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In this paper, a method to detect corresponding point pairs between polygon object pairs with a string
matching method based on a confidence region model of a line segment is proposed. The optimal point
edit sequence to convert the contour of a target object into that of a reference object was found by the
string matching method which minimizes its total error cost, and the corresponding point pairs were
derived from the edit sequence. Because a significant amount of apparent positional discrepancies
between corresponding objects are caused by spatial uncertainty and their confidence region models
of line segments are therefore used in the above matching process, the proposed method obtained a high
F-measure for finding matching pairs. We applied this method for built-up area polygon objects in a
cadastral map and a topographical map. Regardless of their different mapping and representation rules
and spatial uncertainties, the proposed method with a confidence level at 0.95 showed a matching result
with an F-measure of 0.894.
� 2013 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS) Published by Elsevier

B.V. All rights reserved.
1. Introduction

An important process in map conflation is object matching,
which identifies corresponding object pairs with geometric simi-
larities in terms of distance (Li and Goodchild, 2011; Min et al.,
2007), shape (Bel Hadj Ali, 2001) or objects’ neighborhood relation-
ship (Kim et al., 2010; Samal et al., 2004) and consequently deter-
mines the optimal object pairs with the highest similarities among
the candidate pairs (Li and Goodchild, 2011). However, the differ-
ent mapping and representation rules of surveying agencies and
spatial uncertainties in each geospatial dataset lead to inevitable
positional discrepancies between corresponding objects. Because
the above similarities are easily affected by the discrepancies, a
map alignment that detects corresponding point pairs and then
transforms a map to adjust and align corresponding objects well
is necessary prior to the matching process (Yuan and Tao, 1999).

There have been many studies related to this topic. Beard and
Chrisman (1988) proposed the Zipper algorithm to detect corre-
sponding point pairs for edge matching between adjacent geospa-
tial datasets. Gösseln and Sester (2003) detected corresponding
point pairs with the iterative closest point (ICP) algorithm for
two point sets derived from each contour of the corresponding ob-
jects. Masuyama (2006) proposed the integrated apparent differ-
Society for Photogrammetry and R
ence detection method to determine corresponding point pairs
between the boundaries of two tessellation datasets. Butenuth
et al. (2007) combined distance and angle similarities to detect cor-
responding point pairs and aligned geospatial datasets with the
dual interval alignment method. Seo and O’Hara (2009) detected
corresponding line segment pairs and their corresponding point
pairs using the raster-based matching method, which converts line
segments into raster data using the segments’ existence, length,
distance, and orientation, and then the reconstructed vector geom-
etries are used to find corresponding pairs. Huh et al. (2011) pro-
posed a string matching method that searches the optimal point
edit sequence to convert the contour of a target object into that
of a reference object with a minimum total edit cost; the method
uses three types of edit operations, deletion, insertion and substi-
tution, for individual points on the contour of a target object. Given
the optimal point edit sequence, corresponding point pairs are
determined as pairs on which a substitution edit operation is
chosen.

However, these methods can be further improved. Most of the
methods detect corresponding point pairs based on a local search
strategy that independently identifies pairs one after another
(Li and Goodchild, 2011). Given a point in one geospatial dataset,
several candidate points in another geospatial dataset are evaluated
with a similarity criterion, and a single point with the highest sim-
ilarity is chosen as the corresponding point. Therefore, when candi-
date point pairs are evaluated by a local search strategy, as Li and
Goodchild (2011) noted, their compatibilities with neighboring
emote Sensing, Inc. (ISPRS) Published by Elsevier B.V. All rights reserved.
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corresponding pairs are not considered as the contextual matching
methods of Kim et al. (2010) or Samal et al. (2004). The iterative
matching and evaluating process in the ICP algorithm of Butenuth
et al. (2007) and Gösseln and Sester (2003) or the string matching
method of Huh et al. (2011) could alleviate the aforementioned
problem. However, the performance of the ICP algorithm is sensi-
tive to initial matching pairs and can easily degenerate with the
presence of outliers (Chui and Rangarajan, 2003). Additionally,
the ICP algorithm needs a transformation model between corre-
sponding points as known a priori. In the case of a map registration
or a sensor pose estimation problem, a rigid or an affine transforma-
tion model can be assumed to explain auto-correlated positional
discrepancies between corresponding points. On the other hand,
the positional discrepancies in this study are mainly occurred by
a random deformation process rather than a systematic transfor-
mation process. Thus a transformation model can lead to an errone-
ous matching result as shown in Fig. 1. In the figure, there are seven
true corresponding point pairs (a1,b1), (a2,b2), (a3,b3), (a4,b4),
(a5,b5), (a6,b6) and (a9,b8). Even though all the seven pairs are
searched, the pairs in the upper left corner dominate a least square
estimation process to determine transformation parameters. Thus,
iterated correspondence search and map transformation would
eventually result five corresponding point pairs in Fig. 1b with
one false corresponding pair of (a8,b7) and two missed pairs of
(a6,b6) and (a9,b8).

Thus a new matching method considering a deformation model
for each line segments and points is necessary. To resolve the
above problems, Huh et al. (2011) used a string matching method
that used cost functions based on a physical deformation energy
model. However, their cost functions could not be generalized
and sometimes presented improper results because they were heu-
ristically determined.

In this regard, we modify the string matching method of Huh
et al. (2011) to further develop a general method by means of (1)
a confidence region model of a line segment (Shi, 1998) and (2) cal-
culating the cost for an edit operation based on the normalized dis-
crepant area (Shi et al., 2003), which measures the change in the
confidence region caused by an edit operation on a point. Because
every geospatial datasets have their own spatial uncertainties
(Gahegan and Ehlers, 2000), the corresponding line segments and
their points have inevitable random positional discrepancies.
Masuyama (2006) called this type of random discrepancy as appar-
ent discrepancies and distinguished them from substantial dis-
crepancies. Substantial discrepancies are caused by the mapping
agencies’ different data acquisition time or surveying rules with
Fig. 1. The problem of ICP-based methods to find corresponding point pairs: (a) original o
with the pairs.
which the real world entities to be represented are chosen; thus,
there is no correspondence between them. We assume that the
apparent discrepancies would be adjusted by a substitution edit
operation because it moves points of a target object to the posi-
tions of their corresponding points of a reference object. However,
substantial discrepancies would be removed by deletion and inser-
tion edit operations because the operations delete points of a tar-
get object or insert points of a reference object into a target object.

Consequently, we used the uncertainty model of line segments
and their endpoints for three purposes. Firstly, the costs for the
aforementioned three types of point edit operations are calculated
with the confidence regions for each line segment and point. Sec-
ondly, criteria to generate a virtual corner point (Huh et al., 2011)
are determined from the model. This point is an intersecting point
of two straight lines extended from line segments linked to each side
of a line segment. By inserting a virtual point, corresponding corners
where one is described as a point and the other as a line segment, can
have an appropriate corresponding point. Thirdly, a distance thresh-
old for corresponding point pairs is obtained from the model. In the
previous study of Huh et al. (2011), these were all independently
and heuristically estimated based on an analysis of a training site.
However, in this study, they were obtained by introducing a spatial
uncertainty model based on the confidence regions of the line seg-
ments and points. Therefore, the proposed method could be more
generally applicable for various geospatial datasets.

The remainder of the paper is structured as follows. In the next
section, the structure of this study is described, and their details of
the proposed method are presented. Then, the results of the meth-
od are evaluated and discussed in Section 3. Finally, the conclusion
is given in Section 4.

2. The proposed method

The logic flow of the proposed line segment confidence region-
based string matching method and its evaluation method are pre-
sented in Fig. 2. They include the following three steps: (a) data
preparation, (b) point matching and (c) result evaluation. The data
preparation step is comprised of two processes: calculation of the
confidence regions of the line segments based on the spatial uncer-
tainty model and the generation of virtual corner points for the
corner areas. Occasionally, corresponding corner areas between
two objects are represented as different feature types, such as a
point feature in one object and a line feature in the other object.
In this case, the virtual corner point obtained by the intersecting
point of the two line segments linked to both sides of the corner
bjects A and B, (b) detected corresponding point pairs and transformation of object B



Fig. 2. The logic flow of the proposed method and the evaluation of the method.
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line segment could improve the quality of the map alignment (Huh
et al., 2011). Details of the step are presented in Sections 2.1 and
2.2.

The point matching step is comprised of two processes: deter-
mination of the cost functions for point edit operations of deletion,
insertion and substitution and a string matching through the min-
imization of the total cost, also referred to as an edit distance,
required to convert the contour of a target object into that of a ref-
erence object by means of editing the points of the target object.
Details of this step are presented in Sections 2.3 and 2.4.

The result evaluation step assesses the result of the proposed
method. We applied the proposed method to a cadastral map
and a topographical map and then evaluated the result with a
visual and statistical analysis. In the visual analysis, the detected
corresponding point pairs according to several confidence levels
and boundaries of two objects from the maps are overlapped and
compared. In the statistical evaluation, we compared the corre-
sponding point pairs detected by the proposed method and those
manually detected. Details of the step are presented in Section 3.

2.1. Calculation of the confidence regions of line segments

Shi (1998) provides a statistical approach for modeling the posi-
tional error of geometric features with a confidence region model.
A confidence region of a line segment is a band within which the
true position of the line segment lies with a probability larger than
a confidence level. The region was derived using the error of a line
segment’s two endpoints. Assuming a line segment s0,1 with two
end points p0 and p1, then P0 and P1 are estimators of the true posi-
tions of endpoint p0 and p1, respectively. The positional errors of
the two points are modeled as the following equation (Meidow
et al., 2009; Shi, 1998):
P0 ¼
X0

Y0
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where li,X and li,Y are the mean x- and y-direction position of point
pi, r2

X and r2
Y are their variances, and rXY is the covariance. A line

segment is determined by a set of arbitrary points pr on the line seg-
ment between p0 and p1 as shown in Fig. 3.

By applying the error propagation law to the above definition
and assuming independent and equal variances and covariances,
the positional error of a line segment can be represented by the fol-
lowing equation (Shi, 1998):



Fig. 3. An arbitrary points pr on the line segment between p0 and p1.
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where pr is an estimator of position of point pr, Xr and Yr are estima-
tors of x- and y-direction positions of pr, respectively. With the
above error model, the confidence region J0,1 of a line segment s0,1

is defined as a region that all points pr on the line segment are con-
tained within the region with a probability larger than a confidence
level c, as described by the following equation:

Probðpr 2 J0;1 for all r 2 ½0;1�Þ > c ð3Þ

where Prob() is a probability function. This region J0,1 is the union of
the confidence regions Jr of each point pr that satisfy Eq. (4), where
the parameter k is set as v2

2;ð1cÞ=2 (Shi, 1998).

Xr � ½kðð1� rÞ2 þ r2Þ�1=2rX 6 xr 6 Xr þ ½kðð1� rÞ2 þ r2Þ�1=2rX

Yr � ½kðð1� rÞ2 þ r2Þ�1=2rY 6 yr 6 Yr þ ½kðð1� rÞ2 þ r2Þ�1=2rY

ð4Þ

To practically calculate the confidence region J0,1, the original
confidence region could be simplified as the union of confidence
regions of Jr as shown in Fig. 4. Thus confidence regions of pr with
a positional quality of the geospatial dataset and confidence level c
Fig. 4. Simplified confidence regi
are necessary. Among these, the confidence level could be set by a
user and the other could be estimated from the analysis of a train-
ing site. Details of this process are presented in Section 3.
2.2. Generation of virtual corner points for corner line segments

Sometimes, substantially corresponding areas between two ob-
jects are represented by different geometries, such as the areas
within the circles of Fig. 5. While one corner of a map is repre-
sented as a line segment, its corresponding corner in the other
map is represented as a point. In this case, a matching method
chooses one of the following: matching of the corner point with
either of the end points of the corner line segment or no matching
for that area. If any of the matching pairs were used for map align-
ment, their neighboring line segments would be distorted. How-
ever, if no pair was used for that area, the alignment of the
neighboring line segments would not be performed well because
of the fewer corresponding point pairs.

This problem can be resolved by introducing the virtual corner
point, which is the intersecting point of straight lines derived from
the two line segments linked to both sides of the corner line seg-
ment (Huh et al., 2011). By inserting these points, sufficient candi-
date corresponding point pairs can be considered in the proposed
matching process. However, there is a need to define a geometric
condition to generate and insert these points into an object. In this
on J0,1 of a line segment s0,1.



Fig. 5. Comparison of corresponding objects in a topographical map and a cadastral map.

Fig. 6. Three cases for virtual corner point generation: (a) apparently different representation of a corner area, where the virtual corner point vi,i+1 of corner line segment si,i+1

exist in one of the confidence regions of the two linked line segments Ji�1,i and Ji+1,i+2, (b) substantially different representation of a corner area, (c) an additional constraint for
virtual corner point in a curve area.
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study, we determined whether the virtual corner point of a corner
line segment to be generated or not based on the confidence re-
gions of the line segments linked to both sides of the corner line
segment, as shown in Fig. 6. A confidence region is defined as an



Fig. 7. Discrepant area between J1,2 and J3,4 with a small confidence level (a) and a large confidence level (b).

Fig. 8. Three types of point edit operations and their discrepant areas: (a) deletion, (b) insertion and (c) substitution.
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area within which the true position exists with a probability larger
than a confidence level (Shi, 1998). Therefore, if the virtual corner
point vi,i+1 of corner line segment si,i+1 exists in either of the confi-
dence regions of the two linked line segments Ji�1,i and Ji+1,i+2, the
virtual corner point and corresponding corner line segment could
be assumed to be apparently different representations of the cor-
ner area, as shown in Fig. 6a. However, if the virtual corner point
does not exist in either of the confidence regions of the two linked
line segments, they could be assumed to be substantially different
representations of the corner area, as shown in Fig. 6b. Finally, we
consider an additional constraint for a curved corner area, as
shown in Fig. 6c, where virtual corner points would be successively



Fig. 9. Three types of point edit operations and their normalized discrepant areas: (a) deletion, (b) insertion and (c) substitution.

Fig. 10. Change of exterior angle at ai�1 from hi�1 to hj�1.
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generated. Virtual corner points could improve the performance of
the map alignment by means of properly aligning two line seg-
ments linked to both sides of the corner line segments. However,
these successive short line segments in a curved corner area could
be just different representations of corner points, not meaningful
line segments for which corresponding line segments are to be
found. In this case, the segments would generate redundant virtual
corner points, which could give unreasonable results. To prevent
these points, we add a constraint that both the proceeding and fol-
lowing line segments are long enough so that the confidence re-
gions of their endpoints do not overlap each other. The
aforementioned conditions for a virtual corner point can be de-
scribed by the following equation:

v i;iþ1j
ðv i;iþ1 \ unionðJi�1;i; Jiþ1;iþ2Þ–/Þ and
ðJi�1 \ Ji–/ and Jiþ1 \ Jiþ2–/Þ

� �
ð5Þ
2.3. Cost determination of the point edit operation

Because spatial uncertainties arise in data acquisition and rep-
resentation processes, the positions of corresponding spatial ob-
jects do not overlap with the true position of the real world
entity that the objects represent. Under this circumstance, a proper
error model is necessary to measure the cost of a point edit oper-
ation in terms of the change in confidence regions. There are
several indicators that measure errors between two regions, such
as commission error, omission error, discrepant area and normal-
ized discrepant area (Shi et al., 2003).

Among them, the normalized discrepant area measure was cho-
sen to calculate the cost of point edit operations. Because the posi-
tional error of each point between two regions is measured by the
discrepancy between them, the sum of the all positional errors of
all the point pairs between the regions denote the error between
the regions as a whole (Shi et al., 2003). Therefore, the discrepant
area (D) is defined as the union of the discrepancies of all point
pairs between the regions, as shown in Fig. 7. However, the area
measures an error between two identical line segments as the area
of their confidence regions, not zero even thought there is no dif-
ference between the line segments. To address this problem, the
normalized discrepant area (ND) is proposed, as described by the
following equation (Shi et al., 2003):

NDðJ1;2; J3;4Þ ¼ AreaðDÞ �minfAreaðJ1;2Þ;AreaðJ3;4Þg ð6Þ



Fig. 11. Pseudo code of the proposed method to find corresponding point pairs.

Table 1
Specifications of the experimental datasets.

Cadastral map Topographical map

Mapping
institute

Korea cadastral survey
Corp.

National geographic
information institute

Coordinate
system

Bessel TM GRS-80

Scale 1:800 1:1000
Corresponding

class
Built-up area

Test site Central urban area of
Suwon

Coverage 1.5 km by 1.5 km

Table 2
Error estimation from corresponding point pairs at a training site.

rX rY

Measured rX and rY between the maps 0.814 0.738
Estimated rX and rY of each map 0.576 0.522
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The following cost functions to convert the contour of a target
object into that of a reference object by means of editing the points
of the target object are measured by the normalized discrepant
area. When a point edit operation changes the position of confi-
dence regions of the involved line segments, the normalized dis-
crepant area between confidence regions before and after the
operation is used for the cost. Details of each operation and their
costs are as follow.

2.3.1. Deletion edit operation
A deletion edit operation o(ai ? /) removes a point ai from a

target object A as shown in Fig. 8a, so that the two line segments,
si�1,i and si,i+1 become a single line segment si�1,i+1. Therefore, a cost
of a deletion edit operation is calculated as a normalized discrepant
area between the union of Ji�1,i and Ji,i+1, and Ji�1,i+1, as described by
Fig. 9a and the following equation:

cdelðai ! /Þ ¼ NDðUnionðJi�1;i; Ji;iþ1Þ; Ji�1;iþ1Þ ð7Þ
2.3.2. Insertion edit operation
An insertion edit operation o(/ ? bj) inserts point bj of a refer-

ence object B into its relative position on a target object A shown in
Fig. 8b, so that a single line segment, si�1,i, is split into two line seg-
ments, si�1,ins and sins,i. Essentially, our spatial uncertainty model
assumes random errors, and therefore, the original position of bj

should be used for that of the inserted point. However, even
though corresponding point pairs over the entire experimental
coverage have random positional errors, the local corresponding
point pairs in a single corresponding object pair could have auto-
correlated positional errors. To address this problem, the position
of an inserted point ains is obtained by the relative position of bj

based on the latest corresponding point pair, if two points of ai�1

and bj�1 are a corresponding point pair, they become aLS and bLS,
respectively.

ains ¼ aLS þ ðbj � bLSÞ ð8Þ

where aLS and bLS are a point pair on which the latest substitution
operation is chosen before an involved edit operation. Then, the cost
of an insertion point operation is calculated as a normalized dis-
crepant area between a union of Ji�1,ins and Jins,i, and Ji�1,i, as
described by Fig. 9b and the following equation:

cinsð/! bjÞ ¼ NDðJi�1;i;UnionðJi�1;ins; Jins;iÞÞ ð9Þ
2.3.3. Substitution edit operation
A substitution edit operation o(ai ? bj) moves point ai in a tar-

get object A to the relative position a�i of bj in a reference object
B shown in Fig. 8c, so that the shape of a polyline with two line seg-
ments, si�1,i and si,i+1, is converted into that with two line segments
si�1;i� and si� ;iþ1. Here, the position of a�i is similarly obtained as ains

with Eq. (8). This substitution operation moves a polyline with two
line segments, si�1,i and si,i+1 at the same time, thus its discrepant
area and normalized discrepant area are measured as shown in
Figs. 8c and 9c.

Different from the previous edit operations, an angle change
penalty term is considered when the cost of a substitution edit
operation is calculated as Eq. (10). Given (ai�1, bj�1) and (ai�2, bj�2)
are the latest corresponding point pairs, the angle change of line
segments between si�1,i and si�1;i� is measured as the difference be-
tween exterior angles at ai�1 and bj�1 as shown in Fig. 10. If there is
no two previous corresponding point pairs such as a substitution
edit operation involved with the first or second vertex of any con-
tours, csub(ai ? bj) is calculated only with NDðJi�1;i;iþ1Ji�1;i� ;iþ1Þ.

csubðai ! bjÞ ¼ NDðJi�1;i;iþ1; Ji�1;i� ;iþ1Þ � expðkjhi�1 � hj�1jÞ ð10Þ

where Ji�1,i,i+1 denotes an union of Ji�1,i and Ji,i+1. Ji�1;i� ;iþ1 denotes an
union of Ji�1;i� and Ji� ;iþ1. k denotes a coefficient for angle change and
is set to 0.1. hi�1 and hj�1 denote exterior angles in radian at vertex
ai�1 and bj�1, respectively.

In this study, the confidence region of a spatial object is a region
within which the object’s true position lies with a probability lar-
ger than a confidence level. Therefore, the confidence regions of
corresponding points should intersect each other. To impose this
constraint, Eq. (10) is modified as the following equation:



Fig. 12. Three corresponding polygon object pairs between a topographical map and a cadastral map.

Y. Huh et al. / ISPRS Journal of Photogrammetry and Remote Sensing 78 (2013) 69–84 77
csubðai! bjÞ¼
NDðJi�1;i;iþ1; Ji�1;i� ;iþ1Þ �expðkjhi�1�hj�1jÞ if Jai \ Jai�–null

inf otherwise

�
ð11Þ

where exp and inf denote an exponential function and an infinite
value, respectively.

2.4. String matching through minimization of total cost

There have been various studies that use a string matching
technique for shape recognition (Chen et al., 1998) and shape
matching (Kaygin and Bulut, 2002). Their methods represent the
boundary contour of an object with a string, where each attrib-
uted characteristic corresponds to points on the contour. Let
A = [a1, a2, . . . ,an] and B = [b1, b2, . . . ,bm] denote two point
sequences of objects to be matched. An edit sequence is defined
as a sequence of ordered edit operations O = [o1, o2, . . . ,oN], where
oi is one of the three types of edit operations. If ci is the cost of oi,
then the edit distance between A and B is defined as the minimum
total cost of operation sequence that converts A into B, as
described by the following equation:

EDðA;BÞ ¼min
X

O

cijO is an edit sequence converting A to B

( )

ð12Þ

The optimization of the edit sequence to attain the minimum
edit distance can be solved by a dynamic programming technique
based on the following property of the following equation (Bunke
and Buhler, 1993):
EDðAh1;ii;Bh1;jiÞ ¼min
EDðAh1;i�1i;Bh1;jiÞ þ cdelðai ! /Þ
EDðAh1;ii;Bh1;j�1iÞ þ cinsð/! bjÞ
EDðAh1;i�1i;Bh1;j�1iÞ þ csubðai ! bjÞ

8><
>:

9>=
>; ð13Þ

where Ah1,ii = [a1, a2, . . . ,ai] and Bh1,ji = [b1, b2, . . . ,bj] denote two par-
tial point sequences from a1 to ai, and from b1 to bj, respectively.
However, the point pairs for the substitution edit operation cannot
be obtained from the minimum edit distance itself. It is necessary to
maintain the sequences of the previously chosen edit operations.
Therefore, an edit operation matrix T, where T(i, j) records the latest
chosen edit operation of ED(Ah1,ii, Bh1,ji) is also constructed. With this
matrix, the optimal edit sequence for ED(Ah1,ii, Bh1,ji) could be ob-
tained by a backtracking analysis from T(i, j). This analysis checks
the previously chosen edit operation among the deletion from
T(i � 1, j), the insertion from T(i, j � 1), and substitution from
T(i � 1, j � 1) and repeats these steps until T(0,0) is reached (Kruskal
1983). A final sequence is also obtained by the backtracking analysis
from T(n,m). These two matrices could be obtained by the following
pseudo code shown in Fig. 11.

Before we apply the above method, two practical problems
should be addressed. Firstly, when we calculate the cost of an
insertion or substitution edit operation, sometimes there is no pre-
viously determined corresponding point pair for aLS and bLS in Eq.
(8). To address this problem, we set the origin of coordinates
(0,0) and (0,0) as an initial corresponding point pair. Secondly,
when we apply the above dynamic programming technique to
two polygon objects, a problem occurs related to the starting
points of the objects. Generally, the starting point of the contour
of a polygon object is arbitrary. Given A = [a1, a2, . . . ,an] and
B = [b1,b2, . . . ,bm], a1 can correspond to ak and then a2 to bk+1,



Fig. 13. Comparison of detected corresponding point pairs of Fig. 12 according to confidence levels at 0.80, 0.90 and 0.99 for Fig. 12a and c and 0.90, 0.95 and 0.99 for Fig. 12b.
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sequentially. In this case, the proposed method should be applied
for A = [a1, a2, . . . ,an] and B0 = [bk, bk+1, . . . ,bm, b1, . . . ,bk�1]. This prob-
lem can be resolved by fixing a starting point of one object and
then shifting the starting point one by one in the string of the other
object (Bunke and Buhler, 1993). Among all cost matrices accord-
ing to the shifting, the matrix that has the minimum final cost va-
lue at ED(n,m) is chosen and its operation matrix T is used to
determine corresponding point pairs.
3. Experiment and result

3.1. Preparation with spatial uncertainty between two geospatial
datasets

We applied the proposed method to two heterogeneous geospa-
tial datasets, the cadastral map of Korea land information system
(KLIS) and the national base topographical map of the National
Geographic Information Institute. The experiment area chosen
was the central urban area of Suwon. Details of the datasets are
presented in Table 1.
Before applying the proposed method, a corresponding class
pair from which the corresponding object pairs are searched
should be determined. In this study, we chose the built-up area
for the corresponding class. Though there are several classes that
correspond to each other between the two maps, many of them
are related to transportation classes, such as roads, or hydrology
classes, such as rivers. In general, these objects constitute network
structures, and thus, it is not suitable to derive object pairs from
which corresponding contours are obtained (Huh et al., 2011).
Therefore, we alternatively use objects in a built-up area class that
are contained by transportation or hydrology objects because
built-up area objects are generally isolated each other and it is easy
to find corresponding objects between geospatial datasets (Timpf,
1998).

We first chose 100 corresponding point pairs at a training site
and measured the variances between the maps in the x- and y-
coordinates. Assuming the errors in the maps are independent
and identical, we divided them by

ffiffiffi
2
p

and estimated the variances
of each map as shown in Table 2. Now the processes of generation
of a virtual corner point, calculation of a point edit operation cost
and distance constraint for a substitution edit operation can use



Fig. 14. Comparison of detected corresponding point pairs of Fig. 12a according to confidence levels at 0.80, 0.90 and 0.99.
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the above error estimations. However, it is unclear what confi-
dence level would show an optimal matching result. Therefore,
we chose candidate levels, 0.80, 0.85, 0.90, 0.95 and 0.99, then
evaluated the levels with the experimental dataset.

3.2. Result and discussion

The proposed method was evaluated with 100 built-up area
polygon object pairs at the test site. We chose three object pairs
in Fig. 12 and compared their detected corresponding point pairs
according to three confidence levels as shown in Fig. 13.

Fig. 14 compares the detected corresponding point pairs of
Fig. 12a around the upper left corner area (Fig. 14a–c) and a
dead-end street (Fig. 14d–f). The corner area is represented by an
edge in the cadastral map and a point in the topographical map.
When the confidence level was set at 0.8, the corner edge did not
generate a virtual corner point. Thus the point in the cadastral
map was matched to the closer end point of the corner edge as
shown in Fig. 14a. However, considering the purpose to align con-
tours of corresponding objects, it needs to find a point pair which
properly aligns the line segments linked to the corner areas of each
map. This was achieved by inserting a virtual corner point. As
shown in Fig. 14b and c, the virtual corner points improved align-
ment performance especially for corresponding corner areas where
one is represented by a point and the other by an edge. Around the
dead-end street in Fig. 14d–f, the results of the entrance corners
were same regardless of the confidence levels. However, the results
of the dead-end corner edge were different. Confidence levels at
0.80 and 0.90 found only one point pair and the level at 0.99 found
two point pairs. In fact, it is unclear which result is a true one be-
cause the left corner of the dead-end corner has different shapes.
Therefore, the above results indicate that; as a confidence level
of the proposed method increases, corresponding points whose
positions and the geometries of neighboring line segments are dif-
ferent begin to become a corresponding point pair.

The above property is also shown in Fig. 15 that confidence lev-
els at 0.80, 0.85 and 0.90 found no corresponding point pairs. After
a confidence level at 0.95, the proposed method began to find
corresponding point pairs. This means that the optimal confidence
level for an object pairs should be chosen according to the geomet-
ric differences of involved objects. As magnitudes of discrepancies
between corresponding points are large and directions of them are
irregular as shown in Fig. 15, a sufficient large confidence level
should be selected.

However, a large confidence level can present more false corre-
sponding point pairs as shown in Fig. 16. In the Fig. 16a–c, a larger
confidence level found more corresponding point pairs even
though some of these pairs deformed much of the geometries of
original line segments especially in Fig. 16c. This is because de-
tailed geometries of line segments’ confidence regions are
smoothed as a confidence level increases as shown in Fig. 7. Thus
different local-scale geometries are underestimated, and thus the
proposed method chooses more substitution edit operations to de-
form the contour of a target object in that of a reference object.
This property can distort not only involved a point pair but also
its neighboring pairs. The proposed method with confidence levels
at 0.80 and 0.90 determined the virtual corner point and b1 as a
corresponding point pair instead of (a1,b1) or (a2,b1) as shown in
Fig. 16d and e. This is because the neighboring corresponding point
pair (a0,b0) worked as aLS and bLS in Eq. (8). According to Eq. (8), the
previously determined corresponding point pair affects its follow-
ing edit operations by adjusting the position of an inserted or
substituted point. Therefore, the neighboring corresponding point
pairs in Fig. 16d–f moved the position of the cadastral map to



Fig. 15. Comparison of detected corresponding point pairs of Fig. 12b according to confidence levels at 0.90, 0.95 and 0.99.
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slightly upper right position when the involved edit costs were cal-
culated. Meanwhile, in case of confidence level at 0.99, a pair of
(a1,b1) became a corresponding point pair because b2 chose the vir-
tual corner point in Fig. 16i as its corresponding point instead of a3

in Fig. 16g and h.
To analyze the effect of a confidence level to determine an opti-

mal edit sequence, one simple alignment of two polylines in Fig. 17
was examined whether a substitution edit operation of (ai,bj) is
chosen or not according to different confidence levels. For simplic-
ity, (ai�2,bj�2) and (ai�1,bj�1) are assumed to be corresponding
point pairs. Thus it only needs to compare two edit sequences; sub-
stitution of ai and a�i with the cost of csub(ai ? bj) and inserting ains

then deleting ai with the cost of cins(/ ? bj) + cdel(ai ? /). With the
error estimation in Table 2, Fig. 18 shows that the ratio of csub(-
ai ? bj) to cins(/ ? bj) + cdel(ai ? /) decreases as a confidence level
increases. This means that a large confidence level measures rela-
tively a less cost to a substitution edit operation comparing to an
alternative edit sequence to align the two polylines in Fig. 17, thus
more corresponding point pairs can be found even though geomet-
ric discrepancies are very large. This also means that a large confi-
dence level would lead to erroneous deformation of individual line
segments with false corresponding point pairs. Thus it needs to
find an optimal confidence level with a statistical evaluation.

To statistically evaluate the performance of the proposed meth-
od, we compared the detected pairs by the proposed method
according to confidence levels with those manually detected. We
used three types of measures: commission error, omission error
and the F-measure from Eq. (14) (Euzenat and Shvaiki, 2007). As
shown in Table 3, the result using a confidence level at 0.95 pre-
sented the highest F-measure. All of the confidence levels, omis-
sion errors are larger than commission errors. This is because we
added a distance threshold and the penalty term of angle change
as Eq. (11).

F-Measure ¼ ð1� ECÞ � ð1� EOÞ
0:5� ð1� ECÞ þ 0:5� ð1� EOÞ

ð14Þ

where EC denotes a commission error and EO denotes an omission
error.

We also compared the results of this study and those of Huh
et al. (2011) to evaluate the improvement of the proposed method.



Fig. 16. Comparison of detected corresponding point pairs of Fig. 12(c) according to confidence levels at 0.80, 0.90 and 0.99.
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The processes of the two methods are similar in that they have two
steps: generation of virtual corner point and detection of corre-
sponding point pairs with a string matching method. In fact, the
first step is a pre-process to improve the performance of the
matching step by means of approximating shapes of two polygon
objects. Therefore, we only compared matching results caused by
different edit operation cost functions in the second step. Given ob-
ject pairs with a simple shape, both methods presented nearly the
same results, whereas in the case with complicated boundaries
composed of short line segments, different results were obtained.
The previous method detected a smaller number of corresponding
point pairs. This difference is caused by the characteristics of the
cost functions. The previous cost functions of Huh et al. (2011)
are based on a physical deformation energy model, which assumes
line segments as elastic materials and combines stretching and
bending energy of the segments, as described by Eq. (15). Each en-
ergy is obtained from the changes in the length (Dl) and angle(Dh)
of the line segments and combined with a weight coefficient
a = 0.98. Thus a larger change of line segment’s length or interior
angle between linked line segments to align contours causes a lar-
ger cost. Consequently, the methods of this study and Huh et al.
(2011) have similar ideas to measure the cost of an edit operation;
as an operation changes more geometries of involved line seg-
ments, its cost becomes larger. However, the method in this study
uses difference between confidence regions of involved line seg-
ments to measures changes of geometries, meanwhile the previous
method of Huh et al. (2011) used direct changes of geometries as
the following equation:

c ¼ aðDl=PÞ2 þ ð1� aÞðDhÞ2 ð15Þ

where Dl and Dh are the changes in the length and angle, respec-
tively, caused by a point edit operation. P is the perimeter of a ref-
erence object. Here, the angle change occurs in a limited interval,
from 0 to 2p; however, the length change has no such interval. To
resolve this problem, the length change is normalized by the perim-
eter of a reference object.

However, the above weight coefficient was heuristically deter-
mined and could present unstable matching results according to



Fig. 17. Alignment of two polylines with two possible edit operation sequence: (a) two polylines to be aligned, (b) substitution of ai and bj, and (c) insertion of bj then deletion
of ai.

Fig. 18. Effect of confidence level on cost ratio between two possible edit operation sequences in Fig. 17; rX and rY of Table 2 are used for error estimation.
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the size and shape of involved object pairs. Therefore, in the case of
short line segments with complicated shape in a large object, angle
differences primarily dominate overall edit operation costs and
matching results as shown in Fig. 19. In the figure, the previous
method of Huh et al. (2011) finds smaller number of corresponding
point pairs whose discrepancies have similar directions. Conse-



Table 3
Statistical evaluation of the proposed method according to the five confidence levels
and comparison with the previously used method of Huh et al. (2011).

Commission error Omission error F-measure

c = 0.80 0.096 0.221 0.837
c = 0.85 0.093 0.196 0.852
c = 0.90 0.068 0.155 0.886
c = 0.95 0.077 0.134 0.894
c = 0.99 0.110 0.170 0.856
Huh et al. (2011) 0.109 0.178 0.855
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quently, the proposed method in this study can find more stable
and sufficient corresponding point pairs between complicated con-
tours where corresponding point pairs cannot be well explained by
a transformation model.

4. Conclusion

In this paper, a method to detect corresponding point pairs be-
tween polygon object pairs with a string matching method based
Fig. 19. Comparison of detection results of the proposed method in this study wit
on a confidence region model of a line segment was proposed.
We assumed that apparent discrepancies of corresponding point
pairs would be aligned by a substitution edit operation and sub-
stantial discrepancies by a deletion or insertion operation with
which to convert the contour of a target object into that of a
reference object. We applied this method for built-up area polygon
objects in a cadastral map and a topographical map. Regardless of
their different mapping rules and spatial uncertainties of the
two maps, the proposed method stably found corresponding point
pairs using an F-measure of 0.894 when the confidence level was
0.95.

Unlike to previous the ICP based methods, the proposed method
do not need a transformation model to explain discrepancies be-
tween corresponding point pairs. It finds the pairs by searching
the optimal edit sequence with the minimum total edit cost for
deforming the contour of a target object into that of a reference ob-
ject. Therefore no assumption of a transformation to align contours
is required. This can improve matching performance to find corre-
sponding point pairs whose discrepancies cannot be explained by a
transformation model. Moreover, the costs of the above point edit
h a confidence level at 0.95 (a and b) and those of Huh et al.(2011) (c and d).
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operations and several thresholds were derived from a unified spa-
tial uncertainty model of the involved datasets. Therefore, the pro-
posed method could be more generally applicable for various
geospatial datasets and its matching result can be changed accord-
ing to a confidence level. With a high confidence level, more corre-
sponding point pairs can be found because a high confidence level
measures relatively a less cost to a substitution edit operation
comparing to an alternative edit operation sequence with deletion
and insertion operations to align contours. However, this means
that a high confidence level can present false corresponding point
pairs which erroneously align contours. Moreover, these false ones
concatenately affect their neighboring detections because of the
optimization process of the dynamic programming in a string
matching method. Thus it needs to find an optimal confidence level
considering irregularities of discrepancies within corresponding
point pairs of an object pair; a higher confidence level when shape
differences between the pairs are large or their shapes are
complicated.

Even though the spatial uncertainty of a geospatial dataset is an
important factor that causes different geometric representations
and positional discrepancies between corresponding object pairs,
the previous methods do not fully consider this property. In this re-
gard, our proposed method uses the property in the matching pro-
cess and can obtain more accurate performances, which is the
originality and contribution of this research.

The proposed method can be further applied for various data
integration problems which need to find corresponding point pairs.
For example, image to image, image to vector and TIN to image or
vector integrations can be supported by the proposed method once
corresponding polygon pairs are searched with an object matching
method. However, according to segmentation methods to raw
datasets, there can occur a complicated many-to-many object
matching problem. Since the result of the proposed method is af-
fected by the object matching result from which contours to be
aligned are determined, it is necessary to develop an effective
many-to-many object matching method. Then the proposed meth-
od can be applied to diverse data integration issues and would ad-
dress their discrepancy problems.
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