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ABSTRACT

Forest site conditions affect the tree growth. In this study, a site index model based on Richard’s
theoretical equation was established using the dynamic monitoring data of forest resources in Lin'an
District in Zhejiang Province, Chinese fir [Cunninghamia lanceolata (Lamb.) Hook.] as the study object,
and a difference equation to determine the internal relationship between site factors and forest stand
growth. The FP-growth algorithm was used to explore the association rules between site and forest
stand growth factors. A total of 175 factor association rules were obtained with the confidence
coefficient and support degree of more than 80% and 10%, respectively. The main factors that
influence the site quality of Chinese fir timber forest in Lin'an District are altitude, slope position, slope
direction, slope gradient, soil type, soil texture, soil layer thickness, humus layer thickness, undergrowth
vegetation species, and undergrowth vegetation coverage. The rules revealed the hidden associations
between site factors and site quality and between site and forest stand growth factors in the Chinese
fir forest. The results can provide a theoretical foundation for follow-up site evaluation work and are

of great practical significance to scientific afforestation and forest management.

INTRODUCTION

In forest management, site quality, which is an important
index for measuring forest growing environment and veg-
etation production potential on one site, is of great impor-
tanceto the growth and harvest of forest gands. Forest sands
with different Site conditionshave different tree growth states,
which affect their final harvests. Site conditions and site
factors, such as dope, sope direction and altitude, influ-
encethetree growth. Selecting correct site factorsand finding
their influencing laws on forest stand growth are of great
practical significance to introduction and cultivation of
trees, matching of specieswith the site, selection of plant-
ing site, and scientific evaluation of the site qualities of
forest stands.

Many studies havereported the association between Ste
factorsand forest tree growth, and the research methods used
are mainly divided into two types. The first method com-
prises grouping and classification of forest stand investiga-
tion data according to different site factors and independ-
ent analysisof differencesinforest tree growth under differ-
ent classifications of each site factor. For instance, Sun &
Jiang (2004) grouped Abies holophylla heights according
to the actual distribution intervals of single site factorsand
compared growth conditions through variance analysis.

Chen (2010) conducted an afforestation test of different Ste
factors by using an orthogonal design and analysed the in-
fluence degrees of dope position, slope gradient, and slope
direction on diameter at breast height (DBH), height, vol-
ume of timber, and biomass of Phoebe zhennan. Li et al.
(2014) conducted a comparative analysis of the unit area
stand volumes of large-scale provincial Chinese fir under
four different site factors: landform, slope direction, slope
gradient and slope position; resultsindicated that landform
and slope position significantly influence Chinese fir stand
volume, whereas slope direction and sope gradient have
insignificant influence. The second method explores the
association between site and forest stand growth factors by
establishing a quantitative model. In this aspect, Xun et al.
(1995) established a multiple regression model of five site
factors with DBH and tree height increment of Larix
kaempferi; they found that altitude, coating thickness, slope
direction, and slope gradient significantly influence forest
stand growth. Wu et al. (2014) utilized principal compo-
nent analysisto determinethe influences of five site condi-
tions, namely, slope direction, slope position, dope gradi-
ent, soil bulk density, and soil organic content, on the
growth of Camellia oleifera Abel. However, research on the
associ ation between site and forest tree growth factorsonly
analysed dtatistical associations between site and growth
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factorsbut did not quantify their importance degreesor elu-
cidate the relationship among site factors. Meanwhile, site
factorsthat influence forest tree growth are usually selected
by experience, while some potential association factorsare
ignored. Thus, research results are quite subjective. Few
works have conducted profound analysis of multisource
mass data on forest resources through a simple statistical
method and experience. Therefore, scholars must develop
an effective method for rapid and automati c in-depth analy-
sis of the association between site and forest stand growth
and reveal their hidden relationshipsto conduct later-stage
evaluation of forest resource data and provide guidance for
forestry development.

Data mining, as an emerging interdisciplinary applica-
tion field, isaprocess of extracting hidden and potentially
useful information and knowledge that isnot known before
from the incomplete, noisy, fuzzy, and random mass data
(Witten & Frank 1999). Since 1993, domestic research and
development ingtitutions and institutions of higher learn-
ing have carried out basic theoretical and application stud-
ieson datamining in succession (Han & Kamber 2012). In
the field of forest resource management and decision mak-
ing, data mining technology hasbeen applied to forest stand
harvesting (Ashraf et a. 2013), forestry remote sensing (Yan
et al. 2015), biomassprediction (Vatsavai 2015), and forest
firesmulation (Cheng & Wang 2008, Pourtaghi et al. 2016).
An important task in data mining is association analysis.
Association rule mining refers to finding certain associa-
tionsor relationships among itemsetsfrom mass data (Wang
et al. 2006). Many types of association rule mining algo-
rithms exist, and the most classic and extensively applied
are Apriori and FP-growth algorithms. The Apriori algo-
rithm is easy to implement, but the database should be fre-
guently scanned and alarge quantity of candidate itemsets
is generated during practical application, resulting in high
time complexity and low agorithm efficiency; thus, this
algorithmisunsuitablefor rule mining of big data. The FP-
growth algorithm can be used for real-time construction of
an undirected itemset graph without needing to frequently
scan the database, 1eading to high mining efficiency.

Chinese fir plays a significant role in timber forests in
Zhejiang Province (Zhou 2001). Within a certain range of
climatic region, the growth of Chinese fir forest stands is
influenced by site environment and their own physiologi-
cal conditions. In this study, the Chinese fir plantation in
Western Zhejiang wastaken asthe study object, and the FP-
growth algorithm was used for association analysis between
the site factors of the Chinese fir plantation and its growth
indices. Results can be used to mine the association rules
between site quality and site factors and between site and
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forest stand growth factors. This study can provide ascien-
tific basis for local site quality evaluation and site model
establishment to promote afforestation, greening, and match-
ing of species with the site. Moreover, sufficiently deter-
mining soil fertility and tree production potential and fa-
cilitating high-yield, high-quality, and high-efficiency de-
velopment of the forestry are of great practical significance.

MATERIALS AND METHODS

Profileof thedata sour ces Lin’an Districtisin thewest of
Hangzhou City in Zhejiang Province, Chinafrom east lon-
gitude 118°51’ to 119°52" and from north latitude 29°56’

to 30°23'. Datawere derived from the dynamic monitoring
dataof forest resourcesinLin’an District from 2008 to 2012,
whichwasthe annual dynamic monitoring system of coun-
ter-level forest resources established based on the planning
and design investigation of forest resourcesin Zhejiang Prov-
ince. The invegtigation factors, taking a small class as a
unit, included basicinformation like stand plot, site factors,
forest stand factors, ownership information, forest manage-
ment measures, plant diseasesand insect pests, and firedis-
aster information. Site factorsincluded landform, altitude,
dope direction, slope position, slope gradient, soil name,
soil texture, soil layer thickness, humuslayer thickness, un-
dergrowth vegetation species, undergrowth vegetation
height, and coverage, whileforest stand factorsincluded for-
ed category, origin, tree species, age, stand DBH, average
tree height, dominant tree height, canopy density, degree of
closeness, unit number of plants, and unit stand volume.

Among thetree species, small-classretesting data of ar-
tificial Chinesefir forest each year between 2008 and 2012
were sel ected, from which two-stage retesting datawere se-
lected to establish the siteindex model, and 2012 datawere
selected to study the association rules between forest stand
growth and site factors. Asthe seedlingswerein the recov-
ery and rooting phase, they truly entered the fast-growing
phasefive yearslater. Meanwhile, therelated literaturein-
dicates that only forest stands with canopy densities ex-
ceeding 0.2 could sufficiently embody theforest tree growth
status (Li et al. 2008). Thus, small-class datawith agesand
canopy densities smaller than five years and 0.2, respec-
tively, were excluded in this study. In addition, datainteg-
rity and consistency were checked, and abnormal datawere
excluded by taking three times the standard deviation as
the criterion. Through data processing, 521 small-class data
were obtained and respectively distributed in 54 villages,
including Linglong Village and Jinxi Village in Lin'an
District. According to the survey data, small-class site and
forest stand growth conditionswere obtained as depicted in
Tables1land 2.
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This study aims to mine potential association rules of
site factors with site quality and forest stand growth. Be-
sidesthe existing sitefactors, anindex that can comprehen-
sively measure site quality is required. In the evaluation
processof the sitequality of oneforest stand, Site class, site-
class index, and site index are the three commonly used
evaluation criteria. Compared with site class and site-class
index, site index has been widely applied because of its
specific mathematical expression and it is not affected by
many artificial interference factors during the modelling
process (Raulier et a. 2003, Dong et a. 2016). Therefore,
siteindex was sel ected asthe index for determining the site
conditionsin this study.

According to retesting data about dominant tree height
and age in the Chinese fir plantation, the algebraic differ-
ence approach (ADA) was used to establish a site index
model of Chinese fir, the site indexes of each small class
were calculated according to the model, the site indexes
were taken assite factorsto be combined with 12 other site
factors, and the FP-growth algorithm was used to analyse
the association rules according to DBH, tree height, and
stand volume of the forest stand growth factors.

Establishment of thesiteindex model: ADA isone of the
common methods used to establish forest stand site indexes,
and its principle is to select a theoretical equation as the
basic equation and select one parameter in the equation as
the element elimination parameter for the difference ele-
ment elimination of the equation to obtain adifference equa-
tion, including two groups of dependent and independent
variables (Guo et al. 2013).

In establishing the site index model, one group repre-
sents the dominant tree height and age of the forest stand at
the time, while the other group represents the benchmark
age and site index, and the concrete expression of differ-
ence equation parametersis obtained through equation fit-
ting. The Richards equation istaken asan example, and the
application method of the difference equation isexplained.
Thedominant tree height of theforest stand inyear t isHT,,
which is substituted into the Richards equation, as shown
inFormulal.

HT, =a(l-exp(-ct,))’ ..(1)

Asthe siteindex equation isfixed, the parameters of the
equation in which thetwo dataare subgtituted are unchanged.
The dominant tree height of the forest stand in year t, is
selected as HT, and substituted into the Richards equation
asshownin Formula2.

HT, =a(l - exp(-ct,))" ..(2)
Parameter ain Formulas1 and 2 isplaced at the left side
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of the equation. Then, the logarithm of thetwo sidesistaken
to obtain the following:

In(HT, /a)=bIn(1 - exp(-ct,)) (3

In(HT, /a)=bIn(l - exp(-ct, )) ..(4)

Formula4 isdivided by Formula 3 to eliminate param-
eter b, and the difference equation isobtained through For-
mulab.

In(1-exp(-ct,))

HT, = a(HT, / a)"¢-o®Ceu) ...(5)

Model fitting and test: To measure the fitting accuracy of
the model scientifically, R-square (R?) and residual sum of
squares (RSS) were used to judge the model fitting accu-
racy. Model fitting data were independent of the test data,
and root-mean-square error (RM SE) and mean absolute er-
ror (MAE) were used to test the model applicability. The
model fitting and test indexes are respectively expressed in
Formulas6to 9.

(2) Coefficient of Correlation, R%

R? =1—i(yi—yi)2/i(yi—y)2 (6)
(2) Residual Sum of Squares, RSS:
RSS =i(yi -9.F (7

(3) Root Mean Square Error, RM SE:

e = (5,3, (1) -®

i=1

(4) Mean Absolute Error, MAE:

13 -
MAE :EZ\yi _yi‘ ..(9)
i1

Intheformulas, y istheactua value of thei (th) depend-
entvariable, V;isthe predicted value of thei (th) dependent
variable, y is the mean value of the actual values of
dependent variables, n isthe number of samples, and p is
number of independent variablesin the model.
Association rule and FP-growth algorithm: Association
rule is a description of association or correlation between
thingsor between relational dataconcentration items. Sup-
port degree and confidence level arethe two measurements
for the association rule to mine the degree of interest.
Definition 1: X and Y aredifferent transactionsintheitem,
where the support degree of rule R : X U Y isasfollows:

count (X u ¥}

Support (R)) = D]

..(10)
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Where, count (X U Y) isthe quantity of itemsinthe X and
Y union and |D| is the quantity of all transactionsin D. The
support degree of rule R, isthe ratio of all transaction sets
containing X and Y smultaneously in the transaction set.

Definition 2: X and Y aredifferent transactionsintheitem,
and the confidence level of rule R,: X=Y isasfollows:

Support(Xu'¥)
Support(X)

Where, Support(X U Y) isthe support degree of the X
and Y union and Support(X) is the support degree of
transaction X. The confidence level of R, isthe probability
of the appearance of transaction Y on the condition that
transaction X is contained.

When the itemset in the transactions satisfies the mini-
mum support degree, it iscalled the frequent itemset. Asso-
ciation rule mining includestwo processes overall, namely,
finding all frequent itemsets and finding their generated
gtrong association rules, wherethe support degree of itemsets
sati sfies minimum support counts and the confidence level
of association rules satisfiesthe minimum confidencelevel.

The FP-growth algorithm, a highly efficient algorithm
improved based on the classical association rule algorithm
(Apriori algorithm), was proposed by afamous scholar, Pro-
fessor Jiawei Han (Han et al. 2004). Thisagorithm uses a
specid prefix tree, called the FP-tree (frequent patterntree),
asthe datastructure for storing candidate setsthat are com-
pressed by alarge margin.

During the establishment process of the FP-tree, transac-
tions should be sorted in a descending order of single sup-
port degrees. They are sorted in alexicographic order when
their support degrees are the same, and each transaction
dataisinput in succession. Considering the branches added
to the input transactions, whether the transaction islocated
inthe common prefix branch of the current FP-tree ischecked.
If it isin the common prefix branch, then 1 isadded to the
support count of this node on the branch; otherwise, a new
node should be established to be added to the child node of
the last node in the prefix branch, 1 isassigned to its sup-
port degree, and then it isrecursively added to the residual
transactions.

The algorithm descriptionisasfollows:

FP-growth (Tree, o)

El) If the tree containsa single path P, then

(2) For each combination (recorded as ) of nodesin
path P,

(3) Generate the pattern, BUo minimum support
degree of nodesin its support degree support = j3;

Confidence (R)) = ..(11)
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(4) Else, for ach ai, at tree head {

(5) Generate a pattern = ai, its support degreeis sup-
port = ai.support

(6) Construct the conditional pattern base of B and the
conditional FPtree of 3, namely, Tree3

(7)If Treep= @, then;

(8) Call P-growth (Treep, B)}

}

Data preprocessing: Before data mining work isformally
implemented, data cleaning and data conversion of the origi-
nal data should be carried out. In this study, data cleaning
refers to eliminating abnormal data and invalid data, and
the precondition for data mining is the normalization
processing of data of different dimensions after cleaning.
The datain this paper not only have qualitative factors, but
also quantitative factors, where the former include multiple
property dimensionsand the latter are continuous data. For
the convenience of association rule data mining work,
qualitative factors are classified while quantitatively
continuous data are discretized, and the classification results
are expressed by English letters and digital subscripts. The
concrete data conversion processisasfollows:

1. Landforms(low mountain and hill) areidentified asA, and
A.

2. The altitude is divided into three groups (10-200 m, 201-
400 m, 401-600 m), which are identified asB,, B,andB,,
respectively.

3. The dope positions (upper, middle, lower, valley, whole)
areidentifiedasC-C,.

4. The dope directions (east, south, west, north, northead,
southeast, northwest, southwest) areidentified asD,—D,.

5. The dope gradients (flat, gentle, inclined, steep, abrupt,
dangerous) areidentified asE —E,.

6. The soil names (red soil, yellow soil) are identified as F,
and F,, respectively.

7. The soil textures (sandy soil, loamy soil, clay) are identi-
fiedas G|, G,,andG,, respectively.

8. The s0il layer thickness values (thick, medium, thin) are
identifiedasH,, H,, and H,, respectively.

9. Thehumuslayer thicknessvalues(thick, medium, thin) are
identifiedasl , I, and |, respectively.

10. The undergrowth vegetation species (grass cluster, shrub,
bush wood, no vegetation) are identified as J -J,, respec-
tively.

The undergrowth vegetation height is divided into two
groups (0-50 cm, 50-85 m), which are identified as K -K.,
respectively.

The undergrowth vegetation coverage rate is divided
into three groups (0%-30%, 31%-60%, 61%-90%), which
areidentified asL,, L, and L, respectively.
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Table 1: Basic site conditions of Chinese fir plantation in Western Zhejiang Province.

soil layer thickness (cm)

Humus layer thickness
Undergrowth vegetation species
Undergrowth vegetation height
Undergrowth vegetation coverage

0-85 cm
0%-90%

Site factors Related values

Landform Low mountains and hills

Altitude (m) 10-570 m

Slope position Upper, middle, lower, valley, whole

Slope direction East, south, west, north, northeast, southeast, northwest, southwest
Slope gradient Flat, gentle, inclined, steep, abrupt, dangerous

Soil name Red soil and yellow soil

Soil texture Sandy soil, loamy soil, clay

Thick, medium, thin
Thick, medium, thin
Grass cluster, shrub, bush wood, no vegetation

Table 2: Basic forest stand growth conditions of Chinese fir plantation in Western Zhejiang Province.

Stand growth factors Numbers Minimum Maximum Average Standard
value value value deviation

Age (t)/a 721 5 38 21.4 9.38
DBH/cm 721 5.9 18.8 15.6 4.87
Tree height/m 721 3.6 17.7 9.8 4.09
Unit stand volume/m? 721 22 164 88.0 49.44
Table 3: Preprocessed forest stand data.

Stand plot number Age DBH Tree height Landform Altitude Slope position
004 P, M, N, A, B, C,

011 P, M, N, A, B, C,

018 P, M, N, A, B, o}

022 P, M, N, A, B, C,

For theforest stand growth factors, the most representa-
tive DBH, tree height and stand volume are sel ected asasso-
ciation rule transactions, and these continuous data go
through discretization processing. According to the range
of collected data, DBH is divided into three groups (5.0-
10.0cm), (10.1-15.0 cm) and (15.1-20.0 cm), which are ex-
pressed by M, M, and M, respectively. The tree height is
divided into five groups(3.0-6.0 m), (6.1-9.0 m), (9.1-12.0
m), (12.1-15.0 m) and (15.1-18.0 m), which are expressed by
N,-N,, respectively. The unit stand volume is divided into
five groups (20.0-50.0 m?), (50.1-80.0 m®), (80.1-110.0 m3),
(110.1-140.0 m®) and (140.1-170.0mq), which are expressed
by O,-O,, respectively.

Forest stand age is also considered. According to the
planning and design survey regulations of forest resources
in Zhejiang Province, the age group of the Chinesefir plan-
tation in Western Zhejiang is divided and expressed by P1-
P5, namely, sapling forest (< 10 years), half-mature forest

(11-20 years), nearly mature forest (21-25 years), mature
forest (25-32 years), and over matureforest (>32 years).

Table 3 shows some preprocessed data according to the
classification, and the datain each row can be understood
asone transaction in the FP-growth algorithm.

In this study, the FP-growth agorithm is first used to
calculate the freguent itemsets and the support degrees.
Then, the association rules between itemsets are obtained
according to the confidence levels.

RESULTS AND ANALYSIS

Siteindex model: Twotheoretica equations (Richardsand
Mitscherlich), which are commonly used to fit the domi-
nant high guide curvesof forest stands, and three empirical
equations (Schumacher, Hyperbola, and Logarithmic hy-
perbolic) aretaken asbasic modelsto construct adifference
equation. The difference equations of the same basic equa-
tionwill vary from free parameters. Interms of atheoretical
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equation, when progressive parameter c is selected as the
free parameter, the difference equationisamulti-shapesin-
gle-asymptote equation. When potential growth parameter
aissdected asthefree parameter, the difference equationis
single-shape variabl e-asymptote equation (Pyo 2017). For
two theoretical growth equations, parameter a isthe maxi-
mum potential growth value of forest treesand parameter ¢
is the forest tree growth rate, both of which should be re-
served, and thus b istaken asthe free parameter. Anempiri-
cal equation takes each parameter as a free parameter for
analysis. According to the above conditions, algebraic dif-
ference conversion is conducted for thetwo theoretical equa-
tions and three empirical equations to respectively obtain
eight difference equations with different forms, and their
concrete expressionsare given in Table 4.

In data fitting, small-class retesting data are selected,
former-stage datain the samesmall classrepresent t and HT,
and next-stage datarepresent T and 9, where T isthe bench-
mark age of Chinesefir, whichistakenas20years, and S is
its site index. According to the 7:3 principle, 365 small-
class retesting data are selected for the fitting of site index
equations, with R? and RSS being the fitting indexes. A
total of 156 groups of data, which are not participating in
the modelling process, are selected for testing, and RMSE
and MAE aretaken asthe testing indexes. The expression,
fitting parameters, fitting indexes and testing indexes of the
model are givenin Table5.

Table 5 showsthefitting and testing results of the eight
difference equations. The fitting effects of the theoretical
equations are superior to those of the empirical equations,
and R? is 0.716 in the Richards equation, which is higher
than those in other equations, and its RSSis the minimum
among the eight equations, indicating that the deviation
between the predicted and measured valuesis small. Inthe
model test, the RMSE and MAE in the Richards equation
are smaller than those in the other models, indicating that
the fitted equation is applicable to the tested data. There-
fore, the Richards difference equation is selected in this
paper to calculate the site indexes of stand plots.

According to the established site index model, the site
indexes of Chinese fir are within 8-18 as transactions for
association analysis. The site conditions of indexes 16 and
18 are defined as good and expressed by Q,, the site condi-
tions of indexes 12 and 14 are moderate and expressed by
Q,, and the site conditions of indexes 8 and 10 are poor and
expressed by Q..

Association rulesand analysis: The FP-growth algorithm
isused for the association rule analysis of preprocessed data.
Accordingtotherelated literature (Agrawal et a. 1993), the
minimum support degree and the minimum confidence level
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are set as 10% and 80%, respectively. The Matlab2011a
software was used for the association analysis between the
site and forest stand growth factors, and 175 association
rulesthat conform tothe conditionsare finally obtained. As
this study aims to mine the association rules between fac-
tors that influence site quality and forest growth, the asso-
ciation ruleswith the high support and confidence degrees,
which take the site indexes and the forest stand factors as
consequent items, are screened and extracted as given in
Table6.

According to the association rulesmining results of sev-
eral high confidence levelsand support degreesin Table 6,
the rules can be grouped into five classes:

Rule class 1. 96.2% of Chinese fir forest stands that are
growing under the site environment with an altitude below
400m (B, B,), yellow soil (F,), alarge soil layer thickness
(H,), and an average tree height of above 15 m (N,) have
good site quality; 95.7% of forest stands under the site en-
vironment with yellow soil (F,), undergrowth vegetation
being shrub (J,), a low slope position (C,), and a gentle
slope (E,) have good site quality; 87.8% of forest standsin
the site environment with low slope position (C,), under-
growth vegetation shrub (J,), large soil layer thickness (H,),
northeast (D,) and northwest (D) slope directions, and a
loamy soil texture (G,) have agood site quality; 86.4% of
forest stands (L, L) under the site environment with the
undergrowth vegetation being shrub and grass cluster (J,
J), a vegetation coverage rate of 31%-90%, and a large
humus layer thickness (I,) have good site quality.

Rule class 2: 82.1% of Chinese fir forest stands under an
upper sope (C)) and gentle slope (E,) and agrassclusgter (J)
or shrub (J,) asthe undergrowth vegetation have moderate
site conditions; 85.8% of forest stands under the environ-
ment with red soil (F,), medium soil layer thickness (H,),
medium humus layer thickness (1), undergrowth vegeta-
tion of shrub, and undergrowth vegetation coverage rate of
31%-60% (L) have moderate site quality.

Rule class 3: 97.8% of forest stands under the site environ-
ment with 400-600 m altitude (B,), upper slope (C)), hilly
land (A,), and small soil layer thickness (H,) have poor site
quality; 98.2% of forest stands under the site environment
withasmall soil layer thickness(H,), upper slope(C,), south
slope (D,), and inclined slope (E,) have poor site quality;
94.5% of forest standswith no undergrowth vegetation (J,),
avegetation coverage rate smaller than 30% (L ,), a sandy
soil texture (G,), and asmall humuslayer thickness(l,) have
poor site quality.

Rule class 4. 89.6% of forest stands growing on lower (C)

gentle (E,) dopewithtreeheightswithin (12.1-15.0m) (N,)
havetheir DBHswithin (15.1-20.0 cm) (M,); 87.6% of those
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Basic equations Formulas Free Difference equations Difference equations
parameter Number
. . In(1-exp(—ct,))
Richards HT = a(1-exp(-ct)) b HT, = a(HT, / a) "o 1
Mitscherlich HT =a(l-bexp(-ct)) b HT, =exp(ct, —ct,)(HT,—a)+a 2
Schumacher HT =aexp(-b/t) a HT, = HT,exp(b/t, —b/t,) 3
b HT, =a(HT,/a)""" 4
Hyperbola HT =a+b/t a HT, =b(l/t, -1/t) + HT, >
b HT,=t,(HT,-a)/t,+a 6
Logarithmic lg(HT) =a+b/t a HT, =10/ 7
hyperbolic b HT, =10:(aHm-a)/t+a 8
Table 5: Statistics of parameters of site index equations and fitting and testing indexes.
Difference Parameters values Fitting indexes Testing indexes
equations
number a b c R? RSS RMSE MAE
1 12.941 - 0.141 0.716 459.646 1.429 1.217
2 13.055 - 0.125 0.713 453.217 1.488 1.307
3 - 6.416 - 0.553 1272.419 1.874 1.497
4 15.888 - - 0.681 667.168 1.577 1.333
5 - -61.364 - 0.599 1037.782 1.763 1.433
6 14.899 - - 0.699 603.352 1.546 1.289
7 - -2.786 - 0.553 1272.419 1.877 1.499
8 1.201 - - 0.681 667.168 1.543 1.311

growing on upper (C,) inclined (E,) Slope have their DBHs
within (5.0-10.0 cm) (M,); 92.3% of forest stands with a
thick humuslayer (1,), gentle slope (E,), and good site quality
havetheir tree heightsat supreme grade, within 15.1-18.0m
(N,); 86.6% of half-mature Chinese fir forest trees located
on low mountain (A,) with amiddle slope (C,) have their
DBHswithin 10.1-15 cm (M,), and 83.1% of those | ocated
on hill (A,) with middle (C,) inclined (E,) Slope have their
DBHswithin5-10cm (M,); 92.8% of half-mature (P,) forest
stands with good site quality with red (F,) loamy (G,) soil
havetheir unit stand volumeswithin (50-80 m®) (O,). Under
the same good site conditions, 90.2% of the half-mature
forest sandson red loamy soil have their unit stand volumes
within (80.1-110 m?®) (O,).

Rule class 5: 94.9% of the forest stands with a thin humus
layer (1,), medium soil layer thickness (H,), and DBH within
5-10cm (M) aresapling forests, 89.6% of the forest stands
with amedium humuslayer thickness(l,), medium soil layer
thickness (H,), and vegetation coverage rate within 31%-
60% are half-mature forests; 92.1% of those with thick hu-
mus layer (1), ashrub undergrowth vegetation (J,), astand
volume within 80-140 m*(O,,0,) and avegetation coverage
rate within 61%-90% (L ,) are nearly mature forests; 99.8%

of those with agrass cluster undergrowth vegetation (J)) or
no vegetation (J,) and a vegetation coverage rate below
30% belong to mature forests.

According to rule classes (1)-(3), the site factors that
influence the site quality of Chinese fir timber forest in
Western Zhejiang are altitude, dope position, slope direc-
tion, slope gradient, soil type, soil texture, soil layer thick-
ness, humus layer thickness, undergrowth vegetation spe-
cies, and undergrowth vegetation coverage. Theinfluences
of landform and undergrowth vegetation height on sitequal -
ity are not significantly embodied. The analysis of thethree
rule classesindicatesthe following: i) Site quality declines
with the altitude because atitude affects the temperature
and humidity of forest stand growth (Guo et al. 2013), and
thegeneral law isthat asthe altitude increases, thetempera-
ture decreases progressively, and humidity increases. The
differencesin altitude and temperaturein Lin’ an region are
large, and the region with a high altitude has |ow tempera-
ture, which is not conducive for the growth of the Chinese
fir forest. ii) Slope position, direction, and gradient have a
certain bearing on forest stand site quality, and the rule
resultsindicate that the higher the sl ope position, the steeper
the dlope and the poorer the forest stand site quality be-
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Table 6: Partial association rules by the FP-growth algorithm.

ChenDong et al.

No. Association rules Support degrees % Confidence degrees %
1 B,.B,.F,H, N~Q, 25.3 96.2
2 B,.C,A,H,~Q, 20.0 97.8
3 C,E,J3,3-Q, 15.7 82.1
4 Hy,C,.D,.E,~Q, 22.3 98.2
5 F,,C, E,-Q, 21.2 95.7
6 FoH,ld,L,—Q, 10.0 85.8
7 C,J, H,, D,D,G,~Q, 22.4 87.8
8 E,C,N,—»M, 31.4 89.6
9 1LE.Q-N, 28.7 92.3
10 Iy 3, L,0,0,-P, 27.1 92.1
11 Il =P, 18.0 99.8
12 A,C,E.P,>M, 17.4 86.6
13 A,C,E,P,>M, 21.1 83.1
14 Q,G,F,P,—0, 17.7 92.8
15 Q,G,F,P,—0, 33.1 90.2
16 I, HuM, P, 17.7 94.9
17 I, HyL,—P, 13.8 89.6
18 J,L,L, 1 -0, 17.6 86.4
19 3oL, Gl ~Q, 30.1 94.5
20 E,C,>M, 22.2 87.6

cause slope gradient and dope position have influences on
microclimatein forest stands. A high slopeisusually wind-
ward, and the steeper the dope, the thinner the soil layer,
and according to physiological featuresof Chinesefir, wind-
ward plantation isnot good for itsgrowth (Song 2008). The
rulesalso indicate that the Chinesefir trees growing on the
northeast and northwest dlopeshave better quality than those
growing on south slope, thusverifying the benefit of grow-
ing them on shady and half-shady slopes. iii) Sitequality is
directly proportional to soil layer thicknessand humuslayer
thickness. The study indicates that the fast-growing period
of Chinesefir forest gandswith loose and wet soil and large
thickness usually has a long duration (Chi 1996). The
amount of nutrients, such as nitrogen, phosphorus, and po-
tassium, in soil and humidity will increase with increasing
soil layer thickness; that is, the thicker the soil layer is, the
lower the soil erosion degreewill be (Monserud & Marshall
2001). Humuslayer canimprove soil gructure and fertility,
that is, the thicker the humus layer is, the higher the soil
fertility and the more sufficient its ability to supply nutri-
entsto aboveground plantswill be. Meanwhile, loamy soil
structure is more suitable for the growth of the Chinese fir
forest than the sandy soil structure, and thislaw isalso em-
bodied in the association rules. iv) Forest stand site quality
also has a strong association with undergrowth vegetation.
The main undergrowth vegetation in the Chinese fir planta-
tionin Western Zhejiang isgrass cluster and shrubs among
the undergrowth vegetation factors, and the higher the veg-
etation coverage, the higher the site quality because the
increase of undergrowth vegetation contributesto water and

soil conservation and improves soil permeability and nutri-
ent storage ability, thusimproving the ability of maintain-
ing soil fertility, and this law has been proved in the re-
search resultsof Akpo (1997), Caccia& Ballaré (1998), He
& Fu (2002).

Rule class (4) isthe embodiment of the influence of site
factors on forest stand growth. Study results indicate that
forest stands with a thick humuslayer have high treeswith
a favourable growth status; low mountain, middie dope
and lower slope are more suitable for the DBH growth of
Chinese fir than hill, inclined dope and upper slope, re-
spectively, thus indirectly reflecting the influences of hu-
mus layer, landform and dlope position on forest stand
growth environment. Under the same site conditions, more
stand volume can be obtained by planting Chinese fir un-
der yellow soil than red soil, and this study result isconsist-
ent with the study result of Song (2008) on the growth envi-
ronment of Chinesefir. Rule (4) isanother expression of the
first three rules and an embodiment of site quality inforest
stand growth.

Rule class (5) indicates that some forest stands also
present a seriesof change lawswith stand age and is specifi-
cally manifested by two factors like vegetation coverage
and humus layer thickness. In the sapling forest phase, the
undergrowth vegetation coverage is low with arelatively
scarce undergrowth biomass and thin humuslayer. Theveg-
etation coverage increases with the stand age. The main
vegetation in the half-mature forest phase is shrub, accom-
panied by increasing withered products and increasing hu-
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mus layer thickness. Undergrowth vegetation coverage and
humus layer thickness reach their maximum values in the
nearly mature forest phase. When forest stands gradually
become mature, leaf canopies are closed, shrub and herbs
gradually start disappearing, and undergrowth vegetation
coverage declines, while the productivity of vegetation
declines, and this result is consistent with study result of
Alaback (1984) on the dynamic evolution laws of under-
growth vegetation.

CONCLUSIONS

Mining potential rules and patterns from mass data are the
basic problem in datamining at present. Chinesefir timber
forest wastaken asthe study object, and dynamic monitor-
ing of the data of forest resources in Lin'an of Zhejiang
Province was performed. The difference equation method
was used to establishasiteindex model of Chinese fir plan-
tation, on which the FP-Growth algorithm was used to con-
duct an analysis of association rules between the site and
growth factorsof Chinesefir forest stands, which reveal the
causal relationships between different factors. The study
results indicate the following:

1. Among the eight difference equations, the site index
model (SI=12.941x(Ht /12.171)In(1-exp(-0.141x20))/
In(1-exp(-0.141t))) of the difference equation based on
Richardstheoretical growth model hasthe highest per-
formance in predicting fitting indexes and testing in-
dexes, and thisisclosely related to the fact that Richards
equation has afavourable biological significance (Guo
etal. 2013).

2. Withinacertain rangeof climatic region, the site condi-
tions of Chinese fir are mainly influenced by altitude,
dope position, slope direction, sope gradient, soil type,
soil texture, soil layer thickness, humus layer thickness,
undergrowth vegetation species and undergrowth veg-
etation coverage. Therulesand anaysisindicate that the
zone with low altitude, shady slope or half-shady dope
and gentle dlope should be selected for Chinesefir affor-
edation. When the atitude is high, the temperate zone
should be sel ected for plantati on; and to mai ntain asupe-
rior forest stand site environment, a certain biological
diversity and vegetation coverage should be kept for the
undergrowth vegetation of forest stands, in addition to
artificial fertilization, weeding and other measuresfor the
forest land. Landform is the main factor that influences
site quality under general circumstances. However,
landform influence is only embodied on low mountains
and hills due to the limited study data in this paper; as
such, the influences of the middle and high mountains
on Chinesefir forest growth cannot be compared.
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3. The rules indicate that Chinese fir height growth is
greatly influenced by humuslayer thickness, while DBH
growth isgreatly influenced by landform and slope po-
sition. Thus, Chinese fir should be planted in the zone
with low hill and middle-lower slope positionsto culti-
vateforest trees with medium and high diameters. Asfor
soil selection, yellow soil isa better choice than red soil,
and trees should be planted in thick and fertile soil to
increase the harvest yield of forest stands.

4. Themain undergrowth vegetationisshrub. The vegeta-
tion coverage first presents an increasing and then de-
creasing change law with the age of the forest stands. In
China's man-made forest system, simple forest stand
structure, high density and undeveloped undergrowth
vegetation are common. The association rulesindicate
that undergrowth vegetation diversity can increase hu-
mus layer thickness and improve forest stand site qual-
ity to promote forest tree growth. Therefore, therichness
and diversity of the undergrowth habitat can be prop-
erly improved according to the changed laws of under-
growth vegetation. The development of undergrowth
vegetation can be facilitated through proper forest cul-
turing and management measures.

Moreover, the study results reveal a certain auxiliary
effect on the site quality model with various site factors as
independent variables. The sitefactorsin the past site qual -
ity model were usually decided by subjective factorswitha
small application range. The mutually dependent relations
between site factors were analysed and evaluated through
the data mining technology to objectively extract factors
related to site quality. The model established using the ex-
tracted site factors has great scientific application and prac-
ticability.

The FP-growth algorithm was used in forest stand site
selection and forest stand growth to find and extract objec-
tive laws hidden behind data, and the matching of species
with the site was realized according to the rules. Associa-
tion rules can not only be applied to the mining of forest
stand growth data but can also be promoted and applied to
the studies on multifunctional forest management and for-
est resources-rel ated decision making, thus providing aref-
erence for the accurate management of forest resources to
facilitate the stable and diversified development of the en-
tire man-made forest ecosystem.
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