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Abstract. Geographica11y corrc1atcd data arc oftcn rcpreseuted in a 
gridded format: a grid that covers the region of intcrcst divides the map 
iu cells, and a value is associatcd with cach cell of this grid. This is for 
iustance the case for land use iuformatiou, air pollution data, etc. The 
valuc is considcrccl rcprcscntativc for the entire grid cell, but the grid cell 
is considered to be the smaJ]cst unit. Grids often need to be combincd 
to perfonn data anaJysis, and in geueral do not line up nicely (known as 
the map overlay problem). In traditiouaJ mcthods, data arc considered to 
be spread uuiformly or followiug some othcr rnathcmatica1 distribution 
over the grid cell, which often is too crudc an approxirnation of the real 
situation. 'Ireating a cell in such a way immcdiatcly intrnduces errors 
thai are carried on and possibly amplified during subsequent analysis. 
In generał, the problem can be reduccd to the problem of rcmapping 
data that is presented on one grid onto anotber grid. To perforrn this 
remapping, a novcl approach using a fuzzy ru]ebase has been developcd. 
In this article, the pararneters this rnethod are discussed and detennined. 
Tbis discussion gives bctter insight in the data that is neccled to deter
mine the rulebase 1 which is a first step to an optimization of the ruleba.se 
pararneters. 

1 Introduction 

1.1 Problem description 

Many spatially correlated data, such as air pollution, land usc, etc . are prescnted 
to the researchers as gridded data. This means that the region of interest of the 
geographical map is overlaid with a ~ commonly rcctangular ~ grid, dividing 
the region of intcrest in a number of cclls (1), [2]. Data arc associated with cach 
of those cells, and represent the value of this cell. 

This is the first problem: the cells give a discrete representation of the real 
world; a large area sourcc over the area of a cell would be aggregated to a single 
value for the cell and would look the same as a cell that contains single point 
with a high value. Some examples of this are on figure 1. The second problem 
stems from the fact that <lata are gathered frum diifereut sources, and as such 
ean be provided on incompatible grids: grids can use different cell sizes and can 
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have a different orientation. To combine data, or draw conclusions on the relation 
between different data, it is necessary to first transform them to the same grid. 
This is however a non-trivia! problem, as the underlying (real world) data is not 
obvious from the griddcd data. Providing an adequate and accurate remapping 
of one grid to another grid will support all research that is dependent on the 
combination of gridded data; this includes rescarch rcgarding climatic change, 
land use, pollution, and various othcr socio-economic fields. 

Fig. 1. Example showing the different sources that y ield a similar grid cell: single point 
source, two point sources, line source and area source. 

Current solution methods make simple assumptions about the data distri
butions, or assume distributions that may or may not be correct. In [3], we 
presented a method that is novel from two points of view: first, it uses data that 
is known to be rclated in order to steer how the data will be remapped on a new 
grid, and second it makes use of a fuzzy processing engine to achieve the goal. 
The method is explained mare elaborately in [4], in this article attcntion will go 
to the parameters. First, the current solution methods will be briefly explainPd. 
The next section (2) briefly summarizes the new methodology and implemen
tation introduced in [4]. The core of this article is in Section 3, where different 
choiccs of paramcters are considcrcd and their impact investigated. After this, 
conclusions arc drawn. 

1.2 Current solution methods 

The generał outline of the current solution methods is described below. For a 
mare detailed overview, we rcfcr to [5] and [6]. Currcnt solution mcthods usc the 
input grid A, and attempt to remap this to a target grid B. In this section, A 
and B arc notations for grids with grid cells A,, i: O .. m respectively B1,j : O .. n. 
The notation f is u.sed for the function that maps gridcclls to thcir associated 
value. Typically, the value of a grid cell B1 in the target grid B is detcrmined 
by the values in the grid A of those cells A, that overlap cell B1. Mapping grid 
A to grid B using the overlapping cells means finding values x; such that: 

f(Bj) = :Ex;J(A.) = L x;J(A,) (1) 
ilA,nB1i:0 
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The output should stili aclhere to the input, mcaning that the data distribution 
over the original grid should stili hold. As such, this puts a constraint on the 
values xf. 

{2) 

Areał weighting In areał weighting, the input grid is overlaid with the target 
grid. For each grid cell, the amount a cell in the input grid overlaps with the cell 
in the target grid, determines the portion of the v-aluc of the cell in the input 
grid that is assigned to the target grid. As such, x{ can be defined as followed: 

x; = S(A; n B1)/S(A;) (3) 

whcre S is the notation for the surface area. 
Consequently, it is assumcd that the data associated with a grid cell is spread 

uniformly over the area of the cell. While tbis can be the case for some data, 
it results in big errors when this is not the case (e.g. point sourccs). Duc to its 
simplicity though, this method is most commonJy uscd. 

Spatial smoothing Spatial smoothing is slightly more aciv-dllccd than areał weight
ing: data associated with the cells are first represented as a third din1cusion. A 
smooth surface is then fitted over this three dimensional data. Lastly, the smooth 
surface is sampled using the output grid. White this in generał perforrns bettcr 
than areał weighting, the method has problems differentiating different point 
sources that are too close (i.e. within DIJC cell or in neighbouring cells). The 
added step of fitting a smooth surface makes this method less efficient from a 
computational point of view. 

Spatial rcg1-cssion There are different approaches that use spatial regression, but 
the principle is the same in all of them. The overlap of the input grid and data 
in the target grid arc examined and patterns are extracted. Thcse patters are 
thcn used in combination with an underlying assurnption of the distribution of 
the data iu order to optimize the resampling. This method is quitc complex to 
calculate, and some assumptions rcgarding the data are 1nadc. In generał, it is 
not known whcthcr these assumptions hold and if they can be macie, nor if the 
relations have real world rclevancc. 

2 Rule base approach 

2.1 Reasoning with added knowledge 

The key difference between our new methodology and existing methodologics, is 
that aclditional data is used in order to steer the resampling of the input grid. 
For many data, thcrc can be othcr data that is known to be related and that can 
be used. One example could be the rcsampling of a grid with concentrations for 
some pollutant that is known to relate to traffic: information of the road network 
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can then be used to further optimize the adapting the input grid to another 
grid format. This auxiliary data should be used as a guideline, but carmot be 
followed too strictly: not all valucs in the input grid could be attributed to known 
fcaturc.5 in the auxiliary grid. As a result, there can secm to be contradictions 
and the remapping may not neccssarily be performed uniquely. Consider the 
example on figure 2a. The input grid A has quitc large cclls; the target grid C 
has smaller cells. In generał, the grids do not have to overlap as nicely as they do 
in the example. This howcver facilitatcs the mcthodology and if neccssary, the 
interscction bctwccn A and C is considcrcd as the new intermcdiary target grid. 
The auxiliary grid B has very small cells ( as we assume that it stems e.g. from 
vectoriał data that reprcsents a road network). The data from grid A should be 
rcsampled such that most data appears in the vicinity of the overlaying road 
network. Intuitivcly, somc si.mple relations regarding the V'dlue of a cell x in the 
output can be obscrved: 

- it is very likely proportionał with the input cell in A that ovcrlaps with cell 
X 

- it is vcry likcly is proportionał with the auxiliary cell in B that ovcrlaps with 
cell x 

Many other relations can be observed; in [4], a fuzzy inference system was de
veloped to mimie an intelligent reasoning of this problem. In section 2.2, the 
method will be briefly described. 

2.2 Fuzzy Inference System 

Description A fuzzy infercnce system is a technology often used in fuzzy control 
that allows to derive values ba.sed on a set of of inputs, reAecting an artificial 
intelligcnt behaviour ([7], [81). This is done by a set of rules of the form 

11 if ~' then e Il 

prenuse conclusion 

Here "x is A" is the premise and "y is B" is the conclusion; x is the input vdlue 
and and y the output value. These v-a.lucs can be both crisp or fuzzy, but in 
generał will be crisp. The terms A and B are linguistic terms represented by a 
fuzzy scts, commonly reprcsenting concepts such as high or low. The is in the 
premise is a fuzzy comparator that determines how well x satisfies A, commonly 
rcsulting the membership gracie A has for the value x. The is in the conclusion is 
an assignment, and assigns y the fuzzy set B. As multiple rulcs can match (x can 
be high and very high at the same time but to a different extent) , y should be 
assigned multiple values by different rules: all these values are aggregated using 
a fuzzy aggregator to rcsult in one single fuzzy v-a.lue. The fuzzy output value 
is finally defuzzified to obtain a crisp result. Key issues to making the rulebase 
work arc the delinition of the rules, and the definition of the fuzzy sets used in 
the different rules. 
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Parameters and rulebase In [4], the output grid was determined by aggre
gating a grid with smaller cells: the intersection of the input grid and the output 
grid. This was done to make it easier to satisfy an important constraint: the 
value of an input cell contributes different output cells, but tbc sum of all its 
contributions should add up to the value of the input cell. By defining the out
put segments, this constraint is easier to maintain in the end rcsult. In the very 
last step, the different segments that overlap with an output cell are combined. 
Using on this segment grid, four parameters that wcre considered to influence 
the output value were determined. The first two parameters were obtained by 
considering only the values of ovcrlapping cells of the input and auxiliary grids 
{formulas 4, 5). The third parameter was obtained by considering the values of 
the input cells that overlap the same output cell as the segment, but not the one 
containing the segment (formula 6). The fourth parameter was obtained by con
sidering the auxiliary cells that overlap the same input cell as the segment, but 
not the auxiliary cell that contains it (formula 7). Following the simple reasoning 
that a higher overlapping input or auxiliary value should yield a higher result, 
the first two arc considered to be proportional to the output value. Similarly, 
the latter two are considered to be inverse proportional. For a segment x, thcsc 
parameters are: 

parf ex f(A,)IA, E A I\ x n A, cl 0 
pari ex f(B,)IB, EB I\ x n B, cl 0 

1/I:f(A,)IA, EA I\ 3C1 E c: A, n c1 cl 0 
par! ex: /\ x n C1 f:. 0 /\ x n Ai = 0 

, 1/ I:f(B.)IB, EB I\ 3A1 EA: B, n A1 cl 0 
par 1. ex: /\ x n A1 i= 0 A x n Bi= 0 

(4) 

(5) 

(6) 

(7) 

N ext, it was necessary to determine when thcse parameters should be considcrcd 
high, and when they should be considered low. For this, a very simple approach 
was used: the minimum and maximum of respcctively input and auxiliary related 
parametcrs werc considered as the limits 

The rule wa.s determined manually in an intuitive way. The four paramc
ters described above were considered, each parameter was given three possible 
fuzzy sets (low, medium and high, evenly distributed betwcen minimum and 
maximum), and all possiblc combinations were generated. Assuming that each 
value is equally important, the impact of an increase/ decrease of each value is 
the same. The lowest possible value for the output is when both proportionally 
related variables are low and the two that carry an inverse proportional relation 
are high; and vice versa. This all combincd yielded nine possible fuzzy sets for 
the output. The output value was then scaled to represent the fraction of the 
input segment value that will be assigned to the segment. 

Results The system as described shows promising results but also suffcrs sorne 
shortcomings. The first shortcoming can be scen from the experiments: whilc the 
desired effect is there, it stili appears too wcak to be considered very valuablc. 



6 J. Verstraete 

Furthermore, there are some st range effects that can be seen. Both these things 
can either be cxplaincd by eithcr the simple rulebasc used, or the parameters 
at hand. The second shortcoming is the fact that there is no control over the 
strength of the effect. I n la ter stages, it should be possible to specify multiple 
auxiliary grids, and indicate which one has a higger impact. At the moment, 
thcrc is no way of indicating the strcngth of the cffcct for a single grid. 

3 Discussion of param.eters 

3.1 Current 

When considering the parameters as defined in 2.2, it is obvious that each param
eter cithcr cquals the maximum, or the minimum, so each parameter effectively 
ha.s only 2 possible values. Furthermore, from their definition, two pa.rameters 
will always be the minimum, and two always the maximum. This means that 
from a possible 42 parametcr combinations, thcre only arc 22 possible combina
tions, which is due to the choicc of minimum and maximum valucs. Intcrcstingly, 
the current parameters completcly ignore any mathematical connection between 
v-d.!ucs in the auxiliary grid and v-d.!ues in the input grid: it just considers high 
and low prcdicates, and these arc loca! conccpts. For same segment x, high can 
he a value of e.g. 100, whcrc for another it can be a v-d.!uc of 1000. This currcntly 
unused information can also provide more information in steering the remapping. 
At the moment, no distance measures arc includcd: data from all neighbours arc 
aggregated. A spatial aspect to indicate where higher or !ower data occurs should 
improve the rcsult. Lastly, the rcsult of the rcmapping is not necessarily unique. 
As fuzzy sets are employed, it may he possible to supply multiple outputs with 
possibilitics rather than an arbitrary chosen output. These different parameters 
will be discussed using examples. 

3.2 Data study 

Overlapping data Consider the data on figures 2a and 2b. In these simplified 
examples, the input grid consists of a single cell, the auxiliary grid consists of 
10 cclls that togcthcr complctely ovcrlap the input cell. The target grid consists 
of 4 output cells, that together overlap the same area as the input and auxiliary 
grids. The grids arc rcprescnted below each other but overlap the same area. 
It is assumed that the data around these cells has completely no impact. The 
desired result is reprcscntcd as a graph, which serves purely as an illustration. 
Two possible outcomes are showu, but the strength of the pulling elfect (i.e. how 
wide the base bclow cach peak is) is an additional degree of frcedom that will be 
discussed later. The graph gives rise to the values in the output cells C,, which 
at this point arc estimates purely for illustration purposes. Thcse are the rcsults 
that we would like to obtain. 

As mentioned, the input grid is first remapped to a grid which is obtaincd 
from the intersection of input and output grids. As such, the situation wherc a 
single output cell overlaps with multiple input cells cannot occur. 
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{d) 

Fig. 2. Example cases for the case study. Ca..;;es (a) and (b) arc 1rncd to show how 
auxiliary cells should influence the output, cases (c) and (d) arc used to show how the 
input cells that neighbour the overla.pping input cell influence the output. 

lnput The overlapping input value for all involved ce!Ls C, is 100, as it is the 
same for all, it cannot contribute to the distribution of the data. 

A u:riliary The overlapping auxiliary value for all involved cc!Ls C, varies. In 
2a, C1 is the only cell that overlaps with B4 , and as a rcsult should get the 
highcst value. The cclls neighbouring C1 should get !ower valucs, but as C2 is 
closer to B, than C0 ,it is expected to have a higher value. The valucs should 
decrease as cells arc located further frorn the auxiliary cell. This can be achieved 
by considering the distance to the closcst cell in B that has a high value, this 
distance is exprcssed as the number of cells of grid B between B 4 and the cell c,. 

cellJCo c, C2 c3 
input 100 100 100 100 

anxiliary O 100 o o 
distance to B4 1.5 contains O 2.5 

cxpccted 1 10 50 35 20 
expccted 2 O 80 20 o 

distance to B-t medium contains very closc far 
cxpccted 1 lowest highcst medium low 
expectcd 2 lowest highest low lowest 

Table 1. 6xample and expected values for the examples m figure 2a 

From this, a proportional relation between auxiliary grid and result is ob
served, while greater distances decrease the influence of the proportional relation. 
Instead of using numerical valucs, linguistic terms can be used, which gives the 
bottom section of table 1. The issues with defining the fuzzy sets to reprcsent the 
linguistic terms will be covered in section 3.2. For now, it can be observed that 
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altering the definition of a linguistic term (closeby, far, ... ) would allow smne 
modification of the strength of the pulling effect. 

In 2b, two overlapping auxiliary cells have an associatcd value. As a result, 
distances to both should be considercd. The results are summarized in table 2. 

celli Go c, G2 G3 
input 100 100 100 100 

auxiliary 100 100 100 o 
perceutage 50% 50% 100% 

distauce to B2 intersect iutersect rather close very far 
+ closest + closest 

distance to B6 far closc contains very dose 
expected 1 high low highest lowest 
expcctcd 2 high low highcst lowest 

Table 2. Example and expecied values for ihe examples m figure 2b 

Neighbouring data 

lnput Considcr the data on figurc 2c and 2d: 2 input cclls arc considcred, each 
has 10 overlapping auxiliary cells and the data should be remapped on 8 output 
cells. Again, it is assumed that the data around these cells has completely no 
impact, and the notations arc the same as above. The only auxiliary cell that 
has a va.luc is B1. In figure 2c, the overlapping input value for cells Co and Ci is 
100, for C2 and Ca it is O; in figure 2d, these numbers are respectively 100 and 
50. 

The situation in figw·c 2c implics that thcrc is no iuftucncc of the neighbour
ing auxiliary cell B1 to input cell A 1 , which in tum implies that the pulling effect 
should be quite strong (if a symmetrical elfect is present). While the situation 
in 2d at first seems to indicat.e thai the auxiliary grid B is not fully related to 
grid A, this is not nccessarily the case. The data from grid B can have a wider 
impact, which reaches outside of the overlapping gridcell of A, as illustrated by 
the graph. 

cell Go C, C, C3 
auxiliary O 100 O O 

distance A 1 far close -
distancc Ao - closc far 

fig le O high O O 
fig ld low high medium low 

Table 3. Example and expecied values for ihe examples in figure 2c and 2d 
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This situation illustrates that the valuc of an input cell should influence the 
value of output cclls that are close to it. The effect impacts the strcngth of the 
pulling cffcct, rathcr tllan a direct correlation to a specific value. The value of 
the output cell thcrcforc has to dcpcnds on the distance to the ncighbouring 
input cell. 

A uxiliary To illustrate the influence of auxiliary cells that are close to the exam
ined outpnt cell, consider the Pxamples in fignre ~- As before, the assumptions 
arc the same and the grids are as dcfincd on figurc 3. 

Fig. 3. Example ca.c,es for the case study, (a) and (b) arc nsed to show the influence of 
anxiliary ce11s that overlap the neighbouńng input cell. 

In figure 3a, the grid cells with a higher value in the auxiliary grids arc located 
too far a part to have an effect ( this of course dep en ds on the desircd strcngth 
of the pulling effect, as shown with the solid line and dashed line). In figure 3b, 
the auxiliary cells are much closer together. The cells output cclls that arc closc 
to both should get a highcr valuc than bcforc. 

This example already illustrates the next issue. In figure 3, cell C3 is the 
only cell that ovcrlaps A0 and an auxiliary cell that has a value (B8 ). However, 
in input cell A 1 , the cell B 12 overlaps with two output cclls{C4, C5 ). As such, 
it is intuitive that the highest value of those is !ower than that of C3 . In table 
4, this means that both interpretations of high should be different: high in the 
context of A0 is not high in the context of A 1 . This can be achievcd through an 
appropriate definition of the fuzzy scts. 

Defining fuzzy sets In Section 3.2, the transition from numbers to linguistic 
terms was made, without really considering the modelling of this. One thing 
to consider is how many fuzzy sets will be dcfincd for cach variable. This is 
important from a computational point of view: a larger number tends to increase 
the number of rules in the rulcbasc, but also should provide a bet.ter clistribution 
of the result. This is however a relatively easy thing to adjust, and we cho.se to 
determ.inc this such that the rulebase is stili kept relatively small for performance 
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celllCo c, C2 c, 1c. Cs c. C1 I 
auxO 100 o o o o 100 o 

<list. to very very far far 
Bis far far 

<list. to far very very 
B, far far 

fig 2a low high med low low med high low 
aux O o 100 100 100 o o o 

<list. to vcry far far vcry 
B12 far close 

<list. to closc far far vcry 
Ba for 

fig 2b O o low high med high low o 
' Table 4. Example and cxpcctcd valucs for the cxarnplcs 111 figure 3 

rea.sous. Using more powerful hardware would al.low us to incrcase the number of 
sets for the different parameters, but to illustrate the workability of the methods, 
3-5 sets for each variable such suffice. A more import.ant aspect is the range: what 
is the !ower limit, and what is the upper limit. There are severa! options on how 
to define the limits, these will be illustrated using figure 4. 

Fig. 4. Example to illuslraie possible definiiions for the limits of the fuzzy sets. 

A first option is to determine high and low values considering the overlap with 
tbe input cells. For the input cells themsclves, these values are straight forward. 
For the v-a.lues of the auxiliary grid, the ovedap is checked. If an auxiliary cell 
overlaps partly with an input cell, its value is not added to generate the !ower 
limit, but is added to result in the upper limit. Table 5 shows the result for the 
lowest and highest input values of the example, the low and high limits for the 
auxiliary grid for each input cell, as well as the smallest and largest auxiliary 
overlap that occurs globally. 

The second option is to look from the point of view of ovedap with the 
output cell. The methodology is the same as before, witb an ovedapping cell 
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global input low 30 (A,) 
global input high 100 (Ao) 

)ocal aux low 3 1 1 
loca] aux high 4 3 2 

global aux low 1 (from A2) 
global aux high 4 (from Ao) 

Table 5. Different range defimt1ons over the input cell s 

not contributing to the !ower limit, but only to the upper limit. The rcsults are 
summarizcd in table 6 

global aux low O (from C,) 
globaJ aux high 3 (from Co) 
!ocal input low O o o o o o o 

loca] input high 100 100 150 50 50 80 30 30 
loca! aux low 2 o 1 1 o 1 o o 

!ocal aux high 3 1 I I o I I I 
Table 6. D1fferent range dehrut1ons over the output cells 

The first approach has the benefit of staying close to the concept of the 
input grid that will be remapped, the downside to this is that one extreme value 
will immediately result in the other values bcing morc averagcd. This is elear 
when cmrnidering the cells that overlap A 1 • The value of the auxiliary grid that 
overlaps output cell C3 w01Llrl be r.lassificrl as low: it. is valne 1 in a range [O, 3], 
even though it is the highcst possible value for this input cell. Thls in tum will 
mea.n that the effect of the rulebase will not be very strong. On the other hand, 
the calculation provides for a nice scale on whlch other data that relates to the 
input cell can be mappcd, this includcs neighbouring auxiliary data as mentioned 
before. 

The second approach has the benefit of being more closely related to the 
output cell considered, but has the downside of possibly narrowing down the 
intervals too much. For cells C2 through C5 , the loca! auxiliary low limits and 
high limits are equal. As such, they don 't provide that much useful inforrnation. 
lt also rcqnircs diffcrcnt rangcs to be appliccl for ncighbouring data, which is not 
straight forward to combine. 

Fnrther study is stili requirecl on which range definitions would prove to be 
most useful. A different use can also be considered: the loca] auxiliary range 
from the table 6 is a range-estimate for the output cell, which can for instance 
serve as a first approximation or as verification. 
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Mathematical connection and constraint One aspect that was only briefly 
covercd in the above discussion was a true mathematical connection between 
input grid and auxiliary grid. In most of tbe exarnplcs, the auxiliary grid was 
considered in quite a binary way (black or white, road or no road). In reality, 
this grid will also contain quantitative inforrnation (size of the road, arnount of 
roads present), which should also be taken into account. The table entries so far 
were either O or 100. In figure 2d, an example of a different value is showu, and 
the irnpact is different. In figure 4, a different scale for the auxiliary grid is used. 
This iliustratcs that the absolute value of the auxiliary is not important, but only 
the relative va.lue. However, if the auxiliary grid is closely linked to the input 
grid, the mathematical correlation between both grids can be exploited further. 
To determine the correlation, the whole grid (or severa! regions of intercst) can 
be used; using the whole arca in figure 4 yields that a value of 190 in the input 
grid relates to a value of 7 in the auxiliary grid. Or that 1 cell in the auxiliary 
grid reflects an input value of about 180/7=25. 7. Such information can also aid 
the rcmapping of the input grid to the output grid, but only if the auxiliary grid 
has a strong correlation.Therc is also a poosibility to consider the correlation at 
a loca! levcl rathcr than globally. 

The mathematical correlation can be used to decrease the number of param
eters: rather than considering the values of input and output, it is also possible 
to consider the ratio of both. This would allow us to eliminate one parameter, 
thus simplifying the rulebase ( which in turn might allow us to dcfinc a largcr 
number of fuzzy sets that define the parameter). 

Another mathematical restriction to he considered is: how fa,· is input data 
allowed to migrate'/ One criterion we enforce is the output grid should result 
in the input grid when resamplcd using areał weighting. While this restriction 
seems very natura! as the data is stili exactly the same as in the original input 
grid, it docs impact the possiblc approachcs. In figurc 4, this means that 

f(Ao) = /'(Co)+ /'(Ci)+ ~/'(C2) 

J(Ai) = ~/'(C2) + /'(C3) + /'(C4) + ~/'(Cs) 

/(A,) = ~/'(Cs)+ /'(CG)+ J'(C1) 

where / is the function the returns the value value with cells of grid A and 
/' the function that returns the associated values for grid C. This restriction 
is important for the finał interpretation of the output of the rulebase, and if 
compliancc with it is not guarantecd, va.lues should be rcscaled. At the moment, 
this restriction is imposed, but research is ongoing whetber the constraint can 
also be valid when a different resampling method would be used. Stili, cvcn 
without this restriction, there stili is the constraint that the total value of grid 
C should equal to total value of grid A, which - as it requires data of the 
whole grid - may even Le a more difficult constraint to impose than the !ocal 
restriction. 
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4 Conclusion 

In this article, the pararneters used in (4] wcrc cxarnined, additional pararneters 
were determined and their influence on the output result was observed. Different 
parameters have been exarnined , and can be classified in parameters tbat exhibit 
a proportional behaviour, and parameters that exhibit an inverse proportional 
behaviour. The value of an output cell is proportional to the value of the over
lapping input cells en overlapping auxiliary cells. It can be proportional to the 
value of neighbouring input and auxiliary cells, but in this situation the distance 
matter. ff the output cell is do.se to the neighbouring data, the influence appears 
to exhibit some proportional behaviour. The value is inverse proportional to the 
value of neighbouring input cells and neighbouring output cells, but only of they 
are located far enough. 

Loca! overlapping data can provide limits for the defming fuzzy sets, and for 
the output values in generał (section 3.2). Additional mathematical correlation 
can also provide more information, but should only be used when there as a 
strong correlation betwcen auxiliary data and input data. 

F\1ture work will go towards developing different rulebases with the newly 
defined paramcters, in order to compare the performance and to find optima! 
pararneters (or cases in which some pararneters are more desirable than others). 
Under consideration also is an automatic determination in real time of the pa
rarneters that would be best suited for the current problem being solved, but 
this requires a deeper insight in both the parameters and methodologies to derive 
them. A last part of the future rescarch is outputting the possibility distribu
tion of candida.te va.lues rather than a single crisp output value. The big issue is 
that the distributions of neighbouring cells are correlated, however, outputting 
the possibility distribution along with a single defuzzified value provides more 
information on how certain the crisp value is. The possibility distribution also 
allows the ambiguity regarding the value to be resolved using algorithms that 
arc mare advanced than simple defuzzification or possibly using additional or 
expert knowledge. 
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