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ABSTRACT: Biological diversity is the basis for a wide array of goods and services provided by forests. The variety of for-
est trees and shrubs plays a vital role in the daily life of forest communities. The purpose of this study is to investigate the
possibility of modelling the diversity of tree species by characteristics of topography, soil and climate, using data mining
algorithms k-NN, RF and SVM in Dr. Bahramnia forestry plan in the north of Iran. Based on the basal area factor for each
species in a total of 518 sample plots, diversity indices such as species richness, evenness and heterogeneity were calculated
for each plot. Topographic maps of primary and secondary properties were prepared using the digital elevation model.
Categories of the soil and climate maps database of Dr. Bahramnia forestry plan were extracted. Modelling rates of tree and
shrub species diversity using data mining algorithms, with 80% of the sampling plots were taken. Assessment of the model
accuracy, using 20% of samples and evaluation criteria, was conducted. Results showed that topographic features, especially
elevation, had the highest impact on the species diversity index. The modelling results also showed that Camargo evenness
index had lowest root mean square error (RMSE) (0.14) and RMSE% (24.35), compared to other indicators of diversity. In
addition, the results of the comparison between the algorithms showed that the random forest algorithms were more ac-

curate in modelling the diversity.
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Diversity or taxonomy is the middle level of hier-  al. 2010). When comparing two different popula-

archical biodiversity classification and its purpose
is to assess the diversity of plant and animal spe-
cies within certain areas (VAN DER MAAREL 2005).
The main concern is to compare taxonomic groups
in different geographical areas. Diversity is a sig-
nificant part of biodiversity and can be divided into
two categories: the first is richness and the second
is evenness (LUDWING, REYNOLDS 1988; MAGU-
RAN 1996; KrREBS 1999). Richness is one of the ba-
sic indicators for measuring diversity in terms of
the region and it has a direct, scientific effect on
diversity, meaning that the higher the number of
species, the higher the diversity. On the other hand,
evenness is an indicator that shows the distribution
of trees in different classes of species (EJTEHADI et

tions that have the same richness, the population
that has higher evenness has higher diversity. On
the contrary, when comparing two different pop-
ulations that have the same evenness but not the
same richness, the population with higher rich-
ness has higher diversity. In places where these two
components (richness and evenness) are different,
identifying areas with higher diversity becomes a
difficult task. In order to solve this problem, non-
parametric methods are used through the combi-
nation of richness and evenness components (AR-
DESTANI et al. 2010).

Forest diversity in the northern part of Iran is
one of the richest forest ecosystems of the temper-
ate forests. In order to achieve sustainable devel-
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opment, further study of ecological and environ-
mental factors which affect this ecosystem and
the diversity of this forest is crucial (FALLAHCHAY,
MARVIE MOHAJER 2005; MARVIE MOHAJER 2006).
Some of the ecological factors which can affect
biodiversity are elevation, aspect, slope, climate,
and human activities (EJTEHADI et al. 2010). So far
there are different kinds of studies that have been
conducted in different territories, trying to pre-
dict or investigate diversity distribution related to
topographic factors (POURBABAEE 1998; MARVIE
MOHAJER 2005; GRACIA et al. 2007; [ISMAILZADEH,
HosseINI 2007; GHANBARI 2008; SAATCHI et al.
2008; Kymast 2012), edaphic (QOMIOGHLI et al.
2006; EJTEHADI et al. 2010; Kymasi 2012) and cli-
matic factors (MEHDINYA et al. 2006; PARMENTIER
2011; GixHARI et al. 2012). One of the main pur-
poses of modelling research is to clarify the most
appropriate method, regarding the spatial predic-
tion of forest characteristics, based on sampling
methods (KINT et al. 2003).

Spatial analyses belong among the non-classical
methods for data processing in order to estimate
the information on unmeasured areas (WHITTAKER
1977). The principle of these models is based on the
hypothesis that environmental factors can control
the spatial distribution of plants (GHANBARI et al.
2011). Different kinds of models such as remote

‘a = .

sensing techniques, geostatistics, generalized linear
regression, neural networks, nearest neighbours,
decision trees and their variants, for example ran-
dom forest, have been used to predict the biological
characteristics of forests. According to FRANKLIN
(1998) and SHATAEE et al. (2012), nearest neigh-
bours, support vector machine and random forest,
which can do both classification and regression, are
the most common algorithms among data mining
algorithms. Many researchers used these algorithms
to model the quantity of forest characteristics (Is-
MAIL, MUTANGO 2010; O’SULLIVAN et al. 2010;
PARMENTIER 2011; YAZDANI 2011; SHATAEE et al.
2012). Moreover, the advantages of non-parametric
algorithms rely on the fact that they are not sensitive
to a high number of independent variables as inputs
for modelling.

The objective of this study is to investigate the pos-
sibility of modelling the spatial distribution of tree
diversity using topographic, edaphic and climatic
factors through three different types of algorithms.

MATERIAL AND METHODS

Study area. The study area is located in the south-
west from Gorgan city in Golestan province in Iran
(36°43'-36°46'N, 54°21'-54°24'E). The total area is
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Fig. 1. Location of plots in Dr. Bahramnia’s forestry district, Golestan province, northern Iran
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Table 1. Primary topographic attributes that were computed by terrain analysis from digital elevation model data in
this study (BEVEN, KIRKBY 1979; MOORE et al. 1993; WiLsON, GALLANT 2000)

Characteristic Definition Importance
Altitude elevation vegetation, climate conditions, solar energy
. flow rate, precipitation, vegetation,
Slope gradient precipitat B
flow velocity, soil conditions
. evapotranspiration, species distribution
Aspect slope azimuth P P P

used to estimate saturation

Specific catchment area
excess overland flow

Profile curvature slope profile curvature

Tangential curvature plan curvature multiplied by slope

Plan curvature contour curvature

(fauna and flora), solar energy

runoff volume and rate, soil characteristics,
water viscosity, geomorphological conditions

runoff acceleration, erosion/deposition percentage,
geomorphological conditions

an alternative measure of local
flow conditions and divergence

soil and water content, soil characteristics

1,714 ha (Fig. 1). The elevation of the study area
ranges from 220 to 1,012 m a.s.L. and the slope range
is between 0 and 80% and the soil type is brown and
grey-brown. The average precipitation is 649 mm.

In regard to the aspect, 45% of the total area is
facing the west, 42% the north, 10% the east and 3%
the south. Concerning the forest type, the majority
of the area is covered by Carpinus-Zelkova. There
were also other types of forest such as: Zelkova-
Carpinus, Fagus-Carpinus and Fagus.

Ground Data. To calculate the diversity indica-
tors, we used the information on measured trees
from 518 permanently visible sample plots with
a radius of 17.5 m that were used in a systematic
network of 150 x 200 m grids. The geographic po-
sition of plot centres and forest attributes such as
diameter, height, crown diameter, name of species
and tree health status were recorded on inventory
forms. We included all trees with diameters greater
than 10 cm for measuring the diversity indicators.
Based on the basal area factor for each species in
each plot, we were able to extract and calculate the
amount of diversity indicators using the ecological
methodology software by KrREBS (1999).

We then constructed a digital elevation model —
DEM (cell size = 30 m) for the study area using the
topographic map (1:25000 scale and with 10 m con-
tour interval). To check the DEM quality, we first
used the hillshade tool to create a shaded relief
from DEM, by considering the illumination source
angle and shadows in order to be able to visually
identify large errors (noise and sudden change in
values). Then, we used the contour tool to recreate
the contours from DEM (15 m contour interval),
and finally we compared the original contours with
new contours which came from interpolation.

Using a variety of software such as ArcGIS (Ver-
sion 9.3, 2008) and TAS (Version 1.0, 2003), we
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used DEM to construct primary and secondary
topographic characteristic maps (Tables 1 and 2).
Climatic maps such as: average annual precipita-
tion (Eq. 1), average annual temperature (Eq. 2)
and average annual evaporation (Eq. 3) were made
using DEM in ArcGIS software and the formula for
the Ghare Sou area based on information of met-
rological stations for our study area during two de-
cades (BYROODYAN 1990):

282X%— 285,000X + 18.107
T X%-1,000X + 45.10*

(1)

where:
Y — average annual precipitation (mm),
X — elevation.

T =-0.006X + 17.75

where:
T — average annual temperature (°C).

ETP =651 - 0.092X

where:
ETP - average annual evaporation (mm).

The zonal statistics algorithm was used for ex-
tracting the suborder soil factor from KARDGAR
(2012) and other layers such as topographic and cli-
matic factors using a buffer layer around the centre
of the plots (17.5 m radius).

Diversity indicators. There are two different
methods for measuring diversity: (/) numerical in-
dicators, (if) non-numerical or parametrical indi-
cators. Numerical indicators present one number
as a result. These types of indicators using richness
component or evenness component or both togeth-
er, can be divided into three categories: (i) richness
indicators, (i) evenness indicators, (iii) heteroge-
neity indicators. In this study we choose five dif-
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Table 2. Secondary topographic attributes that were computed by terrain analysis from digital elevation model data
in this study (BEVEN, KIRKBY 1979; MOORE et al. 1993; WiLSON, GALLANT 2000)

Characteristics Definition

Importance

SPI= A tanp,

where:

A - specific catchment area,
B — local slope angle.

It is a measure of erosive power of flowing
water, predicts tangential concavity and net
deposition in areas of profile concavity and

net erosion in areas of profile convexity.

Ls= M+ 1) (2)" (Sob )’

Stream power 2213/ \0.089%

oo where:
indices (SPI) LS - length-slope factor, It is the Revised Universal Soil Loss
M =0, ' Equation in certain circumstances,
A — specific catchment area (m>m-!), predicts locations of net erosion
ms = 0.4, and net deposition areas.
B (%) - slope gradient,
n =1.3.
In
tanb For steady-state flow conditions,
Topographic  where: it describes the spatial distribution

wetness index g — local upslope area draining through
a certain point per unit contour length,

b — local slope in radians.

of the saturation zone for runoff generation,
soil transition, slope gradient.

Re=(1-0)R +0(e. T —e TP
where:

R, - estimated net radiation (W-m™2),
a - albedo (dimensionless),

R' — incoming short wave solar radiation (W-m™2),
o - Stefan-Boltzmann constant (5.67 x 1078 W.m~2°K%),
— atmospheric emissivity (dimensionless),

determined according to equation g = ¢(e, /T,)1/7

Radiation €,
indices
(BRUTSAERT 1975),
¢ - empirical coefficient,
e, —air vapor pressure (kPa),
T, — air temperature (°K),
e — surface emissivity (dimensionless),
T, - surface temperature (°K).

The three main terms account
for direct-beam, diffuse, and reflected
irradiance. A variety of methods are used
by different authors to calculate these
individual components. The methods vary
tremendously in terms of sophistication,
input data, and accuracy.

ferent kinds of indicators for measuring diversity
based on previous research, study of changing the
tree and shrub diversity in different environmental
conditions which was conducted by ABDOLLAH-
NEJAD and SHATAEE (2014).

(1) Richness indicators. These indicators are the
simplest and oldest method for measuring the diver-
sity and they are based on the number of species (s)
and total number of individuals in the sample (N),
one of these indicators is so called Menhinick’s in-
dex - D,, (WHITTAKER 1977), as Eq. 4:

s
DMn \/N (4)
(2) Evenness indicators. For evenness indicators
we used two different types of index:
(f) Camargo index (E'). Richness and scarce species
cannot influence the Camargo index (CAMARGO
1992), as Eq. 5:
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: S o8 [|Pi- P
E:l—(ziﬂz:”l[—s ’]) 5)

where:

P, — number of i species,

P - number of j species,

S - total number of species.

(i) Smith and Wilson index (E, ). This index, su-
ggested by SMITH and BAsTow WiLsoN (1996),
is based on the variance of species frequency, as

Eq. 6:

2

Evar =1- 6
T arctan {Zfz 1 (log, (1) - Zf: 1 loge(n,»)/S)2 /S} ©)

where:

n, — number of i species,

n; — number of j species,

S - total number of species in all the samples.
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(3) Heterogeneity indicators.
(/) Shannon-Wiener index (H'). This index is the
most common index and it can be calculated
using SHANNON and WEAVER (1949), as Eq. 7:

H=-) PinP==) (P)log,P) @)

where:

P, — percentage of i species,

s — number of species.

(i) Simpson index (D). This is the most popular and
the first non-parametric index for diversity and it
is more sensitive to evenness than to richness. It
can be calculated using SIMPSON (1949), as Eq. 8:

2
1—D:1—Zi21Pi )
where:
P, — percentage of i species,
s — number of species.

Calculation of diversity indicators. For each
plot, we calculated the cross-sectional area of each
tree using the diameter, and then according to the
tree species we were able to calculate the total basal
area of each species in a sample plot using the eco-
logical methodology software by KREBS (1999).

Applied algorithms. The prediction of tree di-
versity was based on 80% of the samples (414 plots)
with different independent variables, such as to-
pography, climate, edaphic factors and several dif-
ferent combinations of these variables.

Three different kinds of data mining algorithms
were used to predict the diversity of tree species
in the whole study area (all measured plots), and
for our calculations we used the Statistica software
(Version 7.0.61, 2006).

k-Nearest Neighbour (k-NN) is the most common
algorithm based on training samples. The hypothesis
of this algorithm is that all the samples are located in
a space with # dimensions and it specifies the neigh-
bours, based on the standard Euclidean distance.

The meaning of k is the number of nearest neigh-
bours. In order to find the optimal number of k, we
used the cross-validation method with k ranging
from 1 to 50. To measuring the metric distance be-
tween the known (neighbour plots) and unknown
plots (estimated plots using neighbours data), we
used weighted Euclidean distance as the most ap-
propriate option, providing comparison with other
options that the software has.

Another algorithm that we used for estimating
the diversity of species was Random Forest (RF)
algorithm. To apply RF algorithm, we used 400 de-
cision trees and we considered 5 as the minimum
and 100 as the maximum number of nodes for each
decision tree.

The final algorithm that we used was the so-called
Support Vector Machine (SVM). The option that
we used considers two kernel functions where one
is the so-called type-1 regression and the other is
the Radial Basis Function (RBF). Moreover, for im-
proving the accuracy of the model prediction, we
used the cross-validation method (YAzDANT 2011;
SHATAEE et al. 2012).

Assessing the accuracy of modelling. The pur-
pose of this assessment was mainly to investigate
the ability of the models that we used for estimat-
ing diversity using training samples. We used rela-
tive root mean square error (RMSE), RMSE%, BIAS
and BIAS% in order to evaluate the accuracy of the
algorithm results.

RESULTS

The results of the inventory plots showed that the
majority of the populations comprised 8 different
species. In addition, the number of species as de-
scribed in Table 3 had a high variance between the
plots. As an example, based on inventory data we
observed that in some plots there was only one spe-

Table 3. Statistical table displays the species distribution based on inventory data

Cross section area (cm?) Species
Species Basal a;rea Frequency  occurrence
minimum maximum average (em?) by plot
Fagus orientalis Lipsky 78.50 18,859.62 2,514.16 3,539,937.87 1,408 243
Carpinus betulus Linnaeus 78.50 20,096 1,568.18 5,087,192.50 3,244 440
Quercus castaneifolia C.A. Meyer 78.50 9,498.5 689.99 234,597.25 340 38
Alnus subcordata C.A. Meyer 78.50 18,859.62 795.95 506,226.87 636 102
Acer velutinum Boissier 176.60 1,256 330.35 11,892.75 733 247
Zelkova carpinifolia (von Pallas) C. Koch 78.50 5,671.62 330.20 200,430.12 36 6
Diospyros lotus Linnaeus 78.50 5,671.62 330.20 200,430.12 607 194
Parrotia persica (de Candolle) C.A. Meyer 78.50 13,266.50 703.41 3,014,812.12 4,286 426
Other species 176.62 3,316.62 488.11 83,955.75 172 34
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Table 4. Results of the application of data mining algorithm in a case study (richness-evenness indicators)

Index
igfigi?jem Algorithms Menbhinick’s Camargo Smith and Wilson

RMSE RMSE% BIAS BIAS% RMSE RMSE% BIAS BIAS% RMSE RMSE% BIAS BIAS%
k-NN 0.24 31.12 -0.18 -23.72 0.24 43.05 -0.10 -175 0.30 68.73 -0.205 -45.53

Topography SVM 0.26 3319 -0.11 -1343 0.24 4245 -0.11 -19.63 0.28 64.42 -0.205 -49.7
RF 0.25 31.12 -0.16 -20.3 0.14 2435 -0.13 -23.63 0.24 518 -0.16 -35.88
k-NN 0.38 4799 -0.06 -693 0.37 6519 -029 -81.25 047 90.18 -0.207 -139.50
Soil SVM 0.30 37.92 -0.18 -24.02 0.24 4322 -0.14 -26.53 0.31 7230 -0.205 -41.55
RF 0.25 32.37 -0.17 -21.018 0.23 39.13 -0.13 -23.86 0.27 60.03 -0.14 -30.53
k-NN 0.25 3199 -0.17 -21.3 0.24 42,65 -0.11 -1990 030 70.62 -0.205 -46.21
Climate SVM 0.25 31.74 -0.18 -23.59 0.24 4282 -0.11 -1859 0.28 64.81 -0.205 -49.46
RF 0.26 3290 -0.17 -21.76 0.17 30.01 -0.12 -21.77 0.28 59.50 -0.164 -34.88
k-NN 0.24 30.63 -0.18 -23.59 0.24 43.06 -0.10 -1819 0.27 63.32 -0.205 -45.53
All variables SVM 0.27 3392 -0.11 -1243 0.25 44.09 -0.11 -20.30 0.30 69.11 -0.205 -47.81
RF 0.28 34.33 -0.21 -26.85 0.16 24.74 -0.13 -23.65 0.26 54.67 -0.16 -35.46
10 affectin k-NN 0.24 3096  0.17 -21.67 0.24 4289 -0.10 -18.04 0.28 65.82 -0.205 -44.60
lavers & SVM 0.27 3429 -0.11 -12.51 0.24 4253 -0.11 -19.47 0.30 68.75 -0.205 -47.99
¥ RF 0.26 3328 -0.01 -22.19 0.15 26.32 -0.14 -24.15 0.25 54.12 -0.162 -34.25

k-NN — k-Nearest Neighbour algorithm, SVM — Support Vector Machine algorithm, RF — Random Forest algorithm,

RMSE - root mean square error

cies (low richness) while in other plots we found up
to seven different species (high richness).

Using different combinations of independent
variables: (i) topographic, (ii) edaphic, (iii) climatic
ones, we created continuous maps for the whole
study area where the results of accuracy evaluation
by using 20% of the plots (testing plots) showed that
the RF algorithm had the highest accuracy ~99%

of indicators, compared to the other two algo-
rithms. More specifically, the results of RF showed
RMSE% = 24.35 for Camargo index, RMSE% =
51.81 for Smith and Wilson index, RMSE% = 34.02
for Simpson index and finally RMSE% = 34.69 for
Shannon-Wiener index. Menhinick’s index had the
highest accuracy using the k-NN algorithm with
RMSE% = 30.63 (Tables 4 and 5).

Table 5. Results of the application of data mining algorithm in a case study (heterogeneity indicators)

Index
igf;lﬁgjem Algorithms Shannon-Wiener Simpson

RMSE  RMSE%  BIAS  BIAS% RMSE RMSE%  BIAS  BIAS%

k-NN 0.52 45.84 ~0.904  -78.11 0.20 46.45 ~007  -157
Topography ~ SVM 0.51 45.17 ~0.904  —-80.99 0.19 44.84 ~0.09  -20.69
RE 0.46 38.07 —0.89  -77.14 0.17 37.05 ~0.11 ~25.66

k-NN 1.27 90.01 ~0.904 -237.78 0.41 93.67 —032  -217
Soil SVM 0.56 49.57 ~0.904  -73.42 0.21 49.23 ~0.14  -35.65
RE 0.49 41 —0.88  -73.62 0.19 40.30 —0.12  -2673
k-NN 0.52 46.21 ~0.909  -79.95 0.19 43.77 ~0.085  -18.47
Climate SVM 0.50 44.57 ~0.907  -76.50 0.19 84.43 ~0.09  -20.92
RE 0.44 36.54 ~0.89  -74.83 0.17 36.28 ~0.10  -23.26
k-NN 0.51 45.06 ~0.904 7790 0.19 44.64 ~0.08  -17.24
Allvariables  SVM 0.52 46.25 ~0.905  -82.57 0.21 47.28 ~0.13  -3237
RE 0.43 34.69 ~0.902  -80.28 0.16 34.02 ~0.13  -15.42
’ k-NN 0.50 44.09 ~0.904  -78.31 0.20 44.96 —0.07  -15.42
lla(;:f“mg SVM 0.51 44.95 ~0.904  -81.11 0.20 46.91 ~0.14  -35.86
RE 0.48 39.17 ~0.900 -77.76 0.17 37.44 ~0.12  -26.69

k-NN — k-Nearest Neighbour algorithm, SVM — Support Vector Machine algorithm, RF — Random Forest algorithm,

RMSE - root mean square error
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Feature Selection and Variable Screening algo-
rithms were used to find the 10 most important pre-
dictors that highly influence the variable of interest
(Table 6). The results from estimation using these
layers showed that the RF algorithm had the highest
accuracy of modelling evenness and heterogeneity
indicators and k-NN had the highest prediction ac-
curacy of richness index (RMSE% = 30.96).

DISCUSSION AND CONCLUSIONS

According to the results of Menhinick’s index
(richness index) and heterogeneity indicators, we
found out that modelling based on all independent
variables had the highest accuracy. These results
also showed that evenness maps which were made
by topographic variables had the highest accuracy.
From the conclusions above it is evident that rich-
ness and heterogeneity indicators are more connect-
ed to environmental factors like soil and climate,
compared to the evenness indicators. According
to the results of Table 6 it is clear that topographic
factors, specifically elevation, had the most signifi-
cant influence on the distribution of tree diversity.
Changes in elevation can cause different environ-
mental conditions such as temperature, precipita-
tion, moisture, solar radiation, air pressure etc. and
eventually they can affect the spatial distribution
of trees. Moreover, due to the difficulties of human
activities (selective cutting) at higher elevations
these areas are closer to natural patterns (different
frequency of species). Many studies like PEFFER et
al. (2003), MARVIE MOHAJER (2006), GRACIA et
al. (2007), Guoyu (2011), SHIRZAD and TABARI
(2011), Kymasi (2012), and MOMENI MOGHADDAM
et al. (2012) have shown that elevation is the most
important environmental factor affecting the spa-
tial distribution of species. This conclusion is also
verified in our study. Additional research of BALE et
al. (1998) and GHANBARI et al. (2011) showed that
topographic factors like slope and aspect can also
influence the spatial distribution of tree species.
Different amounts of solar radiation, exposure, air-
flow pressure, water flow sources, density of cloud
cover and fog in different aspects can cause differ-
ent environmental conditions that can affect the
distribution and combination of tree species.

In addition, a varying amount of soil drainage in
different percentages of slope can affect soil condi-
tions and create an altered habitat for tree species.

Solar radiation is one of the secondary topo-
graphic characteristics that cause a significant im-
pact on the spatial distribution of trees. According
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Table 6. The most significant predictors (independent
variables) in modelling diversity indicators

Independent variables P-value
Elevation (most affecting factor) 0.0009
Tangential curvature 0.0848
Slope percentage 0.0417
Solar radiation 0.1223
Suborder soil 0.1254
Temperature 0.1824
Evaporation 0.1824
Aspect 0.2584
Specific catchment area 0.3373
Precipitation 0.3463

to Table 6, solar radiation had the greatest affect
among the secondary topographic characteristics
(PEFEER et al. 2003; SAATCHI et al. 2008; GHANBARI
et al. 2011). Overall, using topographic layers can
yield reasonable outputs in the modelling of spatial
distribution of plants and diversity (ZIMMERMANN,
KIENAST 1999).

In our study, according to Table 6, soil charac-
teristics such as soil nutrients, soil depth, soil hu-
midity and types of soil were some of the most im-
portant factors in the distribution of tree species
because they influence site conditions (McKEN-
NEY, PEDLAR 2003; STEPHENSON et al. 2006).

Regarding the algorithms that were used in this
paper, the results comparing different algorithms
showed that RF had the highest accuracy compared
to both k-NN and SVM. The ability of RF in deter-
mining important coefficients, weighting the inde-
pendent variables and its non-necessity of decision
tree structure pruning are all factors that enhance
the functionality and effectiveness of this algorithm.
On the contrary, <-NN and SVM algorithms use the
same proportions of weighting for all independent
variables (KERNES, OHMANN 2004). Comparing this
with other algorithms, data mining algorithms are
easier to comprehend; they need little data prepa-
ration (no need to normalize data) and can handle
numerical and categorical data, in addition to that,
a large amount of data can be analysed by data min-
ing algorithms in a reasonable time. As a result, this
enables researchers to study the effects of different
independent variables on one factor simultaneously.
Also, data mining algorithms such as RF can com-
pare the effectiveness of independent variables and
consider different weights for independent layers
(input data) in the modelling process. Data mining
algorithms with this potential for classification and
regression of forest attributes at a high level of ac-
curacy and robustness can be used as a promising
approach in a wide range of forest research.

J. FOR. SCL, 62, 2016 (12): 562570



In conclusion, the above forestry plan was under
management for many years, which affected the
structure and combination of tree species and dis-
connected the links between the current forests and
environmental factors. In other words, this type of
managed forest appears to be completely different
from a natural forest and as a result there is no pure
connection between this forest and environmental
conditions. In future work, we suggest this type
of research for unmanaged forests which are not
influenced by human activities and are more con-
nected to topographic and edaphic factors.
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