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"A map is not the territory it represents, but if correct, it has a similar structure
to the territory, which accounts for its usefulness"
Alfred Korzybski, Science and Sanity (1933)

ABSTRACT: Object-Based Image Analysis (OBIA) has gained considerable impetus over the last decade. However, despite the many newly
developed methods and the numerous successful case studies, little effort
has been directed towards building the conceptual foundations underlying
it. In particular, there are at least two questions that need a clear answer before OBIA can be considered a discipline: i) What is the definition and ontological status of both image objects and geographic objects? And ii) How
do they relate to each other? This chapter provides the authors' tentative
response to these questions.

1 Introduction
The inability of traditional pixel-based methods to cope with recent very
high resolution satellite imagery (VHR, < 5 m pixel size) is fostering the
widespread adoption of OBIA methods. This trend may be interpreted as a
paradigm shift (Khun 1962) that can be explained by placing it within a
historical perspective. Civilian spaceborne remote sensing (RS) of land-
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scapes1 began in 1972 with the launch by NASA of the ERTS-1 (Earth Resources Technology Satellite, later renamed Landsat-1). The spatial resolution (80 m) provided by the Multi Spectral Scanner (four bands) on board
this satellite, though a technological milestone, was insufficient to individually resolve the recurrent elements (such as trees or buildings) characterizing common landcover classes2. The way to circumvent this was to assume that different landcover classes behaved like distinct surface
materials capable of being analyzed with a spectrometric approach3. Thus
it was natural to treat each pixel as a sample introduced in a desktop spectrometer, and as a result, the individual pixel was enshrined as the basic
unit of analysis. Several digital classification methods (e.g., the maximum
likelihood classifier) were developed based on this approach and soon after
became the accepted paradigm in the analysis of RS imagery. The fact that
pixels do not come isolated but knitted into an image full of spatial patterns was left out of the paradigm, since the spatial structure of the image
could only be exploited manually by human interpreters. Despite this
shortcoming, the pixel-based paradigm remained unchallenged for almost
three decades, until a critical question was finally posed: why are we so focused on the statistical analysis of single pixels, rather than on the spatial
patterns they create? (Blaschke and Strobl 2001).
There were two triggers to questioning the pixel-based paradigm (Lang
and Blaschke 2006), namely the advent of VHR civilian satellites, and the
debut in 2000 of the eCognition software (see Benz et al. 2004). The availability of this first commercial OBIA software provided worldwide access
to tools that previously existed only in research labs. On the other hand, in
VHR imagery, individual pixels are too small to be representative of the
settings to which common landcover classes refer. That is, pixel-based
classification requires a pixel footprint large enough to encompass a representative number of the recurring elements defining each class (Woodcock
and Strahler 1987). Since this requirement cannot be satisfied for most
classes using VHR imagery, a different approach is required. OBIA has
emerged as an alternative to the traditional pixel-based paradigm, and is
In this paper the term landscape is used exclusively to refer to a portion of solid
Earth surface on the order of 1 to 1000s of km², and not to the view of that area.
This distinction is important for reasons that will be explained in section 4.
2 Note that a higher spatial resolution would have implied vast data volumes and
faster downlinks, better optics and electronics, and improved platform control,
which were not then feasible (Landgrebe 1999).
3 Where the digital numbers (DNs) of each pixel in each band form a profile or
spectral signature that is classified according to its similarity to the typical signatures (joint reflectance profile from representative areas) of the classes of interest.
1
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based on the idea that by shifting the basic units from pixels to image objects, we can emulate (or exceed) visual interpretation, making better use
of spatial information implicit within RS images while also providing
greater integration with vector based GIS (Hay and Castilla 2006).
OBIA assumes that we can identify entities in remote sensing images
that can be related to real entities in the landscape. A first step in this kind
of analysis is segmentation, the partitioning of an image into a set of
jointly exhaustive, mutually disjoint regions that are more uniform within
themselves than when compared to adjacent regions. These regions (a.k.a.
segments) are later related to geographic objects (such as forests and lakes)
through some object-based classification. During the last decade, OBIA
techniques for grey-level images have significantly improved as a result of
research efforts in the fields of Computer Vision and Biomedical Image
Analysis (Kartikeyan et al. 1998). However, these results have only partially been transferred to remote sensing, mainly due to the lack of typical
shape (and even crisp boundaries) of the objects of interest, and to the
multi-band and multi-scale nature of the images (Schiewe et al. 2001).
These special characteristics, and the particular portion of reality towards
which the analysis is oriented (i.e., the geographical domain), make necessary to draw a distinction between OBIA for biomedical imagery and
OBIA for RS imagery. Hence we recommend the acronym GEOBIA
(Geographic Object-Based Image Analysis) as the name of this field of expertise (Hay and Castilla, this volume), which we note has already been
adopted for the 2nd International Conference4 on this subject. Despite this
recommendation, we will continue to use the ‘old’ acronym here, so as to
keep consistency with the other chapters of this book.
OBIA has recently been conceptualized as a new sub-discipline of GIScience that uses as basic units computer-delineated regions derived from
remote sensing imagery (Hay and Castilla 2006). As such, OBIA faces
what Barry Smith (2003) calls the Tower of Babel problem. Being a burgeoning field, there are many groups in the world that actively work on
OBIA. Each group may be using different terms than other groups for the
same meaning, or the same term with different meanings. As ever more
diverse groups are involved in OBIA, the problems of consolidating this
field into a single system increase exponentially (Smith 2003). Consequently, the sooner a consensus is reached on key terms, their meaning and
their relationships (between each other and with the world), the easier this
problem can be tackled. In order words, we urgently need to build an
OBIA ontology.

4

Calgary, Alberta, 6-8 August 2008 (www.ucalgary.ca/GEOBIA)
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The goal of this chapter is to recommend a definition of two key terms
within OBIA, namely image-object and geographic-object (or geo-object),
and to investigate their relationship with one each other and with the real
world. They are the basic units of this approach, one belonging to the image domain and the other to the geographic domain. As such, they must be
operationally defined in order for OBIA to be considered a discipline.

2 Image-objects
We tentatively define ‘image-object’ as a discrete region of a digital image that is internally coherent and different from its surroundings. We
note that image-objects have being defined by the developers of eCognition as ‘contiguous regions in an image’ (Benz et al. 2004). The latter
definition has the merit of simplicity. However, it grants the status of image-object to arbitrary regions that keep no correspondence with the spatial
structure of the image. For example, the pieces of a jigsaw puzzle, being
contiguous regions in a picture, would qualify as image-objects. Such possibility is at odds with what an image-object should intuitively be, i.e., a
portion of an image that could be seen as a distinct entity if delineated.
Therefore, a more sound definition has to include some perceptual constraints. More specifically, there are three traits that a region must possess
in order to qualify as an image-object: (1) discreteness; (2) (internal) coherency; and (3) (external) contrast, which are discussed in the next subsections.
2.1 Discreteness
An image-object requires explicitly defined limits in order for a computer
to be able to manipulate it. This might not be required for cases where the
membership of a pixel to an image-object is fuzzified. However we
strongly discourage such treatment for reasons explained in section 3.2,
and hence will not consider it. In a raster environment, discreteness implies that a new image has to be created out of the original one, where each
new pixel has as digital number (DN) the numeric identifier of the imageobject within which it is included. Since in the new image all the pixels
within an image-object have the same DN, the data volume required to
represent this partition can be considerably reduced by converting it to
(polygon) vector format. In fact, one of the advantages of OBIA is that it
facilitates the integration of the result of RS image analysis into vector
GIS.

Image objects and geographic objects

95

Note that an image-object may contain in its interior some smaller image-objects. This would be the case of a 1 m resolution image representing
a plan view of an orchard surrounded by a corn field. In this image, there
would be two large image-objects, one corresponding to the corn field and
another to the orchard soil. In addition, there would be as many small image-objects as there are trees in the orchard. In this case, it is preferable to
conceptualize the small image-objects as gaps or holes rather than parts of
the larger (soil) image-object. The reason is that image-objects are perceptual entities that have no meaning attached until they are classified. Hence
the smaller and larger image-objects cannot be considered part of the same
semantic unit (orchard) until they have been classified respectively as (representations of) trees and soil.
Finally, a related question is whether the region corresponding to an image-object has to be unitary, i.e., can the region consist of several disjoint
parts? Or contrariwise, do all the pixels belonging to it have to be connected? In principle, the region has to be unitary to be considered an image-object. However, in a multiscale framework, adjacency and connectedness are scale-dependent, so this condition can be relaxed.
2.2 Coherency
Coherency means that for a region to qualify as an image-object, the pixels
inside it have to perceptually stick together. Note that this does not necessarily imply homogeneity (low variance). A region that shows coarse texture or some geometric pattern may contain high variance and yet be coherent, providing the texture or pattern is uniform throughout its extent.
These recurrent patterns can be encoded into a structural signature (Lang
and Laganke 2006), i.e., a set of attributes and formal relations characterizing spatial patterns observable at certain scales that can be used in conjunction with spectral signatures (typically, the mean in each band of the
pixels within an image-object) to discriminate between different classes of
objects.
2.3 Contrast
Not only should there be some sense of uniformity within the region corresponding to an image-object, but there also should be some contrast with
the surroundings so that the region can be perceived as a distinct entity.
Contrast may be produced by a difference in color, tone or texture between
the interior of the region and its exterior, or, when the latter has the same
appearance, by the existence of an edge separating the region. Such would

96

G. Castilla, G. J. Hay

be the case of an image-object representing an agricultural parcel having
the same crop as the adjacent parcels, but that is separated from them by a
thin strip of barren soil.
2.4 Image-segments as image-objects
Since OBIA aims to emulate human interpretation of RS images through
computer means, the term image-object has to be explicitly related to the
output of some digital procedure. Since image segmentation is the customary technique used to derive initial units within OBIA, a possible solution
is to equate image segments to image-objects. Indeed, segments can be
considered candidate image-objects, at least from the point of view of the
segmentation algorithm: they are discrete; they are internally coherent
since they have passed the homogeneity criteria of the algorithm; and they
are different to some degree with their surroundings, otherwise they would
have being merged with some neighbor. However, a human observer may
judge their coherency and contrast differently, and not just because perceived chromatic differences are not isometric to the usual metrics employed as dissimilarity measures5.
There is a two-sided problem in image segmentation that describes these
judgmental differences. Specifically, (1) Oversegmentation (Fig. 1a) refers
to a situation where, in the opinion of the perceiver, the contrast between
some adjacent segments is insufficient and should be merged into a single
image-object. (2) Undersegmentation (Fig. 1.b) refers to the existence of
segments that in the opinion of the perceiver lack coherency and should be
split into separate image-objects. In general, oversegmentation is less serious a problem than undersegmentation, since aggregating segments a
posteriori is easier than splitting them. Also, since there is no straightforward relationship between similarity in the image and semantic similarity,
it is preferable to err on the side of oversegmentation and relax the external
contrast requirement. In short, a good segmentation is one that shows little
oversegmentation and no undersegmentation, and a good segmentation algorithm is one that enables the user to derive a good segmentation without
excessive fine tuning of input parameters. Thus, informally, image-objects
5

The lack of isometry is due, on the one hand, to the varying sensitivity of the
human eye to different wavelengths within the visible part of the spectrum; and
on the other hand, to the different contrast enhancements that may be applied to
display the image. In the case of multi-band images, there will also be differences in judgment between the interpreter and the algorithm, since the former
can only visualize three bands at a time. However, this can be partially circumvented by visualizing different band combinations.
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could be redefined as the segments derived from a good segmentation algorithm. The goodness of such algorithms has to be established on the basis of expert consensus. In this respect, we note there is already an initiative devoted to create such a basis (Neubert et al. 2007, this volume).

Fig. 1. A 1 m resolution satellite image representing an urban area with two
segmentation levels overlaid: left (Fig. 1a), finer; and right (Fig.1b), coarser.
The soccer field (F) has been oversegmented in A and undersegmented in B

2.5 Do image-objects exist independent of the viewer?
Regarding the ontological status of image-objects, it has to be noted that
they do not exist autonomously within digital images. Rather, they are created during the segmentation as we will see. A digital image is an array of
numbers that, when mapped to a planar display device such as a computer
monitor, produces a visual phenomenon consisting of spatial patterns of
various colors or tones and shapes. These patterns can in turn be mapped
back to the array so as to establish the location, in terms of 2D coordinates
(columns and rows in the array), of the pixels yielding each pattern. This
can indeed be viewed as the goal of segmentation. If a given segment corresponds to a pattern that is distinct and unitary, then it can be considered
an image-object. However, each demarcated image-object is dependent on
the particular process used to single it out, so it owes its existence to an external decision made by a human or by a machine programmed by a hu-
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man. In other words, image-objects are fiat objects (Smith 2001), they are
created by human cognition. Strong evidence in support of this view is the
multiplicity of ‘good-looking’ partitions that can be derived from the same
image using different segmentation algorithms or even using the same algorithm and slightly different parameters.
2.6 Is information extracted or produced from images?
It is important to note that the result of the segmentation is the imposition of a simpler, hopefully meaningful structure upon the intricate array of
numbers, i.e., a formal representation (a model) of the spatial structure of
the image. This model is dependent not only on the data alone, but also on
the chosen similarity criteria and on the intended level of detail (which can
be encapsulated by the size distribution of segments) of the representation.
Different choices during the segmentation will yield different representations (and hence different information) from the same data set. So information is not extracted from the image, as the common misconception states,
but produced during the analysis (Castilla 2003). Actually the word information comes from the Latin verb informare (‘to give form’), which implies the realization of structure upon some material. Thus, the image can
be seen as the raw material upon which the model is carved out. The final
form of the model is dependent not only on the material, but also on the
analyst, be it human or machine. However, this creative freedom is by no
means unrestricted. The model has to resemble the piece of reality it refers
to. That is, the partition has to capture the spatial structure of the image
displayed on the monitor. Indeed it is this correspondence which accounts
for the usefulness of the resulting segments. We note that this is a separate
issue from the correspondence between the image and the imaged landscape, which will be treated in section 4.1.

3 Geo-objects
Intuitively, a geographic object, or geo-object, is an object of a certain
minimum size (as to allow representation in a map) on or near the surface
of the Earth, such as a city, a forest, a lake, a mountain, an agricultural
field, a vegetation patch and so on (Smith and Mark 1998). Here, the term
‘object’ refers to a discrete spatial entity that has many permanent properties which endow it with an enduring identity and which differ in some
way or another from the properties of its surroundings. If we embrace realism (i.e., there exists a single physical reality which can be truthfully ob-
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served via our sensorium or other artificial apparatus, and whose existence
is independent of human cognition), we have to agree that the interiors of
these objects are ‘autonomous portions of autonomous reality’ (Smith
2001). However, many of these objects are delimited, at least in some portions of their perimeter, by boundaries that exist only in virtue of human
fiat and that may not correspond to any observable discontinuity on the
ground. Therefore we will consider that most geo-objects are again fiatobjects sensu Smith (2001).
Imagine we are mapping the distribution of landcover in a rural area that
includes a forest surrounded by an agricultural field to the East, while its
eastern end gives way to sparse woodland. There would be little dispute
about where the boundary between the forest and the field should be
placed. However, in the eastern part, the boundary will not be self-evident
and will depend on how we define ‘forest’ and ‘sparse woodland’. Notwithstanding, if the final boundary of the forest has been delineated in an
agreeable way, there would be a consensus that, given the definition of
‘forest’ and the local configuration of the landscape in that area, the region
enclosed by that boundary is a proper instance of the type of object ‘forest’.
Thus, a ‘geo-object’ can be better defined within OBIA as a bounded
geographic region that can be identified for a period of time as the referent6 of a geographic term (Castilla 2003). The latter is a noun or expression that refers to anything that can be represented in a map, such as ‘glacier’ or ‘mineral extraction site’. The adjective ‘geographic’ implies that
the map necessarily represents a portion of the earth surface. Under this
view, typical geographic terms are those included in map legends, such as
‘forest’, ‘sparse woodland’, and ‘lake’, which are more conformant to what
a geographer would consider a geographic object. However, terms included in the definition of some entry of the legend may also be considered
geographic terms, providing they can be mapped at a finer scale, even if
their referents will not be represented individually in that particular map.
For example, the term ‘tree’ is included in the definition of both ‘sparse
woodland’ (e.g., an area covered by shrubs and scattered trees) and ‘forest’ (e.g., an area densely covered by trees). Since a tree crown can indeed
be mapped at fine scales, ‘tree’ qualifies as a geographic term under our
definition, and therefore trees are also geo-objects. We acknowledge that
6

In semiotics, a referent is the ‘real world’ object to which a word or sign refers,
i.e., an instance of a type of object. We prefer using ‘referent’ instead of ‘instance’ because the former makes clearer the distinction between a real object
(a geo-object of a certain type) and its representation (the image-object classified as a representational instance of this type of geo-object, see section 4).
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from a geographer’s standpoint, it is arguable whether these smaller objects can be considered geographic objects, as in general they do not have
location as an ontological mark. However, within OBIA, we need to account for them, as (1) they are ‘visible’ in VHR imagery; and (2) in order
to identify a large image-object as a (representational) instance of e.g. the
class ‘orchard’, we need first to identify a number of smaller image-objects
as (representational) instances of a type of sub-object called ‘tree’. A subobject in this context is a referent of a term that is part of the definition of a
type of geo-object listed in the map legend, where this term (e.g., ‘tree’) is
itself not present in the legend as a separate entry.
Turning back to the definition of geo-object, it is important to note that
the expression ‘for a period of time’ is included not only to stress that as
the landscape evolves, the region to which the term refers may change; but
also to convey the idea that the region and the object are not the same
thing. That is, a forest can change its shape, shrink or even disappear, but a
geographic region necessarily has the shape and size it has (Casati et al.
1998). This temporal bound also accounts for mobile objects such as cars
and ships, which for a period of time (at least during the image acquisition
time) occupy a given region of geographic space, and in this sense they are
also geo-objects.
Tangible objects such as cars, trees and buildings differ from conventional geographic objects not only in size, but also in the fact that they are
bona fide objects, i.e., they have boundaries that are independent of human
cognition, and hence they are ontologically autonomous entities (Smith
2001). In contrast, larger geographic objects such as forests and cities have
boundaries that contribute as much to their ontological make-up as do the
constituents composing their interior (Smith and Mark 1998). Therefore
their existence as objects is dependent on the cognitive activity of demarcating their boundaries. Notwithstanding, this relative mind-dependence
does not entail a serious ontological problem. To put it plainly, the fact that
your hometown is a fiat object does not entail that your life is a sort of
Truman show7. From an epistemological perspective, it neither diminishes
at all their usefulness. On the contrary, it is far more economical thinking
in terms of separate wholes (objects) with distinct enduring properties
rather than in a continuum of connected plots or raster cells whose content
has to be determined cell by cell every time (Frank 2001).

7

This 1998 movie (directed by Peter Weir, written by Andrew Niccol, and starring
Jim Carrey) accounts the life of a man who does not know that his entire life is
a constructed reality designed for the purpose of a television show.
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3.1 Geo-objects and the hierarchical structure of landscapes
Geo-objects can serve as nested structural units to model a complex system
such as the landscape. Under this view, the latter can be represented as a
nested hierarchical system having both vertical structure –composed of
several discrete levels of detail8 (LOD); and horizontal structure –given by
the different geo-objects existing at each LOD. Note that the vertical decomposability is limited by size, since depending on the cartographic scale
(selected for representing of the finest LOD), objects below a certain extent cannot qualify as geo-objects even if they are on the Earth surface.
However this threshold is application dependent, being smaller e.g. for archeologists than for geographers. Thus the term ‘geo-object’ is subject to
what Bennett (2001) called sorites vagueness9. It should also be noted that
the idea of considering the landscape as a nested hierarchical system is by
no means new (Woodcock and Harward 1992; Wu and Loucks 1995).
However we envision that OBIA can provide a powerful framework to
make this idea operational, as some have already attempted (Burnett and
Blaschke 2003).
There are two primitive relations that can be used to construct such hierarchical models: (1) the part_of relation, which operates in the geographical domain and creates a partonomy providing encapsulation (where subobjects belonging to a finer LOD are hidden); and (2) the kind_of relation,
which operates in the categorical domain and creates a taxonomy, providing inheritance (where subclasses inherit the features of their parent class).
The partonomy is constructed by identifying regions of the geographic
space that can be seen as referents of the terms included in the taxonomy,
or stated in the reverse direction (from mind to world), it is built by projecting these terms onto the landscape.
We note that both taxonomies and partonomies are granular partitions
(Smith and Brogaard 2002), where the adjective ‘granular’ refers to the
We prefer the term ‘level of detail’ to ‘hierarchical level’ because the former includes both semantic and cartographic (representational) aspects, and therefore
conveys better the fact pointed out by Wiens (1995) that hierarchies are human
constructs. The passage from one level to the next involves complex operations
of both semantic and cartographic generalization, which are beyond the scope
of this chapter.
9 Referring to the sorites (from soros, ‘heap’ in greek) paradox, also known as little by little arguments. It was one of a series of puzzles attributed to Eubulides
of Miletus (IV B.C.): Would you describe a single grain of wheat as a heap?
No. And two? No. And three? No... You must admit the presence of a heap
sooner or later, so where do you draw the line? For a detailed treatment of this
problem in context with GIS, see Fisher (2000).
8
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possibility of identifying objects without having to recognize all their constituent parts. Granular partitions are cognitive devices in the form of
rooted graphs without cycles and without upward (in the direction from
leaves to root) bifurcations within which the objects of interest are nested.
They help us to capture in a synthetic way landscape complexity by dividing it into meaningful ‘chunks’ that we call geo-objects. Since pattern
(structure) and process (function) are intimately related, these chunks also
provide a key to understanding landscape dynamics. In particular, their
boundaries can be seen as phase transitions in a physical system, since they
are deemed to be the places where the qualities of the landscape change in
some relevant respect. Consequently, these boundaries also act as filters,
changing the intensity and/or frequency of the interactions between the different agents dwelling at each side of them.
3.2 The problems of demarcating geo-objects: boundary
indeterminacy and vagueness of geographic terms
In order to make operational our definition of geo-object, we need to be
able to demarcate regions of the territory that can be seen as referents of
some geographic terms. However this is problematic, mainly for two reasons. (1) The landscape, especially in natural areas, is structured into continuously varying patterns that often defy crisp boundary placement at a
fixed scale (Burnett and Blaschke 2003). That is to say that the width of
the transition zone between two neighboring landscape settings for which
we have a name (e.g., ‘forest’ and ‘sparse woodland’) is often several
times greater than the width (at 1:1 scale) of the cartographic line that
separate the objects representing the two settings10. (2) The terms themselves are vague, and this vagueness gives way to a multiplicity of candidate regions that could stand as the legitimate referent of say the term ‘forest’ in that area.
With regard to this, we strongly recommend that OBIA methods adopt
Varzi’s (2001) view of vagueness as de dicto (‘belonging to the words’),
and consequently reject the de re (‘belonging to the things’) view of fuzzy11
Note that a line drawn in a map cannot be infinitely thin, so it will have a certain
width when transferred to the ground.
11 Fuzzy set theory (Zadeh 1965) permits the gradual assessment of the membership of elements in relation to a set with the aid of a membership function that
maps the degree of belonging onto the interval [0,1]. Note that our recommendation applies only to geographic space. That is to say, categorical space may
well be modeled using fuzzy membership functions between attributes and object classes.
10
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methods. That is to say, vagueness should be treated not as an inherent
property of geographic objects but as a property of the terms we use to refer to them. Vagueness, rather than a defect of language, is both an economic and epistemic need. On the one hand, economy of language facilitates communication without cumbersome additions required to achieve
precision. On the other hand, ‘precision decreases the certainty of propositions’12, so a certain amount of vagueness is required in order to ensure the
truth of our statements about the world. The reason for choosing the de
dicto view is that the other (de re) requires further ontological commitments on the nature of fuzzy objects, complicating their topological relations. Besides, the computation of membership functions for each cell of a
grid representing the territory is an overly intensive task, and leads to
statements (e.g., ‘this point of the Himalayas is 40% part of Mount Everest, 35% Mount Lhotse and 25% part of the valley’) that are at odds with
our entity view of geographical phenomena (Bittner and Smith 2001).
The way to tackle the first problem (indeterminacy of boundaries) is to
embed the analysis in a multiscale framework. On the one hand, there is no
unique spatial resolution appropriate for the discrimination of all geographical entities composing a landscape (Marceau et al. 1994); and on the
other, boundary saliency is scale dependent (Hay et al. 1997). By observing the landscape at several scales, some areas where the phenomenon of
interest (e.g., vegetation) does not show a distinct pattern at a given scale
may become apparent at finer or coarser scales. In addition, this approach
allows for the modeling of hierarchical relationships between nested objects, e.g., a tree that is part of an urban park that is part of a city. In order
to identify the geo-object ‘urban park’, we not only have to identify a large
number of trees in its interior, but we also have to realize that the object is
surrounded by clusters of buildings. Since the typical size of tree crowns
and building roofs differs considerably, their correct identification clearly
requires different observational scales.
In order to tackle the second problem (de dicto vagueness), the definition of each geographic term included in the map legend needs to be more
precise than the one from the dictionary. In this way the multiple candidate
regions that could stand as suitable referents of each term in a given area
will be more coincident than when using a broader definition. In other
words, the penumbra cast by the projection of a given term (i.e., the annular region that encompasses the area of intersection between all reasonable
instantiations of a particular geo-object that can be described using this

12

This is known as Duhem’s Law of Cognitive Complementarity (Duhem 1906).
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term) would be reduced. If we take the egg-yolk representation13 (Cohn
and Gotts 1996) as the framework to describe the indeterminacy of
boundaries, then what we are saying is that using precise definitions of the
items in the map legend leads to a shrinkage of the white of the egg that
encompasses all suitable delineations of a given geo-object.

4 Linking image-objects to geo-objects
Having defined both image-objects and geo-objects, we can investigate
how they relate to each other. The first thing that must be noted is that this
relationship is not one of identity. Image-objects are at best representations
of geo-objects. However we usually neglect this, because we tend to reify
the image, i.e., we equate it to a window opened in the floor of a balloon
gondola from which we contemplate the real scene, and therefore we assume that what we see in the image are real objects instead of representations of real objects. This delusion was masterly captured some eighty
years ago by Belgian surrealist artist René Magritte in his painting The
Treachery Of Images (Fig. 2). As Magritte himself commented: "Just try
to stuff it with tobacco! If I were to have had written on my picture 'This is
a pipe' I would have been lying". This distinction has an important implication. To analyze literally means ‘to break down into the constituent parts’.
Since geo-objects are not constituent parts of remote sensing images, you
cannot base their analysis on them; at most you can orient (i.e., direct) the
analysis towards obtaining representations of them. Therefore, it is important to note that the new acronym GEOBIA refers to GEographic OBIA
(where ‘geographic’ is a qualifier restricting the discipline to the geographic domain) rather than to GEo-Object-Based Image Analysis. Furthermore, the name OBIA presupposes that image-objects ‘exist’ within
images. As we have seen, this is only true if we are talking of (‘good’)
segmented images. Therefore, strictly speaking, segmentation would be a
pre-processing step within OBIA, with the analysis taking place immediately after it. A more correct name, that would include segmentation as
part of the analysis, would be Object Oriented Image Analysis (OOIA), but
because of the likely confusion with computer Object Oriented Program13

A formal representation of regions with indeterminate boundaries where each
region has two concentric boundaries, an outer one representing the maximum
possible extent of the region, and an inner one with the minimum possible extent of the region. This representation is akin to a fried egg, where the egg
white is the region encompassed by these two boundaries. Any acceptable ‘precise’ version (crisping) of the region must lie within the white of the egg.
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ming paradigm, the previous name is preferable, providing users are aware
of the implications.

Fig. 2. René Magritte’s The Treachery Of Images (© René Magritte Estate/Artists Rights Society (ARS), New York/ADAGP, Paris)

4.1 Meaningful image-objects
Having clarified what the relationship between these two kinds of objects is not, we can now proceed to describe it. We deal with two domains,
the image and the geographic, which have to be linked. Fortunately, there
is an isomorphism14 between the image and the imaged landscape that enables us to link them. Not only is there a conspicuous resemblance between the spatial patterns that we perceive when the image is displayed on
a monitor and the ones that we would get if we observed the same scene
from a balloon suspended at an equivalent altitude. If the image has been
ortho-rectified, the topological relations are also accurately preserved, as
the cartographic transformation used to represent the earth surface is an
exact function. For example, if we sequentially record the map-coordinates
of the pixels defining the boundary of an image-object representing a lake
in a 10 m resolution ortho-rectified image, store them as waypoints in a
GPS, and reproduce the path on the ground, we can reasonably expect to
be walking along the shore of the lake. Therefore, if the image is partitioned into perceptually coherent pieces, there is some basis to believe that
14

Strictly speaking, this is a mathematical term for an exact correspondence between both the elements of two sets and the relations defined by operations on
these elements. Obviously here the correspondence refers only to the elements
of the landscape that are observable at the spatial resolution of the image.

106

G. Castilla, G. J. Hay

the counterparts of these pieces on the ground may also be semantically
coherent. In other words, image-objects have the potential to correspond
on the ground to some entity for which we have a name. When an imageobject can be seen as a proper representation of an instance of some type of
geo-object, then we can say it is a meaningful image-object, that is, a representation of a geo-object. However, in practice, most initial imageobjects (i.e., segments) will not qualify as ‘meaningful image-objects’, as
explained in the next section. Therefore ‘meaningful image-object’ should
be considered a different term than just ‘image-object’, the former describing a semantic unit and the latter a perceptual unit. Although this may lead
to some confusion, we have preferred to avoid coining completely new
terms.
4.2. Object-based classification
The goal of OBIA is to partition RS images into meaningful imageobjects as defined above. Since some degree of oversegmentation is desirable (see below), most meaningful image-objects will consist of aggregates
of segments, formed via object-based classification. The latter is the process of associating initial image-objects (segments) to geo-object classes,
based on both the internal features of the objects and their mutual relationships. Ideally, there should be a one-to-one correspondence between image-segments and meaningful image-objects. However, this is hardly attainable, since a semantic model (i.e., a classification scheme) of the
landscape cannot be projected with complete success onto regions (segments) that have been derived from a data-driven process (segmentation)15.
There are at least two reasons for this shortcoming.
The first reason is that the relationship between radiometric similarity
and semantic similarity is not straightforward. For example, there can be
conspicuous differences in the image, such as those created by shadows,
which have no meaning or no importance within the classification scheme,
or conversely, the legend may include classes whose instances can barely
be differentiated from each other in the image. In other cases, the way in
which humans perceptually compose objects in the image, especially when

15

This statement refers to conventional segmentation algorithms. There are of
coarse some automated procedures, such as template matching or cellular
automata,which use external information to partition the image (and therefore
are not data-driven). Integrating such model-driven techniques into OBIA
should constitute a priority line of research.
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some Gestalt principles16 intervene, may be too complex to be captured by
a conventional dissimilarity metric. Therefore the possibility exists that the
boundaries of the classified (aggregates of) image-objects do not lead to an
agreeable representation of geo-objects. This implies that there will be
some classified image-objects that need to be split or reshaped in part of
their perimeter. The less clear the relation between the two similarities, the
more likely this possibility. A way to tackle this problem is to stop the
segmentation at a stage where these errors are less frequent or easier to fix.
This is why some degree of oversegmentation is desirable. In any case, the
process of endowing image-objects with meaning is a complex one, likely
requiring several cycles of mutual interaction between segmentation and
classification (Benz et al. 2004), regardless of what segmentation method
is used.
The second reason, which has already been implicitly suggested, is that
given a segmentation derived from an image of a certain spatial resolution,
and even assuming that each segment corresponds to some recognizable
entity, it is highly unlikely that all delineated objects belong to the same
hierarchical level. For example, in a segmented 1 m resolution image,
there can be segments that correspond to individual trees and cars, but also
to whole meadows and lakes. While ‘meadow’ and ‘lake’ may have been
included as separate classes in the legend, trees and cars are probably subobjects of some class like ‘urban park’ and ‘parking lot’. Therefore, some
aggregation of image-objects according to semantic rules will be required.
In addition, for reasons explained in section 3.2, it might be necessary
to upscale the image and segment it at a coarser resolution, since some
geo-objects (e.g., a city) have boundaries that are indistinguishable at fine
scales. The latter operation involves a further complication: the linkage of
image-objects derived at different resolutions, since in general they will
not nest seamlessly. At the moment there is no consensus on how to make
this linkage. However, we note that a related problem has been addressed
in Computer Vision regarding the tracking of moving objects across video
frames, referred to as the correspondence problem (Cox 1993). This is
akin to matching ambiguities between image-objects in successive images
of increasingly larger pixel size.

16

Basic principles describing the composing capability of our senses, particularly
with respect to the visual recognition of objects and whole forms instead of just
a collection of individual patterns (Wertheimer 1923).
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5 Summary
OBIA is a relatively new approach to the analysis of RS images where the
basic units, instead of being individual pixels, are image-objects. An image-object is a discrete region of a digital image that is internally coherent
and different from their surroundings, and that potentially represents –
alone or in assemblage with other neighbors- a geo-object. The latter is a
bounded geographic region that can be identified for a period of time as
the referent of a geographic term such as those used in map legends.
Within OBIA, image-objects are initially derived from a segmentation algorithm and then classified using both their internal features and their mutual relationships. Image-objects are devoid of meaning until they are formally recognized as representational instances of either constituents parts
of geo-objects or of whole geo-objects. Recognition involves the projection of a semantic model (taxonomy) onto a representation (the segmented
image) of the landscape, where the result is a partonomy, i.e., a partition
into meaningful image-objects (which mostly are aggregates of segments,
i.e., the initial image-objects), each representing a single geo-object. The
instantiation of image-objects as (representations of) geo-objects is a complex process for which we need to develop, and agree upon a comprehensive ontology. Here we have proposed definitions and relationships for two
basic terms of it: ‘image-object’ and ‘geo-object’.
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