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Abstract. lu many fiel<ls of researc:h where diITereni gridded spaiial 
data nceds to be processed, the grids do not aligu properly. This can 
be for a mu]titudc of rcasous, and it complicates drawing conclusions 
and furthcr processing the data; it requires one grid to be trausformed 
to lllatdi the otlier gri<l. Tn t his artide, we present the first results of a 
complctely new approach to transforming data tbat arc represented in 
one gri<l, to bavc it match a givcn target grid. The approach uscs tech-
11iqucs from artificial i11tdligc11cc and simulatcs an iutclligent reasoning 
on how the grid can be transformcd, using a<lditionally availab]e infor
matiou to csthnatc the uudcrlyiug distribution. T he articlc dcscribcs the 
algorithm, and n:.sults on artificial datascts arc discusscd. 

1 Introduction 

1.1 Problem description 

Numcrical data that are spatially correlated are often represented in a gridded 
format. This means that the map over which the numerical data holcls, is divided 
using a raster. Each cell of the raster (or grid) is thcn assigned a value that is 
deemed representative for this area. As such, the real world spatial distribution of 
the modelled value is approximated using a discrete model. Usually, a regular grid 
with reetangular or square cclls is uscd. Data arc oftcn supplicd from diffcrcnt 
sources, and different data are acquired using different technologies. As such, 
the data arc often represented in incompatible gricls: thesc are gricls that have a 
different orientation, or different size of grid cells. They are called incompatiblc, 
as it is not possiblc to dircctly map data from a cell in one grid, to another cell 
in the other grid. I-Iowever, this is exaetly w hat needs to be dane: scientists want 
to find correlations between two grids1 or assess the influence of one feature 
anto another feature (e.g. the concentration of air pollutants to which people 
are exposed). One example is the health impact of airbornc pollutants, such as 
described in [l]. A more complicated example would be judging the benefit of 
cycling in a city [2]: cycling is good for your health, as it is physical exercise, 
but cycling in a polluted environment may cause mare dowI1Sides than benefits. 
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There is the exposure to exhaust gasses, hut also the changed risk and effects 
of having an accidcnt, which also needs to be taken into account. Such studies 
require pollution data, traffic information, accident statistics, traffic patterns and 
many morc. All this information is usually not rcprcscntcd in the same format, 
and combining the data properly is an issue. 

Consider for instance a pollutant that is prescnt over a large area, most 
likely in different concentrations at different placcs. The exact distribution might 
not be fully known (e.g. due to a limited number of mcasuring points) and is 
provided as a rcgular grid with grid cells of e.g. 500m x 500m. Similarly, the 
population density can also be provided in a griddcd format, but its grid cclls 
can have a different size, e.g. 100m x 100m, and even be rotated. Detennining 
which people arc exposcd to which concentration is a complicatcd problem, and 
requires transforming one grid onto the other one. This is illustrated on figure 
l: a 4x4 grid has to be remapped onto a 9x9 grid that is slightly angled. If it 
would be known that the data is related to the black line, the distribution in 
the 9x9 grid can be better suited, as shown by shaded squares in the exarnples 
(a) and (b). Current method.s often result in transforrnations in which the data 
is more spread out, and moves away from the likely underlying distribution. To 
overcome thic;, we prcsent a method that incorporatcs additional information in 
order to perform a better transformation of the data. 

(a) (b) 

Fig. 1. Example of an input grid (2x2, in bold) that nccds to be remapped onto a 
target grid (3x3, dotted line). Different additional data are rcprcscntcd by the thick 
lines in (a) and (b). 

1.2 Current solution methods 

Current solution method.s all work on the same principle: the grid that needs to 
be transforrned ( this will be called the input grid) is analysed and a distribution 
of the underlying data is a.ssumed. Using this assumed underlying distribution, 
the data arc then remapped to match the grid it will need to be combined with 
(this will be the target grid). A short summary of the most common methods 
is supplied; for a more detailed overview on difierent approaches for the map 
overlay problem, we refer to [3]. 

The most commonly used is areał weighting, [4]. In this approach, the amount 
of overlap between a gridcell of the input grid and a gridcell of the target grid 
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determines the portion of the associated v-alue of the input gridcell that will he 
remapped onto the target. Each target gridcell thus gets associated a weighted 
sum, whcre the wcights arc dctcrmincd by the amount of ovcrlap with the over
lapping input gridcells. Thls approach assumes that the data in cach cell of the 
input grid are spread uniformly. This a.ssumption however is not always true: in 
the case of air pollution, the concentration of some pollutants could he linked 
to linear sources e.g. traffic on roads or could be caused by point sources, which 
implies that the conccntration should he rnore focussed aro und the source ( tak
ing into account dispcrsion of the pollutant using existing dispcrsion modcls). 
In figure 1, this rneans that the data of the 4 input grid cells would be spread 
out over the 9 target grid cells, not considering the source indicated by the truck 
line. 

A more refined approach to this is areał smoothing. In this approach, the 
data modclled in the input grid is approximated by intcrpreting the data as a 
third dimension, and fitting a smooth surface over it. The assumption hcre is 
that the data modclled by the input grid are showing a smooth distribution over 
the wholc region of interest. The smooth 3D surfacc is then resampled using 
the target raster. This sampling results in the values that will be associated 
with the cclls. While allowing for a smooth transition, the method has the same 
disadv-d.Iltage as areał weighting, in that it cannot cope well with loca! effects 
such as point or line sources. 

2 Rulebase approach 

2.1 A different look at the problem 

The main issue with the problem is that the underlying distribution is not known: 
the current methods approach the problem by (implicitly) assuming a distribu
tion. Additional knowlcdge might howevcr be prescnt to help dctcrminc a bcttcr 
distribution. An example whcre one datasct can be improved is when different 
datasets arc fused. In [5], the authors combine different datascts in order to ob
tain a hlghcr quality datasct. The mcthodology howcvcr is applied on vectorial 
data that is tagged ( e.g. a region tagged as forest, a region tagged as agricultural 
land, etc). Aftcr dcriving a common ontology, and after combining the dilferent 
dcfinitions for regions on the maps, the authors derivc a new map that contains 
the combincd infonnation of both. 

Gcncrally, when there is a grid representing data, there might be other knowl
edge that are known to influence the distribution. In the ongoing example of the 
air pollutant, the type of pollutant and its source can provide information on 
thls. If the particular chcmical or particie originates from car exhausts, then 
the distribution should more or less match the road network (after correction 
for dispersion). Different pollutants might as such have a dilferent underlying 
distribution. Such knowledge, makes it possible to make good judgements on 
the underlying distribution, as showu in [6]. For cvcry grid cell in the target 
grid, the additional knowledge can be considered. Thls can be by taking amount 
over ovcrlap with fcatures of the additional knowledge, the distance to specific 
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items, etc. In (7], a dctailcd description on how an expert would rea.son about 
the redistribution using additional data is prescnted. 

The additional knowledge should only be used to steer the distribution, but 
it should not be followed too strnngly: if the additional knowlcdgc is from a 
dilferent time (e.g. pollution data from 2010, trafik information from 2009), the 
corrclation is weaker. Following that data too strongly might not even be possible 
and thus would cithcr yicld no solution, or a solution that obscures real data. 
The additional data might also not be the only explanation for the distribution, 
other sources might be present but unknown. This again is an argument for not 
too strictly adhering to this information. 

2.2 Emulating the intelligent reasoning 

A fuzzy infcrence system is a system that uses fuzzy sets to represent data and 
evaluates predicates using simple mies and fuzzy matching (8). Fuzzy scts arc 
a way of represcnting unccrtain or imprccisc information by means of a mcm
bership function ((9), [101). The membership function indicates the possibility or 
membership of each value. Givcn an adequate domain, such membership func
tion.s can be u.sed to represent e.g. linguistic terms such ac; low: on a domain 
[O, 100) all values below 10 can the be low (with possibility 1), values abovc 20 
can be considercd as not low {represented by possibility O), and values between 
.LO and 20 have a linearly dccrcasing mcmbcrship from 1 to O. The fuzzy infcrence 
system has multiple mies of the form: 

IF x is <linguistic term> THEN y is <linguistic term> 
Herc, x is a numcrical input variablc, y is the output value, and <linguistic 

term> is a fuzzy set representation for e.g. high, low or other other possiblc 
value descriptions. There can be multiple input values, combincd using logical 
opcrators and and or. The input variable is matched against the linguistic term, 
which results in a value in [O, l) that indicates how well the value matches the 
term. Ba.sed on this, y is a.ssigncd a linguistic term in its domain. The term is 
reprcsentcd by a fuzzy set. Thcre are multiple mies in the mlebase, and x can 
match multiple mies at the same time, resulting in multiple fuzzy sets for y. All 
thcse rcsults for y are aggregated to a single fuzzy set, which is then subsequently 
defuzzified to yield the crisp result. Severa! algorithms for defuzzification exist , 
but for now the most common center of gravity will be used. 

Tn [7), we presented how an inference system can be applied to emulate the 
intelligent reasoning. Key to achieving this is defining the mlebase and the pa
rameters in the ruleba.se. In order to guarantce that the new distribution stili 
rcsembles the input distribution, the redistribution of the data happens locally, 
within a single input cell. The target grid is spccified completely independent 
from the input grid , so first a new grid is computed, the segment grid. This grid 
is made up of all the intersections betwcen input and output cclls. Each cell in 
this grid {for the remainder of this article called segment) will only overlap with 
a single cell from the input grid, and with a single cell from the output grid. 
Evory input cell is completcly and exactly covered by a number of segments, 
as is every output cell. In the algorithm, the segment grid will be used a.s the 
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new target grid. The problem thcn bccomcs a problem of redistributing the data 
in an input cell over the containcd segments. Subsequently, the segment.s can 
be combined dilferently to form output cells. To facilitate implementation, the 
additional knowledge is also reprcsented as gridded data. Evcn if the original 
knowledge is in a dilferent format (e.g. a road network represented by lines), it 
is a straight forward operation to convert this to a grid with a small cell size. 

2.3 Parameters and range 

In order to make the inferencc system 1 it is necessary to define parameters. 
These are values that are considcred to providc some corrclation with an output: 
proportional (a high v-alue of the parameter coincides with a high value of the 
ideał value), or inverse proportional (a higher value of the parameter coincides 
with a !ower v-alue of the idcal value). In [11], severa! candidates for parameterS 
were proposed. Here, the considered parameters arc: 

- amount of the auxiliary cell covercd by the segment 
- amount of the input cell covered by the segment 
- amount of the interior of the auxiliary cell covered by the interior of the 

segment 

These parameters were chosen after running severa! expcrimcnts, as they pro
vided the best overall results. Consider the first parameter: "amount of the 
auxiliary cell covered by the segment". It is intuitive to state that the more of 
the auxiliary cell is covercd by this segment, the higher the v-aluc of this segment 
should be: higher auxiliary value should yield a higher output valuc. In the rule
base this could be callcd aux_overlap, the v-alue would be used in a rule of the 
form: 

IF aux_overlap is lov THEN output is lov 
IF aux_overlap is medium THEN output is medium 
IF aux_overlap is high THEN output is high 

The linguistic terms low, medium and high for aux_overlap need to be defined, 
which means finding adequate limits for the domain of the aux_overlap v-alue. 
When the limits of the domain for the parameter (e.g. aux_overlap) are known, 
a number of cqually spaccd and shapcd triangular fuzzy scts are defined over 
this domain to define the linguistic terms. The number of triangular fuzzy sets 
is chosen for cach parameter. The morc fuzzy sets are defined on the domain, 
the more rules the rulebase will have; this effectively poses a practical limit. 
More fuzzy sets should yield ruore possibilitics of distinguishing different va.lues. 
The main problem now is determining the domain. In our interpretation, the 
domain is defined by the possible values this particular parameter can have for 
thls segment, thus it vMies with cach segment. For the relation between segments 
and the auxiliary grid, thcre arc severa! possibilities. In the simplest case, the 
segment covers part of an auxiliary cell. The total v-alue of this auxiliary cell can 
thcrcforc be considercd to be in this segment ( e.g. iu case of a point source that 



6 J. Verstracte 

is the source of the entire value), partly in this segment, or not at all in this 
segment (e.g., if the value is due to sources outside of this segment - which is 
possible as therc arc othcr segments overlapping the same cell). The first case 
results in the maximum possible value. The last case results in the minimum 
possible value, O unless one or mare auxiliary cells arc fully contained inside 
the segment, the minimum possible value is then total value of those contained 
cclls. The weighted value is considered as the value of the parameter that is 
verified, and thus is passed as parameter x. The calculation for the range of 
other parameters is dane similarly. 

The range for the value of an output cell is initially unknown, but it is 
limited by the total of its containing segments. For each segment, the output 
range is from O to the value of the overlapping input cell - duc to the definition 
of the segments, there is exactly one. The exact value is obtained using the fuzzy 
inference system, resulting in a fuzzy set that is thcn defuzzified. However, the 
values of all scgmcnts that form an input cell should sum up to the value of that 
input cell. As the fuzzy result for cach segment is defuzzified indcpendently, there 
is no way to guarantee this. Currently, the defuzzified output is considered as a 
proportion of the tata! value of all segment: the real range does not matter, so 
for naw the output range for each segment is [O, 100], where 100 is an arbitrarily 
chosen valuc. Oncc all the segment values arc calculatcd and defuzzified, the 
obtaincd valuc is interpretcd as a relative amount of the tata! of all values for 
scgmcnts that ovcrlap this input cell. 

2.4 Rulebase construction 

The construction of the rulebase at present is fairly rudimentary: after rules that 
evaluate the first parameter, the addition of each new parameter multiplies the 
number of rules by the number of linguistic terms for that parametcr. It rnakes 
cvcry poosiblc combination of each linguistic term for this parameter and the 
existing rulcbase. In the current examples, three parameters, each represented 
to ten linguistic terms, result in a rulebase that has 103 rules. The range of the 
output value is expanded with each addcd paramcter: the mare paramcters say 
it should be a large value, the largcr the value will be. Afterwards, the output 
range will be rescaled to match the true range. This is a simple way of creating 
the rulebase, but it results in a very big rulebasc in which many rules may never 
be matched: contradictions between parameters arc present. 

3 Experiments 

To test the methodology, different datasets were generated: a geometrie test 
pattern was sampled anto an 12xl2 grid (figure 2a) to resu]t the input grid. In 
the first three test cases, the grid has to be remapped anto a 25x25 gńd; the 
optima! solution (obtained by sampling the geometry anto the gńd) is shown on 
figure 2b, the solution using areał weighting is shown on figure 2c. The fourth 
test case requires the remapping anto a 25x25 grid that is at a 20° angle, the 



li . ' I 
(a) 

Fuzzy rulebase approa.ch to remap spatial data 7 •;',•:_.;::_.;_ ... .. . . 

i ·. ' t 
~- ... i·H 

(b) (c) (d) (e) 

Fig. 2. (a) gcncrated iuput data with grid, (b) ideał solution for target 1, (c) areał 
weighting for target 1, (d) idcal solution for target 2, (e) areał weighting solution 
for target 2. Darker shades represent higher associated values; but the scale between 
different grids does not match. For each grid, black indicates the highcst occurring 
colour in that grid; the lighter the colour, the lower the associated valuc. 

idea! solution and areał weighting solution arc showu on respectively figure 2d 
and figure 2e. 

All samples were run using the same three chosen parameters from the pre
vious section; the rulcbasc system was generated in the same way for all tests, 
and used ten linguistic variables defined over the domains of each pararneter. 

(a) {b) 

(d) (c) 

Fig. 3. Case 1: low resolution auxiliary data: (a) auxiliary data, (b) rnsult, (c) detail 
of the rcmapping of the input data and case 2: High resolution auxiliary data: ( d) 
auxiliary data, (e) rcsult, (f) detail of the remapping of the input data. 

The dcvcloped methodology uses auxiliary data that has to be provided by 
the user. Experiments were run with different data as auxiliary data, but the 
auxiliary data was also presented on a grid which was sarnpled from the sarne 
gemnetries as the input data: this yields perfect data, which should providc the 
best results and allows for the system to be tuned and verified. 

In the first test case, 15 x 15 auxiliary grid with the same orientation (figure 
3a) is used. The result (figure 3b) clearly reveals more detail than areał weighting 
(figure 2c). The second test case uses a 27 x 27 auxiliary grid (figure 3d) , and the 
rcsult shows even more detail (figure 3e). As input and target are the sarne, it 
should be compared against the sarne areał weighting result. The redistribution 
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of the data in the input cells over the segments are shown on figure 3c and figure 
3f for both ca.ses: the bold lines show the input grid, the dottcd line the output 
grid. The segment grid is the irregular grid defined by all these lines. The center 
part of the segment grid is enlargcd for better visibility. On the segment grids, it 
is elear to see how the va.lue of each input cell is redistributed over its segments. 
The bcncfits of the hig:hcr rcsolut.ion auxiliary data arc cvcn more visible on this 
segment grid. Particularly in the second column of the input, the rcdistribution 
differs as a result of the different auxiliary data, and the higher va.lues are shiftcd 
to the left of those cells. The third test ca.se uses the same target grid, but now 

·~~ 
(a) 

{d) 

Fig. 4. Case 3: low resolution rotated auxiliary <lata: (a) auxiliary data, (b) result, (c) 
detail of the remapping of the input data and Ca.<;e 4: low rcsolution rotatcd anx:iliary 
data and rotated target: (a) auxiliary data, (b) result, (c) dctai1 of the remapping of 
the input data. 

employs an auxiliary grid 15 x 15 anglcd 10°. The fourth test ca.se illustrates the 
effects if the 25 x 25 target grid is angled 20°. Particularly the distribution of 
the data inside the ceUs over the segments in interesting, figures 4c and figure 
4f. 

To derive a more quantified comparison 1 consider the absolute difference of 
the value of a cell in the optima] grid (figure 2b for the first three ca.ses, figure 
2d for the fourth ca.se) and the ca.lcu.latcd va.luc for the same cell. Tn table I, 
the avcragc and maximum of thcsc differcnccs arc shown for both the prcscntcd 
method and for area.l weighting. The va.lues for average weighting are the same 
for the first three cases, as the input and targets are the same. For the resu.lts 
of the presented method, a.I.I the valucs of the second ca.se are !ower than those 
of the first ca.se. This means that the second case has a better result, whicb is 
a.lso visible on the figures (figure 3b vs. figure 3e). For these ca.ses, the presented 
method has a !ower average difference than areał weighting, but it ha.s a higher 
maximum avcragc. In simple terms, this means that there are less errors, but 
larger errors occur. This is consistent with the fact that our methods concentrates 
the data more, whercas areał weighting tcnds to smear out the data more over 
multiple cells: where the line patterns using areał weighting is just visible a.s a 
biur, the presented method is able to distinguish more of the pattern. Tn the ca.se 
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average dillerence maximum d.ilfcrence 
preseutcd areaJ wcighting prcsented areaJ weightiu.g 

case 1 3.70 3.97 41.62 33.16 
case 2 3.11 3.97 39.74 33.16 
case 3 3.54 3.97 32.86 33.16 
case 4 7.32 7.55 81.00 82.25 

Table 1. Propcrt1cs of the results of the 4 examples. 

3 and 4, a low resolution auxiliary grid was used to show that this is enough to 
contrihute. A 15 X 15 grid does not add that much information over a 12 X 12, 
hut stili enough to provide hetter results. Ca.se 3 shows that the low resolution 
auxiliary grid at an angle performs slightly worse on average, but better on 
the maxima! difference. In case 4, the values are much higher, as remapping 
to an angled grid is a more complicated issue. But the presented method stili 
outperforms areał weighting. Compared with the areał weighting approach, the 
proposed methodology offers l,etter results in remapping the data to the target 
grid, even when the auxiliary data has a relatively low resolution. The segment 
grids provide the highest resolution, but unfortunatcly arc irregular. Particularly 
when input and target are at an anglc, the resulting segment grid is not suitablc 
as finał reprcsentation. The convcrsion to the target grid is done by adding up 
all segments that together belong to the same grid cell in the target grid. This 
effectively lowers the resolution again, which is clearly visible on the figures of 
the segment grid. However, it results in the desired format. This finał step is 
irreversible: it disconnects the result from the original input grid, and by adding 
up the values of the segments, the value of an input cell is possibly spread out 
over a slightly larger region. 

4 Conclusion 

The complexity of the prcscntcd method is linear with the number of cells in 
the segment grid, i.e. the number of cells in the intersection of input and output 
grid. Consequently, the method scales quite ea.sily. Furthermore, the calculation 
of each segment can be done independently of other segments, implying they can 
be computed in parallel. In the above examples, the parameters were manually 
chosen by us from a large set of parameters ([111), ba.sed on empirical studies on 
many data. Automatically determining the best possible parameters for a given 
data.set would irnprove the applicability. As can be seen on the segmented grids of 
all examp1es, but more-so on figure 4, all calculations are constrained within the 
cells of the input grid. The method tries to localize point sourccs or line sourccs at 
a !ocal level. Mapping the data from the segments to the target grid has the result 
that data of a segment is spread out over a larger area. As such, it may also give 
the irnpression that data are moving out of the original input cells, particularly as 
the resulting grid is later most likely interpreted as having a uniform distribution 
within the grid cells. The same applies however to other methods, but as the 
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intermedia.te results show higher accuracy, perhaps a different aggregation can be 
considered. In the presented approach, cach cell from the input grid is div;dcd in 
a number of segmcnts, a possibility distribution for the value of cach segment is 
determined. The value of all segments overlapping an input cell should sum up to 
the value of the input cell; to achievc this, the defuzzificd results were interpreted 
a.s relativc portions, which requircd an additional rescaling. The results can be 
improved by performing a more appropriate clefuzzification, and avoiding the 
rescaling. 

In this article, we presented the first experimental results of a novcl way to 
transform gridded data. Unlikc current methods, the approach uses addition
ally known information to estimate an underlying distribution. The prescntcd 
method uses a fuzzy inference system in order to determine the values of the 
grid cells in the target. The results are promising, and further research in both 
refining the system and test.ing it with real world data are foresecn. 
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