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Abstract: Land cover maps are frequently produced via the classification of satellite imagery. There
is a need for a practicable and automated approach for the generalization of these land cover clas-
sification results into scalable, digital maps while minimizing information loss. We demonstrate a
method where a land cover raster map produced using the classification of Sentinel 2 imagery was
generalized to obtain a simpler, more readable land cover map. A replicable procedure following a
formal generalization framework was applied. The result of the initial land cover classification was
separated into binary layers representing each land cover class. Each binary layer was simplified
via structural generalization. The resulting images were merged to create a new, simplified land
cover map. This map was enriched by adding statistical information from the original land cover
classification result, describing the internal land cover distribution inside each polygon. This en-
richment preserved the original statistical information from the classified image and provided an
environment for more complex cartography and analysis. The overall accuracy of the generalized
map was compared to the accuracy of the original, classified land cover. The accuracy of the land
cover classification in the two products was not significantly different, showing that the accuracy did
not deteriorate because of the generalization.
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1. Introduction

Land cover data are frequently produced using the classification of satellite imagery.
The primary results are datasets where the entities are raster pixels assigned to land cover
classes. The classification may or may not be correct and verification is required before
a dataset can be used for any particular purpose. The raster image format is another
confounding element. Raster structures rarely exist on the ground and the raster often
appears cluttered because the spatial resolution is high and the amount of information is
excessive [1].

The spatial distribution of land cover classes is generally perceived by users as a
partition of the earth surface represented as non-overlapping polygons. Raster images can
be converted to polygon (vector) data using two processes, often combined: segmentation
and generalization. Both can be strengthened through data enrichment [2].

The generalization of spatial data is an activity that originated in cartography. The
topic was intensively researched when geographic information systems were in their in-
fancy [3,4]. The term cartographic generalization describes the changes made when a large-
scale map (with many details) is transformed into a smaller-scale map (with fewer details).
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Originally a design technique carried out manually by a cartographer, computer
cartography has changed generalization into a set of algorithms allowing spatial data with
a high level of detail to be rendered as a map with a lower level of detail. With spatial data
stored and managed as digital datasets, elementary generalization has become a process
where data are adjusted to a suitable visual representation by leaving out some of the
details in the original dataset. Thus, even naive generalization can be defined as a special
variant of spatial modeling [5]. More recent research has widened the topic to provide for
dynamic web mapping and support for modeling and analysis [6].

According to Bertin [7], there are two different types of cartographic generaliza-
tion: structural generalization and conceptual generalization. Structural generalization is
concerned with the geometry and the choice of cartographic symbols, while conceptual
generalization is concerned with ontology. Structural generalization changes how a feature
is represented in the map while conceptual generalization involves changing the identity
and substance of the features. This is described by Wolf [8] as feature modification based
on geometry vs. feature modification based on semantics.

Steiniger and Weibel [9] demonstrate how generalization procedures can be designed
using a typology of the relations between map objects. According to these authors, struc-
tural generalization handles horizontal relations, including geometric and topological
properties in the dataset. Structural generalization is thus carried out on single features
individually and must be embedded in procedures addressing “update relations”. These
“update relations” handle the relationship between features when more than a single feature
is involved.

Land cover maps with several land cover classes can be compiled using remote sensing
data classification but will always present a simplified reflection of the physical world [10].
These maps should be customized to meet the user requirements. Raw land cover clas-
sification results are usually cluttered. Map generalization is needed to emphasize the
relevant land cover information while omitting less important features, with respect to
map scale and purpose [11]. Generalization allows the removal of classification errors or
misclassification, offsetting the “salt and pepper’ effect, which is common in pixel-based
classifications of fine spatial resolution imagery [12]. Tailored sequences of cartographic op-
erations must be applied to handle geometry, topology and attribute data. The procedures
can involve basic operations like reclassification, aggregation, amalgamation, displacement,
elimination, enlargement, exaggeration, symbolization, simplification and smoothing [13].

To operationalize generalization as a process, a land cover map can be separated into
a stack of binary images, one for each land cover class (creating vertical relations between
the classes). Structural generalization is subsequently carried out separately on each binary
image. The results can later be combined using the vertical relationships between the
layers to produce a new, generalized land cover map. Several structural generalization
processes addressing horizontal relations are thus embedded in a contextual process using
vertical relations by first splitting the original map into binary layers and later merging the
generalized layers into a single, generalized land cover map.

The structural generalization process is faced with at least two closely related chal-
lenges; data loss due to simplification and inaccuracies due to a mismatch between class
categories and reality. The simplified geometry is believed to be less accurate than the orig-
inal with respect to information concerning where a category is present. The delineation of
each class is also assumed to be less precise than in the original data. Furthermore, the class
names inherited from the original maps may describe the actual content of the resulting
polygons less accurately.

A possible solution is to take advantage of the vertical relations between the original
data and the generalized dataset. This can be implemented through data enrichment [14-16]
and conceptual generalization [17]. Data enrichment consists of creating a land cover
profile of each generalized feature (polygon) based on the original raster data. Conceptual
generalization involves the creation of new classes and reassigning the features to these
classes based on the auxiliary information obtained via enrichment.
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Enrichment also creates opportunities for the new and alternative use of the gener-
alized dataset. An enriched dataset is stocked with supplementary information and a
land cover class can be separated into new classes based on the profiles of the features.
Generalization followed by self-enrichment is not only an act of simplification, but also a
framework for the conceptual diversification of the dataset.

The objective of this study was to develop and implement a practicable, mechanistic
approach to the generalization of a land cover classification result and to support the later
analytical use of the land cover map via the self-enrichment of the resulting dataset. We
expected that the new map would provide for more diverse applications but also assumed
that the generalization would cause a distortion of the information and introduce statistical
bias. The latter hypothesis was examined by comparing the content and accuracy of the
original classified land cover raster to the generalized map product.

2. Materials and Methods

The study used part of an existing land cover map of the former Viken and Oslo
counties in south-eastern Norway derived from the classification of Sentinel 2 imagery. The
former Viken county is located in the south-eastern part of Norway, surrounding Oslo, the
capital of Norway. The county extended from the Swedish border and the Oslo Fiord with
a flat coastal landscape up to the mountainous areas of Hardangervidda (appr. 1900 m
above sea level) in the north-west. The southern region is characterized by farmland and
forest, changing into a mountain and valley landscape towards the north and north-west.

The land cover classification was carried out using a Random Forest (RF) algorithm.
The detailed description of the land cover classification process is found in [18]. A subset
(12,056 km?) with nine land cover classes (Table 1) was used in the study of the generaliza-
tion methodology. We are not concerned with the details of the classification method here
since our project only used the classification results as a testbed.

Table 1. The nine landcover classes found in the land cover map of the study area.

Code Name Definition

Land covered by buildings, roads and other
human-made structures such as railroads.
Buildings include both residential and industrial
built-up areas

1 Sealed surfaces

Land cover dominated by trees with cover of
2 Woodland broadleaved 10% or more; more than 50% covered by
broadleaved trees

Land cover dominated by trees with cover of
3 Woodland coniferous 10% or more; more than 50% covered by
coniferous trees

4 Permanent herbaceous Land covered with pastures

Land covered with annual cropland
sowed/planted and harvested at least once

5 Periodically herbaceous within the 12 months after the

sowing/planting date.
6 Mosses Peat bogs covered by mosses

Area covered by water, including the following
7 Water . R

formations: lakes, ponds, rivers and ocean

. Land covered with intermediate and vigorous

8 Low vegetation . .

low mountain vegetation

Land covered with more than 70% bare rock and
9 Sparsely vegetated

with less than 30% vegetation (including lichens)
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Field observations from the Norwegian area frame survey of land cover and outfield
land resources survey [19,20] were used in the accuracy assessment. This is a field survey
with sample points scattered throughout Norway. In total, 362 sample points fell within
the study area.

The study consisted of five components: (1) development of a generalization method-
ology (establishing a practicable, mechanistic approach to generalization of a land cover),
(2) enrichment of the generalized map (to preserve the information in the original map),
(3) examination of the content of the generalized land cover map, (4) conceptual improve-
ment of the final product and (5) comparing statistics and accuracy.

(1) Generalization methodology

The development of a practicable, mechanistic approach to the generalization of a
land cover classification was carried out by dividing the process into tasks composed of
sequences of smaller steps. The initial land cover map was transposed into a set of binary
maps representing the individual land cover classes. Each binary map was filtered and
cleaned and the final, generalized land cover map was created by merging the refined
binary layers. The methodology was implemented using the Open Source GDAL library
for raster and vector geospatial data. The script was written as a standard Shell script
running on a Linux computer.

A prominent feature in the generalization methodology was the use of morphological
filters [21,22]. The main morphological filters used in the study are illustrated using a
simplified example in Figure 1. Figure 1a is a binary, cluttered pixel map. A growth filter is
applied, where each pixel is extended into all eight pixels in its neighborhood. The new
pixels included in the map are shown with a violet color in Figure 1b. A contraction filter
is then applied, removing every pixel with a non-committed neighbor in any of the four
cardinal directions (north, east, south, west). The removed pixels are shown with a beige
color in Figure 1c; the red and violet pixels are retained. Finally, small areas (single pixels
in the example) were removed, resulting in the generalized binary map in Figure 1d.

) -

" "

Figure 1. Morphological filters (simplified example). (a) Binary pixel map; (b) growth; (c) contraction;
(d) removal and result. Detailed explanation (including the use of colors) is found in the text.

(2) Enrichment

The enrichment of the generalized polygons was conducted by linking a vectorized
version of the original land cover classification to the polygons of the generalized map
to create a statistical profile of each polygon. The statistical profile is simply a list of the
relative size of each land cover class inside the polygons. The enriched product has at least
two applications. It can be used to create overall descriptive statistics for the classes by
summarizing the profiles for the entire map. It can also be used to create new thematic
map products.

(3) Examination

The results of the generalization were studied using descriptive statistics. The statisti-
cal software IBM® SPSS® Version 27 was used for this purpose. Area statistics for the land
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cover classes based on polygon area and enrichment were tabulated and compared using
the Aggregate and Summarize functions. We also created profiles and described the com-
position of the land cover types present in each polygon and each class after generalization.
Examples are found in the Results section below.

(4) Conceptual improvement

The distribution of land cover types in each polygon was examined. Polygons where at
least 80% of the surface corresponded with the assigned land cover class were characterized
as pure. Polygons where 50-80% of the surface corresponded with the land cover class
were characterized as “heterogeneous”. Polygons where no single class covered at least
50% of the polygon were characterized as “complex”. This characterization was stored as a
separate attribute.

(5) Comparing statistics and accuracy

We used a random sample of 362 field observations from the Norwegian area frame
survey of land cover and outfield land resources survey [19] to quantify the impact of the
generalization on the land cover statistics. The land cover at these sample plots was verified
by field observations and cross-checked on recent orthophoto (2020 +/ — two years). The
land cover types reported in the remote sensing product before and after generalization
were compared to the ground truth and the overall accuracy was calculated as the correctly
classified proportion. The accuracy before and after generalization was compared using a
paired sample t-test.

3. Results

The workflow in the generalization methodology developed in the project is illustrated
in Figure 2. The initial step in the geometric generalization was to split the raw land cover
classification map into binary layers, each representing a single land cover class. The nine
land cover classes were thus separated into nine binary land cover layers, each representing
a single land cover class.

This step was followed by structural generalization applied individually to each
binary layer. The structural generalization is represented as a single element (described
as “Expansion, Contraction and Removal” in Figure 2), but consisted of several sub-steps,
each using horizontal relations in the dataset. These details are illustrated in Figure 3. The
procedure is based on a method developed for vector maps [23] but is also applicable for
raster datasets by using morphological filters. The main sub-steps were as follows:

Sub-step a: Expansion (growth). A filter operation focused on those pixels where the
class was present in the binary layer. All eight neighbors of these pixels were assigned
to the class. See Figure 1b. The sub-step can be repeated several times to strengthen the
presence of a class.

Sub-step b: Contraction. A filter operation focused on each pixel where the said class
was present after sub-step a. The pixels were removed from the class if the class was absent
in any neighbor in a cardinal direction from the pixel. See Figure 1c. This sub-step can be
repeated several times to debilitate the presence of a class.

Sub-step c: Removal. Any pixel belonging to a continuous group of pixels smaller than
a predefined threshold value was removed from the class. See Figure 1d. The threshold is
adjustable. The threshold in this exercise was set to 150 pixels (1.5 hectare).

The third main step was to merge the generalized binary layers. The binary layers
were loaded according to a predefined priority sequence (see Table 2) and the layer repre-
senting the least important class was used as the starting layer. The remaining layers were
incorporated into this layer according to priority, with the most important layer entered at
the end. Water bodies had the highest priority and were added last to preserve streams and
the outline of lakes. Finally, any pixel belonging to a group of identical pixels but smaller
than a predefined threshold value was removed.
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Figure 2. The generalization process. The content of the “Expansion, Contraction, Removal” step is
described in more detail in Figure 3.

The resulting layer contained gaps, partly due to the merging process and partly
because of the removal of small clusters of pixels. These gaps were filled by expanding
classes from the edges using the value of the largest juxtaposed neighbor cluster. The gap
filling was iterated until no gap remained.

The generalized map was vectorized. The result was a vector land cover dataset with
the same classes as the original raster dataset, but with a simplified geometrical structure
and larger, homogeneous areas.

An extract of the map of the study area before and after generalization is shown in
Figures 4 and 5. These figures compare the cluttered pixel map, created via the classification
of Sentinel imagery, to the generalized vector map. Figure 4 shows a larger section covering
an area with two valleys, a forest and two mountains. Figure 5 shows the enlargement of a
settlement and a surrounding agricultural area. Both figures show the cluttered pixel map
at the bottom (Figures 4a and 5a) and the generalized land cover map of the same area at
the top (Figures 4b and 5b). The effect of the generalization is not only visual, as seen in the
maps, but it is also statistical. Table 2 is a summary of the area statistics generated from the
two maps.
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Generalized binary
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Figure 3. The detailed operations and workflow embedded in the “Expansion, Contraction and
Removal” step of the generalization process that was described in Figure 2.

The generalization caused considerable change in the gross area of several classes
(Table 2). The area covered by small classes like permanent herbaceous and sealed surfaces
was reduced, despite the relatively high priority assigned to these classes. The priorities
modified but did not change this general trend. There was a sizable (almost 40,000 hectare)
growth in the area classified as woodland coniferous, irrespective of the low priority
(priority 7) assigned to this class. Woodland broadleaved, permanent herbaceous, non-
and sparse vegetation and mosses were reduced the most, probably because they do not

constitute large, continuous areas.
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Table 2. Area statistics generated from the land cover classification—raster map and the generalized
vector map of Viken and Oslo. The column “Priority” shows the priority of each theme in the
merging process.

Hectare %
Cod N Priorit
ode ame y Raster Vector Diff. Diff.
Map Map
1 Sealed surfaces 2 61,248 60,264 —984 —-1.6
2 Woodland 6 35,795 23464  —12331  —345
broadleaved
3 Woodland coniferous 7 740,892 779,906 39,015 5.3
4 Permanent 4 17,313 6210 ~11,103  —64.1
herbaceous
5 Periodically 3 107910 112,471 4561 42
herbaceous
6 Mosses 5 73,315 60,206 —13,109 —17.9
7 Water 1 113,242 111,602 —1641 —15
8 Low vegetation 8 47,100 47,189 89 0.2
9 Sparsely vegetated 9 9619 5122 —4497 —46.8
Total 1,206,434 1,206,434 0.0 0.0

The distribution of pixels from the original land cover raster map found inside each
class in the generalized vector map, as obtained via self-enrichment, is found in Table 3.
Each row in the table summarizes to 100%, except for round-off errors. All classes in the
generalized map are dominated by pixels from the same class, but some classes appear to
be more purified than others. Water (class 7) is the purest class, probably because it has
the highest priority in the merging process and has a high degree of accuracy in the pixel
map classification. Woodland coniferous (class 3) is also a class containing limited amounts
of noise. This is probably because the acreage of the class is large and the noise is small
compared to the overall extent.

The proportion (in percent) of the polygons in each land cover class according to the
amount of the polygon surface covered with pixels assigned to the same class is listed in
Table 4. For example, 70% of the polygons in class 1, sealed surfaces, contain more than
80% pixels classified as sealed surface. Another 29% of the polygons in this land cover class
have 50-80% coverage classified as sealed surface. Clearly, these polygons represent less
homogeneously sealed areas. The final 1% of the polygons in this class contain less than
50% pixels classified as sealed surface.

Table 3. Content of the generalized land cover classes, shown as percentage of the area assigned to
the class. See Table 2 for class names.

Percent Land Cover Content Based on the Original Cluttered Pixel Map

1 2 3 4 5 6 7 8 9

1 80 3 7 1 7 1 <1 <1 <1

2 1 78 11 4 4 1 <1 1 <1

3 1 1 93 1 1 3 <1 <1 <1

. 4 1 6 3 77 10 2 <1 <1 <1
La“‘iﬁg:;;ﬂgs; 1;‘ the 5 4 3 2 5 85 1 <1 <1 <1
& p 6 1 1 8 1 2 78 <1 7 3

7 <1 <1 <1 <1 <1 <1 100 <1 <1

8 <1 2 2 <1 <1 5 <1 87 4

9 1 1 1 <1 2 3 <1 4 90
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Figure 4. Land cover map of an area around Norefjell mountain and lake Krgderen in former Viken
county, Norway. The pixel clutter of the classified image ((a), bottom) and the generalized land cover
map ((b), top). Location: 60.30 north, 9.46 east. Background: N50/Norge digital.
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Figure 5. Land cover map of an area south of Vikersund in former Viken county, Norway. The pixel
clutter of the classified image ((a), bottom) and the generalized land cover map ((b), top). Location:
59.96 north, 9.95 east. Notice that this region is outside (south of) the region shown in Figure 4.
Background: N50/Norge digital.
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Table 4. Proportion (%) of the polygons in each land cover class according to the amount of the
polygon surface covered with pixels assigned to the same class.

Proportion of Polygons with Coverage

Code Name Over 80% 50-80% <50%
1 Sealed surfaces 70 29 1
2 Woodland broadleaved 41 59 1
3 Woodland coniferous 100 0 0
4 Permanent herbaceous 42 56 2
5 Periodically herbaceous 84 16 0
6 Mosses 41 58 1
7 Water 100 0 0
8 Low vegetation 95 5 0
9 Sparsely vegetated 86 12 2

The land cover polygons were separated into 19 new classes. The homogenous
polygons come from each of the nine original classes, while the heterogeneous polygons
come from each of the eight classes containing heterogeneous polygons. Finally, a class with
complex polygons emerges from all nine classes. The result was a richer, more diversified
land cover map.

Other reclassifications are also possible. Thematic maps of individual land cover
classes can be drawn with a symbology showing the amount of the surface belonging to
that particular class. An example could be a thematic map of mosses, where each polygon
is colored according to the proportion of the pixels inside the polygon that is classified
as mosses.

The effect of the generalization on the overall accuracy of the map product was
examined using 362 field observations. The overall accuracy of the land cover classification
pixel map (before generalization) was 85.9% correctly classified. After generalization, the
accuracy increased to 88.1%. The generalized map thus appeared to be more correct than
the classified satellite pixel map. The difference was examined using a paired sample t-test.
The increased accuracy (2.2%) was not significant (at the 95% level).

4. Discussion

The objective of this study was to develop and implement a practicable, mechanis-
tic approach to the generalization of a land cover classification. The model-based split,
expand and contract algorithm using morphological filters allowed a reasonable control
of the generalization procedure, avoiding direct operator intervention. The parameters
for expansion and contraction as well as the priority of each class could be determined
anteriorly and the process was able to be implemented as a batch job. The entire procedure
is reproducible. A visual comparison of the original pixel map and the generalized vector
map (as in Figures 4 and 5) also showed (by subjective judgment) that the overall spatial
structure of the map was preserved.

The generalization emphasized the broad spatial structures; the details were removed
and the spatial statistics changed accordingly. Substantial areas of woodland broadleaved,
permanent herbaceous vegetation, mosses and sparse vegetation were absorbed, mainly
into the coniferous forest dominating in the area but also, to some extent, into patches
of periodically herbaceous vegetation. This was probably due to the effect of the specific
composition of land cover classes in this region. The relationship between the classes is
most likely not the same in other regions where the spatial composition and structure
of the classes is different. The extent of classes with a small or scattered presence was
susceptible to decrease in the process, being encroached on by more dominant categories
in their neighborhoods. Classes given low priority in the reassembling of the map are
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most prone to such changes. The exchange of pixels between classes did not have a
serious impact on the overall accuracy of the map but could affect the representation of
specific features.

Figure 5b demonstrates a reduction in sealed surfaces (construction land) when com-
pared to the original classified image (Figure 5a). This is evidenced by the disappearance
of several road sections, e.g., in the center of the image. The observation raises questions
about the limitations of these methods in addressing linear features. Water and sealed
surfaces were both given high priority in the merging of the binary layers, but this is not an
expedient measure when the goal is to preserve linear features.

Cartographic generalization can be graphical or semantic. The graphical approach is
the simplification of geometry, filtering objects and curtailing symbols. The semantic ap-
proach is to aggregate units and create new classes. Our approach was essentially graphical.

Graphical generalization has statistical consequences (changing the number of points,
the length of lines and the area of polygons). The total area of each land cover class changed,
in some cases substantially. This statistical corollary can, as in this project, be managed
through self-enrichment. A second objective of this study was therefore to preserve much
of the original information and support the later analytical use of the land cover map via
the self-enrichment of the resulting dataset. Self-enrichment was carried out by attaching
statistical information from the original, cluttered map as an attribute vector.

Figures 4b and 5b also show that the generalization removes small features when
compared to the cluttered originals (Figures 4a and 5a) and should not be applied when it
is important to preserve small or narrow features in the map. The presence and extent of
small features can also be documented through self-enrichment, where the information is
represented as an attribute vector linked to each polygon in the generalized map, but the
exact location of the features is lost. The decision to apply or not to apply generalization
therefore depends on the information required in the final map product.

The self-enrichment of the generalized map allowed us to preserve the original statisti-
cal information and differentiate polygons according to composition. This is closely linked
to the third objective of the study. We expected that the new, self-enriched map would
provide for more diverse applications. This was demonstrated by the description of a new
thematic map with more detailed land cover classes according to the homogeneity of the
land cover in the polygons.

The example is an arbitrary result. It demonstrates that the expectation was correct,
but does not explore the possibilities and limitations regarding new and more creative
thematic maps that exploit the information in the self-enriched map. Further research is
needed to explore this issue.

The final objective of the study was to examine the statistical distortion and possi-
ble bias introduced by the generalization. The classification of mosses and permanent
herbaceous classes was found to be less accurate in the initial land cover classification [18].
The permanent herbaceous areas were often misclassified as periodically herbaceous. The
self-enrichment also showed that just 42% of the generalized polygons in this class can be
counted as pure, 56% as heterogeneous and 2% as complex. A similar pattern was observed
for mosses, as by their nature they are quite heterogenous and difficult to classify using
remote sensing, as they can be covered by forest or mixed with heathland [24]. The area of
mosses decreased by nearly 14% during generalization. More attention needs to be paid to
the effect of generalization on the heterogenous and complex land cover classes.

The comparison of the accuracy before and after generalization showed that the
percentage that was correctly classified increased by 2.2% percent (from 85.9 to 88.1%)
when the map was simplified through generalization. Obviously, the occasionally large
changes in area statistics for some classes corrected some errors while creating others.
An overall accuracy around 85 to 90% is, from our experience, common in land cover
classification products derived from remote sensing. Misclassified pixels can be interpreted
as commission errors (from the point of view of the assigned class) or omission errors (from
the point of view of the class they should have been assigned to). Omission errors appearing
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as noise in a classified image can to some extent be eliminated during generalization. The
statistical effect of generalization is therefore not necessarily a corruption of the data since
the original classification of the pixels is also prone to classification errors.

The dominating class in our study was woodland coniferous, a class that increased
substantially during generalization. Omission errors were probably scattered misclassified
pixels, small forest gaps and recent clear-cuts. These were absorbed by the surrounding
forest class during the generalization process. Conifer forest, periodically herbaceous land
and land with low vegetation were all improved by the generalization. Sealed surfaces
and woodland broadleaved were slightly impaired. These were small, dispersed classes.
The accuracy of the remaining classes remained unchanged. The important result is, in
our opinion, that the generalization had only a minor impact on the overall accuracy of
the map.

5. Conclusions

Generalization via filtering information and simplifying graphical representation to
facilitate communication is a constituent part of cartography. It is also requisite with respect
to visualization and user interaction in geographic information science [25]. Databases can
hold large amounts of detailed, high resolution spatial data, but too much information can
effectively impede decision making and users may be better off with a digested and simpli-
fied representation of the world. Generalization, supporting the use of the information at
multiple scales, is needed to provide data for multiple purposes and tasks [26].

Generalization is a transformation undertaken to facilitate the visualization and in-
terpretation of complex data through simplification. The generalization of the original
classified pixel image in our study created a smoother, simplified map where details were
removed. The result accentuated the broader spatial structures of the land cover in the
region. Generalization, in this respect, takes a broader view, examining the data from a
larger distance and with an eye for the whole rather than the parts.

This appraisal of the result is subjective and not substantiated by a formal investi-
gation. The smoother, simplified map is regarded as an improved cartographic product
by the project team. Other users, with different preferences or objectives, may assess the
generalized map otherwise.

The study leaves several open questions to be addressed by systematic, structured and
well-designed future studies. There is a need for a broad survey of how users representing
different user communities assess the resulting map. The study should address the simpli-
fied map compared to the original cluttered map, as well as the possible benefit from the self-
enrichment of the polygons. Another research issue is the need to compare generalization
methodologies. There are several alternative approaches to the structural generalization
of pixel maps, including filters and segmentation [27-29]. Our split-generalize and merge
(SGM) approach based on a modification of the method from [23] was fast and reliable;
however, further analysis is needed to compare the result to other structural techniques,
with respect to the ease of implementation, information loss and user acceptance.

The generalization did not reduce the accuracy of the map. The measured accuracy
increased slightly, but the improvement was not statistically significant. The example shows
that the corruption of the map via generalization does not need to be a major concern. The
study did, however, demonstrate a loss of linear features, in particular roads or transport
lines among the sealed surfaces. Tools could be developed and added to preserve these
features in situations where narrow linear features are an important component of the map.

The self-enrichment achieved by populating the polygons in the generalized map
with statistics using the original pixel map maintained the statistical information from
the original map and allowed for a more flexible use of the data by combining the land
cover classification with the information about the assumed distribution of land cover
classes inside the polygons. Further studies are needed to explore the new analytical and
cartographic possibilities created by the self-enrichment of the generalized land cover map,
irrespective of the generalization methodology used.
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