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The aim of matching spatial data at different map scales is to find corresponding objects at different levels
of detail (LODs) that represent the same real-world phenomena. This is a prerequisite for integrating,
evaluating and updating spatial data collected and maintained at various scales. However, matching spa-
tial data is not straightforward due to the ambiguities caused by problems like many-to-many correspon-
dence, non-systematic displacement and different LODs between data sets. This paper proposes an
approach to matching areal objects (e.g. buildings) based on relaxation labeling techniques widely
applied in pattern recognition and computer vision. The underlying idea is to utilize contextual informa-
tion (quantified by compatibility coefficient) in an iterative process, where the ambiguities are reduced
until a consistent matching is achieved. This paper describes (1) a domain-specific extension to previous
relaxation schemes and (2) a new compatibility coefficient that exploits relative relationships between
areal object pairs in spatial data. Our approach were validated through extensive experiments using
building data sets at 1:10k and 1:50k as an example. Our contextual approach showed superior perfor-
mance against a non-contextual approach in general and especially in ambiguous situations. The pro-
posed approach can also be applied to matching other areal features and/or for a different scale range.
� 2014 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS) Published by Elsevier

B.V. All rights reserved.
1. Introduction

Data matching is important for many spatial data processes and
applications. It aims at finding corresponding (or homogeneous)
elements in heterogeneous data sources that represent the same
real-world entities. Data matching is widely used in image regis-
tration, as well as for update, maintenance and integration of spa-
tial data within and across data infrastructures (Ruiz et al., 2011).
All these processes need data matching (i.e. finding correspon-
dence relationships) to manage the presence of multiple represen-
tations of the same geographical area. This can be done in multiple
representation databases (MRDBs) (Buttenfield and Delotto, 1989;
Balley et al., 2004).

In addition to the syntactic and semantic differences, which are
common for all kinds of data, spatial data add to the heterogeneity
of multiple representations another dimension, i.e. the scale (level
of detail or resolution) dimension. To ensure data consistency,
linkages must be established between corresponding objects at dif-
ferent scales (Stoter et al., 2009a; Zhang et al., 2013), so that up-
dates can be propagated to representations of the same objects
at smaller scales (Kilpeläinen, 2000).

The correspondence relationships are also useful for assessing
the quality of spatial data against a reference data source. In recent
years, large amount of geographic content is voluntarily collected
by citizens. To obtain more consistent or semantically richer data,
such data should be firstly evaluated against a reference data
source before it can be accepted as good data (Girres and Touya,
2010; Koukoletsos et al., 2012).

This paper focuses on the matching of features represented by
polygons over different map scales. More specifically, we will
match buildings in data sets ranging from large to mid-scales.
Buildings are dominant areal features on topographic maps and
with roads they require most updating in topographic data sets
over all scale ranges (Stoter et al., 2009a,b). The matching of build-
ings of different scales is complex due to the ambiguities involved
(see Section 1.1). Hence our approach uses contextual information
to improve the performance. The approach can be easily adopted
for other areal features.
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1.1. Difficulties in matching multi-scale data

We assume that the multi-scale data has already been unified in
a reference system so that they are roughly aligned. Consequently
any object is within limited distance to the corresponding object.
However, often more than one candidate is within limited distance
which causes ambiguities and makes the matching not straightfor-
ward. This has several reasons.

First, many-to-many correspondence is an intrinsic component
of multi-scale data. This is due to inherent changes in scale, at
which real-world phenomena are represented. In cartography,
generalization operations are used to generate spatial data at
different map scales. For instance, the aggregation operation com-
bines several objects into one object, creating a n-to-1 correspon-
dence. The typification operation replaces objects at the larger
scale by fewer objects at the smaller scale while keeping the initial
spatial distribution (Fig. 1(a)). This leads to a n-to-m correspon-
dence ðn > mÞ. In signal or image processing, 2D (and 3D) objects
do not only combine at a coarse scale but also split (Lindeberg,
1994). This sometimes also occurs in cartography that an object
can be split into more objects at a small scale.

Second, positional discrepancy between objects in two data sets
may occur because of displacement. Displacement reduces visual
clutter (specifically when symbolization causes objects to be larger
on the map than they are in reality) and hence improves the read-
ability of the map. Not all objects will be displaced and, even for the
moved objects, the direction and amount of the movement can vary
greatly. Therefore, the discrepancy between two data sets is non-
systematic (see e.g. Fig. 9). This makes the matching difficult.

Third, objects at the smaller scale have been simplified. So
matching based on the similarity of shapes is complicated. Further-
more, different generalization operations are usually applied to-
gether, which makes it difficult (even for the human visual
system) to properly identify the corresponding objects (also see
Fig. 9).

In ambiguous cases, matching depends largely on the context.
In different contexts the same object may be matched differently,
even by humans. For example, it is reasonable to match t1 to s2

and s3 in Fig. 1(b). In the context of Fig. 1(c), t1 is better matched
to s1 and t2 to s2 and s3.

This paper proposes an approach that effectively incorporates
contextual information to improve the matching in ambiguous
situations.

1.2. Related work

Data matching has been studied in the geospatial domain for
decades, originating in map conflation, a task to combine spatial
data from different sources (Saalfeld, 1985, 1988); see Ruiz et al.
(2011) for a review. Many recent studies focused on the develop-
ment of either spatial or non-spatial measures that quantify the
Fig. 1. Matching of multi-scale data exemplified (larger and s
similarity between intended matching pairs. For instance, Beeri
et al. (2005) developed a spatial join algorithm that matches objects
using positions of their centroids. To match linear features, other
information such as direction, shape and name are also used (Wal-
ter and Fritsch, 1999; Zhang and Meng, 2007; Raimond and Mustiè-
re, 2008). To match networks at different scales, Volz (2006) and
Mustière and Devogele (2008) proposed to use topological struc-
tures of road intersections. On the other hand, Tong et al. (2009)
and Zhang et al. (2012) proposed matching methods that effectively
combine evidence from multiple measures. The latter used a learn-
ing-based framework, which avoids arbitrary weighting.

There are only a few approaches which incorporate contextual
information. For example, Samal et al. (2004) described a method
that measures the contextual similarity between buildings to be
matched. In their work, landmarks are used as the context, which
are connected to the target object in a star graph. The contextual
similarity is calculated by the total displacement between two
aligned graphs. This approach was extended by Kim et al. (2010)
who used a triangulation instead to structure landmarks. They cal-
culated the contextual similarity by areas and perimeters of the tri-
angles around the target building. However, their contextual
approaches have two main difficulties. First, landmarks themselves
should be matched beforehand, which may not be easy, especially
for multi-scale data. Second, the landmarks are sparsely distrib-
uted in the data. If objects are very close compared to their dis-
tance to the landmarks, it would be tricky to distinguish between
them using their contextual measures.

In essence, the above two methods transform contextual infor-
mation into descriptors, such that the similarity between contexts
can be computed directly. Similar descriptors are also used in com-
puter vision such as SIFT and shape context (Lowe, 1999; Belongie
et al., 2002; Mikolajczyk and Schmid, 2005). When matching spa-
tial objects at different scales, the spatial relationships between
the target object and its surrounding objects at the same scale
are also important. The influence of these relationships on deter-
mining the matching may vary in an iterative manner. Such con-
textual information is difficult to capture with a static descriptor,
but can be incorporated by another type of approaches which are
reviewed as follows.

A family of iterative algorithms introduced by Rosenfeld et al.
(1976) has been extensively studied and became a standard tech-
nique in pattern recognition and computer vision (Pelillo, 1997).
These are generally known as relaxation labeling processes and
attempt to incorporate contextual information to arrive at a consis-
tent result in labeling and matching problems where ambiguities
may reduce the performance of non-contextual methods (Hummel
and Zucker, 1983). Many probabilistic relaxation schemes were
proposed for matching point and linear features (Christmas et al.,
1995; Zheng and Doermann, 2006; Lee and Won, 2011). They differ
in the definition of the compatibility coefficient and the rule used
to update matching probabilities in the iterative process. These
maller scale objects are in gray and white respectively).



X. Zhang et al. / ISPRS Journal of Photogrammetry and Remote Sensing 92 (2014) 147–163 149
techniques were recently applied in the geospatial domain to the
matching of road networks (Song et al., 2011; Yang et al., 2013).

The basic assumption of the relaxation labeling is that compat-
ibility relationships in the local neighborhood are retained under
transformations, outliers, noises and occlusions. This is especially
interesting for our case, where spatial relationships are preserved
as much as possible for data at different scales. However, in this re-
viewed work the contextual information is mostly specific to point
and linear features. On the contrary, in our research areal features
need to be matched. In addition, matching in computer vision
generally enforces one-to-one correspondence between points.
Many-to-many correspondence, which is inherent in matching
multi-scale spatial data (Section 1.1), should be explicitly handled.

This paper proposes a matching approach which extends exist-
ing relaxation labeling techniques in domain-specific ways to over-
come the above-mentioned problems (Section 2). These include a
domain-specific extension to standard relaxation schemes, which
can handle many-to-many relationships well for our matching
task, as well as a new compatibility coefficient for matching areal
features in spatial data. For the compatibility, we exploit relative
relationships (i.e. relative positions, orientations, sizes and shapes)
between object pairs and propose ways to quantify them. Besides,
several adaptations are made for matching areal features at multi-
ple scales. The presented approach are tested and discussed
through extensive experiments in Section 3. This paper concludes
in Section 4.
Fig. 2. Relaxation labeling demonstrated for matching multi-scale spatial data: the
matching of i and j relies on their neighbors h and k (sets of objects T (�) and S (�) are
represented in parallel 2-D planes (X � Y); scale is represented as the third
dimension).
2. Method

This section describes our method to match areas in the form of
buildings (or groups of buildings) in data sets at different map
scales. The matching methodology is the most important contribu-
tion of this paper and consists of several parts. An overview of each
part is given below.

� First, the matching problem is formulated as a relaxation label-
ing process, where important formulas are presented and
extended for matching data at different scales (Section 2.1).
An algorithm of the process is also presented. This section
describes the whole relaxation-based matching framework.
� Second, spatial context of an object is captured by a neighbor-

hood structure, which is needed by a relaxation labeling pro-
cess. We define neighborhood structures suitable for our case
in Section 2.2.
� Third, the most important part of a relaxation labeling process is

to formalize contextual information into a compatibility coeffi-
cient. Section 2.3 proposes a new compatibility coefficient
which measures the similarity between relative relationships
of object pairs.
� Finally, a workflow is designed to reduce the processing time by

dividing the geographic area into reasonably small cells
(Section 2.4).

2.1. A relaxation-based matching framework

This section formulates the matching problem as a relaxation
labeling process. Let T ¼ ft1; t2; . . . ; tIg and S ¼ fs1; s2; . . . ; sJg be
two sets of objects to be matched. In our case, T is the smaller scale
data and S is the larger scale data, but this is not a requirement for
our matching approach. The goal is to find every possible object
pair ðti; sjÞ that either represents the same real-world object in a
1-to-1 case, or one is a part of the other object in a n-to-m case.
Due to the inherent ambiguities in our matching task (Section 1.1),
it is reasonable to assign each ðti; sjÞ with a matching probability
pij 2 ½0;1�. The probabilities of all object pairs can be represented
by a matrix P with dimension I � J. It is useful to denote the neigh-
bors of ti (i.e. objects that fall within some distance to ti) as th 2 N i

and those of sj as sk 2 N j.
The basic idea of relaxation labeling is that it iteratively updates

pij (and hence P) until a global consistency is achieved. This itera-
tive process reduces local ambiguities by exploiting contextual
information which is measured by a compatibility coefficient.
The compatibility coefficient, rijðh; kÞ, quantifies the degree of
agreement between ti matched to sj and th matched to sk. As a
key contribution, we propose to calculate the agreement by exam-
ining the relative relationships (e.g. relative position and orienta-
tion) between object pairs. If the relative relationships of an
object pair ðti; thÞ are similar to its corresponding pair ðsj; skÞ, they
are compatible and thus a high value of rijðh; kÞ is obtained. If
not, then they are incompatible. For example, the matching of
ði; jÞ in Fig. 2 receives strong support from the matching of ðh; kÞ;
whereas it receives less support from ðh; k0Þ because the relative
relationships of ði;hÞ are not compatible (similar) to those of
ðj; k0Þ. The calculation of rijðh; kÞ is explained in detail in Section 2.3.

In the iterative relaxation process, ðti; sjÞ receives total support
(qij) from its neighbors based on which pij is updated. A useful sup-
port function was proposed by Ranade and Rosenfeld (1980) and
Hummel and Zucker (1983):

qðtÞij ¼
X
h2N i

max
k2N j

rijðh; kÞ � pðtÞhk

n o
: ð1Þ

Note that rijðh; kÞ is weighted by phk, because support from the
neighbors th and sk should also rely on their matching probability
phk. A low value of phk is less likely to give strong support to the
matching of ðti; sjÞ. An alternative support function is given by
Hummel and Zucker (1983):

qðtÞij ¼
X
h2N i

X
k2N j

rijðh; kÞ � pðtÞhk : ð2Þ

The above two support functions are termed arithmetic average
support function (Christmas et al., 1995; Wang and Hancock, 2008).
The main difference between the two is as follows. For each th

there may be many sk 2 N j, in Eq. (1) only one sk with the maxi-
mum support value is taken; while in Eq. (2) support is summed
over sk 2 N j. For both functions, support is summed over th 2 N i.
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Clearly, the two functions would yield qij of different magnitude (of
which qij from Eq. (2) is larger). In our experiments we tested both
functions in terms of accuracy (Section 3.2.1) and and efficiency
(Section 3.2.6).

To update each pij in P, the radial projection update rule of Parent
and Zucker (1989) proved to be useful, which enables a faster con-
vergence to a consistent result (Pelillo, 1997). The original update
rule is defined as:

pðtþ1Þ
ij ¼

pðtÞij þ qðtÞij

1þ
PJ

j¼1qðtÞij

: ð3Þ

The above radial projection update rule is defined in a way such
that the constraint,

PJ
j¼1pij ¼ 1, is satisfied after the relaxation pro-

cess (Parent and Zucker, 1989). This means that, under the
assumption that we select final matches based on the criterion:
pij > 0:5, only one sj may be matched to ti. This enforces one-to-
one correspondence. Our experiments also confirmed this, as will
be shown later on. Although one-to-one correspondence is com-
monly required in point matching in the computer vision domain
(Chui and Rangarajan, 2003; Zheng and Doermann, 2006; Lee
and Won, 2011), it is not suitable in our case where many-to-many
correspondence has to be considered.

To allow for many-to-many correspondence, we modify the
constraint to be satisfied as

PJ
j¼1ðpijÞ

2 ¼ 1, such that for each ti

more than one sj may have a matching probability higher than
0.5.1 As another important contribution, we rewrite Eq. (3) in the fol-
lowing form to enforce the modified constraint:

pðtþ1Þ
ij ¼

pðtÞij þ qðtÞij

1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPJ

j¼1 qðtÞij

� �2
r : ð4Þ

The theoretical background of Eqs. (3) and (4) is given in Appen-
dix A. The relaxation labeling process works as follows: if the
matching of ti and sj is strongly supported by many of their neigh-
bors th and sk, their matching probability pij increases; pij decreases
if they receive small support from their neighbors. Note that the
change of pij is highly dynamic because phk in Eqs. (1) and (2) is also
updated as such. So the value of pij may go back and forth until the
consistency is propagated throughout the whole network (see e.g.
Fig. 13).

Algorithm 1. A relaxation-based matching algorithm

Initialization of matching matrix Pð0Þ;

repeat .Update Pðtþ1Þ for t : 0!1
for all ti 2 T and sj 2 S do

for all th 2 N i and sk 2 N j do
Calculate rijðh; kÞ;
Read pðtÞhk from PðtÞ;

end for

Calculate qðtÞij according to Eq. (1) or (2);

Read pðtÞij from PðtÞ;

Calculate pðtþ1Þ
ij according to Eq. (4);

end for

DP  Pðtþ1Þ � PðtÞ;
Find Dpmax such that 8Dp 2 DP; jDpmaxjP jDpj;

until jDpmaxj < Dpstop
1 This is a domain-specific rather than a generally applicable constraint (see
Appendix A for details).
The relaxation-based matching procedure is sketched out in
Algorithm 1. Several issues should be noted when applying this
algorithm. First, we choose to use a Naive Bayes based matching
approach (Zhang et al., 2012) to initialize the matching matrix
Pð0Þ. This matching approach is a probabilistic non-contextual
method, so we use it also as a comparison to the proposed contex-
tual approach. The choice however seems to be not that important,
as our experiments show that the new algorithm did not critically
rely on the initialization method (Section 3.2.5).

Second, to calculate Eq. (4), qij is normally summed over j 2 ½1; J�
(sj 2 S) in order to update pij. This is practically inefficient, but it
can be improved for specific problems. In our case, potential
matching candidates of ti (denoted as Ci) lie in some limited dis-
tance to ti:

Ci ¼ sj : dðti; sjÞ 6 ds
� �

; ð5Þ

where dð�Þ is the Euclidean distance function; ds is a distance
threshold. For those sj that are not in Ci, we set their matching prob-
abilities to zero. By localizing the matching candidates, one only
need to sum qij over sj 2 Ci in order to evaluate Eq. (4). This reduces
the computational complexity of Eq. (4) to a constant level which
does not change as T and S grow. Note that ds is problem specific,
and in our case it can be estimated from data or can be known if
specifications (e.g. the maximum allowed displacement) of data
are accessible.

The third issue is when to stop the iteration (the outmost loop)
in Algorithm 1. Both theoretical and practical work shows that the
relaxation labeling process is guaranteed to converge to a consis-
tent solution (Hummel and Zucker, 1983; Pelillo, 1997; Zheng
and Doermann, 2006). This means that the matching probability
matrix P gradually becomes stable during the iteration process.
By comparing values in P at consecutive iterations, jDpmaxj becomes
smaller as the iteration goes on. If jDpmaxj is smaller than the
threshold Dpstop, the iteration stops (in our experiments we set
Dpstop to 0.0005). Our experiments suggest that this criterion can
be relaxed in some circumstances (Section 3.2.6).

Besides, the neighborhood (N i;N j) and compatibility coeffi-
cient (rijðh; kÞ) are important aspects in the algorithm and are not
clearly defined here. We will define these aspects in Sections 2.2
and 2.3, respectively.

2.2. Defining neighborhood structures

There is no single definition of neighborhood for a set of objects
that is useful for all matching tasks. For instance, one can define
the neighbors of ti as all other objects in T. Such a neighborhood
structure definitely works but it considerably increases the pro-
cessing time. In practice, it would be useful to distinguish between
the neighborhood structure of local and usually continuous influ-
ence on other objects and a thresholding of the influence. A local
structure is usually assumed in computer vision because after
transformation the local neighborhood of an object is generally
preserved, but the relationships between objects that are far apart
may be lost (Zheng and Doermann, 2006; Lee and Won, 2011). The
same is true for multi-scale spatial data. In Lee and Won (2011),
the neighborhood of each shape point is defined by a fixed radius.
This definition is only applicable where the shapes to be matched
are represented by uniformly spaced points. If objects are irregu-
larly distributed (as in our case), a fix radius sometimes fails to
capture any neighbor. In such cases pij will not change in the iter-
ative updating process as no support information is available (i.e.
qij ¼ 0).

A more adaptive definition is based on the K-nearest neighbors,
which is translation, rotation and scale invariant (Zheng and Doer-
mann, 2006; Sidibe et al., 2007). However, it is still tricky to decide
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the value of K, and the K-nearest neighbors may be clustered in
some directions of the target object, thus missing important neigh-
bors in some other directions.

In this paper, we use Delaunay triangulation (DT) to define the
neighborhood of objects. This approach has the same merits as
with the K-nearest approach, since the nearest neighbor graph is
a subgraph of DT. It always ensures that there are enough neigh-
bors around the target object regardless of data distribution. In
addition, it provides a more powerful structure where the neigh-
bors are well distributed in all directions of the target object. An-
other difference lies that in Zheng and Doermann’s approach a
topological neighborhood is defined, meaning that the influence
of an object is either zero (if it is in the neighborhood) or one (if
not). Our approach models continuous influence of neighboring
objects.

Formally, DT can be represented by a graph GDT ¼ ðV ; EÞ, where
V is a set of vertices (in our case, objects in T or S) and E � V � V is a
set of edges which capture the proximity relationship between ver-
tices. In our case, we use DT to define the neighborhood for ti 2 T
only (i.e. the smaller scale data). More specifically, first-order
neighbors (i.e. objects directly connected by edges of DT) are used
(see e.g. Fig. 3):

N i ¼ fth : ðti; thÞ 2 ETg; ð6Þ

where ET denotes the edges of the DT that takes T as input. Because
the larger scale (i.e. more detailed) data set S contains many more
objects than T (I < J), using the same neighborhood definition for
sj is not appropriate. For example, if DT is used to identify neighbors
of j in Fig. 3, an important object k, which together with h gives
maximum support to ði; jÞ, will not be included. Likewise, many
other important objects will not be in the neighbors of j. This defi-
nitely reduces the performance of the relaxation labeling. A similar
problem is reported in Zheng and Doermann (2006), where under a
large outlier ratio (i.e. extra points being added to the transformed
data) their K-nearest neighbor based relaxation labeling failed to
give satisfactory results.

To overcome this problem, we define the neighbors of sj as the
objects closely related to th such that all important neighbors are
considered:

N j ¼
[

h2N i

fsk : dðth; skÞ 6 dsg; ð7Þ
Fig. 3. Neighborhood of i defined on top of Delaunay triangulation; both ðj0; k0 Þ and
ðj; kÞ have similar relative (binary) relationships to ði;hÞ, so rijðh; kÞ and rij0 ðh; k

0Þ
would be more or less the same if unary measures are not incorporated.
where ds is the same as with (5). Because there are many th 2 N i, a
union of the sets related to all th is necessary. Note that some sk that
is close to sj but far from th may not be considered sj’s neighbors in
this definition. This is nevertheless not a problem, because we set
phk ¼ 0 if dðth; skÞ > ds. So by omitting sk with phk ¼ 0, one does
not change the results of Eqs. (1) and (2), and therefore, the relaxa-
tion process remains the same.

To summarize, two different definitions of neighborhood are gi-
ven to sets T and S. The former is defined on top of Delaunay trian-
gulation to handle the irregular data distribution. The latter is
defined in relation to the former one to address the problem due
to the matching of multi-scale data.

2.3. Quantifying contextual information

This section explains the calculation of compatibility coefficient
rijðh; kÞ, by which contextual information is quantified in our ap-
proach. To calculate rijðh; kÞ, we exploit the similarity of relative
(binary) relationships between object pairs. This is because relative
relationships in the larger scale data are generally kept in the next
smaller scale data (Steiniger and Weibel, 2007). More specifically,
relative positions, orientations, sizes and shapes are measured
and compared to calculate the correlation between an areal feature
pair ðti; thÞ and its corresponding pairs ðsj; skÞ.

However, we found that the use of binary relationships alone
cannot always identify correct matches. For example, j and j0 in
Fig. 3 may be matched to i with similar probabilities no matter
how far j0 is located. This is because both ðj0; k0Þ and ðj; kÞ have sim-
ilar relative relationships to ði;hÞ. The problem here is that absolute
(unary) measures that quantify the similarity between ti and its
matching candidate sj are overlooked during the iterative update
process. Such unary measures were also missing in most previous
relaxation labeling based matching approaches (Christmas et al.,
1995). In this paper, unary and binary measures are used together
to calculate rijðh; kÞ, such that distant and dissimilar matching
candidates sj are considered less likely to be a corresponding object
of ti.

In the following, we firstly decompose the compatibility coeffi-
cient into components of position, orientation, size and shape,
where both unary and binary measures are given (Sections 2.3.1,
2.3.2, 2.3.3 and 2.3.4). The relative position component is adapted
from Lee and Won (2011), while others are proposed to improve
the matching of areal features. Then these components are com-
bined to define the total compatibility coefficient in Section 2.3.5.

2.3.1. Relative positions
Relative positions are measured for two vectors ðti; thÞ and

ðsj; skÞ and their similarity is further divided into two sub-compo-
nents (Fig. 4). They are the relative distance (RelDis) and relative
direction (RelDir) which are defined as follows:

RelDisðih; jkÞ ¼ 1� jdði;hÞ � dðj; kÞj= max
m2N i ;n2N j

dði;mÞ; dðj;nÞf g; ð8Þ

RelDirðih; jkÞ ¼ 1� Daðih; jkÞ=Damax; ð9Þ

where Daðih; jkÞ ¼ jaði; hÞ � aðj; kÞj is the directional deviation (Da
for short). For two vectors Da is in the range ½0;p�, so normally
one can use Damax ¼ p to normalize RelDir. In our matching case,
however, two vectors are not compatible if their relative direction
is larger than p=2. To enforce this constraint, we trim Da to the
range ½0;p=2� (i.e. Da ¼ p=2; ifDa > p=2). Accordingly, we set
Damax ¼ p=2 in our approach.

RelDis and RelDir range from 0 to 1. High values indicate that the
relative distance and direction of ðti; thÞ are similar to those of
ðsj; skÞ. This similarity is weighted by the distance between ti and
th (w in Fig. 4):



Fig. 4. Two sub-components: relative distance (RelDis) and relative direction
(RelDir) measure the similarity between relative positions of ði; hÞ and ðj; kÞ (after
Lee and Won (2011)).
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wði;hÞ ¼ 1� dði;hÞ=max
m2N i

fdði;mÞg: ð10Þ

The total similarity between relative positions is defined by
multiplying from Eqs. (8)–(10):

Rel1ðih; jkÞ ¼ RelDisðih; jkÞ � RelDirðih; jkÞ �wði;hÞ: ð11Þ

Note that Rel1 also ranges from 0 to 1. A high value means that
ðsj; skÞ is very similar to ðti; thÞ in terms of relative positions; a low
value means that they are dissimilar. Besides the relative positions,
the similarity between absolute positions of ti and sj is also
important:

Abs1ði; jÞ ¼ 1� dði; jÞ=ds; ð12Þ

where ds is a distance threshold used as a normalizing factor. This
ds is the same parameter as in definition (5). Because we only con-
sider sj 2 Ci (see definition (5)), the condition dði; jÞ 6 ds always
holds in Eq. (12).

2.3.2. Relative orientations
Orientation is a discriminative characteristic of building fea-

tures. Many corresponding pairs can hardly be identified without
comparing the relative orientations in the local neighborhood. To
quantify the orientation of buildings, we found the wall statistical
weighting measure (Duchêne et al., 2003) useful as wall orienta-
tions are well kept in our multi-scale data (e.g. Fig. 7). In this mea-
sure, each direction comes with a confidence indicator, measuring
how many walls (roughly) parallel or perpendicular to this direc-
tion. Among all directions, one can choose major directions as final
orientations.
Fig. 5. Demonstration of relative or
To better handle relative orientations, we use an adaption of
wall statistical weighting described in Zhang et al. (2012) to distin-
guish buildings with significant orientations (e.g. elongated rectan-
gles) from those without significant orientations (e.g. squares). The
adapted orientation b is in the range ½0;pÞ.

The relative orientation between ti and th is defined as: hih ¼
bh � bi (hih 2 ½�p;pÞ). As orientation b can also be represented by
b	 p, the maximum relative orientation is p=2 (i.e.
hih 2 ½�p=2;p=2Þ). This is for normal cases where both objects have
significant orientations. If one of the objects has no significant ori-
entation (e.g. squares or circles), the orientation difference is lim-
ited to p=4 (i.e. hih 2 ½�p=4;p=4Þ). Likewise, hjk can be defined in
the same way. Relative orientations between buildings are illus-
trated in Fig. 5(a).

Note that both hih and hjk are signed deviations. That is, although
building orientations may have the same absolute deviation, they
may have different directions. This is vital when two relative orien-
tations are compared. To demonstrate this, we project bi and bj

onto the same vertical axes in Fig. 5(b), then orientations of other
buildings, i.e. h and k, can be mapped relative to i and j. Orienta-
tions to the right side of iðjÞ have positive h regarding to iðjÞ;
whereas those to the left side have negative h. It is clear in
Fig. 5(a) that hjk0 and hjk differ greatly as they are in different direc-
tion. We define similarity between relative orientations as follows:
Rel2ðih; jkÞ ¼ 1� Dhðih; jkÞ=Dhmax; ð13Þ
where Dhðih; jkÞ ¼ jhih � hjkj. Fig. 5(b) confirms that the relative ori-
entation of ðj; kÞ is similar to that of ði;hÞ but is dissimilar to that of
ðj; k0Þ.

As both hih and hjk are in ½�p=2;p=2Þ, it follows that
Dhðih; jkÞ 2 ½0;pÞ. However, a deeper analysis shows that the max-
imum value of Dhðih; jkÞ should not exceed p=2. For instance, the
calculated angular deviation between ði;h00Þ and ðj; k00Þ in Fig. 5 is
larger than p=2. But because bk00 can also be represented by
bk00 	 p (see the dashed arrow in Fig. 5(b)), the actual angular devi-
ation Dhðih00; jk00Þ is the smaller angle. This is consistent with our
observation that ði;h00Þ and ðj; k00Þ in Fig. 5(a) have similar relative
orientations. That is, both h00 and k00 are roughly perpendicular to
i and j, respectively. Because of this, we fit Dhðih; jkÞ in ½0;p=2�
(i.e. Dh ¼ p� Dh; ifDh > p=2), and set Dhmax ¼ p=2 in Eq. (13).

Again, if one of the buildings in fi; j;h; kg does not have a signif-
icant orientation, Dhðih; jkÞ is limited to ½0;p=4�. Therefore, we ap-
ply Dh ¼ p=2� Dh; if Dh > p=4. Such a treatment is necessary as
some elongated buildings at larger scales may be represented by
less elongated rectangles or squares at smaller scales. Their orien-
tations are actually the same. Without this treatment the compu-
tation of Dhðih; jkÞ may give a totally different result, which
would reduce the matching performance.
ientations and their deviations.



X. Zhang et al. / ISPRS Journal of Photogrammetry and Remote Sensing 92 (2014) 147–163 153
Rel2 in Eq. (13) ranges from 0 to 1. A high value indicates that
the relative orientation between sj and sk is highly correlated to
that between ti and th; vice versa. Besides the relative orientations,
the similarity between absolute orientations of ti and sj is also
useful:

Abs2ði; jÞ ¼ 1� hij

p=2
; ð14Þ

where hij ¼ jbi � bjj is similar to the definition of hih but it is an abso-
lute deviation. So hij is in the range ½0;p=2� and, if one of the build-
ings does not have a significant orientation, hij is limited to ½0;p=4�.
2.3.3. Relative sizes
This component compares if the relative size of ðsj; skÞ is corre-

lated to that of ðti; thÞ. The relative size relationship is defined as
the ratio of sizes:

/ih ¼ sizeðiÞ=sizeðhÞ
/jk ¼ sizeðjÞ=sizeðkÞ
/ih ¼ 1=/ih;/jk ¼ 1=/jk; if /ih > 1

8><
>: : ð15Þ

The relative size can be qualitatively characterized by ‘similar’,
‘smaller’ or ‘bigger’. Note that in the above formula, we always
keeps /ih in the range ½0;1�. If /ih > 1, both /ih and /jk are inverted
regardless of the value of /jk. The deviation between relative sizes
is defined as D/ðih; jkÞ ¼ j/ih � /jkj. In addition to keeping the order
of the relative sizes, the treatment in Eq. (15) has the following
merit. If the relative sizes of ðti; thÞ and ðsj; skÞ are qualitatively sim-
ilar (e.g. either ‘similar’, ‘bigger’ or ‘smaller’), D/ðih; jkÞ is relatively
small; if for instance the relation of one pair is ‘smaller’ and that of
the other is ‘bigger’, the deviation is relatively large.

For example, size ratios of the object pairs ði; hÞ; ðj; kÞ and ðj; k0Þ
in Fig. 6 are 2, 2.5 and 0.5, respectively. Since the ratio of ði;hÞ is
larger than one, we calculate the inverse of these ratios. The result
is /ih ¼ 0:5;/jk ¼ 0:4 and /jk0 ¼ 2. It then follows that
D/ðih; jkÞ ¼ 0:1 and D/ðih; jk0Þ ¼ 1:5. This is consistent with our
observation that ðj; kÞ is very similar to ði;hÞ in terms of relative
sizes, while ðj; k0Þ is rather different from ði;hÞ. It can be further pro-
ven that D/ðih; jkÞ is always smaller than one if the relative sizes of
ðti; thÞ and ðsj; skÞ are qualitatively similar.

Because relative sizes are defined by ratios, D/ðih; jkÞ is un-
bounded. Hence we use the function in Ranade and Rosenfeld
(1980) to convert the deviation to the similarity measure, which
we found empirically to give good results:

Rel3ðih; jkÞ ¼ 1=ð1þ ðD/ðih; jkÞÞ2Þ: ð16Þ

Rel3 ranges from 0 to 1. A high value indicates a high degree of
similarity between relative sizes. In the above examples,
Rel3ðih; jkÞ 
 0:99 and Rel3ðih; jk0Þ 
 0:31, meaning that ðj; kÞ is
more than ðj; k0Þ compatible to ði;hÞ in terms of relative sizes.
Fig. 6. Relative sizes demonstrated.
The similarity between absolute sizes of ti and sj is defined as a
ratio. A thresholding is applied here to enlarge the sizes of objects
at the larger scale to the threshold As, which is scale dependent
(see Section 3.2.3):

sizeðjÞ ¼ As; if sizeðjÞ < As

Abs3ði; jÞ ¼ /ij ¼ sizeðiÞ=sizeðjÞ
Abs3ði; jÞ ¼ 1=/ij; if /ij > 1

8><
>: : ð17Þ

This is because during generalization, small objects at the larger
scale are enlarged to make the smaller scale map more readable.
This threshold effect is also described in Bard (2004) and Macka-
ness and Ruas (2007). For a small object sj, its size can be much
smaller than its correspondence ti. A direct comparison between
sizes would prevent the identification of correct corresponding ob-
jects. The treatment in Eq. (17) avoids such a problem (see
Section 3.2.3).

2.3.4. Relative shapes
In this paper, we use elongation to quantify object shapes, as

relative elongations are largely preserved for multi-scale data.
Other measurements (e.g. concavity, squareness, etc.) may also
be useful, but this requires further testing. We define the elonga-
tion of ti as elgðiÞ ¼ Length=Width, where Width and Length are
measured from the rotated minimum bounding box of ti. The rela-
tive elongations are defined in a similar way as relative sizes:

kih ¼ elgðiÞ=elgðhÞ
kjk ¼ elgðjÞ=elgðkÞ
kih ¼ 1=kih; kjk ¼ 1=kjk; if kih > 1

8><
>: ð18Þ

The similarity between relative elongations are given by:

Rel4ðih; jkÞ ¼ 1=ð1þ ðDkðih; jkÞÞ2Þ; ð19Þ

where Dkðih; jkÞ ¼ jkih � kjkj. Similar to relative sizes, relative elon-
gations are designed in a way such that if the relative elongation
of ðti; thÞ is qualitatively similar to that of ðsj; skÞ (e.g. ti is more elon-
gated than th and sj is more elongated than sk), Dkðih; jkÞ is small and
Rel4ðih; jkÞ approaches to 1. If they are dissimilar (e.g. ti is more
elongated than th but sj is less elongated than sk), Dkðih; jkÞ is large
and Rel4ðih; jkÞ approaches to 0.

Due to the enlargement of small buildings or of their small parts
(e.g. short edges), narrow objects sj in the larger scale are usually
more elongated than their corresponding ti in the smaller scale.
However, the change of elongation values is much more complex
to model than the change of sizes (which is a simple threshold ef-
fect). Therefore, we will not use the similarity between absolute
elongations of ti and sj in our matching approach.

2.3.5. Total compatibility coefficient
The total compatibility coefficient should be combined from the

above relative and absolute measures, as each measure may con-
tribute to the matching in some situations. The absolute (unary)
measures are used to give more weight to those more similar pairs
ðti; sjÞ in the iterative update process. The total compatibility coef-
ficient rijðh; kÞ is defined as the product of all binary and unary
measures:

rijðh; kÞ ¼
Y4

u¼1

Reluðih; jkÞ
Y3

u¼1

Absuði; jÞ; ð20Þ

where Relu is the binary measures defined in Eqs. (11), (13), (16)
and (19); Absu is the unary measures defined in Eqs. (12), (14)
and (17). Because both Absu and Relu are in the range ½0;1�, it follows
that rijðh; kÞ 2 ½0;1�. A high value of rijðh; kÞ indicates a high degree of
compatibility, and vice versa. The coefficient is used in the iterative



154 X. Zhang et al. / ISPRS Journal of Photogrammetry and Remote Sensing 92 (2014) 147–163
relaxation labeling process (Algorithm 1) until a consistent result is
reached.

Here we explain how the relative relationships help arrive at a
consistent matching in Fig. 1(c). Suppose that both t1 and t2 can be
matched to s1; s2 and s3 in an initial configuration, where t1 seems
to be more probably matched to s2 and s3. Let us examine the
matching of ðt1; s2Þ using contextual information. If t1’s neighbor
t2 was to be matched with s3, the relative positions and orienta-
tions of ðt1; t2Þ and ðs2; s3Þ are not compatible (e.g. the relative
direction between ðt1; t2Þ and ðs2; s3Þ is larger than p=2). So the
matching of ðt1; s2Þ is not supported by ðt2; s3Þ, and, in a similar
way, not supported by ðt2; s1Þ. Likewise, the matching of ðt2; s3Þ is
not supported by its neighboring pairs. The only compatible config-
uration is that t1 matches to s1 and t2 matches to s2 or s3. In this
configuration the relative position, orientation, size and elongation
of ðt1; t2Þ are similar (compatible) to those of ðs1; s2Þ or ðs1; s3Þ. In
the iterative updating process, the matching probability of ðt1; s1Þ
increases while that of ðt1; s2Þ and ðt1; s3Þ decreases; for t2, the
matching probability of ðt2; s2Þ and ðt2; s3Þ increases while that of
ðt2; s1Þ decreases.

2.4. A workflow for matching areal features

To apply the proposed matching approach (Sections 2.1,) in
practice more efficiently, a subdivision scheme that reduces the
computation of Algorithm 1 to a manageable size is necessary.
Here the buildings to be matched are subdivided into partitions
by road network, so that each run the algorithm deals only with
the buildings in one street block. Usually, buildings within a block
have been generalized independently with respect to other blocks.
Further, buildings may have been displaced in a different direction
than those on the other side of the road, in which case the relative
positions between these objects are not preserved. These reasons
justify our use of road network as partitioning features.
Fig. 7. Test data sets where 1:10k and 1:50k buildings are superimposed (a); samples
Kadaster, NL).
The overall workflow of processing is to (1) partition building
sets T and S into subsets using road network; (2) apply Algorithm
1 to match buildings within each partitioning unit; (3) stop if all
the partitioning units are processed; and (4) do whatever postpro-
cessing required and then select final matching pairs ðti; sjÞ. Cur-
rently, the selection is based on the criteria pij > 0:5.

3. Experiments, results and discussion

3.1. Experimental design

The proposed matching approach was implemented in C++. In
the following, we describe the data used to test our approach
and the evaluation methods and criteria.

3.1.1. Test data
Two topographic data sets at 1:10k and 1:50k (from Kadaster,

the Netherlands) were used to test our matching approach
(Fig. 7), where the latter is generalized from the former. The geo-
graphic characteristics of the data are rich, covering urban, resi-
dential, industrial (commercial), suburban and rural areas. The
generalization carried out for different data characteristics varies.
For densely populated urban and residential areas, buildings are
transformed into built-up areas. Since the matching of built-up
areas and their corresponding building footprints is straightfor-
ward, we exclude those built-up areas from our experiments. After
removing the buildings in built-up areas, the 1:10k and 1:50k data
contain 2646 and 1637 buildings respectively.

Among the remaining buildings, those in the suburbs are ex-
pected to be the most difficult to match. Because there is not en-
ough room to enlarge and displace small buildings, typification is
used together with enlargement and displacement in suburban
areas, which leads to ambiguities in the matching (Fig. 7(c)). Build-
ings in industrial areas, on the other hand, should be easier to
of typical characteristics: (b) rural, (c) suburban and (d) industrial areas (Source:



Table 1
Abbreviation of the matching methods tested.
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match, because most smaller scale buildings stay where they are in
the larger scale data (Fig. 7(d)).
Abbrv. Method description

NB Naive Bayes based matching
Below are the relaxation based matching schemes with different
compatibilities and support functions

LWþ
01 Extended from Lee & Won’s compatibility: {position (rel + abs)}

LWþ
11 LWþ

01 with support Eq. (2)
RL01 LWþ

01 + {orientation (rel + abs)}
RL11 RL01 with support Eq. (2)
RL02 RL01 + {size (rel + abs)}
RL12 RL02 with support Eq. (2)
RL03 RL02 + {relative elongation}
RL13 RL03 with support Eq. (2)

Table 2
Performance of different matching methods (for relaxation-based methods, ds ¼ 50 m
was used).

Method tp fp fn Prec. (%) Recall (%) j
3.1.2. Evaluation methods
To evaluate the performance of the proposed matching ap-

proach, we asked cartographic experts to manually match our test
data. The manual matching result is used as the ‘ground truth’,
against which automated approaches can be evaluated. Matches
found by both the algorithm and humans are true positives (tp);
matches found by the algorithm but not by humans are false pos-
itives (fp); matches found by humans but not by the algorithm are
false negatives (fn). The matching accuracy is measured by preci-
sion, recall and Cohen’s kappa coefficient (j). Precision=tp/(tp+fp) de-
scribes the rate that a pair matched by the algorithm was also
found by humans. Recall=tp/(tp+fn) describes the rate that a pair
matched by humans is also found by the algorithm. Cohen’s kappa
measures the agreement between the algorithmic and human
matching results, taking into account the chance agreement.

Note that in highly ambiguous situations (e.g. suburban areas)
different experts disagreed with each other. For those situations
we combined their results such that more matching pairs were
added as ‘true’ matches. In this way, we make sure that the real
true matches are always included though the recall in such areas
will be reduced. Another idea would be to define a minimum (i.e.
all experts agreed) and a maximum (i.e. matched by at least one
expert) set and to evaluate the approach for both sets. In this paper,
we used the maximum set because in the manual matching pro-
cess we did not record expert specific information.

As a comparison, we also implemented a non-contextual ap-
proach – the Naive Bayes (NB) based learning approach. The prob-
abilistic model of NB was trained using samples from the manual
matching result, which was then applied to match the test data
(for details see Zhang et al., 2012). The matching result was also
used to initialize the matching probability matrix for the subse-
quent relaxation process.

To get more insight, different versions of the proposed approach
were tested. These versions differ in the use of compatibility and
support function. The compatibility rijðh; kÞ defined in Eq. (20)
can be configured by using only some of its components (e.g. posi-
tion, orientation, size and elongation). These versions of relaxation
labeling are abbreviated in Table 1 for clarity.

We start from a version (LWþ
01) which extends the compatibility

proposed in Lee and Won (2011) that uses relative positions only.
However, we found that their original compatibility led to poor re-
sults in our case, so we start from LWþ

01 where the similarity be-
tween absolute positions (Eq. (12)) is also considered. The use of
unary measures together with binary relationships are justified
in Section 2.3. The following versions RL01;RL02 and RL03 in Table 1
are configured such that each version adds one more component to
the previous version. The default support function used in these
versions is Eq. (1), expect for those mentioned in Table 1. Versions
RL03 and RL13 use exactly the same compatibility as defined in Eq.
(20).

Further, we used roads at 1:50k to partition the buildings into
105 street blocks. The proposed matching algorithm and its various
versions were applied sequentially for these street blocks. The
experimental results are reported and discussed in Section 3.2.
NB 1599 169 409 90.4 79.6 0.809
LWþ

01 1852 245 156 88.3 92.2 0.871

LWþ
11 1865 234 143 88.9 92.9 0.879

RL01 1863 212 145 89.8 92.8 0.885
RL11 1863 210 145 89.9 92.8 0.885
RL02 1833 151 175 92.4 91.3 0.893
RL12 1840 156 168 92.2 91.6 0.894
RL03 1832 146 176 92.6 91.2 0.894
RL13 1837 147 171 92.6 91.5 0.896
3.2. Results and discussion

3.2.1. General performance
We applied different versions of our approach as well as the

NB-based approach to the test data. For the relaxation based
approaches, we used As ¼ 400 m2 and ds ¼ 50 m. The value of As

is suggested by the specifications of 1:50k data, so it is scale
dependent. The value of ds was empirically determined. Their per-
formance is shown in Table 2.

Clearly, all relaxation-based contextual approach outperformed
the non-contextual approach (NB). Although NB obtained rela-
tively high precision, its recall is relatively too low, which limits
its overall performance (a relatively low kappa value). For instance,
while many (1599) matches found by NB were also linked by hu-
man experts, there are still many (409) matches found by human
experts that were missed by NB. This is also evident in Fig. 9(a),
where many correct matches were not found by NB. All the relax-
ation-based methods found far more true positives (1830+) than
NB while at the same time suppressing the number of false posi-
tives and false negatives.

In addition, Table 2 clearly shows that, by adding more compo-
nents (i.e. relative and absolute measures) to rijðh; kÞ, the proposed
matching approach gradually improved its overall performance
(j). This implies that different relative relationships contribute to
our matching in certain situations. For example, situations high-
lighted in Fig. 9(b) cannot be found without the use of relative
positions; those highlighted in Fig. 9(c) cannot be found without
the use of relative orientations. The combination of different pieces
of contextual information leads to an overall improvement in per-
formance. But we also note that RL03 was only slightly better than
RL02. This means that the addition of relative elongations was not
as informative as other relative relationships for the test data. Be-
sides, the versions with the support function Eq. (2) performed
slightly better than their counterparts with Eq. (1). This is because
Eq. (2) exploits more contextual information (i.e. more sk 2 N j are
involved), though the improvement obtained was limited.

Finally, LWþ
01 and LWþ

11 only use positional information and
ignore the information given by orientation, size and shape that
is useful to areal features. Their matching results were not compa-
rable to the other versions of our approach (e.g. correct matches
highlighted in Fig. 9(c) was not found in Fig. 9(b)). Therefore, the
versions from RL01 to RL13 would be more appropriate for matching
areal features. The choice depends on how the relative relation-
ships are preserved between the data (an issue specifically related
to multi-scale data).
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3.2.2. Performance in different data characteristics
As discussed in Section 3.1.1, data matching may perform dif-

ferently in different geographic characteristics. This is because
the ambiguities involved vary greatly in different areas. This sec-
tion takes a close look at this issue. To evaluate the matching per-
formance in different areas, we manually classified the 105 street
blocks into industrial, suburban and rural areas.

One can imagine that high accuracy can be obtained if the data
is in general easy to match. As an example, we show the perfor-
mance of RL02 compared with NB in Fig. 8, where the statistics
(mean and standard deviation) were calculated from the 105 street
blocks by category. Obviously, both the contextual and non-con-
textual methods obtained rather high accuracy in industrial areas.
This is because the buildings in these areas are easy to match, i.e.,
more 1-to-1 relationships occur and most buildings have not been
moved from their initial locations (see also Fig. 10). Even in such
areas, a discernable rise in performance can be observed for the
relaxation-based method (Fig. 8).

In ambiguous situations, superior methods should be able to
further improve the matching. In suburban areas, the NB-based
method performed poorly (its recall is extremely low). This is be-
cause the matching in such areas depends critically on contextual
information. Hence the relaxation-based contextual methods per-
formed considerably better than NB (Fig. 8), which is also clearly
demonstrated in Fig. 9. We also noticed that the recall of RL02 is
not very high in suburban areas, though its matching result shown
Fig. 8. Precision and recall obtained by Naive Bayes (NB) and our relaxation
labeling (RL) based matching for different data characteristics (RL02 with ds ¼ 50 m
was used).

Fig. 9. Matching results in a highly ambiguous suburban area by (a) NB, (b) LWþ
01 (highlig

are results obtained by considering relative orientations).
in Fig. 9(c) is satisfactory. This is probably because, as we discussed
in Section 3.1.2, in such areas more matches were added into the
‘ground truth’ as the experts disagreed with each other, which re-
duces the recall thereof in general. In rural areas, where the ambi-
guities are higher than in industrial areas but not as high as in the
suburbs, the contextual methods (e.g. RL02) also made a noticeable
improvement against the non-contextual method (NB).

3.2.3. Parameters of the algorithm
In general, the relaxation labeling framework is parameter free

(Zheng and Doermann, 2006). But in our approach, we use a
parameter ds to constrain the number of matching candidates
and to define the neighborhood structure (see Definitions (5) and
(7)). Ideally, the value of ds can be known for specific data, but it
was determined empirically in our experiments to show the poten-
tial of the proposed approach.

Table 3 shows the performance of RL01 with varying values of ds.
When ds is too small, some correct matches are not considered as
matching candidates (e.g. low tp and high fn were produced with
ds ¼ 30 m), which largely reduces the recall of the matching. As
ds increases, the recall rises sharply and then drops smoothly, but
the precision drops a bit more quickly. As a result, the overall per-
formance (j) goes up and down as ds increases. Still, the overall
performance was better than the non-contextual method NB (see
Table 2). The other versions higher than RL01 showed better perfor-
mance but shared a similar pattern with the change of ds.

From our point of view, a value of ds from 40 to 60 m was opti-
mal for the matching of 1:10k and 1:50k buildings. A smaller value
of ds means higher precision. For example, when ds ¼ 40 m, RL02

obtained Prec. = 94.0%, Recall = 90.7% and j ¼ 0:900; RL03 obtained
Prec. = 94.5%, Recall = 90.5% and j ¼ 0:902 (see their performance
with ds ¼ 50 m in Table 2). Note that, it is less informative to rely
merely on the kappa index. In certain applications one need to bal-
ance between precision and recall. For instance, when propagating
updates from larger to smaller scales in an MRDB system, higher
recall might be preferred over higher precision in establishing the
corresponding relationships. This could reduce errors of omission
in the data updating process.

Another parameter As controls the minimum area in calculating
Eq. (17). This parameter, however, is relatively constant for a cer-
tain range of scale. In our case, buildings at 1:50k should be bigger
than 400 m2 (ground unit) to be readable (according to the map
hted are results obtained by considering relative positions) and (c) RL02 (highlighted



Fig. 10. Matching results in an industrial area by (a) NB and (b) RL02.

Table 3
Performace of RL01 under different values of ds (m).

ds tp fp fn Prec. (%) Recall (%) j

30 1756 122 252 93.5 87.5 0.875
40 1834 162 174 91.9 91.3 0.890
50 1863 212 145 89.8 92.8 0.885
60 1865 249 143 88.2 92.9 0.874
70 1853 281 155 86.8 92.3 0.861
80 1838 299 170 86.0 91.5 0.850
90 1817 309 191 85.5 90.5 0.840
100 1808 309 200 85.4 90.0 0.837
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specifications of Kadaster), so small buildings at 1:10k have been
enlarged to meet this specification. Therefore, As is set to 400 m2

and should not change for this scale range. In this way, domain-
specific knowledge is incorporated into the matching algorithm.
Our experiments show that such a treatment in Eq. (17) increased
the matching performance. If a ratio between sizes of ti and sj with-
out the treatment was compared, our approach gave poorer results
(e.g. in this case RL02 obtained Prec. = 91.5%, Recall = 85.4% and
j ¼ 0:849). The value of As should be adapted if we are to match
data for a different scale range. But the value can commonly be
found in data specifications rather than being determined
empirically.

3.2.4. Many-to-many correspondence and ambiguity reduction
Many-to-many correspondence is common in multi-scale data,

which makes the matching more ambiguous. The explicit handling
of many-to-many correspondence by Eq. (4) should improve the
matching performance too. Fig. 11 shows how our approach deals
better with many-to-many correspondence (including n-to-1 rela-
tionships). The situations highlighted in Fig. 11(a)–(c) are those
better handled by RL02; whereas those highlighted in Fig. 11(d)–
(f) are n-to-m relationships not appropriately identified by NB.

To further analyze the improvement, we tested a one-to-one
correspondence variant of our methods, which uses the original ra-
dial projection update rule (Eq. (3)). According to Parent and Zuc-
ker (1989), the original radial projection rule never saturates to
unambiguous labeling (i.e. pij ¼ 1). So in some situations the max-
imum pij for an object ti can be less than 0.5. To get the best out of
this variant, we postprocess the matching matrix after the relaxa-
tion by setting the max pij for each ti to one. With this optimization,
a one-to-one correspondence variant of RL02 obtained Prec. = 97.1%,
Recall = 79.3% and j ¼ 0:839 with ds ¼ 50 m. This confirms that
our methods (i.e. many-to-many correspondence variants) signifi-
cantly improved the matching performance (cf. the performance of
RL02 in Table 2).

To show how contextual information reduces ambiguities in the
matching, typical situations are shown in Fig. 12. Clearly, NB
cannot handle ambiguous situations due to a lack of contextual
information (Fig. 12(e)–(h), (j) and (l)). The relaxation labeling pro-
cess iteratively updates the matching matrix until a consistent re-
sult is reached (i.e. the relative relationships between matching
pairs in a local neighborhood are compatible). This process finally
reduces the ambiguities (Fig. 12(a)–(d), (i) and (k)).

The dynamic evolution of matching probabilities over iterations
is shown in Figs. 13 and 14, which exemplifies how ambiguities
were reduced. The two figures correspond to the situations in
Figs. 12(i) and 12(k). In the first situation, the object #164 is ini-
tially matched to #217, and the second probable match is #222
(Fig. 13). The probabilities are initialized by NB. During the relaxa-
tion process, the probability of (#164, #197), which is initially very
low, increases and becomes the final match due to the support it
receives from neighboring pairs. The probability of the initial
match (#164, #217) decreases because it is incompatible to other
pairs. In the final state, the second probable match to #164 be-
comes #199. Although the probability does not exceed 0.5,
(#164, #199) can be a reasonable match (see Fig. 12(i)). Similarly,
#179 is matched to #222.

The second situation is highly ambiguous (Fig. 12(k)), #241 is
initially matched to #177 but the matching probability drops
quickly due to the lack of support (Fig. 14). After the relaxation,
#224 and #234 are matched to #177, and #240 and #241 are
matched to #183, which are acceptable. Note that the third prob-
able matches to #177 and #183 are #241 and #235, respectively.
These two possibilities seem to be also reasonable in Fig. 12(k).
In addition, a close look at the probability trajectories shows that
a higher order in the probability rank reflects a higher possibility
of the match in reality.

A final note is that, although some ambiguous situations (e.g.
Figs. 9 and 12(i) and 12(k)) are even difficult for humans, our ap-
proach can reduce the ambiguities and therefore, can find the most
likely matches that are consistent in the local neighborhoods.

3.2.5. Initial probability assignment
As already mentioned previously, the matching matrix Pð0Þ in

Algorithm 1 is initialized by the NB-based probabilistic approach.
It gave promising results, but it seems that our matching approach
does not rely too much on the initial probabilities. This is evident
in Figs. 13 and 14 that, the final probabilities are not correlated
with their initial values.

To further investigate this problem, the matrix Pð0Þ was initial-
ized by randomization. This is done in three different ranges. In
the first range ½0:1;1:0�, any ti can be either or not matched to its
candidates initially. In the second range ½0:1;0:5�, all ti were ini-
tially not matched to its candidates. In the third range ½0:5;1:0�,
all ti were initially matched to its candidates. According to Eq.
(1) or (2), a zero probability will not give a valid support. Therefore,



Fig. 11. Many-to-many correspondence is better handled in our approach: (a)–(c) are obtained by RL02 (solid circles indicate preferred n-to-m matches) ; (d)–(f) are the
corresponding matches by NB (dashed circles indicate inappropriate matches).

158 X. Zhang et al. / ISPRS Journal of Photogrammetry and Remote Sensing 92 (2014) 147–163
we set the minimum initial probability to 0.1. The experiment was
repeated for 10 times for each range. The results are exemplified in
Table 4.

We can make the following observations from these experi-
ments. First, for each initial range, the performance is stable (i.e.
converging to the same result) no matter how many times the ran-
domization was repeated. Second, the performance by different
ranges of random initialization was similar. Third, although RL02

initialized by NB was better than the random initialization, the
improvement was not significant. A detailed look at their matching
results on the map did not show a substantial difference. So the
conclusion here is that the accuracy of our matching approach does
not rely critically on the initialization method. But one should note
that a good estimation may give a (slightly) better result and, more
importantly, requires fewer iterations to converge. For example,
RL02 with a random initialization needed, on average, one and half
as many iterations as that was required by the NB-based
initialization.

This does not contradict the common view in computer vision
that relaxation labeling techniques rely critically on the initializa-
tion method (Christmas et al., 1995; Zheng and Doermann, 2006;
Sidibe et al., 2007). This is because our matching problem is differ-
ent from a common computer vision problem. In computer vision,
the target set is usually a (non-rigid) deformation of the model set,
and the two are not placed in the same frame of reference (see e.g.
Lee and Won, 2011). So in their approaches, the relaxation based
matching and transformation are usually alternately iterated. The
transformation is used to bring the two sets as close as possible
iteratively. Spatial data, on the other hand, can always be roughly
aligned with their spatial references. Therefore, the matching can-
didates always lie in some local neighborhood of the target object.
This explains why the random initialization obtained reasonable
results in our case.
3.2.6. Computational issues
The complexity of Algorithm 1 is very high. Several optimizing

steps are taken in our approach. First, localization techniques are
used to define the matching candidates of ti (5) and the neighbor-
hood structures (6) and (7). Hence the sizes of Ci;N i and N j are
now statistically constant. For example, N i is defined by DT which
implies that Exp½jN ij� ¼ 6. Second, as most pij 2 P are equal to zero,
we use a sparse matrix to store P, which largely reduces the storage
need. Third, because the compatibility rijðh; kÞ are evaluated
repeatedly in the iteration, we firstly calculate the properties
(e.g. size, orientation, shape, etc.), which are themselves time-con-
suming, and then store them as attributes. This significantly im-
proved the efficiency. The efficiency can be further improved by
storing all rijðh; kÞ in a matrix (Sidibe et al., 2007), but this will
introduce additional storage overhead.

In an experiment, we counted the number of iterations required
for each street block and for each method, the box plot of iterations
and the processing time are displayed in Fig. 15 (tests performed
on a desktop with Core2 Duo CPU at 2.93G in the single task mode).
It shows that the full processing time (indicated by �) is correlated
to the number of iterations required to stop the relaxation. In gen-
eral, methods with more relative relationships added required
more iterations and longer processing time. More specifically, we
found that matching in industrial areas needed less iterations, be-
cause the situations there are less ambiguous and the density of
contextual information is higher. Besides, methods with the sup-
port function Eq. (2) (i.e. RL11;RL12 and RL13) converged a bit quick-
er than their counterparts with Eq. (1). This is because more
contextual information can be involved in Eq. (2).

The box plot further suggests that most street blocks required
relatively less iterations (less than 150), while there are a few out-
liers, which needed more than 300 iterations to stop. However, it is
unlikely that every pair in such blocks requires this many steps to



Fig. 12. Typical situations where ambiguities are reduced by our approach: (a)–(d), (i) and (k) are obtained by RL02; (e)–(h), (j) and (l) are the corresponding matches by NB.

Fig. 13. Update of matching probabilities for the situation in Fig. 12(i).
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converge. As is shown clearly in Figs. 13 and 14, many pij

converged in some 20 steps and leveled off for the rest of the many
steps. To give more insight, we counted the iterations needed by
individual matching pairs and found that 96.7% of them converged
within 20 steps. Many of them had to continue with the iteration
because some pair in the same block needed much more steps
to converge (i.e. jDpmaxj < Dpstop), thus reducing the overall
efficiency.
Hence in time-critical applications, one can sacrifice a little per-
formance for speed. For example, when the process was stopped at
the 150th step, RL02 obtained Prec. = 92.4%, Recall = 91.2% and
j ¼ 0:893. This is almost the same to its performance in Table 2
but the processing time reduced from a full running time (approx.
10 s) to 7:5 s. The processing time of RL02 was further reduced
(3:9 s) when it was stopped at the 20th step, with performance
of Prec. = 92.6%, Recall = 90.9% and j ¼ 0:892. The gain in efficiency



Fig. 14. Update of matching probabilities for the situation in Fig. 12(k).

Table 4
Performance of RL02 with random initialization (ds ¼ 50 m).

Initial range Prec. (%) Recall (%) j

½0:1;1:0� 91.5 90.7 0.883
½0:1;0:5� 92.3 90.1 0.885
½0:5;1:0� 91.1 91.4 0.885
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outweighs the loss in performance. The time needed by the various
versions when stopped at the 150th and 20th step are plotted in
Fig. 15 by } and /, respectively. Another idea could be to limit
the update to nodes with a significant change in the previous iter-
ation. Yet, this is only useful after basic convergence, e.g., after ten
or twenty iterations. Also, this will take up a bit more memory for
keeping track of these nodes.

A final possibility to improve the efficiency is that, the proposed
approach lends itself well to the parallel implementation. First, the
relaxation labeling is carried out by parallel operations (Rosenfeld
et al., 1976). That is, the update of pij at the ðt þ 1Þth iteration de-
pends only on pij and phk of the tth iteration and the compatibility
coefficient rijðh; kÞ (see Eqs. (1)–(4)). Since the compatibility is con-
stant for ðti; sjÞ with a given neighborhood definition, pij is updated
independently from each other. Therefore, the sequence in which
pij is updated is irrelevant. Second, since Algorithm 1 is applied
independently to each street block, our approach could be further
parallelized at the street block level.
Fig. 15. Box plot of the number of iterations needed for the 105 street blocks and
for different methods (� indicates outliers in the number of iterations) and their
processing time (� – full processing time, } and / – stopped respectively at the
150th and 20th iteration).
3.2.7. Remaining issues
Although our approach largely improves the matching and gives

promising results, there is still room for improvement. This section
identifies several common problems that could be further reduced
(Fig. 16).

First, in some situations many sj have equal chances to be
matched with ti (Fig. 16(a)), which reduces their average matching
probability. For example, the probabilities that #830 matched to
#348, #365, #328, #354 and #329 are 0.498, 0.496, 0.446, 0.426
and 0.351, respectively. Our current selection scheme, i.e.,
pij > 0:5, fails to identify these matches. By simply switching to a
one-to-one scheme does not solve this problem. With Eq. (3) (a
one-to-one scheme) the probabilities of these pairs are 0.225,
0.224, 0.201, 0.192 and 0.158. This is because the radial update
scheme never saturates to pij ¼ 1 (Parent and Zucker, 1989).
Although other one-to-one mapping should find the most probable
match such as (#830, #348), this is not the expected result (i.e.
#830 should be matched to #348, #365, #328 and #354).

Another way could be to model one-to-one mapping indepen-
dently, without respecting the constraint

PJ
j¼1pij ¼ 1 (such as the

NB-based matching). This would result in many-to-many corre-
spondence, but in general it gave poorer matching results as we
have shown. Our approach with Eq. (4) is getting closer. In the fu-
ture it is possible to firstly identify highly ambiguous situations by
analyzing the output probabilities and secondly to find the objects
that are more likely matched to the target object using domain
knowledge. This will further increase the recall of the matching.

Second, impossible links may be found by our approach. For
example, two target objects are matched to two source objects in
Fig. 16(b) but three links are created, which is not possible. This
can be fixed by looking into the probabilities. The probability of
ð#448;#700Þ is 0.620, which is lower than that of ð#448;#699Þ
(0.784) and ð#450;#700Þ (0.871). Hence the link between #448
and #700 should be dropped. This will further increase the preci-
sion of the matching.

Third, the primary match is correctly found, but other matches
can be missing in special cases. This usually occurs if several ob-
jects have been aggregated but one of them is more similar to
the target object. For example, the probabilities that #670 matched
to #648, #643, #641 and #639 are 0.861, 0.369, 0.289 and 0.198,
respectively (Fig. 16(c)). This is a limitation of the relaxation label-
ing based matching, as contextual information does not help too
much. Such situations can be easily matched using a different par-
adigm, e.g. by set-based analysis (Tversky, 1977; Winter, 2000).
But the question is how to identified these situations from the re-
sult of a relaxation-based matching, such that the power of differ-
ent approaches can be combined. An idea would be to analyze all



Fig. 16. Common issues identified for further improvement.
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matches in a postprocessing stage. If a pair of objects differs dra-
matically in size or shape, one possibly identifies such a situation.
But this deserves further investigation.

4. Conclusions and outlook

This paper describes a spatial data matching approach based on
relaxation labeling techniques, which is an important step towards
automated and more intelligent integration, evaluation and update
of spatial data from various sources. The major contributions of our
approach are twofold. First, we propose a domain-specific exten-
sion to standard relaxation techniques to explicitly model many-
to-many correspondence in multi-scale spatial data. Such an
extension works well in our domain, though it is not generally
applicable because we do not handle the more general many-
to-many correspondence that may be encountered in other
domains. Second, we described a new compatibility coefficient
suitable for objects that have not only positions but also lengths
and widths. The use of relative relationships (i.e. relative positions,
orientations, sizes and shapes) between spatial objects in quantify-
ing the compatibility proves to be important in the matching task.
In addition, the definition of local neighborhood structures leads to
a more efficient implementation of the algorithm. In matching
building features, our contextual approach showed superior per-
formance in general and especially in ambiguous situations (e.g.
suburban areas), in which many-to-many correspondence were
better handled.

Some measures in the compatibility coefficient are specific to
buildings, e.g., the orientation measure. They should be adapted
if our approach is to be applied to a different geographic feature.
The compatibility coefficient can be further extended by exploiting
more relative relationships in the context. In the experiments,
matching between 1:10k and 1:50k data was tested. Clearly, our
approach can be applied for a different scale range. But further
investigation should also be carried out to see which relative rela-
tionships still contribute to the matching for another scale range.
This is because some relationships may no longer be preserved
as the scale becomes smaller. Hence different relative relationships
in the compatibility coefficient may have a different impact and
thus should be finer-tuned for different scale ranges. Besides, our
approach can be directly applied to matching spatial data of the
same (or similar) scale. In this case the special treatments for
matching multi-scale data such as many-to-many correspondence
are not strictly followed.

In our experiments, we excluded built-up areas to better dem-
onstrate the main problem. To apply our approach in a real-world
application, built-up areas should also be linked to their larger
scale footprints. An idea to automate this process is firstly to
identify built-up areas (semantic or geometric criterion can be
useful) and then to perform the matching using a polygon over-
lap-based analysis. This then can be combined with the results ob-
tained in this paper.
Acknowledgements

We thank the national mapping agency, Kadaster of the Nether-
lands, for providing data to this work. This work was financially
supported by National Natural Science Foundation of China (Grant
No. 41301410), The National High Technology Research and
Development Program of China (Grant Nos. 2012AA12A404 and
2012BAJ22B02-01), and China Postdoctoral Science Foundation
funded project (Grant No. 2013M531742). The three anonymous
reviewers whose comments substantially improved this paper
are gratefully acknowledged.
Appendix A. Theoretical background concerning Eqs. (3) and (4)

This theoretical background follows the way given by Parent
and Zucker (1989). Let pij be the probability that sj 2 S may be
matched to ti 2 T . The values of pij are restricted to the range [0, 1].

In vector notation, the probability vector for ti is ~pi, which is a
vector of probabilities that all sj’s, for j 2 ½1; J�, match to ti. Hence
the constraint

PJ
j¼1pij ¼ 1 enforced in Eq. (3) can be written as

~pi � l ¼ 1, where l is a J dimensional vector of 1’s ð1; . . . ;1Þ. Likewise,
the support ti receives can be denoted as a J dimensional vector ~qi,
too. Both ~pi and ~qi are nonnegative, so they lie inside the positive
quadrant of a vector space (e.g. Fig. A.17(a)).

Let ~pi
ðtÞ and ~qi

ðtÞ be the probability vector and the support vector
of ti at iteration t. The radial projection rule updates the probability
vector by adding ~pi and ~qi and scaling them in a J dimensional vec-
tor space:

~pi
ðtþ1Þ ¼

~pi
ðtÞ þ ~qi

ðtÞ

ð~pi
ðtÞ þ ~qi

ðtÞÞ � l ¼
~pi
ðtÞ þ ~qi

ðtÞ

1þ
PJ

j¼1qðtÞij

: ðA:1Þ

This is a vector version of Eq. (3). The above equation is such
that it satisfies the one-to-one constraint:

PJ
j¼1pij ¼ 1 (i.e.

~pi � l ¼ 1). In the iterative updating, the probability vector takes
small steps until it coincides with the direction of the support vec-
tor. The denominator serves only as a scaling factor that does not
change the direction of the updating in that space. The probability
vector ~pi always converges on a hyperplane (~pi � l ¼ 1) in the vector
space due to the use of the above scaling factor. This is illustrated
in Fig. A.17(a). A detailed account can be found in Parent and
Zucker (1989).



Fig. A.17. For the case of ti matched with two potential candidates s1 and s2, updated matching probabilities pi1 and pi2 are obtained by scaling ~pi
ðtÞ þ ~qi

ðtÞ to satisfy
constraints: (a) ~pi � l ¼ 1 and (b) k~pik ¼ 1.
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Eq. (4) differs from Eq. (3) only in the scaling factor. To enforce
many-to-many correspondence in our matching task, a necessary

constraint to satisfy could be
PJ

j¼1ðpijÞ
2 ¼ 1. This constraint allows

that more than one pij may be larger than 0.5. In vector notation,
this rewritten constraint can be expressed as k~pik ¼ 1. This means
that ~pi should converge on a hyper-sphere instead of a hyperplane
(as shown in Fig. A.17(b)). To do this, we choose a different scaling
factor and rewrite Eq. A.1 as:

~pi
ðtþ1Þ ¼

~pi
ðtÞ þ ~qi

ðtÞ

k~pi
ðtÞk þ k~qi

ðtÞk
¼

~pi
ðtÞ þ ~qi

ðtÞ

1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPJ

j¼1 qðtÞij

� �2
r : ðA:2Þ

In the above equation, we scale the sum of ~pi and ~qi by the sum

of their lengths, where k~pik ¼ 1 and ð
PJ

j¼1ðq
ðtÞ
ij Þ

2
Þ

1=2
is the length of

~qi in a J dimensional vector space. This scaling factor provides a
reasonable approximation. Although it projects ~pi approximately
onto the hyper-sphere in the first few iterations, as ~pi approaches
to the direction of the final ~qi

ð�Þ (see Fig. A.17(b)), the scaling factor
k~pik þ k~qik will project ~pi þ ~qi exactly on the hyper-sphere (~pi

ð�Þ).
We empirically confirmed that k~pik ¼ 1 holds for our matching

results. Note that although such an extension works well for our
application domain, it is not a universally applicable extension.
To handle the more general case, one has to model arbitrary rela-
tionships between ftig and fsjg, which is out of the scope of this
paper.
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