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Abstract- In this paper we present a method for comparing categorical raster maps based on comparing categories at the
polygon level. In contrast with the most commonly used pixel-level methods of comparison, the proposed method reduces
both possible map registration errors and errors resulting from the uncertainty associated with defining the boundaries of
each category. The results are presented visually as a map which shows the degree of fit between the compared maps, and
analytically as an overall agreement index varying between 0 and 1 and by a fuzzy kappa index.

The methodology is illustrated by two examples: the first compares two synthetic maps which were generated specifically
to demonstrate the validity of the method, and the second example analyses the use of the method to detect changes over
time in two real land-use maps which were made in different years.
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1 Introduction

Categorical maps are commonly compared to detect dif-
ferences between maps that have been made by different
persons or using different techniques, and also to detect
possible errors (Foody [4]). Map comparison is also very
often used to determine variations over time—for exam-
ple, changes in land-use (Wickware and Howarth [14],
Singh [12]).

Traditional methods of comparison are based on a pixel-
by-pixel comparison of each map, with the results dis-
played as crossed tabulations and statistical indices such
as the kappa coefficient of agreement (Rosenfield and
Fitzpatrick-Lins [11] ) or the tau coefficient of agree-
ment (Ma and Redmond [7]). However, as other authors
have noted (Mas [8], Dai and Khorram [2]), these meth-
ods of comparison present some drawbacks. Firstly, they
are sensitive to image registration. Secondly, Boolean
intersections do not take into account the uncertainty
associated with each category and the definition of the
boundaries. The kappa index, one of the most commonly
used methods for compare categorical maps and evaluat-
ing map precision, also presents some problems (Pontius
[9D).

Over the last few years researchers have proposed alter-
native methods of comparing maps in order to address
some of the drawbacks associated with these traditional
methods. Many of these alternative methods are classed
as fuzzy, although few of them are actually based on dif-
fuse logic theory. Fritz and See [5] tackled the problem
of comparing maps which have different categories. The
comparison of categories is made by using similarity ma-
trices for consultations made with several experts, with
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findings translated into similarity values ranging between
0 (no similarity) and 1 (total similarity) that are known as
fuzzy agreement values. Finally, Hagen et al. [6] used
a method of comparing categorical raster maps pixel by
pixel which took into account possible errors in space and
in the category definition by analyzing the area around
each pixel. Matrices of similarity are also defined to take
into account the fact that some categories are more simi-
lar to each other than others, and to take into account the
distance between each cell to neighboring cells in order
to establish the degree of similarity between each map
for each location; the form of these functions, however,
is not specified. The fit between maps is measured by a
statistic called fuzzy kappa. Power et al. [10] proposed
a method for comparing land-use maps based on formal
fuzzy logic theory. In this method linguistic variables and
functions of membership are defined which consider the
percentage of the area of intersection between polygons
of the same category. Comparison is made at the regional
level instead of pixel by pixel. They express the overall
agreement or estimate of variation between two land-use
maps using a scalar between 0 and 1 called a fuzzy global
similarity value.

The method we describe in this paper is mainly based on
work carried out by Power et al. [10] and Hagen et al.
[6].0n the one hand, as with the first author, maps are
compared at a regional level, in other words at the level
of polygons rather than pixels. On the other hand, uncer-
tainty in delimiting categories is taken into account using
a simple method based on the distance to boundary cells.
The fit between two maps is summarized by a coefficient
of similarity. The fuzzy kappa index is also determined
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and is compared with Boolean kappa.

2 Methodology

In the methodology described below, one the two maps to
be compared map is considered as the reference map (A)
, against which the fit of the other map (B) is determined.
Below we describe the steps to follow in obtaining a map
and an index of fuzzy agreement between map A and B:

1. The first step is to delimit the polygons that corre-
spond to each category of the legend in each of the
two maps to be compared using a reclassification
process. In this way, for each original map, a map
is generated for each category, as follows:

cA il 1)

where the superscript refers to the original map and
the subscript refers to the delimited category, and
where r is the number of legend categories in both
maps. Irrespective of the original legends of the
maps that are to be compared, all of the cells of
the polygons that are delimited on each reclassified
map are assigned the value 1. The rest of the cells
that do not correspond to the category being con-
sidered are assigned the value 0. Thus, for each
map that is reclassified from two maps being com-
pared, the following condition is met:

A,B
VO = b @)
ctB
where V;, 7 represents the value of the cell which
corresponds to a location / in the jth map (corre-
sponding to the jth category) originating from map
A or B, ¢ is the Kronecker delta, and C is the cat-
egory of the original map at location /.
By performing local matching on a polygon-by-
polygon basis, the problems of a pixel-by-pixel
comparison are reduced.

2. For each of the maps obtained in the previous stage
from map A , C{* , the boundary of each polygon
is determined, with the boundary pixels assigned
the value 1 and the other pixels assigned the value
0. We will refer to these maps as HiA i1, ..

3. We then determine the distances from each cell
in maps HiA to the boundary cells, to give maps
DA i :1,..,r. Then for each cell of D which
is situated on the outside of the boundary of each
polygon, a function f is applied that decreases with
distance; meanwhile, for the cells located inside
the boundary of the polygon a function g is applied,
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which increases with distance. In doing so we are
acknowledging that the boundaries of the polygons
are not precise, with imprecision increasing from
the inside of the polygons to the outside. The re-
sulting maps are named F/ and G, to indicate
that they result from the application of functions f
and g, respectively.

Functions f,g : Rt — [0,1] are defined subjec-
tively and may be different for each reclassified
map according to the knowledge we have on the
precision of the definition of each polygon in map

A.

. In this step, maps F/* (G#) and the corresponding

CPF are multiplied, to obtain maps which represent
the degree of fit between the two original maps A
and B for each category:

Li=F'xCP j:1,..,r (3)

Figure 1 summarizes the procedure for obtaining
eachmap [; .
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Fig. 1: Flowchart showing the proposed methodol-
ogy for comparing maps
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5. Finally all of the previous maps I; are combined to
form the final map of similarity between B and A:

SE=uL; j:1,.,r 4)

All the cells of Sﬁ’ take values between O and 1,
where 0 corresponds to a total absence of agree-
ment between the original maps and where the
value 1 corresponds to complete agreement.

6. Steps 1 to 5 are repeated taking map B as ref-
erence, thus obtaining a final map of agreement
between A and B. Lastly, a map depicting the final
similarity is constructed by determining, for each
cell, the minimum value for the two maps of simi-
larity that were calculated:

S = min (S%, S%) (5)

As well as the map of similarity which allows us
to visually distinguish the similarity between the
original maps, the degree of overall similarity can
be summarized in a single value called a coefficient
of similarity, which is given by the expression:

N
> Si
=1

SC = N

(6)

where S; represents the similarity values calculated
for each cell ¢ of map .S, and NV is the total number
of cells in each image.

The coefficient of similarity does not consider sim-
ilarity that may occur randomly, and this is why it
is better to use another similarity measuring param-
eter known as the fuzzy kappa index. According to
the definition of Hagen-Zanker et al. [6], this is
given by the following expression:

SC-FE

T—F (7

Kfuzzy =

where S and E represent the calculated and ex-
pected similarity, respectively.

The expected similarity £ can be calculated us-
ing the Monte Carlo method, generating maps with
random distributions of the categories with the
same proportion of each category as the original
maps.

3 Study case

To demonstrate how the proposed methodology works,
we applied the method to two sets of maps. The first
dataset was synthetic (illustrated in Figure 3) and was
generated specifically to demonstrate how the proposed
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methodology works. The second dataset (Figure 3) con-
sists of two temporal land-use maps of the same areas
(with 7 categories) which correspond to the years 1985
and 1999.

In both examples the functions of category variation with
distance were as follows:

f(d)=0.8¢71¢

g(d)=1-0.2e"1 (8)

where d is the distance from each cell to the nearest poly-
gon boundary.

—

Fig. 2: Vector synthetic map B overlaying raster synthetic
map A

In the synthetic dataset, map B was obtained by trans-
lating the cells of the polygons of categories 2,3 and 4 in
the northeastern direction by a distance equal to the diag-
onal length of each cell. In Figure 3, the boundaries of
these categories have been superimposed on the respec-
tive categories in map A. If we did not take this trans-
lation into account (which one might assume to be due
to a recording error) it is obvious that the match between
the two maps would be total, and this is how it would
be interpreted by an observer who visually analyzed the
images separately.
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Fig. 3: The two land-cover maps compared

4 Results

Comparison of the maps in the synthetic dataset gives the
result shown in Figure 4, where shades of grey indicate
similarity or degree of matching.
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Fig. 4: Fuzzy agreement map for the two synthetic maps
compared

Table 1 shows the values of the overall similarity
index that were obtained with the proposed method to-
gether with the fuzzy kappa index, Boolean index and the
coefficient of areal association (Taylor [13]). The fuzzy
kappa index was obtained by a Monte Carlo simulation
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which generated 50 random maps with the same propor-
tion of cells of each category as in map A and calculated
the mean coefficient of similarity. Considering that the
distribution patterns for the categories are the same in
both maps, one would expect that the match would be
very high, but as can be seen in Table 1, the Boolean
kappa index is just 0.402. In other words, according to
this parameter the agreement between both maps is only
40% better than what would be obtained if we compared
map A with another map in which the location of each
cell of each category was determined randomly. It should
be taken into account that the Boolean kappa index under-
estimates map agreement (Foody, [3]), and particularly in
cases such as this one, in which there are only four classes
and one of them—class 1—prevails over the others. On
the other hand, the fuzzy kappa index—calculated ac-
cording to the definition given by Hagen-Zanker et al.
[6]—is 0.756, which is much more in line with the match
that would be expected for two maps which have the same
spacial patterns. The coefficient of areal association gave
the highest value; this is only to be expected as this mea-
sure overestimates the agreement between maps because
it does not account for chance agreement (Congalton et
al. [1]).

As for the second dataset, Figure 5 shows the match
between the two land-use maps. The lighter colours in-
dicate a lower degree of agreement and so correspond to
areas where there has been a change in land use between
1985 and 1999. In this example there are no errors due
to erroneous recording, and so the differences between
the two maps are basically due to variations in land use
and to errors in the category assignment process. The
greatest variations occurred in the central part of the area
studied (coloured white in Figure 5), where urban land
has encroached on open land and forest (see Figure 3). In
Figure 5 the effect of introducing boundary uncertainty to
the polygons can also be observed.
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Fig. 5: Fuzzy agreement map for the two land-cover
maps compared
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Table 1 shows the values for boolean kappa, the co-
efficient of areal association (CAA) and fuzzy kappa for
this dataset. As can be seen, both are very similar and
quite close to 1, which indicates that overall there have
been small changes over the years. As in the previ-
ous example, the kappa fuzzy index lies between the
Boolean kappa and the coefficient of areal association.
This is a positive feature, because, as was mentioned ear-
lier, Boolean kappa tends to underestimate agreement,
whereas the coefficient of areal association does the op-
posite.

Table 1: Comparison of coefficients of agreement be-
tween maps

Synthetic map Land cover map

Boolean kappa 0.402 0.856
CAA 0.765 0.886
Fuzzy kappa 0.738 0.864

5 Conclusions

In this article we describe a new methodology for com-
paring categorical raster maps that share the same legend.
The method stems from the hypothesis that uncertainty
in defining categories is greatest at the boundary between
polygons.

Since maps are compared at the polygon level, this im-
plies very high speed of calculation compared to methods
that are based on comparing each cell with its neighbours.
It also means a reduction in possible errors from erro-
neous registrations. Another advantage of this method is
its simplicity, as it can be easily carried out in any GIS
raster using common functions.

The results of the similarity analysis can be presented us-
ing the fuzzy kappa index. They can also be displayed
graphically as a map of similarity where the match be-
tween the compared maps at each location is shown on
a continuous scale as a value between 0 and 1. The
fact that the kappa fuzzy index lies between the Boolean
kappa and the coefficient of areal association is posi-
tive, as Boolean kappa tends to underestimate agreement,
whereas the coefficient of areal association tends to over-
estimate agreement.
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