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Abstract 
This paper describes combined approaches of data preparation, neural network 
analysis, and fuzzy inferencing techniques (which we collectively call neuro-fuzzy 
engineering) to the problem of environmental modelling. The overall neuro-fuzzy 
architecture is presented, and specific issues associated with environmental 
modelling are discussed. A case study that shows how these techniques can be 
combined is presented for illustration. We also describe our current software 
implementation that incorporates neuro-fuzzy analytical tools into commercially 
available geographical information system software. 
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1 INTRODUCTION 

The increasing availability of large stores of spatial data has led to demands for 
improved methods for analysing these data. In recent years there has been interest in 
this respect in the application of artificial intelligence techniques, such as expert 
systems, artificial neural networks, fuzzy systems, and genetic algorithms (Kasabov, 
1996). Each of these approaches has its specific advantages: 
• Rule-based expert systems facilitate the input and refinement of expert knowledge 

in problem-solving modules. 
• Fuzzy systems extend the notion of ordinary rule-based expert systems to allow for 

the treatment of vague and uncertain knowledge in a systematic fashion. 
• Neural networks, in contrast, need not be initially supplied with expert knowledge 

and can be applied to virtually any data set without presuppositions concerning the 
distribution of the training data (Zhuang and Engel, 1990). 

• Genetic algorithm methods also require little in the way of a priori information and 
offer a general optimisation approach. 

Environmentt~l Software Systems Vol.2 R. Denzer, D.A. Swayne & G. Schimak (Eds.) 
©!FIP 1997 Puhlished by Chapman & Hall 



Neuro-fussy methods for environmental modelling 31 

The goal of neuro-fuzzy engineering is to combine these various techniques in a 
coherent fashion so that their different strengths can complement each other. In the 
context of large spatial information data sets, the hope is first to perform data trawling 
without having to make presuppositions concerning the data, and, at the same time, 
to extract knowledge that can be used in subsequent analysis or operations. Given the 
large size of these data sets, it may be advantageous to perform data filtering to reduce 
the size of the data set prior to carrying out connectionist computational analysis, and 
thus spatial data filtering is also a component of neuro-fuzzy engineering for 
environmental modelling. 

2 NEURO-FUZZY ENGINEERING 

The basic idea behind the neuro-fuzzy engineering approach is to pass the spatial 
information through a series of steps: (a) convert real-valued spatial data into a 
fuzzified representation; (b) train the fuzzified information with a neural network; and 
then (c) de-fuzzify the result to produce real values of the desired output. After the 
neural network is trained to satisfaction, it is analysed in order to extract fuzzy rules 
that can be used in association with the defined fuzzy membership functions. 

2.1 Fuzzy neural networks 

A fuzzy neural network seeks to blend the elements of these fuzzy and neural network 
computations into a single connectionist architecture. The model we employ (FuNN) 
(Kasabov, 1996) consists of five layers: an input variable layer; a condition elements 
(input fuzzy membership function) layer; a rule layer; an action elements (output 
fuzzy member function); and an output layer. These elements are shown 
schematically in Figure 1. In the simplified scheme shown in Figure 1, each of the 
two inputs can be fuzzified in the condition layer by representing the degree of their 
membership in a fuzzy set. 

When the FuNN fuzzy neural 
network is trained, the 
connection weights are 
modified in order to achieve 
the desired performance. 
During this process, the 
method of adjusting the 
weights for the middle layers 
(layers 2, 3, and 4) is 
backpropagation (Kasabov, 
1996). The weights 
connecting the outer layers 
are also adjusted during 
training, but this is a separate 
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Figure 1. The FuNN architecture 
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process. Here we use an approach based on genetic algorithms (GA) (Goldberg, 
1989). Since triangular membership functions are employed, only the centres need 
to be represented in the chromosome of the GA module, making the computation not 
too expensive. The overall result is that all the weights in a the five-layer FuNN are 
adjusted during training to obtain optimal results. 

2.2 The extraction of fuzzy rules 

The 3rd layer of the FuNN architecture is used for the insertion and extraction of 
structured information in the form of rules. A simple method works as follows: 
(i) Condition element nodes, C;, that contribute significantly (above a threshold) to 

the activation of node Rj are used in the antecedent part of a rule. 
(ii) For each output node connected to a Rj a separate rule is generated. 
Another rule extraction approach is to associate each rule layer node with a single 
fuzzy rule. Examples of these approaches are discussed in Section 4. 

3 SPATIAL DATA FILTERING 

The goal of data filtering in this context is to reduce the size of a large data space (so 
that neuro-fuzzy engineering computation can be more efficiently performed) without 
sacrificing the discriminating power of the original data. There are two areas where 
reductions can be made: 
• If the data elements are highly correlated, it should be possible to reduce the 

number of data elements under consideration. 
• If the individual features associated with each data element are correlated, it should 

be possible to work satisfactorily with a subset of the features. 

Here we use an approach (Liu and Setiono, 1996) which appears to offer promise in 
both of the above areas for spatial data preparation. In addition it performs automatic 
discretisation, which can help lead to an appropriate selection of the number of 
condition-layer elements in a FuNN fuzzy neural network. This method is oriented 
around the x2 statistic and consists of two phases. In the first phase data values for 
a given attribute are sorted and associated with a (initially single-valued) interval. 
Then the x2 value is calculated for each pair of adjacent intervals and adjacent 
intervals are merged if their X2 values fall below a certain value. This is done for each 
attribute, and the merged intervals now represent a discretisation of the data set. 

In the second phase of the method, each attribute takes turns for merging. If during 
this process an attribute has been merged to a single interval, then it can be dropped 
from further consideration and feature selection has been achieved. A preliminary 
example of this method of data filtering to a spatial data example is presented in the 
next section. 
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4 EXAMPLES 

For illustrative purposes we consider some contrived problems that are conceptually 
simple, but that can involve significant computation. They are based on the problem 
of determining suitable sites for golf courses in the South Island of New Zealand. 

4.1 Using a FuNN fuzzy neural network 

For the first example it is assumed that a suitable location can be determined from the 
observed data of mean summer temperature, mean annual rainfall, mean altitude, and 
the distance to the nearest of four principle urban centres of the South Island. Each 
of the 153,036 1 km2 blocks of the South Island was taken to be a candidate location 
for a golf course, and for each block, values for the four attributes were determined 
and placed in a data set. In order to provide an evaluation mechanism, an artificially 
'correct' classification value was determined based on a set of plausible rules (refer 
to (Purvis et at, 1996) for a description of this rule set). The output parameter of golf 
course suitability was taken to have five possible values, ranging from 0 (very 
unsuitable) to 4 (very suitable), and a map of the solution set is shown in Figure 2. 

Figure 2. Solution set for golf course 
suitability (produced by human expert). 

Figure 3. Evaluation of fuzzy neural 
network over the entire data set. 

A FuNN fuzzy neural network was then constructed to explore the degree to which 
information could be extracted from this data set. The intention was to consider each 
of the four input variables to have five fuzzy values. The FuNN had 4 input nodes, 
20 condition layer nodes, 20 hidden layer nodes, 5 action layer nodes, and one output 
layer node. It was trained with 1,000 fuzzified, randomly chosen samples over 400 
training epics. After evaluation over the entire data set, the FuNN was found to 
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classify 85.6% of the blocks correctly and another 14.2% (mostly along class 
boundaries) were only off by one membership class. Results are shown in Figure 3. 

4.2 Rules extraction 

Several methods for extracting rules were applied to this fuzzy neural network and 
compared. The first method used was the simple method. When these simple fuzzy 
rules were evaluated using a min-max fuzzy inference method, 40% of the South 
Island blocks were classified correctly and 50% were off by one class. Although the 
derived rules were relatively simple, there were 254 rules extracted by the method. 

In order to arrive a more manageable number of rules and achieve better performance, 
a second procedure was attempted: 
(i) All node connections in the middles layers of the fuzzy neural network that had 

a negative weight value were set to zero, and the fuzzy net was then retrained. 
(ii) Weighted fuzzy rules were then extracted. Rule components were only retained 

from node connections that had weight magnitudes above a chosen threshold. 
(iii) For the inference procedure, a rule fires only if the sum of the weighted 

contributions from all its inputs is positive. 
(iv) The degree to which an output membership value is inferred is determined by 

calculating the weighted sum (using confidence factors) from all activated rules. 

This resulted in only 20 weighted but rather complex rules. When the evidential 
inference method described in step (iv) above was applied, 61% of the blocks were 
classified correctly and 28% were off by one class. 

In order to generate a rule set that involved simpler rules, a third rule extraction 
procedure was investigated: 
(i) After training, only the (positive) maximum element from each data group of the 

fuzzy neural network along with its neighbouring elements were retained for the 
next training step; other connection weights were set to zero. 

(ii) Rule extraction was similar to the previous approach, but this time only elements 
above a threshold absolute magnitude were retained. 

(iii) Inferencing was similar to that of steps (iii) and (iv) of the previous method. 

A sample extracted rule using this approach is the following: 

If <altitude is A, 16.48> or <rainfall is C, 2.19> or <rainfall is E, 2.42> or 
<temperature is A, 12.59> or <temperature is B, 5.10> or 
<distance is not C, 8.57> or <distance is D, 5.02> 

Then <suitability is A, 13.47> and <suitability is not B, 19.50> 

Again there were 20 rules extracted, but they were somewhat simpler than those 
extracted with the previous method. When these rules were interpreted, 56% of the 
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blocks were classified correctly and 26% were off by one class. 

4.3 Spatial data filtering 

The analyses performed so far have involved computations at each localised 
geographical point but have not involved the cross-referencing of multiple points in 
a region. In order to investigate this latter alternative, we considered a slightly altered 
version of the golf course siting problem. The previous solution rule set involved 
only a consideration of the altitude at the given site: a high (local) altitude resulted in 
a low 'altitude suitability' and thus had a negative impact on overall site suitability. 
This time it was determined that an evaluation should be made of the difference 
between the altitude of the block in question and that of its eight neighbouring blocks. 
In other words, a level region was considered likely to be good for golf course siting, 
irrespective of whether the region was a plateau or a lowland. A new 'overall golf 
course suitability' rule set was then used that, for simplicity, did not involve the 
distance to a major urban centre of the South Island; it was only a function of the local 
rainfall, the local temperature, and the altitude difference as described above. Thus 
to evaluate the suitability of a given block, it would be necessary to evaluate the 
attributes of that block and those of its eight nearest neighbours. 

To make this a more realistic data trawling experiment, we 
supposed that the analysts for this problem did not know the 
size of the region that should be considered around each 
block for analysis. So we had them set the size of the region 
to be 25 blocks, which represents a window on the spatial 
data set that is located appropriately whenever a given block 
(the black square in Figure 4) is to be considered for site 
suitability. Only the grey-shaded blocks come into play for .... -'----'---''--.-'---' 
the determination of 'altitude suitability' . Thus only the Figure 4. Region. of 
grey-shaded blocks are used to determine the solution set, blocks under analysis. 
but the hypothetical analysts do not 'know' this. 

With the 25-block region for each site under consideration, there are now 75 attributes 
to be evaluated. This would necessitate a large neural network with significant 
computational implications, so the data filtering approach is needed. Experimental 
results are shown in Figure 5. 
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Figure 5. Data filtering - merged attribute indices shown in shaded circles. 

The attributes are labelled with indices from 0 to 74 and are distributed among the 25 
blocks (corresponding to those of Figure 4) as shown in Figure 5. For each individual 
block, the altitude attribute is associated with the first index, followed by the rainfall 
and temperature indices. After discretisation, 104 of the 1,500 original data elements 
were found to be redundant, so the original data set could be reduced to 1,396. 52 of 
the original 75 attributes were merged away (discarded), leaving 23 features necessary 
for classification of the 1,396 data elements to 99.5% accuracy. 

The data filtering operation correctly identified the central block's temperature 
attribute as essential (index 38), but also retained other attributes. This can happen 
due to correlations among the data values and can be reduced if more data elements 
are considered for the training set. The correlations in the smoothly varying data 
attributes enabled the data filtering procedure to classify the discretised data set to 
99.5% accuracy with the 23 attributes it selected, even though not all of the retained 
attributes were the ones that we expected. 

5 NEURO-FUZZY ENGINEERING WITH GIS 

In order to carry out neuro-fuzzy engineering for environmental modelling, we have 
integrated our spatial information toolbox with ARC/INFO geographical information 
system (GIS) software (ESRI, 1996). This enables the user to view raster-based map 
data using ARC/INFO's visualisation tools and to perform toolbox operations from 
the ARC/INFO interface. Plans for expansion of the toolbox include provisions for 
various neural net adaptation mechanisms and additional neural net rules extraction 
approaches that have been reported in the literature (Setiono, 1997). As more 
experience is gained with neuro-fuzzy engineering tools, we believe that they will 
become increasingly useful for environmental modelling and analysis. 
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