
Introduction

Classification of plant communities is a fundamental

topic in plant ecology (Greig-Smith 1983). Quantitative clas-

sification methods are effective techniques for multivariate

analyses of community composition, structure and function

in vegetation ecology (Orloci 1978, Podani 2000, Jongman

et al. 1995). The objective of classification is normally to

generate hypotheses about the relationships between compo-

sition of vegetation and the environmental variables that de-

termine it (Greig-Smith 1983). The results of classification

might be used as a tool in, for example, management of the

studied vegetation (Gauch 1982). There are various numeri-

cal classification methods available in plant ecology, some of

which have been widely used, e.g., Two-way indicator spe-

cies analysis (TWINSPAN) (Hill 1979, Jongman et al. 1995)

and systematic clustering methods. TWINSPAN is some-

what complex divisive clustering method originally devised

for vegetation analysis, but quite suitable for other commu-

nities and systems as well (Hill 1979). It has been widely

used in studies of ecology, soil science, geography, agricul-

ture and forestry (Jongman et al. 1995). With the develop-

ment of mathematics and statistics, some new classification

techniques were applied to ecology, such as Fuzzy C-means

clustering (FCM) (Podani 2000, Salski 2007) and Self-Or-

ganizing Feature Map clustering (SOFM) (Chon et al. 1996,

Giraudel and Lek 2001, Lek et al. 2007). Fuzzy C-means

clustering is a soft classification method which allows sam-

ples to belong to more than one group and has successfully

been used in the classification of plant communities (Podani

2000), ecological habitats and various ecological systems

(Salski 2007). SOFM clustering is an unsupervised learning

algorithm of artificial neural network (ANN) (Cohen 1960,

Chon et al. 1996). The network is effective in reducing the

dimensionality of datasets, and extracting essential features

out of a complex data set (Song et al. 2006). The Self-Organ-

izing Feature Map (SOFM) is one of the most well-known

neural networks with unsupervised learning rules, and it has

been successfully used in the classification (Chon et al. 1996)

and ordination (Giraudel and Lek 2001, Zhang et al. 2008) of

ecological communities, theoretical modeling of system dy-

namics (Forti and Foresti 2006), risk evaluation of invasive

species to ecosystems (Gevrey et al. 2006), identification of

microhabitats (Kosiba and Stankiewicz 2007), detection of

geomorphometric features (Ehsani and Quiel 2008), and

manganese mineralization in soils (Ekosse and Mwitondi

2009). As a new method, more applications of SOFM clus-

tering and comparisons with the presented methods in ecol-

ogy are necessary (Park et al. 2004, Manomaisupat et al.

2006, Lek et al. 2007). Vegetation systems are very complex

related to geographical, environmental and ecological vari-

ables. Different types of vegetation and different datasets

may need different study techniques (Gauch 1982).

In the work presented here, SOFM clustering was ap-

plied to the study of plant communities in the Guancen

Mountains, China. A widely used technique in ecology

(TWINSPAN) and a method based on fuzzy set theory
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(FCM) were also applied to the same data and their results

were compared with that of the SOFM algorithm.

Materials and methods

SOFM clustering

SOFM neural network uses unsupervised learning and

produces a topologically ordered output that displays the

similarity between the quadrats presented to it (Schalkoff

1992, Foody 1999). The network consists of two layers, input

layer and output layer. The input layer contains a unit (neu-

ron) for each variable (species) in the vegetation data set

(Foody 1999). The details of self-organizing feature map the-

ory can refer to Foody (1999), Giraudel and Lek (2001).

SOFM realizes network learning and training by use of

self-organizing and unsupervising training. The structure of

network and connected weights are adjusted automatically

according to clustering regulations, and this procedure will

be ended when the distribution rule of samples is illustrated

clearly. In practice, only adjusting weights for each input

make weight vector closer to or further from the input vector.

This is an integrated competition learning process, and clas-

sification of quadrats will be carried out automatically during

this process (Pal et al. 2005, Manomaisupat et al. 2006).

Suppose the input data vector: (k =

1, 2, …, q) and the associated weight vector, W�� = (w��, w��,

…, w��, …, w��), (i = 1, 2, …, N; j = 1, 2, …, M), then, the

SOFM clustering steps are: 1) Initializing; 2) Inputting a ran-

dom quadrat unit drawn from the input dataset P� into the

network and calculating normalized value P�; 3) Calculating

W�� normalized value w�; 4) Defining Euclidean distance be-

tween w� and P�; 5) Determining the minimum distance d��
6) Adjusting the weights (W��); 7) Selecting another random

quadrat unit and inputting it into the network, and return to

step 3) until all q quadrat units have been input into the net-

work; 8) Defining learning rate η(t) and neighborhood N�(t);

9) Increasing time t to t+1. If t < T then go to step 2), else stop

the training. The details of calculation for SOFM clustering

see Foody (1999) and Zhang et al. (2008)

Through training, the winner neuron g and weight vector

will approach the input vector, and make the clustering reali-

zation. By use of neural network toolbox in MATLAB, the

network will provide classification results automatically af-

ter defining learning rate, learning times, neighborhood ra-

dius, network dimensions etc. The parameterization of the

SOFM used in this paper was that the learning rate was 0.1

for the ordinating phase and 0.02 for tuning phase; the learn-

ing phase was broken down into 5,000 steps for the ordinat-

ing phase and 50,000 steps for the tuning phase.

Fuzzy C-means clustering

Fuzzy C-means clustering is a soft classification tech-

nique (Bezdek 1981). It is based on minimizing the within

group sum of squares, J� (U, V, A), which is given by

(1)

where i = 1, 2, …, N is the number of quadrats; j = 1, 2, …,

C is the number of clusters; U = {U��} is the matrix of mem-

bership values, U�� is the membership of quadrat i in cluster

j; V is a matrix of cluster centers; m is fuzziness parameter (1

≤ m < ∞), usually m = 2; (dA��)
�

is the distance index:

(2)

X� is the vector of attribute measurements in quadrats, usu-

ally a vector of ordination scores; V� is the centre of cluster j;

A is a matrix of N × N used to control spatial structure of

dataset, if A is a unit matrix, then

(3)

The procedure of fuzzy C-means classification is below:

1) Determining the number of clusters, C.

2) Assigning the matrix of primary membership values, U�.

Any value can be given to a quadrat as its membership value

in cluster j, but the sum of memberships for a quadrat must

equal to 1:

3) Calculating V� and (dA��)
�
:

(4)

(dA��)
�

was calculated using equations (2) and (3).

4) Calculating the new membership values:

(i = 1, 2,…, N; j = k = 1,2,…,C)

(5)

5) Based on the new membership values U, we go back to the

fourth step and calculated the new V�, (dA��)
�

and U�� itera-

tively, and until the membership values become approxi-

mately stable.

Finally, we classified quadrats into clusters based on the

final U. A quadrat belonged to the cluster in which it had the

maximum membership value. The memberships can reflect

relationships between quadrats and clusters clearly.

TWINSPAN classification

Two-way indicator species analysis, TWINSPAN, is a

polythetic divisive technique (Hill 1979). The data are first

ordinated by correspondence analysis. Then those species

that characterize the correspondence analysis axis extremes

are emphasized in order to polarize the quadrats, and the

quadrats are divided into two clusters by breaking the ordi-

nation axis near its middle. The quadrat division is refined by

a reclassification using species which have maximum value

in indicating the poles of the ordination axis. The division

process is then repeated on the two quadrat subsets to give
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four clusters, and so on, until each cluster has no more than

a chosen minimum number of quadrat (Hill 1979, Gauch

1982). This technique has been widely used in ecological

classification (Ter Braak et al. 2003, Zhang et al. 2006b,

Rolecek et al. 2009).

Vegetation data in the Guancen Mountains

The Guancen Mountains are located at 111
�

05’-120
�
40’

E, 38
�

31’-39
�

8’ N, and form the northern end of Luliang

mountain range in Shanxi Province, China (Fig. 1). The cli-

mate of this area is temperate and semi humid with continen-

tal characteristics, and controlled by seasonal wind. The an-

nual mean temperature is 6.2
�
C, and the monthly mean

temperatures of January and July are -9.9
�
C and 20.1

�
C, re-

spectively. The annual mean precipitation varies from 470

mm to 770 mm, with 70% of annual precipitation focused

between July to September. Several soil types, such as loess

soil, mountain cinnamon soil, and brown forest soil can be

found in this area (Liu 1992). The elevation varies from 800

m to 2,620 m, with crop fields occurring only below 1,600

m. Most of the area above 1,600 m is covered with wood-

lands (Zhang 2005).

Along the elevation gradient of 1,620 – 2,620 m, 20 sam-

pling points were set up, and 2 or 3 quadrats around each

sampling point were established randomly (Fig. 1). Species

data were recorded in each quadrat. The quadrat size was 10

m × 20 m, in which three 5 m × 5 m and three 2 m × 2 m small

quadrats were used to record shrubs and herbs, respectively.

The cover, height, basal area and individual number for trees,

and the cover, height and abundance for shrubs and herbs

were measured in each quadrat. The cover of plants was es-

timated by eye, and the heights were measured using a

height-meter for trees and using a ruler for shrubs and herbs.

The basal diameters of trees were measured using callipers

and were used to calculate basal areas. Altogether, 112 plant

species were recorded in 53 quadrats. Elevation, slope, as-

pect and litter thickness for each quadrat were also measured

and recorded.

The Importance Value of each species was calculated

and used as data in classification of woodland communities.

The importance value was calculated by the formulas (Zhang

et al. 2006b):

IV���� = (Relative cover + Relative dominance + Relative

height)/300

IV����	 
�� ��	� = (Relative cover + Relative height)/200

‘Relative dominance’ refers to species basal area. The spe-

cies data matrix was the importance values of 112 species in

53 quadrats.

Results

SOFM clustering

Following the SOFM clustering steps, the data matrix

was analyzed. The output map of the SOFM was chosen as a

grid with 8 × 8 small squares. At the end of the learning proc-

ess, the topology-preserving map of 8 × 8 small squares with

quadrat composition was obtained (Fig. 2). Fifty-three quad-

Figure 1. ���������	�
 ������� �� ��� ����� ���� �� ��� ����������� �� �������� �
�� ��� �
������ � ��� ���	� ��������

����� �����	�� �����

Figure 2. �
������	���� ��� �� ��
���������� ������� ���

��� �! �� "# �������� �� $���
�� 	��������� � ���

���	� ����� ����� %�� &����	 ������ ����� �� ���������
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rats were clustered into eight groups, representing eight

woodland associations (Table 1).

Fuzzy C-means clustering

Fuzzy C-means clustering is a non-hierarchical method

(Podani 2000). We selected C equal to 8, i.e., 8 result clusters

were expected. The quadrat composition for each result clus-

ter is listed in Table 1.

TWINSPAN classification results

TWINSPAN, a multivariate and hierarchical classifica-

tion technique, classified the 53 quadrats into 8 clusters as

well. The quadrat composition for each cluster was clear in

its dendrogram (Fig. 3, Table 1).

Discussion

All the three methods classified 53 quadrats into eight

groups, representing eight woodland associations in the

Guancen Mts. These associations were representatives of the

general vegetation in the Guancen Mountains (Wu 1980,

Zhang 2006a) and were consistent with the Chinese vegeta-

tion classification system (Wu 1980, Ma 2001). They were

all secondary vegetation, following the destruction of the

original cold-temperate coniferous forests (Zhang 2005).

Table 1� �
������	���� ����
�� �� �� � 	
�������� ����� ����� 	
������� �� %'()�*&) � ��� ��
���� �� $���
�� 	������

���� � ��� ���	� ���� ����� +�	� ����� 	��������� �� � ��������� ����	������

Figure 3. ,�������� �� %'()�*&) 	
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The names of the 8 associations see Table 1. The charac-

teristics of community structure and environment of these as-

sociations were listed in Table 2. The three methods used in

this study successfully described the variation of vegetation

in the Guancen Mts, which suggests that all the three methods

are effective in ecological study (Greig-Smith 1983, Podani

2000, Zhang et al. 2006b).

SOFM neural network can deal with much imprecise and

incomplete information and has advantages in solving non-

linear problem and in studying complex system. Theoreti-

cally, SOFM can describe natural phenomena and rules bet-

ter than traditional techniques (Giraudel and Lek 2001, Stuart

et al. 2006). The network can distribute work parallel and

hence can calculate very quickly. It can distribute informa-

tion within the whole network with variation of weights, and

problems for some units cannot affect the network function

(Park et al. 2004, Makridis et al. 2005). The results of this

study showed that the SOFM clustering is fully usable in

vegetation ecology, and it can perfectly complete community

classification. Additionally, SOFM clustering has some ad-

vantages: it can show all vegetation information (data set) in

the topological space (Lek et al., 2007); it is based on non-

linear model which is more suitable for ecological studies

(Recknagel, 2006); it is conduced for combination of classi-

fication and ordination in ecological study because the pro-

cedure of SOFM clustering and SOFM ordination is the same

(Lek et al., 2007, Zhang et al. 2008).

SOFM clustering showed a consistency of 81.1% with

fuzzy C-means clustering in classification of woodland com-

munities in the Guancen Mts. (Table 3). Fuzzy C-means clus-

Table 2� �����	�������	� �� ���������
 ������
�� �� 	������� ����	���� �� ��� ����� $���
�� ����	������ � ��� ���	� ����

�����
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Table 4. ������	� ���
� �� 	������ ��� ����
�� �� �� � 	
������� �� %'()�*&) � ��� 	
������	���� �� "# �������� �� $����


�� 	��������� � ��� ���	� ����� �����

124 Zhang et al.



tering is a soft or overlapping method and has been applied

in many scientific fields (Kaufmann 1975, Bezdek 1981).

Uncertainty problems often arise in an analysis of ecological

data, e.g., in the cluster analysis of ecological data (Salski

2007). In fuzzy C-means clustering a degree of membership

can be assigned as a value between 0 and 1 so that a value of

say 0.9 would indicate a high chance that the sample be-

longed to the particular group in question. Thus, for a data set

comprising many samples that can be hypothesized as being

divisible into C groups, each sample has a degree of member-

ship of belonging to each of the C groups. This method is

useful for solving uncertainty problems. Fuzzy C-means

clustering is designed for treating crisp data, i.e., they pro-

vide a fuzzy partition only for crisp data (e.g., exact measure-

ment data). The data of importance values used in this study

are suitable for fuzzy C-means clustering (Salski 2007). It is

particularly useful in ecology because the description of eco-

logical systems is not always possible in terms of a binary

approach. In this study, the uncertainty was comparatively

high with fuzzy entropy of 0.46. Fuzzy C-means clustering

showed advantages in the analysis of such data (Salski 2007).

For example, quadrat 3 had memberships of 0.7323 and

0.2106 in group II and I respectively, and quadrat 9 had

memberships of 0.6792 and 0.3012 in group I and II respec-

tively. Although quadrats 3 and 9 belong to group II and I

respectively, they showed some overlapping and transition

characteristics of vegetation. Quadrats 14, 17 and 20 had

similar performance. Ecological communities have been

shown to vary as their component species respond more or

less independently to environmental gradients (Zhang et al.

2006a). Because of this, both overlapping and internal het-

erogeneities are important characteristics of ecological com-

munities (Boyce and Ellison 2001, Sarbu and Zwanziger

2001). The consistent result with fuzzy C-means clustering

indicated that SOFM clustering is potentially useful in the

study of community ecology.

The consistency of SOFM clustering with TWINSPAN

classification in the analysis of woodland communities in the

Guancen Mts. was 94.3% (Table 4). TWINSPAN using indi-

cator species was specially designed for ecological classifi-

cation and has been widely used in this field (Ter Braak et al.

2003, Zhang et al. 2006b, Rolecek et al. 2009). A special fea-

ture of TWINSPAN is that it forms what are termed

pseudospecies. These are separate variables for the different

levels of abundance of a species (Hill 1979). The output table

of species-by-sites (quadrat or sample) can clearly show the

relationships of species, samples, communities and even en-

vironmental gradients (Jongman et al. 1995). It is most effec-

tive in analysis of large scale data with clear gradients. There-

fore, TWINSPAN has some advantages in ecological study.

The higher consistency with TWINSPAN further proved that

SOFM clustering is more effective for ecological studies.

The operation of SOFM clustering is very simple, espe-

cially when it is carried out in the neural network toolbox of

MATLAB, when the classification becomes simpler (Yuan

2000, Manomaisupat et al. 2006). The high effectiveness and

easy use of SOFM clustering predict that it will be widely

used in ecology in future (Foody 1999, Giraudel and Lek

2001, Forti and Foresti 2006). There are various kinds of data

such as abundance, coverage, Braun-Blanquet grade, re-

mote-sensing area etc. in vegetation studies, and as many

other clustering methods (Greig-Smith 1983), SOFM may

produce different results using different data. Theoretically,

various kinds of ecological data, such as presence/absence,

abundance, coverage, importance values, environmental val-

ues etc. can be effectively analyzed by SOFM clustering.

However, further comparisons of SOFM results using differ-

ent data and more case studies and applications of SOFM

clustering in ecology need to be carried out.
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