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Abstract 
Fuzzy set theory provides a formal system for representing and reasoning with uncertain 
information. Linguistic variable concept in a fuzzy logic system enables to handle numerical 
data and linguistic knowledge simultaneously. Even L. A. Zadeh (1965), formulated the initial 
statement of fuzzy set theory, at first never expected fuzzy sets to be used in consumer products 
or in geographic information. A collection of objects of any kind form a classical set and the 
objects themselves are called elements or members of the set. Since classical set theory is used 
in conventional decision making systems to model uncertain real world, the natural variability 
in the environmental phenomena can not be modeled appropriately. Because, pervasive 
imprecision of the real world is unavoidably reduced to artificially precise spatial entities 
when the conventional crisp logic is used for modeling. In this study fuzzy sets and fuzzy logic 
algebra were used in predicting the soil erosion hazard. Annual soil loss rates were estimated 
using Universal Soil Loss Equation (USLE) that has been used for five decades all over the 
world. Fuzzification of the landscape elements used in the model was done using a Fuzzy 
Semantic Import modeling approach. FuzzyCell, which has been developed on a commercial 
GIS software namely, Arc-Map, was used to implement the fuzzy algebra operators for 
determining the likelihood an area to low, moderate or high erosion hazard. The results were 
compared with the traditional USLE model results. When the results obtained from the 
traditional and fuzzified USLE implementation, it is observed that traditional USLE 
overestimates the areas prone to low level erosion risks and it overestimates the areas prone to 
high level erosion risk. Although the model provides qualitative estimations, it showed very 
useful to explore relationships and incorporate uncertainty in spatial decision making. 
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1 Introduction 
Erosion is the displacement of solids like soil, mud and also rock by the agents of wind, water, 
ice, or movement in response to gravity. Erosion is an important natural process, but in many 
places it is increased by human activities. It becomes a problem when human activity causes it 
to occur much faster than under natural conditions. Estimates of erosion are essential to issues 
of land and water management, including sediment transport and storage in lowlands, 
reservoirs, estuaries, and irrigation and hydropower systems. In the USA, soil has recently 
been eroded at about 17 times the rate at which it forms: about 90% of US cropland is 
currently losing soil above the sustainable rate. Soil erosion rates in Asia, Africa and South 
America are estimated to be about twice as high as in the USA. FAO estimates that 140 
million ha of high quality soil, mostly in Africa and Asia, will be degraded by 2010, unless 
better methods of land management are adopted (FAO, 2001). The European Union member 
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states have totally 25 million ha of erosion vulnerable areas; unfortunately this rate reaches 
61.9 millions ha in Turkey (TFCSE, 2001). General Directorate of Reforestation and Erosion 
Control (GDREC) defines 20% of our topsoil has moderate, 36% has severe and 22% has very 
severe soil erosion according to their soil surveys (GDREC, 2001).   

The most widely used and supported soil conservation tool is “Universal Soil Loss Equation, 
USLE” (SWCS, 2005). USLE is an empirical equation derived from more than 10,000 plot-
years of data collected on natural runoff plots and an estimated equivalent of 2,000 plot-years 
of data from rainfall simulators. The annual soil loss is estimated from a number of factors that 
have been measured for all climates, soil types, topography and kinds of land. These factors 
are combined in a number of formulas in USLE, which returns a single number, the computed 
soil loss per unit area, equivalent to predicted erosion in ton acre-1 year-1 (Wischmeier and 
Smith, 1978).  

The Universal Soil Loss Equation (USLE; Wischmeier and Smith, 1978) or the revised version 
of USLE (RUSLE; Renard et al., 1997) are often used to predict rainfall erosion in landscapes 
using GIS. Using a grid cell representation of the landscape, and the assumption that each cell 
is internally uniform with respect to rainfall, soil, crop, aspect and slope gradient, enables the 
average annual soil erosion for any given cell to be calculated from six factors: 

A= R K L S C P (1) 

where R is the long term annual average of the product of event rainfall kinetic energy (E) and 
the maximum rainfall intensity in 30 minutes (I30), K is the soil erodibility factor, L is the 
slope length factor, S is the slope gradient factor, C is the crop and crop management factor 
and P is the conservation support practice factor. The slope length factor is one of the main 
factors for soil loss predictions in both RUSLE and USLE.  

Fuzzy set theory provides a formal system for representing and reasoning with uncertain 
information. Linguistic variable concept in a fuzzy logic system enables to handle numerical 
data and linguistic knowledge simultaneously (Mendel,1995). Even L. A. Zadeh (1965), 
formulated the initial statement of fuzzy set theory (Maiers and Sherif, 1985), at first never 
expected fuzzy sets to be used in consumer products or in geographic information systems 
(Perry and Zadeh, 1995). A collection of objects of any kind form a classical set and the 
objects themselves are called elements or members of the set. The elements of a classical set A 
in a universe of discourse U can be defined by specifying a condition. One other way to 
identify the elements of A is by introducing characteristic function for A, denoted as µA (x) 
such that µA (x) = 1 if x ∈  A and µA (x) = 0 if x ∉  A. A fuzzy set is a generalization to 
classical set to allow objects to take membership values between zero and unity in vague 
concepts (Zadeh, 1965). A fuzzy set F defined on a universe of discourse U is characterized by 
a membership function µ F (x) that maps elements of universe of discourse U to their 
corresponding membership values which is a real number in the interval [0, 1]. 

In this study it is aimed to use an applicable erosion model and integrate the selected model 
with the capabilities of GIS for the study area. USLE is selected as an empirical erosion model 
because of its fewer requirements compared to the other models which need detailed data sets. 
A small watershed named “Kocadere Creek, İzmir” was selected as a study area in order to use 
USLE within GIS to map soil erosion risk. It is also aimed to use different methods in 
estimating the topographic factor. Finally, two approaches namely boolean and fuzzy 
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classifications are aimed to be used in mapping the soil erosion risk in order to handle the 
uncertainty in the data and the natural variation in the factors.  

2 Materials and Methodology 
The Kocadere Creek Watershed is an agricultural watershed of 62.7 square km in southwest of 
İzmir, 30 km away from the city centre. The previous potential erosion risk classification 
results with very strong level (Esengin, 2002). Additionally, there are flood-prone areas in the 
watershed, which may be exacerbated by channel aggradations and subsequent reductions in 
flow conveyance. Study area, Kocadere Creek Watershed is displayed on Landsat TM image 
acquired on 11 May 1987 with red polygon as given in Figure 1. 
 

 
Figure 1 Study region (red triangles represent meteorological stations). 

Rainfall erosivity index (R): 
Rainfall erosivity index is calculated from the annual summation of rainfall energy (E) in 
every storm (correlated with raindrop size) times its maximum 30 - minute intensity (I30). As 
expected, it varies geographically. This index can be calculated by using Eq. (1). Kinetic 
energy of the rainstorm, E is in J/m2 and I30 is in mm/h. The rainfall erosivity index is 
presented in Figure 2. 

1000
30EI

R =  (1) 

K factor: 
The classified soil map is reclassified in order to derive USLE’s soil erodibility factor, K. In 
this stage erosion rates were calculated by using TURTEM (Turkey Erosion Estimation 
Model) (Özden and Özden, 1997). TURTEM is the project name that was developed by 
General Directorate of Village Affairs for determining erosion rates by using laboratory 
analysis results on USLE. The resulting K factor map is shown in Figure 2. 

LS factor: 
The L- and S-factors are often frequently lumped into a single term, LS-factor (topographical 
factor). In modeling erosion in GIS environment, it is common to calculate the LS combination 
using a formula such as 

0.4 1.3sin* *
22.13 0.0896

Cell Size slopeLS Flow Accumulation⎛ ⎞ ⎛ ⎞= ⎜ ⎟ ⎜ ⎟
⎝ ⎠ ⎝ ⎠

 (2) 
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where Flow Accumulation is the number of cells contributing to flow into a given cell and Cell 
Size is the size of the cells being used in the grid based representation of the landscape. This 
formula is based on the suggestion by Moore and Burch (1986) that was a physical basis to the 
USLE L and S factor combination. However, approach often used does not produce 
appropriate values for the LS product for a grid cell. Moore and Burch’s (1986) algorithm was 
executed in ArcGIS environment for the study area and the application of different LS 
algorithms are summarized in Okalp (2005). Hickey’s algorithm (Hickey et al., 1994) is 
decided to be used for deriving LS factor and the resultant map is shown in Figure 2. 

C factor: 
The C factor is derived from NDVI distribution obtained from Landsat images. NDVI is 
positively correlated with the amount of green biomass, so it can be used to give an indication 
for differences in green vegetation coverage. NDVI-values were scaled to approximate C-
values using the following formula, developed by European Soil Bureau: 

NDVI
NDVI

eC −
−

= β
α

 
(3) 

where; α, β are the parameters that determine the shape of the NDVI-C curve. An α-value of 2 
and a β-value of 1 seem to give reasonable results (Van der Knijff et al., 1999). The C factor 
distributions are derived for both Landsat images acquired in 1987 and 2000, but the 
distribution map for 2000 is presented in Figure 2. 

3 Analysis 

3.1 Grid based USLE implementation 
Average annual soil losses were calculated by multiplying five factors: R; the erosivity factor, 
K; the soil erodibility factor; LS, the topographic factor; C, the crop and crop management 
factor. This multiplication was performed for both C factors derived from Landsat TM (1987) 
and Landsat ETM+ (2000) NDVI maps. The resulting maps can be seen in Figures 3a and 4a. 
In these calculations P, the conservation support practice factor was not considered, because 
there is no conservation work in the region. In the western side of the watershed there is a 
medium sized area that has no erosion rate. Because, there are some missing data in the soil 
data set that was obtained from KHGM. The highest value for map of 1987 that is shown in 
Figure 3a is 2471.9 t/ha/year. This rate increases to 2724.35 t/ha/year for map of 2000 and 
shown in Figure 4a. Highest rate values in both maps generally matches with the areas having 
highest LS values. USLE results were classified into three zones as low, moderate and high 
erosion risk classes. Threshold values that were used to classify USLE result of 1987 were 
used for 2000 results as well. Classified maps are also given in Figure 3b and 4b. Arial values 
of classes and relative change percentages are summarized in Table 1. 

Table 1 Comparison table for USLE results. 

1987 2000 ChangeRisk Class 
Area (ha) % Area (ha) % Area (ha) %

Low 304.17 5.19 121.89 2.01 -192.74 -61.26
Moderate 4877.86 80.47 3571.93 58.92 -1305.93 -26.77 
High 869.35 14.34 2368.02 39.06 1498.67 172.39 
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R factor distribution map of the region. 

 
 
K factor distribution map of the region. 
 

 
LS factor derived from Hickey’s Algorithm 

 
C factor distribution map of June, 2000   

Figure 2 The R, K, LS and C factors distribution maps for the study area. 

 

 (a)                (b) 
Figure 3 The average annual soil map (a), the classified soil loss map (b) for 1987. 
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(a) (b) 
Figure 4 The average annual soil map(a), the classified soil loss map (b) for 2000. 

3.2 Fuzzy Classification within GIS 
Fuzzy logic provides a powerful and convenient formalism for classifying environmental 
conditions and for describing nature. Whereas traditional indices are based either on crisp sets 
with discontinuous boundaries between them, or on continuous variables whose values are 
only meaningful to experts. Fuzzy sets make it possible to combine these approaches. 
Conceptually the use of fuzzy logic is simple, but the real power of the methodology comes 
from the ability to integrate different kinds of observations in a way that permits a good 
balance between favorable and unfavorable observations. In addition, fuzzy logic can be used 
to classify and quantify environmental effects of a subjective nature, such as erosion, and it 
even provides formalism for dealing with missing data. The fuzzy memberships can be used as 
environmental indices, but it is also possible to “defuzzify” them and obtain a more traditional 
type of index.  

The idea of using fuzzy logic in erosion mapping is to consider the spatial objects on a map as 
members of a set. For example, the spatial objects could be areas on an evidence map and the 
set defined as areas susceptible to be eroded. Fuzzy membership values must lie in the range 
(0,1), but there are no practical constraints on the choice of fuzzy membership values. Values 
are simply chosen to reflect the degree of membership of a set, based on subjective judgment. 

FuzzyCell, which is generic, enables decisionmakers to express their constraints and imprecise 
concepts that are used with geographic data through the use of natural language interfaces. 
FuzzyCell has been developed on a commercial GIS software namely, Arc-Map, which is a 
major GIS desktop system (Yanar and Akyürek, 2006). FuzzyCell can be viewed as a scheme 
for capturing experts knowledge on a specific problem. Through the use of linguistic variables, 
experts experiences in the problem domain, eventhough they naturally involve imprecision, are 
converted to fuzzy rules. Therefore, FuzzyCell allows users to handle imprecision in the 
decision making process by knowing only the fuzzy logic background. 

In this study two variable model consisted of LS and C factors were implemented. In fuzzy 
based erosion risk classification studies, it is common to apply membership functions with 
trapezoidal and gaussian shapes (Sasikala et al., 1996; Mitra et al., 1998), as these shapes seem 
reasonable, although there is no formal theory that supports these shapes.  

Input membership function for LS factor was selected as trapezoidal that consists of three 
classes; low, moderate, and high. Parameters for these classes were derived from histogram of 
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Hickey’s LS algorithm results. Input membership function and parameters are both given in 
Figure 5a. Input membership functions for both CTM and CETM+ were selected as Gaussian 
that consists of three classes; low, moderate and high. Input membership function and 
parameters are given in Figure 5b and 5c. Also, output membership function for both CTM and 
CETM+ is selected as Gaussian consists of three classes. 

 

        
              (a)                                  (b)                                     (c) 

Figure 5 Input membership functions for LS (a)  CTM (b) and CETM+ (c). 

These fuzzy output layers were merged linearly into one layer by using two input membership 
functions, one is for LS and the other is for CTM, the other case was for CETM+. Input and 
output functions have the same parameters and function types. The classified maps are given in 
Figure 6 and Figure 7. 

 

 
Figure 6 Classified FUZZY-LS output. 
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Figure 7 Merged fuzzy LS and fuzzy CTM layers. 

4 Discussion of the results 
FUZZY-LS and merged fuzzy layers are compared with the USLE result. The comparison 
table, which contains Arial values, is given in Table 2.  

Table 2 Comparison table for USLE and FUZZY classifications. 

1987 2000 
Class 

USLE Fuz.LS-CTM USLE Fuz.LS-CETM+ 
Fuz.LS 

Area (ha) 304.17 1483.53 121.89 1195.63 1274.48 
Slight 

% 5.19% 23.68% 2.01% 19.09% 20.35% 

Area (ha) 4877.86 4654.14 3571.93 4239.63 4002.51 
Moderate 

% 80.47% 74.30% 58.92% 67.68% 63.90% 

Area (ha) 869.35 126.47 2368.02 828.87 987.14 
Severe 

% 14.34% 2.02% 39.06% 13.23% 15.76% 
 
Erosion risk map of the watershed classified by the two fuzzy logic based models were 
compared with those predicted by USLE model. The one variable fuzzy logic model, which 
used input data from Hickey’s LS algorithm result for the watershed has no similarity with 
Arial values of USLE in any category. This shows that topographic factor is not the only factor 
that dominates erosion risk in the watershed. Another point, fuzzy classification was 
performed on only the topographic factor that was directly put into USLE equation; it is clear 
that standalone FUZZY-LS approach does not clarify erosion risk in the watershed. 

The two variable fuzzy logic models, which used input data from LS factor and C factors, give 
reasonable results compared to standalone FUZZY-LS approach. In the slight category that is 
shown in Figure 8, two variable fuzzy model predicted larger areas compared to USLE model, 
whereas smaller areas of the watershed was predicted in moderate and severe category 
compared to USLE results. 

In both of classification methods P factor was not considered, because no data for the 
watershed were available. This parameter would decrease soil loss rates of traditional USLE 
and also would make the model more realistic as well. Each parameter of USLE should be 
classified in fuzzy approach and merged together in order to find best comparison results 
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between USLE and fuzzy approaches, one or two variable fuzzy models are not sufficient to 
compare these classification methods. 

 

 
Figure 8 Comparison of traditional and fuzzy based USLE results. 

Damaged tree zones were clipped out from the forest map in order to determine the effect of 
degradation through the time. Forest map was published in 1996. It was observed that erosion 
risk increases from 1987 to 2000. This finding overlaps with the fuzzy outputs when the same 
process was applied. Comparison tables are given in Tables 3 and 4.  

Table 3 Comparison table of USLE results for damaged forest areas. 

1987 2000 Change 
Risk Class 

Area (ha) % Area (ha) % Area (ha) % 

Low 23.53 4.01 6.47 1.10 -17.06 -72.52 

Moderate 487.63 83.17 351.57 59.97 -136.07 -27.90 

High 75.12 12.81 228.25 38.93 153.13 203.83 
 

Table 4 Comparison table of FUZZY results for damaged forest areas. 

1987 2000 Change Risk 
Class Area (ha) % Area (ha) % Area (ha) % 

Low 159.71 27.07 105.93 17.96 -53.79 -33.68 

Moderate 419.17 71.05 407.72 69.11 -11.45 -2.73 

High 11.06 1.88 76.30 12.93 65.24 589.72 
 

This study demonstrated a simple approach to build membership functions for USLE model. 
The membership functions for each linguistic value (e.g., slight, moderate, and severe) could 
be built based on statistics of the linguistic values. It was proved that the trapezoidal and the 
Gaussian membership functions derived using this approach could give reasonable results 
compared to USLE results. Researchers (Mitra et al., 1998; Ahamed et al., 2000; Metternicht 
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and Gonzales, 2005) concluded that traditional USLE overestimates the areas prone to high 
level erosion risks. It is also found in this study that USLE over estimates the areas prone to 
moderate and severe soil erosion.  

5 Conclusion 
This paper discussed the use of fuzzy sets, fuzzy membership functions and fuzzy production 
rules in the modeling process of soil erosion, within a GIS environment. Fuzzy boundaries and 
fuzzy membership functions are applied to fuzzify the landscape factors used in modeling the 
likelihood of an area to be affected by different erosion degrees(e.g. low, moderate, high). In 
comparing “crisp” USLE versus “fuzzy” modeling, the fuzzy logic based approach was found 
successful at locating and differentiating areas of soil erosion with minimum data input. 
Although the model provides qualitative estimations, it showed very useful to explore 
relationships and incorporate uncertainty in spatial decision making. 

The application of fuzzy logic based models can be relatively inexpensive, and can be 
performed using a variety of non-expensive GIS and database packages. As shown by other 
researchers, in terms of Arial extent, the results obtained using fuzzy modeling compared 
favorably with those obtained using the well-known USLE methods. 
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