
Introduction

In developing countries, the high rate of population

growth often induce environmental degradation. Therefore

there is a strong need to conduct studies to enhance under-

standing of degradation processes with methodologies of

data integration that can be used to the level of problem solv-

ing. Today this is more feasible than in the past as a result of

merging geographical and ecological disciplines by the help

of geographical information system (GIS) technology which

is becoming available even to small administrative units in

developing countries at a relatively low cost (Opdum et al.

2002 ).

In this paper, a classificatory approach, primarily used in

plant community analysis (e.g., Pausas and Feoli 1996), is

suggested to evaluate trends of land degradation using data

from a degrading area in the Central Rift Valley of Ethiopia.

The approach offers a sound alternative to canonical correla-

tion and partial correlation analysis in community analysis

and landscape ecology (e.g., Feoli et al. 2002a,b) where the

assumptions of traditional statistics are not met by the data.

This often happens when data are either scarce, missing, bur-

dened with high degree of uncertainty or acquired from dif-

ferent sources and/or at different times. The approach is

based on fuzzy set theory (Zimmerman 1996) following the

method introduced in vegetation science by Feoli and Zuc-

carello (1986, 1988) and on the application of permutation

techniques (Mantel 1967, Mantel and Valand 1970, Biondini

et al. 1991, Pillar and Orlóci 1996, Manly 1997, Anderson

and Legendre 1999, Pesarin 1999, Pillar 1999, Kong and Ni-

colae 2000, Peres-Neto and Olden 2001, Fortin et al. 2002,

Anderson and ter Braak 2003). With this approach we used

degrees of belonging to sets (fuzzy sets), consequently the

interest is shifted from the “actual” measurements of the vari-

ables to the relationships between variables, sets of variables

and objects and sets of objects. This approach does not re-

move vagueness, imprecision and the related uncertainty but

simply considers them as part of the analysis since they are

“included” in the degrees of belonging of the fuzzy sets.
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Abstract: We suggest a classificatory approach for land cover analysis that integrates fuzzy set theory with permutation

techniques. It represents a non parametric alternative and/or a complement of traditional multivariate statistics when data are

scarce, missing, burdened with high degree of uncertainty and originated from different sources and/or times. According to this

approach, the Operational Geographic Units (OGUs) in which landscape is subdivided and sampled are classified with hierar-

chical clustering methods. The clusters of a classification which are significantly sharp are used to define fuzzy sets. In this

way, the original data scores are transformed by degrees of belonging. We introduce the concepts of endogenous and exogenous

fuzzy sets and we suggest to apply the Mantel test between the similarity matrices of these fuzzy sets to test the predictivity of

internal variables with respect to external variables. The approach is applied to OGUs corresponding to the smallest adminis-

trative units (kebeles) of the Ethiopian Rift Valley, a degrading area with high risk of further degradation. We found that: 1)

there is a high correlation between geo-physical features of the landscape (geology, rainfall and elevation) and some indicators

of the human pressure such as land use/cover, land management for livestock breeding and human, household and livestock

densities, 2) there is a high correlation between land degradation, measured with relative loss of Normalized Difference

Vegetation Index (NDVI) and the human pressure. However, the correlation is higher when the human pressure is considered

in the geo-physical context of the landscape. The approach can be easily applied to produce maps useful for planning purposes

thanks to geographical information system (GIS) technology that is becoming available at low cost even to small administrative

units of developing countries.
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The approach is applied to answer the following two spe-

cific questions:

• Is the pattern of human pressure of the area signifi-

cantly influenced by the geo-physical features of land-

scape such as elevation, climate and geology?

• Is the pattern of vegetation mass significantly affected

by human pressure?

We have measured the human pressure by a set of vari-

ables corresponding to land use/land cover, land manage-

ment for grazing by livestock (hereafter mentioned for brev-

ity as livestock management) and human, household and

livestock densities. To estimate the vegetation mass we used

NDVI (Normalized Difference Vegetation Index) that is

widely recognized as a very sensitive indicator of land deg-

radation (Dregne 1983, Tucker et al. 1983, Box et al. 1989,

Price 1992, Davenport and Nicholson 1993, De Jong 1994,

Hill et al. 1994, Lacaze 1996, Myneni and Asrar 1994,

Pickup and Chewings 1996, Gamon et al. 1995, Hill and Pe-

ter 1996, Thornes 1996, Duncan 1997, Hurcom and Harrison

1998, Lyon et al. 1998, Peñuelas and Filella 1998, Purevdorj

et al. 1998, Azzali and Menenti 2000). Furthermore, NDVI

is easily obtained for different periods with images that can

be downloaded free of charge from internet. However, know-

ing the problems of the application of this index (Gamon et

al. 1995), we have used its values in a relative context that

would avoid at least the problems related to direct compari-

son of NDVIs among different times.

The approach

The approach relies on the following ideas:

a) The similarity between n objects based on a selected set of

characters (C); beside being a function of the “fundamental

nature” of the objects (origin, evolution, functions), is also a

function of the combined effects that a set (E) of internal

and/or external factors (that generally have to be identified),

has to the states of the selected characters (C). It follows that

if two objects are similar for C they should be similar also for E.

C is usually the set of dependent variables while E is the set of

independent or the explanatory ones. Both sets of variables are

chosen from those considered relevant for understanding the

system under study. The ideamay be formulated in more general

terms without involving causality, namely if there is a significant

overall “link” between two sets of variables C and E, the pattern

of similarity between the n objects described by matrix X(C)

should be similar to the pattern of similarity between the n

objects described by the matrix X(E).

b) A similarity (dissimilarity) matrix S(n × n) of n objects is

a fuzzy set matrix in which the measures of similarity are de-

grees of belonging of the objects to the sets represented by

the objects themselves (Zhao 1986). This is a consequence of

the traditional set theory for which any object defines at least

one set: the set represented by itself.

c) S(n × n) can be rearranged according to any hierarchical

classification in order to produce a S(n × k) condensed simi-

larity matrix, with k < n, in which the values are degrees of

belonging of the objects to the sets produced by the classifi-

cation (Feoli and Zuccarello 1986, 1988). The degrees of be-

longing can be calculated according to one of the following

criteria: 1) the maximal similarity with one of the objects in

each of the k classes (max); 2) the minimal similarity with

one of the objects in each of the k classes (min); and 3) the

average similarity with the objects of the k classes (mean).

The three criteria are analogous to the criteria of assigning

objects to classes by single (max-max), complete (max-min)

and average (max-mean) linkage clustering methods (Feoli

et al. 2006) and may be applied considering all the objects of

the clusters or only some of them (e.g., those called “me-

doids”, Kaufman and Rousseeuw 1990).

d) The definition of fuzzy sets should be based on signifi-

cantly sharp classifications. The sharpness can be calculated

and tested in several ways using both parametric (e.g., dis-

criminant analysis, Pausas and Feoli 1996) and permutation

techniques (e.g., Biondini et al. 1991, Pillar and Orlóci 1996,

Manly 1997, Legendre and Legendre 1998, Tobisch and

Standovar 2005). Carranza et al. (1998) and Feoli et al.

(2006) discussed the matter from a vegetation science con-

text and suggested to measure the sharpness of the clusters

by their separation in the space defined by the eigenvectors

of the corresponding similarity matrix. This may be easily

calculated by the ratio:

with i = 1 ,…, k and λ� the i-th eigenvalue of the matrix S�(k

× k), that is obtained by grouping the rows and the columns

of the corresponding matrix S(n × n). This suggestion fol-

lows the idea that in case of a perfect classification, S�(k × k)

should be diagonal (scores only on the diagonal elements)

and the scores should be 1 when the objects belong to the k

classes with a degree equal to 1 (perfect belonging, crisp clas-

sification). It follows that the closer D(λ) to 1 the sharper is

the classification.

e) The correlation between C and E can be measured with one

of the following criteria: 1) CoSiM: “Correlation between

Similarity Matrices” S(C) and S(E) , 2) ShECla: “Sharpness

of Exogenous classifications”, 3) CoCla: “Correspondence

between Classifications”.

The first criterion CoSiM is direct, since it is based on the

correlation coefficient between S(C) and S(E). In other

words the correlation coefficient is computed between the

n(n-1)/2 similarities (dissimilarities) of the two similarity

matrices. The correlation must be tested with a permutation

technique as suggested by Mantel (1967) and Mantel and

Valand (1970), since the similarities in the matrices are not

independent. The second and third criteria are indirect. ShE-

Cla is based on the sharpness of the k classes obtained with

S(C) but described with S(E) (or vice-versa). In this way,

when a classification (with k classes) obtained with the set of

variables C is imposed to a similarity matrix obtained with
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the set of variables E, we produce an “exogenous” descrip-

tion of the k classes obtained with C. This criterion is analo-

gous to that of analysis of variance (simple or multiple). If

the within/between k clusters similarity matrix obtained with

S(E) is diagonal, the sharpness is perfect and the correlation

between C and E is maximal. CoCla is based on the compari-

son of the classifications obtained with S(C) with the classi-

fications obtained with S(E) using contingency table analy-

sis. In this case both classifications are endogenous. If a

resulting contingency table is a diagonal matrix the correla-

tion between C and E is maximal. The same criteria may be

used to compare different similarity functions and clustering

algorithms applied to the same set of data, namely to C or to

E. This can be useful to reduce the number of classifications

to be analysed.

In the present paper, besides using CoSiM in traditional

way, we propose to compare the matrices of similarity of en-

dogenous and exogenous fuzzy sets (S�(k x k)) and to test

their correlation with Mantel test. To obtain the endogenous

fuzzy sets F(C) and the exogenous fuzzy sets F(E) the steps

are the following:

1) Get a number t of similarity matrices (n × n), S�(C), S�(C),

…, S�(C) with different similarity functions using the matrix

X(C). Many similarity functions can be suitable for this pur-

pose (Podani 2000) and if considered necessary, the signifi-

cance of similarities between objects can be tested using the

method suggested by Pillar (1996);

2) Compare the t S(C) matrices with Mantel test and select

some (s) among those that are uncorrelated. In this way, the

t matrices are reduced to s < t;

3) Apply clustering methods to each of the s similarity matri-

ces and define the “optimal” classification on the basis of dis-

tinctiveness or sharpness of the k respective clusters com-

puted as suggested in d);

4) Calculate the degrees of belonging of the k fuzzy sets F(C)

corresponding to the clusters of the “optimal” classification

according to one or all the mentioned criteria (max-max,

max-min and max-mean);

5) Get a number z of different similarity matrices (n × ν)
S�(E), S�(E), …, S�(E) with different similarity functions us-

ing the matrix X(E) and select those (w < z) most dissimilar

according to step 2;

6) Rearrange the similarity matrices according to the classi-

fication obtained in step 3) and define the degrees of belong-

ing of the exogenous fuzzy sets according to one of the cri-

teria in step 4);

7) Choose the exogenous fuzzy sets on the basis of their dis-

tinctiveness measured with the same methods used for get-

ting the endogenous fuzzy sets (step 3);

8) Calculate the degrees of belonging of the n objects to the

k fuzzy sets F(E) according to one of the criteria in step 3).

The overall correlation between the set of variables in

X(C) and the set in X(E) is calculated by measuring the cor-

relation between the matrix of similarity S�(C) of the k endo-

genous fuzzy sets in F(C), and the matrix of similarity S� (E)

of the k exogenous fuzzy sets in F(E). Correlation between

different sets of variables can also be obtained comparing

different matrices S� (E). In this case the correlation would

be conditioned by the classification based on C. With Mantel

test it is possible to test also the partial correlation between

two sets of variables by removing the effects of a third one

as suggested by Anderson and Legendre (1999) and dis-

cussed further by Legendre (2000).

Application of the approach

Data

Data were collected within SUNRISE project (Sustain-

able Use of Natural Resources in Rural Systems of Eastern

Africa Drylands - Ethiopia, Kenya, Tanzania - Strategies for

Environmental Rehabilitation, INCO Project No. ERBIC

18CT970139), funded by European Commission from 1997

to 2001. The objects of the study (operational geographic

units, OGUs, Feoli and Zuccarello 1996) are the Kebeles, the

smallest administrative units for which some socio-economic

data are available. They have been established during an in-

tensive villagization program imposed with the Agrarian re-

form of 1975, however their boundaries were frequently sub-

ject to changes. A sample of 32 kebeles, belonging to three

different districts (Weredas), is considered. They are sup-

posed to represent the rural landscape of the Rift valley. Ke-

beles such as Abomsa, Ziway, Adami-Tulu and Bulbula, be-

ing completely urbanized (towns), were used only to evaluate

their influence on the other kebeles.

A GIS was constructed with the software of public do-

main ILWIS using the following maps:

1. Boundaries of kebeles and of the main towns digitized on

1:50,000 topographic maps purchased from the Central Sta-

tistical Office of Ethiopia.

2. Topographic maps (1:50,000 scale) from which contour

lines (at 20 m intervals), rivers, streams, lakes, roads and

towns have been digitized in separate layers.

3. Digital Elevation Model (DEM) created from the 20 m

contour lines map.

4. Slope and aspect maps obtained from DEM.

5. Precipitation Map derived from kriging the climatic data

available for the main towns (Ziway, Langano, Metehara,

Mojo, Debrezeit)

6. Geological map at 1:50,000 scale (Dainelli et al. 2000)

7. Land use/land cover Map (Sagri 1998), derived from

Landsat TM images of 1994 classified using supervised

method (based on field surveys and aerial photo interpreta-

tion). Only physiognomic-structural types of the vegetation

were considered: grasslands, open grasslands, saline grass-

lands, hydrophytic vegetation and open woodland (Acacia

trees with poor and rich grassland layers), scrub vegetation
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(shrubs and trees with poor and rich grassland layers) and

broad leaved woodland with very dense Acacia trees and un-

der canopy vegetation. A comparison between the images of

1989 and 1994 does not show sensitive changes in land cover

in the study areas.

8. Map of livestock management practices.

9. Maps of human population and members of households

(male or female) and livestock densities derived from the

Ethiopian Central Statistical Authority census of 1998. All

these are considered as socio-economic variables.

10. Soil erosion map obtained by integrating into the modi-

fied Universal Soil Loss Equation (USLE) of Wischmeier

and Smith (1978) and Hurni (1985, 1990) land use-land

cover map, land management map, precipitation map, slope

length and slope gradient (from DEM).

11. NDVI maps (Normalized Difference Vegetation Index)

calculated from TM-Landsat images belonging to 1989 and

1994 both from the end of the rainy season (November and

December).

With the use of GIS’s crossing functions, the following

set of data matrices describing the kebeles was obtained:

• El.-rain-geology: matrix of the average elevation, aver-

age rainfall and percentage of geological features

• Land use/land cover: matrix of the percentages of land

use/ land cover.

• Livestock management: matrix of the percentages of

land management type for livestock.

• Socio-economy: matrix with the densities of socio-eco-

nomic variables.

• EROSION: matrix of the percentages of land in seven

classes of soil erosion.

• NDVI: matrix of Normalized Difference Vegetation In-

dex of the two years.

To remove the effects of possible different meteorological

regimes, and thus the major problem associated with the use

of NDVI when comparing he values of different periods

(e.g., Gamon et al. 1995), we have standardised the scores

within each year (1989 and 1994) and we have calculated the

differences between the standardized values. These express

the relative changes of NDVI among the kebeles. The positive

differences indicate that in the six years the values got a positive

trend with respect to the average value of the year while the

negative difference indicate the contrary, however the values do

not indicate increase or decrease of the real NDVI values.

Methods

To answer the first question: “Is the pattern of human

pressure of the area significantly influenced by the geo-

physical features of landscape such as elevation, climate and

geology?” we merged the matrices Land use/cover, Live-

stock management and Socio-economy into one matrix

Land-soc and used the Mantel test between the similarity

matrix of Land-soc and the similarity matrix of El.-rain-ge-

ology.

To answer the second question: ”Is the pattern of vegeta-

tion mass significantly influenced by human pressure?” we

applied the Mantel test between the similarity matrix ob-

tained with NDVI and the similarity matrices of Land

use/cover, Livestock management, Socio-economy,

Land-soc, El.- rain- geology and the matrix TOT obtained

by merging the last two and EROSION. To identify the areas

most influenced by the human pressure we have mapped the

relative changes of NDVI from 1989 to 1994 and tested if

there is a correspondence between the pattern of the values

and the pattern of landscape features. To identify this pattern

we have classified the kebeles using matrix TOT with differ-

ent similarity functions and methods of hierarchical classifi-

cation. We used hierarchical classifications because we did

not have a priori idea on the possible number of classes of

kebeles. We have chosen among about 100 classifications,

obtained at different hierarchical levels of dendrograms, the

one that gave the sharpest classification according to D(λ).

The classification was tested for significance also using the

method proposed by Pillar and Orlóci (1996) with the eigen-

vectors of the similarity matrix as input data. On the basis of

this classification we obtained the endogenous fuzzy sets for

objects and variables following the method of Feoli and Zuc-

carello (1986, 1988). Using this method we obtained degrees

of belonging of objects and variables to classes of a given

classification and degrees of belonging of objects to the sets

defined by the variables (fuzzy sets objects-variables) condi-

tioned by the classification. The exogenous fuzzy sets were

calculated with matrix NDVI using the similarity function

giving the sharpest classification.

To test how much the classification based on TOT is pre-

dictive with respect to NDVI we applied: CoSiM, “Correla-

tion between Similarity Matrices” using Mantel test between

the similarity matrix of endogenous fuzzy sets and the simi-

larity matrix of exogenous fuzzy sets. To be consistent we

have calculated the similarity between the fuzzy sets with the

same function giving the sharpest classification; ShECla,

“Sharpness of Exogenous classifications” with the permuta-

tion technique proposed by Pillar and Orlóci (1996), and Co-

Cla, “Correspondence between Classifications” using con-

tingency tables obtained considering the distribution of

NDVI values above and below the average values of 1989

and 1994 for all the clusters and for the single clusters against

the others.

We have also considered the contingency tables given by

the distribution of the differences between the standardized

values of the two years above and below the average value

and we have tested the chi square of the contingency tables

with the randomisation technique suggested by Estabrook

and Estabrook (1989).

We used the SYNTAX program (Podani 1994) to per-

form the classifications and MATEDIT (Burba et al. 1992;
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Burba et al. 2008, submitted) to prepare the data for SYN-

TAX, and calculate the sharpness of the classifications, the

significance of the sharpness according to the method of Pil-

lar and Orlóci (1996), the degrees of belonging of fuzzy sets

and the significance of chi square. We used the zt software

written by Bonnet and Van de Peer (2002) available in public

domain for the Mantel test.

Results

The results of Mantel tests between the single matrices

El.- rain- geology, Land use/cover, Livestock management,

Socio-economy and TOT, used to answer the first question

are shown in Table 1. We have not considered EROSION

because the erosion is calculated using almost all the vari-

ables in Land-soc and El.- rain- geology. From this analysis

it looks that all the single matrices significantly contribute to

the overall similarity pattern but in different degrees. Table 1

shows also that there is a significant correlation between the

geo-physical features of the landscape and the spatial pattern

of human pressure (represented by land use/cover, livestock

management and human and livestock density). However,

land use/cover is significantly correlated with human and

livestock density, but not with livestock management, and

this is not significantly correlated with human and livestock

density. This means that the same land use/cover pattern may

have different livestock management system and that land

use/cover pattern is independent from human and livestock

densities (Socio-economy).

The results of the application of Mantel test used to an-

swer the second question are shown in Table 2. NDVI is

strongly correlated with Land-soc, Land use/cover and

Livestock management, and also, as it can be obviously ex-

pected, with geo-physical features (El.- rain- geology).

However, the correlation between land use/cover and NDVI

improves when the effects of El.- rain- geology is removed.

This means that the influence of land use/cover over NDVI

is higher than that of geo-physical features. The same does

not happen when we consider the correlation between Land-

soc and NDVI by removing the effects of geo-physical fea-

tures (El.-rain-geology). This suggests that the human and

livestock densities do not necessarily produce loss of vegeta-

tion mass when considered independently from landscape

features. In fact, the correlation of NDVI with the variables

of human pressure increases as the number of variables in-

creases, e.g.: r = 0.28, p = 0.026 with Land use/cover; r =

0.41, p = 0.0002 with Land-soc (that includes also livestock

management and human and livestock densities), and be-

comes maximal with TOT: r = 0.52, p= 0.00001. This proves

that the effects of human pressure on the process of land deg-

radation can be explained better when considered within the

geo-physical context of the landscape.

The sharpest classification of kebeles based on TOT was

obtained using similarity ratio as the resemblance measure

and hierarchical clustering using average linkage within

merged groups (Podani 2000) as clustering method. Based

on the TOT we have identified an optimal classification of 5

clusters of kebeles, with a sharpness highly significant as
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tested using the metehod of Pillar and Orlóci (1996) (Qt =

1.40 Qw = 0.12, Qb = 1.28, p = 0.00001).

The fuzzy partitions for OGUs and variables based on

this classification are given respectively in Appendix 1 while

Appendix 2 presents the average values, the standard devia-

tion and the degrees of belonging of the variables in the 5

clusters. Figure 1 shows the position of the clusters, the high

correspondence between the spatial pattern of clusters and

the spatial pattern of the NDVI changes.

The results of the application of Mantel test to the simi-

larity matrices of endogenous (TOT) and exogenous fuzzy

sets (NDVI) proves that the classification into 5 clusters is

significantly predictive with respect to NDVI with r = 0.55

and p = 0.025. The significance is also proved by using the

method given by Pillar and Orlóci (1996) for measuring the

sharpness of the classification in terms of NDVI (Qt = 62, Qw

= 25, Qb = 37, p= 0.0001), and by the chi-squared of the con-

tingency table produced to compare the classification with

the one based on changes in NDVI and then tested by the

Estabrook and Estabrook ‘s method (χ� = 23 and p = 002).

Accordingly, Kebeles 1, 2, 3, 4, 5, 8, 9 belonging to clus-

ter 1 (all the kebeles of the cluster!), kebeles 10 and 12 be-

longing to cluster 2, and almost all the kebeles of cluster 4 (6,

7,19, 26, 30) show relative loss of NDVI; kebeles 25 and 28

of cluster 3, kebeles 7 and 11 of cluster 4 and kebele 20 of

cluster 5 show a stable situation while kebeles 13, 14, 16 of

cluster 2, almost all the kebeles of cluster 3 (15, 17, 18, 21,

22, 27, 29) and kebele 31 of cluster 4 show a relative gain of

NDVI.

Table 3 shows the differences in NDVI from the two

years grouped by clusters. The most degraded kebele is Oda

Anshara (kebele 19) belonging to cluster 4, close to the city

of Bulbula. The most healthy kebele is Kormi Bujae (kebele

16) belonging to cluster 2. Considering the general NDVI av-

erage values, cluster 1 and cluster 4 had the highest loss of

NDVI from 1989 to 1994.

Table 4 presents the results of the contingency table

analysis based on chi square and the randomisation technique

of the distribution of NDVI values above and below the av-

erages of 1989, 1994 considering all the clusters and the in-

dividual clusters. The overall difference between the NDVI

values among clusters was not significant in 1989, only clus-

ter 5 shows values significantly below the average value of

the year, while the overall difference becomes significant in

1994 where cluster 3 shows a value significantly above the

average. Cluster 5 shows values under the average also in

1994. Considering the distribution of the NDVI differences,

cluster 1 and 4 show loss of vegetation mass significantly

above the average value. This proves that these clusters in-

clude kebeles that are under a process of evident land degra-

dation.

As already emphasized, the increment or decrement of

NDVI does not correspond to an actual absolute increment or

decrement of vegetation mass, but it relates to the average

situation in 1989 where no significant NDVI differences be-

tween the clusters 1, 2, 3 and 4 occurred. Cluster 5 showed

lower values of NDVI also in 1989 since it represents a pe-

culiar coastal situation of Lake Abijata with large sandy and

humid areas without dense vegetation cover.

Using the information of Appendices 1-2 and Table 3,

the clusters of kebeles can be described briefly as follows:

Cluster 1 includes 7 kebeles (1, 2, 3, 4, 5, 8, 9) located at a

relatively high altitude of 1713±48 m. The total area is about

222 km
�
. The average precipitation is over 700 mm/year.

This cluster is characterized by old terraced deposits of Lake

Ziway (clay, reworked pumice and shellbeds, colluvial-allu-

vial gravel, sand, silt and pyroclastic and clay, diatomeite,

shell beds and reworked pumice). It shows the lowest per-

centage of cultivated areas, the lowest density of cows, bulls,

calves and horses and mules. There is however, a high den-

sity of sheep and goats. The human population density is

relatively high, just below the maximum density found in

cluster 4. There are many roads crossing the kebeles and con-

necting Abosa, Ziway and Koshe. This cluster has the highest

percent cover of bare soil, rock outcrop and a relatively high
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cover of open grassland (about 10%), and a relatively high

rate of soil erosion (11-20 t/ha/year is most common). The

average NDVI of this cluster was relatively high in 1989, but

showed a significantly reduction in 1994 (the highest reduc-

tion among the clusters). The influence of Ziway, the largest

town of the study area with a population of about 20,000 peo-

ple, appears to account for the high human population den-

sity and the rapid degradation of the vegetation. This degra-

dation should be mainly due to cutting wood for charcoal and

the grazing pressure exerted by sheep and goats and the high

livestock population of the town.

Cluster 2 includes 5 kebeles, (10, 12, 13, 14, 16) located at

an average altitude of 1728±30 m. The total area is about 122

km
�
. The interpolated rainfall exceeds an average of 700

mm/year as in cluster 1. The cluster is characterized by col-

luvial-alluvial gravel, sand, silt and pyroclastic and clay, di-

atomite, sand, shell beds and reworked pumice. The culti-

vated area of land reaches 53%, but the human as well as the

livestock population density is low. Goats are the unique ex-

ception in this cluster having an average population density

of 64.52/km
�

with more than 97/km
�

in Andola Chabi and

Karakata Waransa. This cluster has the highest percent cover

of woodland and open woodland, and shows the highest

NDVI of the study area and the lowest average relative dec-

rement of NDVI from 1989 to 1994. This may be due to the

fact that this cluster is far from the main road connecting the

North and South of the Rift valley. The presence of the

Habernosa cattle ranch has influenced the livestock popula-

tion of the adjacent kebeles of cluster 2 by the spill over effect

of the benefits in the ranch such as the veterinary attention,

improved bred of animals and water supply. The proximity

of the kebeles of this cluster to the ranch seems to have influ-

enced the percent cover of the woodland as well.

Cluster 3 consists of 9 kebeles (15, 17, 18, 21, 22, 25, 27, 28,

29) located at an average altitude of 1645±28 m. The total

area is about 220 km
�
. The interpolated precipitation reaches

an average of 785 mm/year (the highest precipitation in the

study area). Geological features are mainly rift floor ignim-

brites (peralkaline rhyolitic ignimbrites, poorly welded ig-

nimbrites and pumice fall), shore sand and reworked pumice

of poorly preserved strandlines, and basaltic lava flows and

scoria cones. Soils derived from basaltic rocks are known for

their fertility. The potentially higher fertility of the soil in

Cluster 3 appears to have influenced the high percent cover

of croplands. This cluster has the highest average percentage

of cultivated area (66.60%) and grassland (11.53%). The

population density is relatively low (the third among the clus-

ters), may be because of high distance from the city centres

and the main roads (Figure 1). It is clear that the livelihood

of the people depends on agriculture as shown by the high

percent cover of cultivated area, the high density of poultry,

the high density of goats (both being the second among the

clusters). The decrement of NDVI from 1989 to 1994 is the

lowest suggesting that cultivation does not necessarily produce

so drastic reduction of NDVI as it happens by cutting wood for

charcoal (e.g., in cluster 1 and 4).

Cluster 4 consists of 7 kebeles (6, 7, 11, 19, 26, 30, 31) lo-

cated between the three lakes (Ziway, Langano and Abjata)

at an average altitude of 1651±22 m. The total area is about

160 km
�
. The interpolated average precipitation reaches 660

mm/year, which is the lowest among the clusters. It is char-

acterized by the highest percent of lacustrine deposits, clay,

marls, diatomite, sand, shell beds and reworked pyroclastics

and Alutu-Bericcio rhyolitic lava flow (mainly in Bochiso

kebele). Human and livestock population is the highest

among the clusters. This is certainly due to the main road

connecting Addis Ababa with the South which runs through

this cluster and the fact that the towns of Bulbula (about 1500

inhabitants) and Adami Tulu (about 5000 inhabitants) are ad-

jacent to this cluster along the main road. The vegetation

types characterizing this cluster are open grassland and open

woodland. Despite the presence of high cover of open grass-

land, erosion is very limited because the terrain is flat. Owing

to the low rainfall, this cluster has the highest percentage of

pasture during the rainy season. The NDVI, which on the av-

erage was the highest in 1989 notwithstanding the low rain-

fall, shows a very high relative decrement in 1994 (the sec-

ond highest reduction after cluster 1), presumably because of

extensive cutting of wood for charcoal production and be-

cause of a situation of relatively low rainfall that does not

facilitate vegetation mass recovery.

Table 3. 0�1�	���
� �� 2034 ���� ��� ��	
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Cluster 5 consists of 4 kebeles (20, 23, 24, 32) all adjacent to

the north eastern shore of Lake Abijata and Langano at an

average altitude of 1595±4 m (the lowest of the area). The

total area is about 140 km
�
. The interpolated average precipi-

tation is 682 mm/year. This cluster has the highest percentage

of bare soils (28%), the lowest percentage of total vegetation

cover and therefore the lowest values in NDVI which has not

changed significantly between the two years. The dominant

geological feature is shore sand and reworked pumice of

poorly preserved strandlines which makes the soil relatively

porous and poor, high percent of Wonji Butajera basaltic

flows and scoria cones and rift floor ignimbrites in Hara

Kado. This may be the reason for the relatively high percent-

age of cultivated area of land (54%) with respect to the lowest

human density. The density of horses in this cluster is the

highest probably due to the open terrain and the grazing area

available along the lakeshore .

Discussion

The history of human interaction with natural resources

leading to degradation in the Ethiopian Rift valley is rela-

tively new (Zerihun and Mesfin 1990) as compared to the

Northern parts of the country (Fatovich 1997). In northern

Ethiopia, the interaction of the human population with natu-

ral resources for a long period of time has led to depletion of

the vegetation cover, impoverishment of biodiversity and

high rate soil erosion (McDougall et al. 1975, Virgo and

Munro 1977, Egziabher et al. 1998). In the Rift Valley, the

rate of environmental degradation caused by more intensive

resource utilization in a relatively shorter period of time is

rivalling that of the northern part mainly in the depletion of

vegetation cover and erosion of biological diversity. Human

activities in the area have resulted in open canopy vegetation

which is floristically poor and physiognomically uniform

(Feoli and Zerihun 2000). Only few sites were set aside with
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the aim of environmental protection (Zerihun and Mesfin

1990).

The rapid development of towns along the main roads in

the Rift Valley, which connects the northern and central parts

with the southern parts of the country, has created external

demands on the resources of the rural system. The regional

administration and the people are conscious about the ongo-

ing degradation process but the range of options available to

them is quite limited and relatively inflexible.

The access to GIS technology and simple analytical pro-

cedures of available information may help stakeholders to

better control the situation and to plan interventions where

most needed. The classificatory approach we are suggesting

is easy to understand and to be applied with limited effort for

data acquisition. The data that can be obtained from remote

sensing images of public domain and from the official Cen-

sus are adequate to characterize the environmental situation

of a given landscape at a given time. The approach clearly

shows where the process of degradation is more active and

why. It offers the possibility to group the kebeles according

to their similarity based on their landscape features and so-

cio-economic variables and to rank them according to the on-

going process of land degradation within and between each

group. The advantage of using a classificatory approach

based on fuzzy set theory and permutation techniques is evi-

dent. Appendices 1 and 2 give a measure of the continuity of

spatial variation among the OGUs notwithstanding the fact

that they have been classified in classes which are signifi-

cantly sharp. The relative high difference between cluster 5

and the others appears very clearly in the fuzzy partition ta-

bles (e.g., Appendices 1-2).

The approach offers tables which are easy to inspect

(e.g., Table 5) in which similarity between and within cluster

are presented to show the pattern of cluster similarity in the

landscape. In our case, it is clear that the similarity between

adjacent clusters is higher than those which are apart (e.g.,

the similarity between cluster 1 and the others gradually de-

creases as the distance increases). This becomes even clearer

when considering the similarity between fuzzy sets. How-

ever, the ratio between/within similarity is relatively high

(more than 50%) for all the clusters. As consequence, the

fuzziness of the fuzzy partition is high. It is clear that cluster

5 is the most dissimilar from the others. It represents a pecu-

liar coastal environment in which human impact is not very

high probably due to the low fertility of the soil. Cluster 3 is

the one with the highest within similarity, cluster 5 with the

lowest, probably due to the fact that lake Abijata appears to

be highly affected by El Niño events. The frequent expansion

and recession of the water level of the lake and the extraction

of the water for the “Soda Ash Factory” has left large areas

with heterogeneous land cover mainly devoid of vegetation

especially at its north-western shore where we find the most

peculiar kebeles of this cluster (Adansho Barnola and Adan-

sho).

The approach proves clearly that human pressure must be

considered in the geo-physical context of the landscape since

the same land management can produce different impacts on

the environment in which it is put into operation. The fact that

the spatially contagious distribution of the changes of NDVI

corresponds very well to the distribution of clusters of ke-

beles (Fig. 1) is a strong evidence that factors influencing the

human pressure have a clear zonation in the area. Elevation,

climate, geology, and proximity to the lakes influence the

pattern of human settlements and therefore the intensity of

resource utilization. The significant correlation between geo-

logical and socio-economic data suggests that geology has a

strong influence on the settlement through its effect on soil

physical and chemical properties such as nutrient status and

moisture retention capacity (Zerihun and Mesfin 1990). The

indirect effect of geology on land cover/land use is expressed

through the preferential human settlement pattern, which

also influences the human and livestock density and the pres-

sure on natural resources. The approach clearly shows that

the kebeles that are undergoing the strongest process of deg-

radation are those hosting the most important roads of com-

munications and are closer to the towns.

In general, the percent area of land not cultivated ranges

between 35 and 63%. The presence of uncultivated land in

some of the kebeles suggests that there is still some room to

initiate efforts for rehabilitation of the vegetation. The ap-

proach proves that the variables related to human and live-

stock densities are those most affecting land degradation

(correlation between C and the Land-soc variables) there-

fore control over human and livestock density which are in-

dicators of land degradation and adjustments on land use

based on the policy environment could be considered man-

datory strategy for rehabilitation.

Conclusions

The approach offers logical and powerful tools to detect

and understand landscape patterns. However, it requires rec-

ognizing the following facts in order to be properly and prof-

itably used:

• The landscape units (LUs) in which the landscape is

subdivided and sampled can only have the meaning of

operational geographic units (OGUs) for two opposite

reasons, one is the high number of different kinds of

LUs we can reasonably define (see Feoli and Zuc-

carello 1996), while the other is the constraint related to

the fact that some relevant data are accessible only for

some kinds of OGUs. For example, in our case socio-

economic data are available in aggregated form only for

administrative units (kebeles). This limitation may re-

sult in heterogeneity within the OGUs that can lead to

the weakness of the correlation between the variables;

• The scale of the analysis is defined by the choice of

OGUs, however with the use of GIS technology it is al-

ways possible to generate new OGUs and move from

smaller scales to bigger scales and vice-versa (Longley

et al. 2001);
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• Given n OGUs the number of possible classifications

may be so high that their enumeration would be practi-

cally impossible as was stressed by Podani and Feoli

(1991) and recently by Miklós et al. (2005). This is not

only because we can use different sets of variables, but

also because even if we fix a set of them, they can be

transformed and weighted in several ways and also be-

cause there are many clustering (or table rearrange-

ment) methods that can be applied (Podani 2000). Since

it is almost impossible to find the “absolute” optimal

classification (if there is any!), it follows that classifica-

tion should be seen not as the final aim of a research,

but mainly a process extracting information from data,

to learn from data and to organize information and

knowledge;

• Permutation techniques can be useful to limit the

number of possible classifications by testing the simi-

larity between the matrices obtained with different

similarity functions. From among the significantly

similar similarity matrices we can choose only one. In

this study similarity ratio gave the sharpest classifica-

tion, but this would not mean that it is the best similar-

ity function in all the circumstances. Other similarity

functions used in this study also gave significantly

sharp classifications, e.g., Gower’s, Goodall’s and

Yager’s indices. We chosen the classification based on

similarity ratio because it produced slightly more sig-

nificant sharpness than the others, and because the

Mantel test showed that the correlation between the

mentioned similarity functions was significantly high. It

should, however, be clear that the differences between

the significant probability levels could not be signifi-

cant, in other words choosing one classification among

those significantly sharp is always a subjective choice.

• Fuzzy sets have only operational meaning even if they

correspond to a significant sharp classification. Their

degrees of belonging show the uncertainty of the ob-

jects and/or variables to belong to the classes of a given

classification. This is very useful because fuzzy sets of-

fer the opportunity to challenge the emerging pattern of

that classification against patterns emerging from other

“reasonable” classifications.

• The conclusions we put forward are relevant and can be

extrapolated only within the context of the data used for

the study or within similar data contexts.

Acknowledgements: This work was carried out within the

work package “Integrated spatial tools for natural resources

assessment and management” of the Center for Excellence in

TeleGeomatics, GeoNetLab, University of Trieste, Italy. Fi-

nancial support was given by European Commission for the

projects “Sustainable Use of Natural Resources in Rural Sys-

tems of Eastern Africa Drylands (Ethiopia, Kenya and Tan-

zania) Strategies for Environmental Rehabilitation” (Con-

tract ERBC 18 CT 970139). We thank Professors Tewolde

Egziabher and Mitiku Aile for their support during our re-

search in Ethiopia.

References

Anderson, M.J. and P. Legendre. 1999. An empirical comparison of
permutation methods for tests of partial regression coefficient in
a linear model. J. Stat. Comput. Simul. 62: 271–303.

Anderson, M.J. and C. ter Braak. 2003. Permutation tests for multi-
factorial analysis of variance. J. Stat. Comput. Simul. 73: 85-
113.

Azzali, S. and M. Menenti. 2000. Mapping vegetation-soil-climate
complexes in southern Africa using temporal Fourier analysis of
NOAA-AVHRR data. Int. J. Remote Sens. 21: 973-996.

Biondini, M.E., P.W. Mielke Jr. and E.F. Redente. 1991. Permuta-
tion techniques based on Euclidean analysis spaces: a new and
powerful statistic method for ecological research. In: E. Feoli
and L. Orlóci (eds.), Computer Assisted Vegetation Analysis.
Kluwer, Boston. pp. 221-240.

Bonnet, E. and Y. Van de Peer. 2002. ZT: a software tool for simple
and partial Mantel tests. J. Stat. Software 7(10): 1–12.

Box, E.O., B.N. Holben and V. Kalb. 1989. Accuracy of the AVHRR
Vegetation Index as a predictor of biomass, primary productiv-
ity and net CO2 flux. Vegetatio 80: 71-89.

Burba, N., E. Feoli, M. Malaroda and V. Zuccarello. 1992. Un
sistema informativo per la vegetazione. Software per l’ar-
chiviazione della vegetazione italiana e per l’elaborazione di ta-
belle. Manuale di utilizzo dei programmi. Quad. CETA n.12 pp.
78. Gorizia.

Burba, N., E. Feoli, M. Malaroda and V. Zuccarello. 2008. MATE-
DIT: a software tool supporting the application of similarity the-
ory in community ecology. Submitted to Community Ecol.

Carranza, L., E. Feoli and P. Ganis. 1998. Analysis of vegetation
structural diversity by Burnaby’s similarity index. Plant Ecol.
138: 77-87.

Dainelli, N., M. Benvenuti and M. Sagri. 2000. Geological Map of
the Ziway-Shala Lakes Basin (Ethiopia). D.B. Map, Firenze.

Davenport, M.L. and S.E. Nicholson. 1993. On the relation between
rainfall and the Normalized Difference Vegetation Index for di-
verse vegetation types in East Africa. Int. J. Remote  Sens.
14(12): 2369-2389.

De Jong, S.M. 1994. Applications of Reflective Remote Sensing for
Land Degradation Studies in a Mediterranean Environment.
Netherlands Geographical Studies 177, Utrecht, p. 237.

Dregne, H.E. 1983. Desertification of Arid Lands. Harwood Aca-
demic Publishers, London.

Duncan, D. 1997. Analysis and Comparison of Two AVHRR NDVI
Time Series. Aerospace Engineering and Engineering Mechan-
ics. Austin, University of Austin.

Egziabher, Tewolde, E. Feoli, M. Fernetti, G. Oriolo, Zerihun
Woldu. 1998. Vegetation mapping by integration of floristic
analysis, GIS and remote sensing. An example from Tigray.
Plant Biosyst. 132: 39-51.

Estabrook, C.B. and G.F. Estabrook. 1989. Actus: a solution to the
problem of small samples in the analyses of two-way contin-
gency tables. Historical Meth. 82: 5-8.

Fatovich, R. 1997. The peopling of the Tigrean Plateau of ancient
and medieval times (ca 4000 B. C. - A. D. 1500): Evidence and
synthesis. In: K.A. Bard (ed.), The Environmental History and
Human Ecology of Northern Ethiopia in Late Holocene: Pre-
liminary Results of Multidisciplinary Project. Istituto Universi-
tario Orientale, Napoli, pp. 82–105.

Feoli, E. and Zerihun Woldu. 2000. Fuzzy set analysis of the Ethio-
pian Rift Valley vegetation. Plant Ecol. 147: 219-22.

62 Feoli et al.



Feoli, E. and V. Zuccarello. 1986. Ordination based on classification:
yet another solution?! Abstr. Bot. 10: 203-219.

Feoli, E. and V. Zuccarello. 1988. Syntaxonomy, a source of useful
fuzzy sets for environmental analysis? Coenoses 3: 65-70.

Feoli, E. and V. Zuccarello. 1996. Spatial pattern of ecological proc-
esses: the role of similarity in GIS applications for landscape
analysis. In: M. Fisher, H. Scholten and D. Unwin (eds.), Spatial
Analytical Perspectives on GIS. Taylor and Francis, London. pp.
175-185.

Feoli, E., L. Gallizia-Vuerich and Zerihun Woldu. 2002a. Processes
of environmental degradation and opportunities for rehabilita-
tion in Adwa, Northern Ethiopia. Landscape Ecol. 17: 315-325.

Feoli, E., L. Gallizia-Vuerich and Zerihun Woldu. 2002b. Evaluation
of the environmental degradation in northern Ethiopia using GIS
to integrate vegetation, geomorphologic, erosion and socio-eco-
nomic factors. Agriculture, Environment and Ecosystem 91:
313-325.

Feoli, E., G. Ferro and P. Ganis. 2006. Validation of phytosociologi-
cal classifications based on a fuzzy set approach. Community
Ecol. 7: 99-108.

Fortin, M.J., G.M. Jacquez and B. Shipley. 2002. Computer-inten-
sive methods. In: A.H. El-Shaarawi and W.W. Piegorsch (eds.),
Encyclopedia of Environmetrics. John Wiley and Sons, Ltd,
Chichester .Vol. 1, pp. 399–402.

Gamon, J.A., C.B. Field, M.L. Goulden, K.L. Griffin, A.E. Hartley,
G. Joel, J. Penuelas and R. Valentini. 1995. Relationships be-
tween NDVI, canopy structure, and photosynthesis in three
Californian vegetation types. Ecol. Appl. 5(1): 28-41.

Hill, J., and D. Peter. 1996. The Use of Remote Sensing for Land
Degradation and Desertification Monitoring in the Mediterra-
nean Basin - State of the Art and Future Research. Luxembourg,
European Commission. p. 235.

Hill, J., S. Sommer, W. Mehl and J. Mégier. 1996. A conceptual
framework  for  mapping and monitoring the  degradation of
Mediterranean ecosystems with remote sensing. In: J. Hill and
D. Peter (eds.), The Use of Remote Sensing for Land
Degradation and Desertification Monitoring in the
Mediterranean Basin - State of the Art and Future Research.
Luxembourg, European Commission, pp. 23-44.

Hurcom, S.J. and A.R. Harrison. 1998. The NDVI and spectral de-
composition for semi-arid vegetation abundance estimation, Int.
J. Remote Sens. 19: 3109-3125.

Hurni, H. 1985. Erosion, productivity and conservation systems in
Ethiopia. Paper presented at the 4th International Conference on
Soil Conservation at Maracay, Venezuela, pp. 3-9.

Hurni, H. 1990. Degradation and conservation of soil resources in the
Ethiopian Highlands. In: B. Messerli and H. Hurni (eds.),
African Mountains and Highlands. Problems and Perspectives.
African Mountains Association (AMA), Marceline, Missouri.
pp. 51-63.

Kaufman, L. and P.J. Rousseeuw. 1990. Finding Groups in Data: An
Introduction to Cluster Analysis. Wiley, New York.

Kong, A. and D.L. Nicolae. 2000. On a randomization procedure.
Am. J. Human Genet. 7:1352–1355.

Lacaze, B.    1996. Spectral characterization    of    vegetation
communities and practical approached to vegetation cover
changes monitoring. In: J. Hill and D. Peter (eds.), The Use of
Remote Sensing for Land Degradation and Desertification
Monitoring in the Mediterranean Basin - State of the Art and
Future Research. Luxembourg, European Commission. pp.
149-166.

Legendre, P. 2000. Comparison of permutation methods for the par-
tial correlation and partial mantel tests. J. Statist. Comput. Si-
mul. 67: 37-73.

Legendre, P. and L. Legendre. 1998. Numerical Ecology. Second
English edition. Elsevier, Amsterdam.

Longley, A., Goodchild, M.F., Paul, D.J. Maguire and D.W. Rhind.
2001. Geographic Information Systems and Science. Wiley,
Baffins Land, England.

Lyon, J.G., D. Yuan, R.S. Lunetta and C.D. Elvidge. 1998. A change
detection experiment using vegetation indices. Photogramm.
Engineer. Remote Sens. 64: 143-150.

Manly, B.F.J. 1997. Randomization, Bootstrap and Monte Carlo
Methods in Biology. 2nd ed., Chapman and Hall, London.

Mantel, N. 1967. The detection of disease clustering and a general-
ized regression approach. Cancer Res. 27: 209-220.

Mantel, N. and R.S. Valand. 1970. A technique of nonparametric
multivariate analysis. Biometrics 26: 547-558.

McDougall, I., W.H. Morton and N.A.U. Williams. 1975. Age and
rate of trap series basalts at Blue Nile Gorge, Ethiopia. Nature
254: 207-208.

Miklós, I., I. Somodi and J. Podani. 2005. Rearrangement of ecologi-
cal data matrices via Markov chain Monte Carlo simulation.
Ecology 86: 3398–3410.

Myneni, R.B. and G. Asrar. 1994. Atmospheric effects and spectral
vegetation indices. Remote Sens. Environ. 47: 390-402.

Opdum, P., R. Foppen and C. Vos. 2002. Bridging the gap between
ecology and spatial planning in landscape ecology. Landscape
Ecol. 16:767-799.

Pausas, J.C. and E. Feoli. 1996. Environment-vegetation relation-
ships in the understorey of Pyrenean Pinus sylvestris forest. II.
A classification approach. Coenoses 11:45-51.

Peñuelas, J.P. and I. Filella. 1998. Visible and near-infrared reflec-
tance techniques for diagnosing plant physiological status.
Trends in Plant Science 3(4): 151-156.

Peres–Neto, P.R. and J.D. Olden. 2001. Assessing the robustness of
randomization tests: examples from behavioural studies. Animal
Behav. 61: 79–86.

Pesarin, F. 1999. Permutation Testing of Multidimensional Hypothe-
ses by nOnparametric Combination of Dependent Tests.
CLEUP, Padua.

Pickup, G. and V.H. Chewings. 1996. Identifying and measuring
land degradation processes using remote sensing. In: J. Hill and
D. Peter (eds.), The Use of Remote Sensing for Land Degrada-
tion and Desertification Monitoring in the Mediterranean Basin
- State of the Art and Future Research. Luxembourg, European
Commission. pp. 135-145.

Pillar, V.D. 1996. A randomization-based solution for vegetation
classification and homogeneity testing. Coenoses 11: 29-36.

Pillar, V.D. 1999. How sharp are classifications? Ecology 80: 2508-
2516.

Pillar, V.D. and L. Orlóci. 1996. On randomization testing in vege-
tation science: multifactor comparisons of relevé groups. J. Veg.
Sci. 7:585-592.

Podani, J. 1994. Multivariate Data Analysis in Ecology and Sys-
tematics. A Methodological Guide to the SYN-TAX 5.0 package.
SPB Academic Publishing bv, The Hague.

Podani, J. 2000. Introduction to the Exploration of Multivariate Bio-
logical Data. Backhuys Publishers, Leiden.

A classificatory approach integrating fuzzy set theory and permutation techniques 63



Podani, J. and E. Feoli. 1991. A general strategy for the simultaneous
classification of variables and objects in ecological data tables.
J. Veg. Sci. 2:435-444.

Price, J.P. 1992. Estimating vegetation amount from visible and near
infrared reflectances. Remote Sens. Environ. 41: 29-34.

Purevdorj, Ts., R. Tateishi, T. Ishiyama and Y. Honda. 1998. Rela-
tionships between percent vegetation cover and vegetation indi-
ces. Int. J.Remote Sens. 19: 3519-3535.

Sagri, M. 1998. Land Resources inventory, environmental changes
in the Abaya lake region (Ethiopia). Final report STD3 project.
Contract no. TS3-CT92-0076.

Thornes, J.B. 1996. Introduction. In: C.J. Brandt and J.B. Thornes,
(eds.), Mediterranean Desertification and Land Use. Wiley,
New York. pp. 1-11.

Tobisch, T. and T. Standovár. 2005. A comparison of vegetation pat-
terns in the tree and herb layers of a hardwood forest. Commu-
nity Ecol. 6: 29-37.

Tucker, C.J., C. Vanpraet, E. Boerwinkel and A. Gastn. 1983. Satel-
lite remote sensing of total dry matter production in the
Senegalese Sahel. Remote Sens. Environ. 13: 461-474.

Virgo, J.R. and R.N. Munro. 1977. Soil and erosion features of the
central plateau regions of Tigray. Geoderma 20: 131-157.

Wischmeier, W.H. and D.D. Smith. 1978. Predicting Rainfall Ero-
sion Losses – A Guide to Conservation Planning. U.S. Depart-
ment of Agriculture, Agriculture Handbook, n. 537.

Zerihun, Woldu and Mesfin Tadesse. 1990. The status of the vegeta-
tion in the Lake regions of the Rift Valley of Ethiopia and the
possibilities of its recovery. Sinet: Ethiop. J. Sci. 13(2): 97-120.

Zhao, S.X. 1986. Discussion on fuzzy clustering. 8th int. Conf. On
Pattern Recognition, IEEE Press, New York. pp. 612-614.

Zimmerman, H.G. 1996. Fuzzy Set Theory and its Applications. 3rd

ed. Kluwer Academic Publishers, Dordrecht.

�������� ������ 
� ���
������� ����� ��� ���
�������� ���� ��� ���

Appendix 1

Fuzzy partition of the kebeles in the 5 clusters with the

highest sharpness.

Appendix 2

Average values, the standard deviation and the degrees

of belonging of the variables in the 5 clusters.

The electronic appendices may be downloaded from the

website of the journal at www.akademiai.com
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