
7th International Symposium on Spatial Accuracy Assessment in Natural Resources and Environmental Sciences. 
Edited by M. Caetano and M. Painho. 

396 

Using spatially constrained clustering in land cover mapping 

Fernanda Néry1,2, Luís de Sousa1, Pedro Marrecas2, Ricardo Sousa1 and João Matos1 
1 Department of Civil Engineering and Architecture, IST, Technical University of Lisbon, PT 
Av. Rovisco Pais, 1049-001 Lisboa, Portugal 
Tel.: + 001 555 832 1155; Fax: + 001 555 832 1156 
nery@ist.utl.pt; rts@civil.ist.utl,pt; lads@ist.utl.pt; jmatos@civil.ist.utl.pt 

2 Instituto Geográfico Português 
Rua Artilharia Um, n.º 107, 1099-052 Lisboa, Portugal 
Tel.: + 004 555 874 414; Fax: + 004 555 874 414 
fernanda.nery@igeo.pt, pedro.marrecas@igeo.pt 

Abstract 
Traditional land cover mapping imposes a predefined taxonomy with mutually-exclusive hard 
categories upon a surface which can be perceived as continuous. Boundary uncertainty and 
heterogeneity of resulting regions are inherent to such approach, but can nevertheless be 
reduced through the definition and application of explicit criteria. Following a design-based 
evaluation of the positional and attribute uncertainty in a photo-interpreted land cover map, 
categories where identified that do not attain the predefined accuracy levels. As expected, 
those were categories representing land use instead of land cover (e.g. sport and leisure 
facilities; green urban areas) and heterogeneous categories. This paper focuses on the latter 
case. Heterogeneous categories (e.g. “complex cultivation patterns” in the CORINE Land 
Cover nomenclature) are a result of limitations in the support of either the input information 
(e.g. spectral mixture due to pixel size in remote sensing applications) or the specified output 
information (e.g. minimum mapping unit [MMU] of vector polygon maps). Information 
regarding the degree of heterogeneity is generally not provided to the final user. Improvement 
of data accuracy can be achieved using ancillary information and/or spatially constrained 
clustering algorithms. Spatial constraints are built using connectivity criteria – which objects 
are connected? – and distance criteria – how far apart are two connected objects? 
Connectivity can be defined geometrically or topologically. The resulting graph structure, or 
its equivalent binary incidence matrix, can be used directly in the clustering algorithm or be 
weighted using distance functions. This allows further flexibility and the integration of spatial 
and semantic constraints. Simple Euclidean distance can be used, or any empirical or heuristic 
measure of similarity between objects or the categories they originally belong to. As an output 
of the clustering process, a set of heterogeneity measures is obtained for each object, which 
can be used to evaluate the results against the original visual interpretation. 

Keywords: spatial constraints, clustering, classification, land cover 

1 Introduction 
This paper describes the methodologies that were used in a preliminary feasibility study for an 
update (or new version) of an existent land cover map. The study comprised two phases: 
diagnostic and remedial/improvement measures. 

In the diagnostic or evaluation phase (Section 2), a quality assessment was performed 
considering both the land cover nomenclature used and its application to the particular land 
cover product. Nomenclature was evaluated as to structure, semantic consistency and 
compatibility with other nomenclatures used at European level or by other Portuguese 
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mapping agencies. The positional and thematic accuracy of the existent land cover map was 
evaluated using a design-based approach that involved re-interpretation of sampled areas and 
the comparison with other map products.  

As a result of the diagnostic phase, problematic categories where identified that were either ill-
defined at abstract level (i.e. unclear rules or category overlap led to spatial inconsistency in 
the output product); unbalanced (e.g. low frequency of occurrence) or do not attain the 
predefined accuracy levels. As expected, those were categories representing land use instead of 
land cover (e.g. sport and leisure facilities; green urban areas) and heterogeneous categories. 

In the second phase (Section 3), a search was made for procedures that could improve the 
quality of the existent land cover map and that could be used to simplify the production phase. 
In this phase, cartographic specifications become an issue. The restructuring of the 
nomenclature requires the collapsing of some categories, thus generalization procedures must 
be used. In other cases, single categories are to be maintained (e.g. urban fabric) but their 
accuracy can be improved in ancillary topographic information if used. In both cases, different 
versions of spatially constrained clustering are used.  

2 Evaluation phase 

2.1 Land cover nomenclatures 
Nomenclatures can be defined as lists of categories used to synthesise and structure 
information, which should attain to the following properties (Bunge 1979 in Ekhom 1996): 
completeness (a category can be found for each and every object) and absence of overlap (each 
object is assigned to a single category). 

According to Duhamel (1997), nomenclatures should be constructed independently of the 
resources available for collecting information, a statement that is arguable. Knowledge-driven 
nomenclatures are built from previous knowledge or given application requirements, but the 
available or affordable data may not allow the discrimination of all categories with enough 
accuracy. Pure data-driven nomenclatures are generated using unsupervised procedures: a 
clustering of objects is made according to available information, and categories are defined 
afterwards through cluster “labelling” by human experts. 

A system of rules, commonly associated to the description of each image in a nomenclature, 
establishes the procedure of assignment of each object to a category. Such rules define which 
components or attributes must be present if an object is to be classified in a given category 
(parts) and which may be present (accessories or extensions). Such distinction is particularly 
relevant to resolve partial overlaps between categories (e.g. Bossard et al. 2000). The inclusion 
of heterogeneous categories (“others”, “mixed occupation”…) is although frequent for 
cartographic purposes, but leads to semantic inconsistencies (Duhamel, 1997). 

There are two main types of classification structure (Figure 1):  
• Hierarchical classifications use a tree structure to represent (selected) affinities 

between categories (nodes). Their main advantage is the simplicity in collapsing or 
expanding nodes (i.e. in thematic and spatial generalization). Borderline or ill-
defined categories (e.g. “green urban areas”) pose difficulties, as they may be 
classified under only one higher rank category. 

• Combinatorial classifications try to overcome the limitations of crisp land cover 
categories in dealing with problems such as vegetation gradients or juxtaposition. 
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For instance, low-level categories (a,b,c,d) may be combined to identify 
dominant/dominated land cover type (aa, ab,…,dd). In partially combinatorial 
classification, some combinations may be neglected (if infrequent or irrelevant for 
the application’s purposes), may not be allowed, or may not occur in real data. This 
type of classifications exhibits a syntactic structure (i.e. the graph is oriented) that 
typically reflects itself on the coding system adopted for each category identifier. 
Note that different sets of characteristics may be used: e.g. land cover categories × 
land use categories; forest type categories × forest crown cover categories. 
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Figure 1 Types of classification: (a) hierarchical (b) fully-combinatorial (c) partially combinatorial, 

with graph presented as an adjacency matrix. 

Desirable features in a nomenclature are a balanced structure and the homogeneity in the 
definition of categories. In hierarchical classifications, a balanced structure means that each 
level of the tree has approximately the same number of nodes. When applied to a given set of 
objects, nomenclature’s balance can be evaluated by the relative frequencies of each category 
(e.g. number or area of the polygons assigned to each land cover category). Other pragmatic 
measures of the equity of the distribution may be used, that reflect both the balance of the 
nomenclature and its relevance for a given application. 

Table 1 Definitions pertaining land cover nomenclatures.  

Name Definition 

Nomenclature List of categories used to structure information, where each object of interest is 
assigned an “image”, i.e., a code or denomination. 

Image Code or denomination used to uniquely identify a given category in a nomenclature, 
with a one-to-one correspondence with a description. 

Classification Structural arrangement of categories of a nomenclature, e.g., in a hierarchical tree. 

Object The minimum identifiable partition of space in a given dataset. 

Region A set of spatially contiguous objects belonging to the same class in a given dataset. 

Zone The set of regions belonging to the same class, in a given dataset.  
The abstract homogeneity of categories may be evaluated at a semantic level. When a 
nomenclature is applied to a given set of objects, the homogeneity of each category can be 
evaluated by the dispersion of its objects relative to a reference or prototype object. The 
reference object may be an abstract semantic construct, the “average” or typical object in a 
training [reference] set, or the “average” object of each category in the dataset itself. 
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2.2 COS and CLC nomenclatures 
In this work, two nomenclatures where used: a Portuguese land cover system known as COS 
(IF 1994) used in the dataset under evaluation, and the CLC nomenclature used in the 
CORINE project.  

The COS nomenclature was developed in straight liaison with the national forest inventories 
(IF 1994). It is a partially combinatorial nomenclature with 3 types of categories based on 
different descriptors and rules. Artificial areas are divided in 13 categories, wetlands in 4, 
water bodies in 5. Agricultural areas are divided in 16 “pure” categories, two of which are 
mixed or undifferentiated orchards. Juxtaposition or consociation is classified using a 
combinatorial approach that identifies the two dominant types. Forest areas are divided into 10 
types according to species (dominant × dominated), and 6 types according to crown cover and 
state. Agro-forestry is classified using a combinatorial approach.  

Due to their large number (a total of 940 combinations), each category has an “image” or 3-
letter code structured according to syntactic rules. 

The CLC nomenclature is thoroughly described in Bossard et al. (2000). It is a hierarchical 
system with 3 levels and 44 3rd level categories. A 4th level with 14 additional categories is 
used in the Portuguese territory. It includes mixed occupations in vineyards (CLC code 221), 
fruit trees and berry plantations (222) and olive groves (223, and subdivides broad-leaved 
forests (311) and coniferous forests (312) according to dominant species. 
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Figure 2 Analysis flowchart used to establish the empirical correspondence  

between the COS and CLC nomenclature. 

The semantic correspondence between the two nomenclatures was established using the 
specifications in Bossard et al. (2000) and IF (1994). The result is a bipartite graph, where 
each category represents a node. Due to the higher level of thematic discrimination in the COS 
nomenclature, it was possible to find relatively stable n to 1 correspondences with CLC 
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categories. Given their spatial relevance in the Portuguese territory, four additional 4th level 
CLC categories were also defined. COS thus works as a CLC 5th level.  

Furthermore, an empirical correspondence matrix was produced analysing the spatial 
intersection COS’90 polygons with area above 25ha with unchanged polygons in the CLC 
datasets (see Section 2.3 and Figure 2). 

2.3 COS and CLC datasets 
Three vector datasets where available:  

• One dataset produced using the COS nomenclature (COS’90), using human 
stereoscopic photo-interpretation of analog false-colour aerial photography. 
Polygons with a minimum area of approximately 1ha and minimum width of 40m 
were drawn in transparent overlays, and subsequently digitized. Due to technical 
problems, the Flight’90 did not cover the entire Portuguese continental territory (see 
greyed areas in Figure 3). COS’90 dataset has more than 650000 polygons divided 
by 664 categories. 

• Two CLC datasets produced according to Bossard et al. (2000) specifications, using 
Landsat satellite imagery dated 1985-87 (CLC’85) and 2000 (CLC’00), plus diverse 
ancillary information. Polygons have a minimum area of 25ha and minimum width 
of 100m. 

 

  

Figure 3 Spatial distribution of: validation samples (left),  
centroids of COS’90 polygons with area above 25ha (right). 

2.4 Accuracy assessment of COS’90 
A random sample of 30 aerial photographs from the Flight’90 was scanned, georeferenced and 
interpreted using the CLC nomenclature with a MMU of 1ha, resulting in a ValCOS’90 dataset 
with a total of 1095 polygons and 20800 ha (Figure 4). Thiessen polygons were built around 
control points and RMSE was used as an estimate of positional accuracy.  
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Figure 4 One of the validation samples: original land cover data [COS’90], validation data [ValCOS’90], 

original aerial photograph [Flight’90] and positional error diagram with georeferencing RMSE values (m). 

Confusion matrices were built using COS’90 and ValCOS’90 (Tables 2,3,4). Even when 
positional error is accounted for, it can be seen that some categories have low accuracy levels. 

Urban fabric (Figure 5) provides a simple case study: although the identification of artificial 
areas is accurately made, the discrimination between continuous or discontinuous urban fabric 
is faulty. When individual cases are analysed, it can be seen that this results from incorrect 
delimitation (loose borders) or incorrect evaluation of building density. 

Table 2 Confusion matrix using the 1st level of CLC nomenclature.  

CosCLC1 ↓ / ValCLC1 → 1 2 3 4 5 Total (ha) 

1. Artificial areas 78% 13% 9% - 0% 436 

2. Agricultural areas 2% 90% 9% - 0% 9378 

3. Forest and semi-natural areas 0% 11% 88% - 0% 10140 

4. Wetlands - - - - - - 

5. Water bodies 1% 6% 9% - 84% 346 

Total (ha) 433 9634 9820 - 313 88% 
 

Table 3 Confusion matrix using the 1st level of CLC nomenclature, excluding border effects.  

CosCLC1 ↓ / ValCLC1 → 1 2 3 4 5 Total (ha) 

1. Artificial areas 83% 10% 8% - 0% 346 

2. Agricultural areas 1% 92% 7% - 0% 8482 

3. Forest and semi-natural areas 0% 10% 89% - 0% 9236 

4. Wetlands - - - - - - 

5. Water bodies    - 87% 318 

Total (ha) 418 8801 8871 - 291 90% 
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Table 4 Extract of the confusion matrix using the 3st level of CLC nomenclature,  
without positional/border effects. Some categories are not shown, so line values do not sum 100%.  

CosCLC3 ↓ / ValCLC3 → 111 112 121 211 242 244 … Total (ha) 

111. Continuous urban fabric 67% 3%  26% 1%  … 10 

112. Discontinuous urban fabric 9% 73% 1% 1% 7% 1% … 293 

121. Industrial & commercial units 1% 17% 59% 0% 3%  … 19 

211. Non-irrigated arable land 0% 1% 0% 81% 5% 3% … 3640 

242. Complex cultivation patterns 0% 10% 0% 10% 57% 1% … 429 

244. Agro-forestry areas  0%  33% 4% 38% … 543 

Total (ha) 40 329 17 4170 1119 744 … … 
 

 
Figure 5 Continuous (left) and discontinuous (right) urban fabric. 

3 Spatially constrained clustering 
Gordon (1996) defines the two main outputs of a classification study as: 

• The partition of a set of objects into a set of disjoint classes, such that objects in the 
same class are similar to one another and dissimilar to objects in other classes. 

• A hierarchical classification comprising a nested set of such partitions. 

Constraints can be imposed on the set of allowable solutions, for example: 
• Objects are required to aggregate into spatially contiguous regions, which are in turn 

classified. 
• Regions are required to have a given minimum [maximum] size [shape index] and 

[or] heterogeneity. 
• The topology of classification tree is required to have a given number of hierarchical 

levels, and [or] minimum [maximum] number of nodes per level. 

In this case study, the nomenclature is imposed upon the dataset so constraints related to the 
number of categories, or the structure of the classification, are not applicable as they are in 
unsupervised clustering methods.  

Until now, the term object has been used assuming that such entities occur naturally, which is 
clearly not the case with spatial data. Objects may be defined by the input information’s 
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support: for example in satellite imagery, pixels may be viewed as elementary objects and the 
automated assignment of objects to categories is an allocation problem with a finite1 search 
space. 

In the traditional human interpretation of aerial photography, it is the defined output 
information’s support, i.e. the minimum mapping unit (MMU), which determines what an 
object is. Hence, the object set must be generated for an infinite2 search space. 

Although that may not be explicitly stated, aerial image interpretation involves stages similar 
to that of a divisive clustering algorithm: 

• Generation of the object set. The segmentation or quantization of space is based on 
characteristics of decision variables, which in aerial photos may be tone, colour, 
texture, pattern, relative size and shape of visible real-world objects (Paine and Kiser 
2003). The partition is generated such that resulting faces have characteristics as 
homogeneous as possible and [or] a predefined object size is reached. 

• Assignment of each object to a category, similar to the above mentioned automated 
procedure, thou human interpreters naturally use contextual information and 
knowledge in the allocation process. 

• Eventual aggregation of objects incompliant with morphological criteria3. 

The last step is a cartographic generalisation phase, and may be performed when information 
about the object’s characteristics in variable space is still available (or some form of 
membership value to different categories) or when only the final assigned category is known.  

Spatial constrains are built using proximity criteria and [or] connectivity criteria. 

3.1 Proximity criteria 
Proximity between two objects can be physical, semantic or empirical. Hybrid measures can be 
built using weighted averages of the three factors.  

Physical proximity can be evaluated using simple Euclidean distance. This measure is 
straightforward, if the objects are points. In raster cells or other regular polygons, distance to 
polygon centre can be used without much controversial. In vector polygon datasets, such as 
typically used for land cover mapping, the selection of a representative distance can be 
problematic. When polygon centroids are used, the problem reverts to the trivial point distance 
problem, but the shape of polygons becomes highly influential. 

As with traditional interpolation algorithms, proximity is an inverse distance weighted function 
(Equation 1). If p is large enough, and dij is the minimum Euclidean distance between objects, 
the proximity constraint is equivalent to an adjacency constraint. 

p
ij

ij d
P 1

=  (1) 

where: 

                                                                 
1 Although finite, the search space of spatial problems is typically too large to allow the application of 
exact resolution strategies.  
2 The level of spatial quantization may be neglected in this case, so the space can be viewed as continuous, 
hence the search space is infinite.  
3 Typical criteria are minimum polygon area and minimum width. 
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Pij – stands for proximity between objects i and j, 
dij – stands for Euclidean distance between objects i and j, 
p – is a user-defined decay factor. 

Semantic proximity can use the classification’s hierarchical structure – objects are clustered if 
they belong to the same higher level category (e.g. CEC 1994, Henriques 2001) – or some sort 
of semantic network reflecting the relations between categories (e.g. the priority table used for 
CLC generalization in CEC 1994). 

Empirical proximity can use Q-mode association measures (Legendre and Legendre 1998) if 
the object’s characteristics in the variable space are still known or its membership function 
value in regard to each category. However in most cases, only the final category assigned from 
each object is known: in this case the correspondence matrix established through spatial 
intersection with a different data source (section 2.2) can provide information similar to the 
above mentioned priority table. 

3.2 Topological or connectivity criteria 
If the spatial objects divide the space in a planar graph, the dual graph can be used to establish 
neighbourhoods and evaluate connectivity constraints, neighbourhoods must be defined 
(Figure 6). Link distance can be inversely weighted according to the length of the original edge 
between objects (their common frontier) and the semantic or empirical proximity measures 
that were mentioned before. This option is used when generalising the COS’90 dataset to meet 
cartographic MMU specifications. 
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Figure 6 First-order neighbourhoods in raster (a,b) and vector datasets (c,d),  

using edges (a,c) or edges and nodes (b,d). 

If spatial objects do not cover the entire space but are regular enough, their centroids can be 
used to define a neighbourhood graph in the form of a Delaunay triangulation, a Gabriel graph, 
a relative neighbourhood or a minimum spanning tree (e.g. Legendre and Legendre 1998). 
Again, link distance is used to identify and extract clusters. The dispersion of the link distance 
values within each cluster is then used to help the classification process. This option is used 
when identifying urban agglomerates using ancillary topographic data (Figure 7). 
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Figure 7 Extract of the test data: buildings (left) and trimmed Delaunay graph (right). 

4 Conclusions 
Simple strategies of spatially constrained clustering proved efficient in the automation of 
reclassification and generalization procedures and in the identification of clusters of discrete 
objects providing information as to the homogeneity of the agglomerates. 

However, only the application of the test procedures to sample areas disseminated through the 
Portuguese territory can prove if this is a cost-effective process and if the accuracy 
improvements remain consistent in the different types of landscapes. 
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