir and Masson Pine.

Algorithm Predicted Chinese Fir (Predicted Value) Masson Pine (Predicted Value)
Most Suitable Suitable Unsuitable  Most Suitable Suitable Unsuitable
ID3 Most Suitable 1389 478 827 49 20 19
Suitable 608 701 1344 20 37 22
Unsuitable 267 478 1879 14 26 56
Most Suitable Suitable Unsuitable  Most Suitable Suitable Unsuitable
C50 Most Suitable 1389 481 825 64 9 15
Suitable 608 741 1331 31 12 36
Unsuitable 267 485 1872 39 8 49
Most Suitable Suitable Unsuitable  Most Suitable Suitable Unsuitable
CART Most Suitable 1391 525 778 47 20 21
Suitable 577 815 1261 19 37 23
Unsuitable 270 504 1850 11 25 60

Note: The number of judgments for the suitable growth (in bold number) = the number of most suitable + the
number of suitable.

Based on the decision tree model of the CART algorithm, the decision trees for the classification of
tree suitability of Chinese fir and Masson pine were established, as shown in Figures 4 and 5. Figure 4
shows that the decision tree established for Chinese fir had 10 layers after pruning, and 23 leaf nodes
were generated, among which 6 were most suitable and 10 were suitable. Table 9 shows the importance
of each input site factor of the corresponding decision tree. The slope position, soil parent material,
soil layer thickness, elevation and landform were important factors affecting the growth of Chinese
fir in the Jinping area of Guizhou Province, corresponding to the main classification factors in the
decision tree. For the first layer of the soil parent material factor, (shale) was better for tree suitability.
For the second layer of the slope position factor, (whole slope) was more suitable. For the third layer of
soil thickness factor, (thickness) was more suitable and (low elevation was selected for tree suitability.
In the region concerned, the three factors of slope, soil type and slope direction had little influence on
tree suitability.
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Figure 4. Classification decision tree model of tree suitability for certain forest site conditions of Chinese fir. Where each box contains the following information
according to the order of top to bottom and left to right: Rule number, tree suitability judgment, three tree suitability (most suitable, suitable and unsuitable) percentage
and the probability of the rule.
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Figure 5. Classification decision tree model of tree suitability for certain forest site conditions of Masson pine.
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Table 9. Importance of variables for Chinese fir.

Variable PW TRMZ TCHD HB DM PD TRMC PX
importance 39 37 11 6 5 1 1 1

Similarly, the decision tree established by Masson pine shared nine layers after pruning, with
14 leaf nodes generated, among which four were most suitable and three were suitable. Table 10 shows
the importance of the site factor of the corresponding decision tree (Figure 5). The important factors
affecting the growth of Masson pine in the Jinping area of Guizhou Province were slope position,
soil parent material, soil layer thickness, slope gradient and slope gradient, corresponding to the
main classification factors in the decision tree. For the first layer attribute factor, slope location factor,
(flat land and valley) were better for tree suitability. For the second layer of the soil parent material
factor, (shale) was more suitable. For the third layer of soil thickness factor, (thickness) was more
suitable. The suitable tree suitability choice for slope direction was (sunny slope). Because the suitable
sample size of Masson pine in this area was relatively small, the lack of site factor classifications had a
certain impact on the model, which will be improved in future studies.

Table 10. Importance of variables of Masson pine.

Variable PW TRMZ TCHD PD PX DM HB TRMC
importance 37 28 10 9 7 4 4 1

3.3. Rules Validation

The site rules and site index were used to judge the tree suitability. The results of rule verification
Table 11 indicated that 920 of 1224 subcompartments were consistent for Chinese fir, and 304 were
inconsistent with 75.16% consistency. For Masson pine, 121 out of 171 subcompartments were consistent,
and 50 were inconsistent, with 70.76% consistency. Therefore, for Chinese fir and Masson pine species
in Guizhou, the two methods were consistent in more than 70% of the tree suitability judgment results,
indicating that the rules extracted by this method can be applied to the site suitability judgment to
some extent, especially those species without site index. Similarly, the limited errors indicate that the
lack of appropriate samples affected the model, which should be improved in future studies.

Table 11. Results of rule verification.

Tree Species Consistency Inconsistency Total
. ! 920 304 1224
Chinese fir 75.16% 24.84%
Masson pine 121 20 7
P 70.76% 29.24%

3.4. Rules Application

The production rule method could simplify the reasoning knowledge of afforestation represented
by multiple rules into one rule, greatly reducing the number of rules recorded in the Site Rule
Knowledge Base and facilitating the maintenance of the knowledge base by afforestation experts.
It is essentially a description of the final leaf nodes. To illustrate this method, a tree suitability site
rule includes m values of landforms conditions, n values of soil type conditions and p values of soil
thickness conditions; thus, the number of rules stored in the tree structure representation method is m
*n *p *... Then, only one generative expression is sufficient. The relation schema of the afforestation
site rules table designed according to this idea follows:
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Tree Suitability Site Rule Table

(Rule Number, region, DM, PX, PW, PD, HB, TRMC, TRMZ, TCHD, Tree species, Tree Suitability)

The content of the rules refers to the combination of tree suitability site rules. According to the
multiple values of each site condition factor, those rules are separated by "*’. The tree suitability site
rules extracted from Chinese fir and Masson Pine in the Jinping area of Guizhou Province were saved
(see Appendix A for tree suitability site rule table for Chinese fir and Masson Pine in Jinping County,
Guizhou Province in Table A1).

The above classification rules could intuitively express the relationship between tree suitability
and site factors. At the same time, the judgment of tree suitability was influenced by many site factors.
The effect of each factor depended on whether it is larger or smaller than a threshold value. Only a
few threshold values of variables were needed to determine the final suitability or unsuitability of the
site factors of great importance. For example, in rule number 2, the suitability of Chinese fir could be
judged as the most suitable by the soil parent material being shale, while some rules required more site
factors to be judged repeatedly before obtaining the results of tree suitability.

4. Discussion

To construct the decision tree model, the tree suitability needs to be determined as the output variable
of the model. The realization of this process was based on the theory of site quality evaluation of potential
productivity. The site index is the most commonly used method for site quality evaluation, mainly
for older, even-aged, well-stocked, free-growing, undisturbed and pure or single species-dominated
stands [47,48]. This paper quantified the theory by combining the characteristics of quantile regression
and proposed a method to determine the tree suitability based on the quantile method. The proposed
method will extend the application scope of the decision tree model. (1) It could be applied to different
types of forest resource data. The average age and average tree height are generally included in forest
resources subcompartment data, permanent sample plot data and parsed tree data. However, the site
index method needs dominant average tree height variables, which are usually missing in forest
resource surveys, which limits the use of this method. (2) It is suitable for mixed forest types with
different origins. In this paper, Chinese fir and Masson pine were selected as the dominant tree species
for screening data, and their origins were not limited to natural or artificial. At the same time, if the
dominant tree species were used to extract the rules, further study could analyze the most suitable
mixed forest types. For example, it is quite likely that the productivity will be affected by the mixing of
tree species, so taking this into account in the composition, if the two rules of tree suitability extracted
from Chinese fir were “most suitable” and “suitable”, the corresponding species composition being
“8 fir 2 broad” and “7 fir 2 broad”, respectively. We would have reason to think that the “8 fir 2 broad”
mixed forest type would be better than the “7 fir 2 broad” mixed forest type. (3) It is suitable for
unevenly aged forests. The quantile method converts the growth of unevenly aged forests into the
growth of the evenly aged forests according to the distribution of different quantiles.

After determining the tree suitability of a stand site, a large amount of explicit information
(e.g., dominant tree species, landform, slope, slope direction, slope position, soil species and soil
thickness) in forest resource data can be used to judge the afforestation suitability (most suitable,
suitable or unsuitable). However, it is very likely that the same site factor corresponds to an inconsistent
suitability judgment. The significance of rule extraction by decision algorithm lies in the fact that the
algorithm could mine the relationship and rules hidden in a large amount of data in a probabilistic way
and summarizes a large number of rules. The reliability of the rules has been enhanced. The existing
data could be used to predict and evaluate the tree suitability effectively by these rules. Compared
with the empirical rules, the extracted rules not only judge the suitability of tree species but also further
clarify the suitability degree, which could solve the problem of incomplete and fuzzy knowledge of the
empirical rules.
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The machine learning algorithm and expert system, as two branches of the artificial intelligence
application, are becoming research hotspots in the field of forestry currently, but mostly have been
applied separately. Both methods have significant limitations. Few studies have combined the two
technologies to achieve complementary advantages. Feng Yuqiang [49,50] developed an integrated
system of a neural network and expert system for stock analysis, which minimized the difficulty of
knowledge acquisition in the expert system by using the neural network. Han Yanyun [32] mentioned
that a neural network is used to solve the bottleneck problem of knowledge acquisition in the forest
cultivation expert system, because of the problems, such as the black-box operation without an
explanation mechanism and slow existing training technology in the neural network, which is not
applied in afforestation knowledge acquisition. In this paper, the ability to extract association rules from
a decision tree algorithm in machine learning was used to tackle the difficulty of acquiring knowledge
of afforestation site rules in an afforestation expert system. At the same time, the knowledge base
and reasoning mechanism in the expert system were used to make up for the defects of knowledge
expression in the decision tree model. The decision tree algorithm and the afforestation expert system
were combined to achieve the advantages of the integrated system and then enhanced the ability
of assistant decision. The essence of the CART algorithm is the binary partition of feature space,
and it could split nominal attributes and continuous attributes. The core idea was to use the Gini
index minimization criterion to select features and generate a binary tree. The larger the Gini index,
the greater the uncertainty of the sample set, which is similar to entropy. Tables 7 and 8 showed that
the CART algorithm for the Chinese fir and Masson Pine decision tree models was slightly superior
to the other two algorithms. The main difference of these three decision tree algorithms lies in the
different measurement standards of attribute splitting, the ID3 algorithm is based on entropy theory
and information gain theory, the C5.0 algorithm is based on information gain ratio to select features
(an improved algorithm based on C4.5), the CART algorithm selects the Gini index as the sorting
criterion. In the binary classification problem, the relation between the Gini index, entropy half and
classification error rate, and the curves of the Gini index and entropy half are very close, both of
which can represent classification error rate approximately [51]. Various classification algorithms were
emerging, but the CART algorithm was the base classifier of many ensemble learning classification
algorithms, and it was the most widely used classification technology.

5. Conclusions

To solve the problems of incomplete expert knowledge and difficult acquisition, this paper
proposed to determine forest site suitability by quantile regression, then constructed a decision tree
of the ID3, C5.0 and CART algorithms, and finally selected the best performing CART algorithm to
construct the model. This system constructed the extractor of afforestation rules based on site quality
evaluation of the potential productivity method, the knowledge discovery method and the decision
tree theory of the machine learning method, taking the Chinese fir and Masson Pine tree species in
Jinping County of Guizhou Province as examples. After validating the stand rules of Chinese fir and
Masson pine, the production representation method was used to construct the relationship model of
the knowledge base. In conclusion, the following are the highlights of the paper:

e  Tree suitability site rules were automatically extracted by decision tree algorithms to solve the
problem of acquiring and updating the knowledge in the expert system.

e  The knowledge of site rules was represented by the production rule method and then applied in
the afforestation expert system.

e  Site quality of potential productivity was quantified by quantile regression.

e  As per the findings, the consistency of the extracted rules and the stand index is more than 70%
for Chinese fir and Masson pine.

Because of the limitations of the data, the consistency of the extracted rules and the stand index
is more than 70%, which means that the expectation has been generally realized. However, the rule
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verification (Table 11) results, due to the insufficient amount of sample plot data suitable for the growth
conditions of Masson pine, rule extraction has lower prediction accuracy and poor stability, and further
research is to improve the prediction accuracy and stability.

It should be pointed out that the decision tree model and rule extractor should be used in the
system to realize the dynamic updating of expert knowledge. The next research goal is to develop the
prototype of the afforestation expert assisted decision support system based online, the main function
of the system is to realize the transformation from data to knowledge, and to provide users with the
auxiliary decision making based on the extracted rule knowledge. Further research can explore the
inference engine algorithm in the expert system, so that the order questions to be asked will be decided
dynamically depending upon the answers of the users. Based on the answers of users, the suitable
afforestation tree species are provided.
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Appendix A
Table Al. Tree suitability site rule table for Chinese fir and Masson Pine in Jinping County, Guizhou Province.
Rule Region DM PD PX PW HB TRMZ TRMC TCHD Tree Speci Tree
Number & e Species Suitability
6 ?;lnl;?;gu NoSlope Sandstone*SandstoneSha*Slate Chinese fir MostSuitable
1856 C]Qlur:;ﬂ\ogu GentleSlope*Incline HSa}iis;;ISrP(;f)leo downhill*MidSlope Low SandstoneSha Yellow Soil Thick Chinese fir MostSuitable
2 ?iur:;?:gu Shale Chinese fir MostSuitable
450 G.u 1zhou AbruptSlope *FlatS.lope HalfsunnySlo downhill*MidSlope*Ridge*valley Slate Thick Chinese fir MostSuitable
Jinping GentleSlope*Incline
Guizhou AbruptSlope*FlatSlope* . 15 ek . . ) .
902 ]i@ping GentleSlope*Incline SunnySlope MidSlope*Ridge*valley Slate Thick Chinese fir MostSuitable
932 C]%lur:;};ogu AbruptSlope*DangerousSlo*SteepSlope MidSlope Low Sandstone*SandstoneSha YellowSoil Thick Chinese fir MostSuitable
1 % *
224 G'u 1zh0u AbruptSlope flatS.lope ShadySlope downhill*MidSlope*Ridge*valley Slate Thick Chinese fir Suitable
]1@p1ng GentleSlope*Incline
903 G.u lz.hou AbruptSlope *FlatS.lope SunnySlope downhill Slate Thick Chinese fir Suitable
Jinping GentleSlope*Incline
i *R1. *
243 ?iunl;?nogu HalfsunnySlo Fl[ajgfinllfvlzllli ?}e Low SandstoneSha Middl*Thin Chinese fir Unsuitable
242 ?lur:;l}:)gu ShadySlope*SunnySlope Fl[it}])firlll(zvillli %}e Low SandstoneSha Middl*Thin Chinese fir Suitable
120 ?iur:;i}:gu downhill*MidSlope Low SandstoneSha MiddI*Thin Chinese fir Suitable
1857 ?lur:;l}::gu GentleSlope*Incline SunnySlope downhill*MidSlope Low SandstoneSha YellowSoil Thick Chinese fir Suitable
933 ?iur:;i}:gu AbruptSlope*DangerousSlo*SteepSlope downhill Low Sandstone*SandstoneSha YellowSoil Thick Chinese fir Unsuitable
929 ?lur:;l};ogu GentleSlope*Incline downhill*MidSlope Low Sandstone YellowSoil Thick Chinese fir Suitable
57 (;’i‘:l‘;i}fg“ Uphill Slate Thick Chinese fir Suitable
117 ?lur:;l};ogu Uphill Low Sandstone*SandstoneSha Thick Chinese fir Unsuitable
i 111* *] 1 *
61 G.u 1zh0u downl}ﬂl FlatLagd MidSlope Low Sandstone*Slate MiddI*Thin Chinese fir Unsuitable
Jinping Ridge*Uphill*valley
465 ?lur:;l};ogu GentleSlope*Incline downhill*MidSlope Low Sandstone*SandstoneSha RedSoil*YellowBrownS Thick Chinese fir Unsuitable
467 (;Jiu;;i}:gu AbruptSlope*DangerousSlo*SteepSlope downhill*MidSlope Low Sandstone*SandstoneSha RedSoil*YellowBrownS Thick Chinese fir Suitable
31 ?:::;E\Ogu dowﬁg;:jﬁ;ﬁﬁﬂvﬁi?ope Medi Sandstone*SandstoneSha*Slate Middl*Thin Chinese fir Unsuitable
119 Guizhou MidSlope Medi Sandstone*SandstoneSha Thick Chinese fir Unsuitable

Jinping
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Table A1. Cont.
Rule Regi DM PD PX PW HB TRMZ TRMC TCHD Tree Speci Tree
Number eglon ree spectes Suitability
118 C]Slunl;ﬂlogu Ridge*Uphill Medi Sandstone*SandstoneSha Thick Chinese fir Suitable
Guizhou . . . . . X .
113 Jinping SteepSlope downhill*MidSlope*Ridge*valley Slate Thick Chinese fir Suitable
20 G.u 1zhou MidSlope*Ridge Thick*Thin ~ Masson Pine ~ MostSuitable
Jinping
8 ?;lnl;?;gu downhill*FlatLand Sandstone*Shale*Slate Masson Pine MostSuitable
12 G.u 1zhou ShadySlope Uphill Shale*Slate Masson Pine  MostSuitable
Jinping
180 ?;lnl;?;gu AbruptSlope*Incline HalfsunnySlo MidSlope*Ridge Shale*Slate Middl Masson Pine MostSuitable
Guizhou
9 Jinping downhill*FlatLand SandstoneSha Masson Pine  Unsuitable
44 G'u 1zh0u NoSlope Shale*Slate Middl Masson Pine Suitable
Jinping
Guizhou . . . " . . .
363 Jinping Incline ShadySlope*SunnySlope MidSlope*Ridge Shale*Slate Middl Masson Pine Unsuitable
362 ?iur:;?:gu AbruptSlope ShadySlope*SunnySlope MidSlope*Ridge Shale*Slate Middl Masson Pine Suitable
21 G.u 1zhou NoSlope Thick*Thin ~ Masson Pine ~ Unsuitable
Jinping
Guizhou . . . .
26 Jinping HalfsunnySlo*SunnySlope Uphill Shale*Slate Middl Masson Pine Suitable
Guizhou . . . . .
91 Jinping GentleSlope*SteepSlope MidSlope*Ridge Shale*Slate Middl Masson Pine  Unsuitable
Guizhou . . . . .
23 Jinping MidSlope*NoSlope*Ridge Sandstone*SandstoneSha Middl Masson Pine Unsuitable
7 G.u lz.hou Uphill Sandstone*SandstoneSha Masson Pine Unsuitable
Jinping
Guizhou . . . .
27 HalfsunnySlo*SunnySlope Uphill Shale*Slate Thick Masson Pine Unsuitable

Jinping
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