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Abstract: Point of interest (POI) matching is critical but is the most technically difficult part of
multi-source POI fusion. The accurate matching of POIs from different sources is important for the
effective reuse of POI data. However, the existing research on POI matching usually adopts weak
constraints, which leads to a low POI matching accuracy. To address the shortcomings of previous
studies, this paper proposes a POI matching method with multiple determination constraints. First,
according to various attributes (name, class, and spatial location), a new calculation model considering
spatial topology, name role labeling, and bottom-up class constraints is established. In addition, the
optimal threshold values corresponding to the different attribute constraints are determined. Second,
according to the multiattribute constraint values and optimal thresholds, a constraint model with
multiple strict determination constraints is proposed. Finally, actual POI data from Baidu Map and
Gaode Map in Dongying city is used to validate the method. Comparing to the existing method, the
accuracy and recall of the proposed method increase 0.3% and 7.1%, respectively. The experimental
results demonstrate that the proposed POI matching method attains a high matching accuracy and
high feasibility.
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1. Introduction

With the rapid development of electronic maps and mobile communication technologies, the
demands for location-based services have progressively increased [1]. Geographic spatial data
represented by points of interest (POIs) has received increasing attention [2–5]. At present, improving
data richness and quality with complementary attributes through the fusion of POIs from different
sources has become an effective way to rapidly update POI data [6–8]. However, because POI
data from different sources usually exhibit issues such as inconsistency, redundancy, ambiguity, and
contradiction [9,10], the appropriate method is important for accurately matching POI data from
different sources [11]. POI matching from different sources usually refers to the process of discarding
POIs representing the same objects but considering POIs representing different objects by comparing
the POIs in reference and auxiliary maps with certain constraints. POI matching is a prerequisite and
the key part for updating POIs. The rapid and accurate matching of POIs from different sources is
critical to enrich and standardize POI databases and realize the effective reuse of data [12,13].

The methods to match multisource POI objects mainly include three categories: methods based
on spatial attributes [13,14], methods based on nonspatial attributes, and methods combining both
spatial and nonspatial attributes [15,16]. Because there are usually numerous uncertainties during POI
matching, methods based on only one type of attribute will lead to poor matching results. A method
combining both spatial and nonspatial attributes has the advantage of integrating multi-attributes
such as name and spatial distance, which is more commonly being implemented in POI matching.

ISPRS Int. J. Geo-Inf. 2020, 9, 214; doi:10.3390/ijgi9040214 www.mdpi.com/journal/ijgi

http://www.mdpi.com/journal/ijgi
http://www.mdpi.com
http://dx.doi.org/10.3390/ijgi9040214
http://www.mdpi.com/journal/ijgi
https://www.mdpi.com/2220-9964/9/4/214?type=check_update&version=2


ISPRS Int. J. Geo-Inf. 2020, 9, 214 2 of 16

McKenzie et al., (2014) proposed a weighted multi-attributes strategy for matching POIs, which
integrated attributes such as spatial location and distance, name attributes, and thematic similarity,
and pointed out that methods combining multiple attributes can effectively solve the issue of a low
matching accuracy caused by the use of a single attribute [17]. Based on spatial distance attributes,
Huang et al., (2018) applied a nonspatial attribute, i.e., name similarity, to enhance the fusion accuracy
of POI data from different sources [15]. Li et al., (2016) and Deng et al., (2019) proposed POI matching
methods that combined the similarities of multiple attributes and their corresponding appropriate
weights and demonstrated that among the existing methods [18,19], the method integrating the spatial
distance, name and class attained the best performance.

However, the existing methods combining spatial and nonspatial attributes usually rely on weak
constraints, which may lead to a low POI matching accuracy. For instance, previous research (1) often
adopted weak name semantic constraints, where the similarity of names was directly calculated based
on character strings, often resulting in different POI objects incorrectly being distinguished as the same
objects due to their highly similar names. (2) Previous studies commonly adopted weak class distance
constraints, which led to the inaccurate discrimination of POI objects of different classes with a small
class distance. (3) Previous research applied spatial attributes that only considered location distance
constraints but neglected other factors, such as the spatial topology between objects. All the above
mentioned issues resulted in a low POI matching accuracy and poor matching results. Therefore, based
on the characteristics of POI objects, this paper proposes a POI matching method integrating multiple
determination constraints, which consider spatial topology, name role labeling, and bottom-up class
constraints. The proposed method can effectively enhance the matching and fusion accuracy of POIs
from different sources.

The paper includes five sections. Section 2 introduces the existing POI matching methods
integrating spatial and nonspatial attributes and their shortcomings. The proposed POI matching
method with multiple determination constraints is explained in detail in Section 3. Section 4 describes
the experiments and presents the results, followed by discussions and conclusions in Section 5.

2. Related Work

2.1. Existing POI Matching Methods Integrating Dpatial and Nonspatial Attributes

At present, the latest POI matching methods combining spatial and nonspatial attributes usually
implement weighted matching strategies integrating the spatial location and name, address and class
attributes, which can substantially enhance the POI matching accuracy and recall rate. The core
calculation algorithms are as follows.

(1) Spatial similarity calculation
The spatial location similarity refers to the geographical proximity of two objects in geographical

space. The basic calculation method is the Euclidean distance method. In addition, to eliminate the
effects of dimensionality, location parameters are normalized. The spatial similarity Sspatial is calculated
as follows:

Sspatial = e−
SOiOj

cons (1)

SOiO j =
1√(

xi − x j
)2
+

(
yi − y j

)2
(2)

where SOiO j denotes the coordinate similarity, Oi(xi, yi) and O j
(
x j, y j

)
are the two sets of coordinates of

POI objects from two different sources, and cons is a statistic constant that is determined by the training
dataset. When Sspatial equals 0, the two objects do not match completely, while a value of 1 indicates a
complete match.
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(2) Name similarity calculation
The common methods for POI name similarity calculation are the Jaro similarity algorithm, the

Jaro–Winkler similarity algorithm, and the Levenshtein edit distance algorithm. Their commonality
is based on quantitative string similarity representation. For instance, the Levenshtein edit distance
algorithm is as defined follows:

SLesh = 1−
ED

(
NAi, NA j

)
Max

{
LNAi , LNA j

} (3)

where NAi and NA j are two POI names; ED is the edit distance from NAi to NA j; LNAi is the length of
POI name NAi; and LNA j is the length of POI name NA j.

(3) Class similarity calculation
In class similarity calculations, corresponding root node mapping relationships are first established.

Then, the class distance between two nodes can be computed according to the determined root node
mapping relationships and the depths from nodes to root nodes.

(4) Multi-attribute weighting
Weights are assigned according to the performance of attributes during matching. The overall

similarity can be obtained by adopting weight and attribute similarities. When the overall similarity
exceeds a certain threshold, the POIs are then considered to be the same. Otherwise, they are considered
different POIs.

s =
n∑

i=1

si ∗ yi (4)

where s is the overall similarity, si denotes the similarity of a single attribute, and γi is the weight of the
attribute.

2.2. Shortcomings of the Existing Methods

Currently, the commonly used POI matching methods are mostly weighted matching methods that
comprehensively consider the spatial location and name, address and class attributes. As mentioned
above, these existing methods have certain limitations in terms of multi-attribute calculations and
constraint setting. Therefore, a low POI matching accuracy and even incorrect matching results will
occur in some scenarios. These scenarios are illustrated below.

Scenario 1: Because name attribute constraints are not rigorous enough, adjacent POI objects with
a high name similarity are wrongly matched. As shown in Figure 1, there are two different POIs, and
their names only differ by one number. When an existing similarity calculation method is used, the
name similarity of these two POIs approaches 1. Moreover, because the two objects are close to each
other, it is very likely that they will be considered the same object during matching.
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Figure 1. Different POIs with a high name similarity.

Scenario 2: Because class semantic constraints are often weak, if the primary classes of the POI
data from different sources are different, the same POI objects are not correctly matched. In Figure 2,
the classification employed in Baidu Map is presented in red, whereas that used in Gaode Map is
shown in black. At the primary level, bars belong to ‘Food’ POIs in Baidu Map, but belong to the
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‘sports and leisure’ POIs in Gaode Map. Based on existing methods, the class similarity of the same
bar POI is∞ to POI matching. This leads to a low class similarity, and therefore, the same bar will be
considered to be two different objects in the two map systems.
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Figure 2. The same POIs with a low class similarity.

Scenario 3: Because only the spatial distance is considered and topological relationships are
neglected, the POI objects on opposite sides or on the same plane are not correctly matched. Figure 3a
shows two adjacent bus stops with the same name but located on opposite sides of the road. It is difficult
to identify the correct POI for matching. In addition, Figure 3b reveals that for one POI object, due to
the large residential area, the location of this POI object in the residential area is marked differently
in Baidu Map and Gaode Map. The distance is 200 m, which usually exceeds the spatial distance
threshold, leading to a low spatial distance similarity and incorrect and missed POI matching results.
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Figure 3. Incorrect and missed matching only considering the spatial distance.

3. POI Matching Method Considering Multiple Constraints

When matching POIs from different sources, similarity calculations have to be improved for all
attributes so that the matching accuracy for each attribute is enhanced and the overall POI matching
accuracy can be increased. Therefore, this paper proposes a POI matching method considering multiple
determination constraints. A more comprehensive and accurate POI matching is realized by improving
the attribute similarity calculation and integrating various determination constraints. More specifically,
for the attribute constraints, in addition to the POI name, address and class attributes, spatial constraints
such as the topological relationships and distances between matching targets and their adjacent features
are also captured. The POIs are adopted from Baidu Map and Gaode Map, and Gaode Map is used as
the reference. The proposed method consists of three core parts: multi-attribute constraint calculation,
determination of constraint thresholds, and definition of multiple determination constraints. A flow
chart is shown in Figure 4.
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3.1. Multiattribute Constraint Calculation

3.1.1. Name Similarity Calculation

Name attributes are generally considered distinctive features to distinguish POIs. However,
incorrect and missed POI matching results are easily attained by the small differences in numbers and
direction words in POI names. To address this issue, this paper proposes a calculation method based
on role labeling. Refinement and rigorous calculation are conducted for role labeling of proper names
and direction and number words to improve the matching accuracy.
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(1) Name role composition
For the Chinese names of most POIs, the word composition is relatively regular. According to their

functions, the words in a POI name can be divided into place names (D), proper names (Z), adjectives
(X), direction words (F), number words (S), common names (T), and special characters (Y). Hence, the
role set of a POI name, NB = {D, Z, X, F, S, T, Y}. Figure 5 shows the semantic role composition of
names “Dongying Huanayizhan Kuaijie Jiudian (Huanayizhan Express Inn, Dongying)” and “Kangju
Xiaoqu Beiqu—25Haolou (Building no. 25—North Court, Kangju Residential Area)”.
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(2) Semantic role labeling
First, regular expressions are adopted to identify the direction and number words and special

characters in POI names. Subsequently, based on role label dictionaries, including the place name,
adjective, and common name, and the hidden Markov model (HMM) model, POI names are tokenized,
and corresponding roles are assigned to the words. The dictionary structure is {words, roles, and
times}. Finally, all words without any roles are classified as proper names, and their roles are defined
as Z.

(3) Similarity calculation
For actual POI names, because roles D, X, T, and Y may be absent and they usually have minor

contributions to the overall similarity or even lead to confusion during calculation of the overall
similarity, in the proposed method, words with roles D, X, T, and Y are not included in the calculation.
Similarity calculations are only based on words with the following roles: proper names (Z), direction
words (F), and number words (S). The equation is given below:

N =
1
m

m∑
i=1

Wi (5)

where N is the name similarity, Wi is the similarity of words with role i, and m is the number of unions
for the role labels between the names of two objects. Furthermore, the calculation methods for Wi
differ for the different semantic roles. There are two main scenarios:

Wi =


1 or 0; if Wi ∈ {direction words, number words}. Wi = 1 if they are identical. Otherwise, Wi = 0.

1−
ED(Ni,N j)

max
{
LN ,LN j

} ; if they role of Wi is a proper name.

 (6)

where NAi and NA j are two POI names, ED is the edit distance from NAi to NA j, LNAi is the length of
POI name NAi, and LNA j is the length of POI name NA j.

3.1.2. Address Similarity Calculation

Compared to name attributes, address attributes have lower POI matching capabilities. This
occurs because, in reality, address descriptions are not standardized for many POIs (for example,
certain descriptions include the administrative division while others do not), which leads to large
uncertainties. In this paper, address similarity based on cosine similarity is employed for address
similarity calculations [20], which includes two steps. First, a description of the administrative division
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has to be included in the address description, and meaningless special characters are removed. Second,
two address pieces are distinguished with the open-source natural language processing framework
HanLP, and two vectors are constructed according to the obtained piece words. Then, the similarity is
computed based on the cosine values of the two vectors (Equation 5).

A(gi, bi) = cos(θ) =
G.B
‖G‖‖B‖

=

∑n
i=1 gi ∗ bi√∑n

i=1(gi)
2
∗

√∑n
i=1(bi)

2
(7)

where gi and bi are the POIs in Gaode Map and Baidu Map, respectively, G and B are the vectors after
address text encoding, and A(gi, bi) ∈ (0,1) is the similarity of the two addresses. The addresses are
more similar when the value approaches 1.

3.1.3. Class Similarity Calculation

POIs of the same class may be more similar to each other than POIs of different classes. The data
of each map have their own classification system, and the levels and even the class names are different.
Gaode Map consists of 23 primary levels, 264 secondary levels and 869 tertiary levels. Baidu Map has
19 primary levels and 138 secondary levels (Figure 6). To more accurately match POI classes from
different sources, this paper establishes bottom-up class mapping to strengthen the class constraints
and realize the highly accurate matching of class attributes.
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Figure 6. POI class categories of Baidu Map (a) and Gaode Map (b).

The semantic mapping relationships between the class nodes of the two classification systems
are established. In particular, the mapping relationships between the parent classes are assigned to
the subclasses by following the hierarchical trees. In this paper, there are three types of mapping
relationships. The first type is the complete semantic mapping of class nodes, and the semantic distance
is 0. For the second type, the mapping relationships of the class nodes are determined through their
parent nodes, and the semantic distance can be 1, 2 or 3 (Deng et al., 2019). For the third type, there
are no complete mapping relationships, and the semantic distance is +∞. Figure 7 shows the three
main conditions under which the semantic distance is 0. They include (1) Chinese restaurants at the
secondary level in Baidu Map and those at the secondary level in Gaode Map (Figure 7a); (2) bars at
the secondary level in Baidu Map and those at the tertiary level in Gaode Map (Figure 7b); and (3)
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car dealerships at the secondary level in Baidu Map and those at the primary level in Gaode Map
(Figure 7c). In these figures, the classifications in Baidu Map and Gaode Map are marked in red and
black, respectively.
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When the mapping relationships between the class nodes are determined based on their parent
classes, the distances are calculated using the following equation:

A(gi, bi) = Pstep(gi) + Pstepl(bi) (8)

where A(gi,bi) is the semantic distance between a POI in Gaode Map and that in Baidu Map, and
Pstep(gi) and Pstepl(bi) are the numbers of steps from the nodes to their parent nodes to determine the
mapping relationships based on the parent nodes in Gaode Map and Baidu Map, respectively.

3.1.4. Spatial Constraint Calculation Considering Spatial Topological Relationships

Generally, the closer two POIs are, the higher their matching probability becomes. However, there
are large uncertainties if only distance constraints are considered. On the one hand, it is relatively
challenging to set distance constraint thresholds. If the thresholds are set too high, some POI objects
may not be matched or others will be omitted during matching, while excessively low thresholds will
lead to more mismatches. On the other hand, even when two POIs are close to each other, matching
errors may result due to inconsistent spatial topological relationships. Hence, this paper proposes a
spatial constraint calculation method considering the spatial topological relationships between POIs
and other features. The proposed method consists mainly of three components: spatial distance
calculation, calculation of the spatial topological constraints between the POIs and line features and
calculation of those between the POIs and polygon features.

(1) Spatial distance calculation
This paper adopts the planar distance between two POIs to measure their similarity. The equation

is given below:

d(gi, bi) = R ∗ arcos[cos(y1i) ∗ cos(y2i) ∗ cos(x1i− x2i) + sin(y1i) ∗ sin(y2i)] (9)

where d is the planar distance between two points, R is the approximate radius of the Earth, and xi and
yi are the latitude and longitude coordinates, respectively, of the two points.

(2) Calculation of the spatial topological constraints between POIs and line features
A line feature (LRef) is selected as a reference feature, such as a road, and when a POI is located

along LRef or within the threshold distance from LRef, a spatial constraint relationship exists between
the POI and LRef, that is, the POI belongs to LRef. The calculation equation is provided below:

p ∈ Line =
{
∃Line[i] |distance (p, Line[i] > M)

}
(10)

where p ∈ Line denotes that point p belongs to linear object Line, ∃ indicates existence, Line[i] is a
certain segment of Line, distance (p,Line[i]) is the Euclidean distance between point p and line segment
Line[i], and M is the threshold. The value of M depends on the road classes in the city.
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After determining whether a POI belongs to a line object, it is necessary to assess whether the POI
is on the left or right side of the linear object. The equation is presented as follows:

v = (x1− x) ∗ (y2− y) − (y1− y) ∗ (x2− x) (11)

where x and y are the latitude and longitude coordinates, respectively, of the POI and (x1, y1) and (x2,
y2) are the coordinates of the endpoints of line segment Line[i]. When v > 0, the POI is located on the
left side of the linear object. Conversely, when v < 0, it is on the right side of the linear object.

(3) Calculation of the spatial topological constraints between POIs and polygon features
A polygon feature (PRef) is selected as a reference feature, such as a residential areas, and when a

POI is located in or along the boundary of PRef, a spatial constraint relationship exists between the POI
and PRef, i.e., the POI belongs to PRef. The sum of all angles between the edges of PRef and the POI is
calculated to determine whether the POI belongs to PRef. The equation is as follows:

p ∈ Area =

 n∑
i=1

angle(p, Area(i)) = 360

 (12)

where p ∈ Area denotes that point p belongs to the planar object Area, and angle(p,Area(i)) is the angle
between point p and the i-th edge area (Area(i)) of the planar object. The equation of angle(p,Area(i)) is:

angle(p, Area(i)) = arcos

 (x1 − x) ∗ (x2 − x) + (y1 − y) ∗ (y2 − y)√
(x1 − x)2 + (y1 − y)2 +

√
(x2 − x)2 + (y2 − y)2

 (13)

where x and y are the latitude and longitude coordinates, respectively, of the POI and (x1, y1) and (x2,
y2) are the latitude and longitude coordinates of the endpoints of edge Area(i).

3.2. Determination of the Constraint Thresholds

The precision, recall and F1 score for POI matching are computed when name and address
attributes and spatial distance are separately used. Thereafter, the optimal thresholds for the name and
address similarities and spatial distance are selected. The precision refers to the ratio of the number of
expected correct matches to the expected total number of matches (Equation 12). The recall refers to
the ratio of the number of expected correct matches to the actual total number of true positive matches
(Equation 13). The F1 score evaluates the balance between the precision and recall (Equation 14). F1 is
the harmonic mean of the recall and precision. In order to ensure the scientificity and reliability of the
thresholds, 3552 POIs from Gaode Map and 1350 POIs from Baidu Map that covers 15 primary classes
are used to the performed tests. The classes include car-related services, catering service, shopping
services, life services, transport facilities services, enterprises, schools, medical services (hospitals),
government agencies, building and block numbers, etc.

precision =
TP

TP + FP
∗ 100% (14)

recall =
TP

TP + FN
∗ 100% (15)

F1 =
2 ∗ precision ∗ recall
precision + recall

(16)

3.2.1. Determination of the Name Similarity Threshold

The upper constraint threshold is selected based on the F1 score. As illustrated in Figure 8, when
the name similarity is 0.8, the precision, recall, and F1 score coincide. At this point, the F1 score peaks.
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Therefore, a name similarity of 0.8 is chosen as the upper threshold γ1. When the name similarity
equals 0.5, the recall starts to decrease considerably. To ensure a relatively high recall, the lower name
similarity threshold γ2 is set to 0.5.
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3.2.2. Determination of the Address Similarity Threshold

Similarly, the F1 score is also considered when the upper address threshold is determined. As
shown in Figure 9, the F1 score increases initially but rapidly decreases at the later stage and reaches
its maximum when the address similarity is 0.8. Hence, the upper address similarity threshold
a1 is defined as 0.8. Moreover, when the address similarity equals 0.4, the precision and F1 score
simultaneously increase considerably. To ensure a relatively high recall, a lower address threshold a2
of 0.4 is chosen.
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3.2.3. Determination of the Spatial Distance Threshold

Figure 10 demonstrated that when the spatial distance is smaller than 10 m, the precision attains
its highest value, but with increasing distance, the precision gradually decreases. In contrast, the
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opposite trend is observed for the recall. The recall gradually increases with increasing distance. When
the distance exceeds 30 m, the F1 score stabilizes. By considering all three indicators, because the
F1 score reaches its maximum and the precision and recall are both relatively high when the spatial
distance is 50 m, the spatial distance threshold “d” is set to 50 m.
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3.3. Multiple Determination Constraints

To match POIs more accurately, this paper defines multiple determination constraints based on
the multi-attribute constraint calculation results. First, as many preliminary matching sets are selected
as possible. Second, the preliminary matching sets are subjected to secondary filtering to remove
objects that do not satisfy the set conditions. Finally, the POIs that satisfy the multiple determination
constraints are matched and fused.

(1) Preliminary matching set selection
Various combinations of attribute constraints are employed to select as many targets as possible

for matching, which is aimed at maximizing the recall. The POIs that satisfy any of the following
constraints are included for secondary filtering. The constraints are given below:

Constraint 1: N(gi,bi) >γ1 && ∃(gi,bi) ∈PRef

Constraint 2: D(gi,bi) =0 && N(gi,bi)>γ2

Constraint 3: D(gi,bi) < d && N(gi,bi)>γ1

Constraint 4: A(gi,bi) > a1 && N(gi,bi) >γ2

Constraint 5: A(gi,bi) > a2 && N(gi,bi) >γ1

where gi and bi are the two types of POIs to be matched, N(gi,bi) is the name similarity, D(gi,bi) is the
distance between the POIs, A(gi,bi) is the address similarity, γ1 and γ2 are the upper and lower name
similarity thresholds, respectively, “d” is the distance threshold, and a1 and a2 are the upper and lower
address similarity thresholds, respectively.

(2) Preliminary matching set filtering
Constraints are imposed on the classes and the spatial topological relationships of the preliminary

matching sets to further enhance the matching accuracy. The class constraint is given below:

S(gi,bi) ∈ {0,1,2,3}

where S(gi,bi) is the class semantic distance between the two POIs.
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The constraint on the spatial topological relationship of the POIs with other line features is
provided as follows:

If ∃(gi,bi) ∈ LRef, then (v(gi, LRef) >0 && v(bi, LRef)>0) or (v(gi, LRef) <0 && v(bi, LRef)<0) has to
be satisfied, where LRef is the same line object to which the two POIs belong, and v(gi/bi, LRef) is the
direction value of the POI and the line object.

4. Experiments and Analyses

4.1. Experimental Data

POI data in Dongying, Shandong Province, are employed to validate the accuracy and effectiveness
of the proposed method. The data are adopted from Gaode Map and Baidu Map, and the data from
Gaode Map are considered as the references. The POI data of an arbitrarily selected area covering
1000 (m) × 1200 (m) in Dongying city are selected as the experimental data. There are 2220 and 1350
POIs from Gaode Map and Baidu Map, respectively (Figure 11). The classes of the POI data include
building and block numbers, catering services, companies, schools, hospitals, shopping services, and
government agencies.

Figure 11. POI matching performance by using the spatial distance.

4.2. Overall Accuracy Analysis

To validate the accuracy of the proposed method, the results based on the proposed and existing
POI matching methods considering multiple attributes are compared and analyzed using the same
dataset of Dongying. The Baidu Map and Gaode Map use the BD-09 and GCJ-02 coordinate system,
respectively, both of them were obtained by the WGS-84 encryption. Before matching, all datasets
have undergone WGS84 coordinate transformation and data cleaning. The POI matching results are
assessed using precision, recall and F1 score indicators. Table 1 summarizes the overall accuracy of the
proposed and existing methods and manual discrimination.

Table 1. Overall Point of Interest (POI) matching performance.

Method
Number of
Successful
Matches

Number of
Incorrect
Matches

Number of
Missing
Matches

Precision Recall F1

the existing method 1,245 97 47 96.1% 92.2% 0.941
the proposed method 1,159 28 41 96.4% 97.5% 0.969

manual discrimination 1,162 0 0 100% 100% 1
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From Table 1 and Figure 12, the numbers of incorrect and missing matches for the proposed
method are smaller than those for the existing method. More specifically, the number of incorrect
matches decreases by 76.7%. The POI matching precision for both the proposed and existing methods
considering multiple attributes is approximately 96%, indicating that both methods can match POIs
reasonably well. The proposed method slightly outperforms the other methods. However, the recall of
the proposed POI matching method is 7.1% higher than that of the existing method, suggesting that the
proposed method has more accurate POI descriptions and a high probability of classifying the POI to
be matched into the correct class. Moreover, the F1 score of the proposed method is substantially higher
than that of the existing method. This demonstrates that the proposed method notably outperforms
the existing method in terms of the POI matching accuracy.

ISPRS Int. J. Geo-Inf. 2020, 9, x FOR PEER REVIEW 13 of 16 

 

reasonably well. The proposed method slightly outperforms the other methods. However, the recall 
of the proposed POI matching method is 7.1% higher than that of the existing method, suggesting 
that the proposed method has more accurate POI descriptions and a high probability of classifying 
the POI to be matched into the correct class. Moreover, the F1 score of the proposed method is 
substantially higher than that of the existing method. This demonstrates that the proposed method 
notably outperforms the existing method in terms of the POI matching accuracy.  

 
Figure 12. Overall POI matching performance. 

Although the proposed method can effectively reduce the incorrect and missing matches, they 
are still present when the proposed method is employed (as indicated in Table 1). This may be the 
result of the following reasons. First, the same POI, with the same pronunciation, may be described 
with different words. Second, for the same POI, its full name is used in one of the sources, but an 
abbreviation is employed in another source, leading to a low name similarity. Third, the order of the 
words in the name of the same POI differ among the different sources. For example, “Binzhou 
Road/Fuqian Street (intersection)” and “intersection of Fuqian Street and Binzhou Road” actually 
refer to the same POI. Fourth, the attribute information of the POI itself is incorrect. 

4.3. Superiority Analysis 

To validate the superiority of the proposed method in POI matching, the matching performance 
in different scenarios is evaluated and analyzed (Table 2 and Figure 13). As indicated in Table 2, the 
proposed method effectively conducts POI matching in the three scenarios, which have been 
mentioned and defined in section 2.2.  

More specifically, in Scenario 1, the number of inaccurate matches by the existing method is the 
highest, while there are no inaccurate matches by the proposed method. This suggests that the 
proposed method can considerably reduce the incorrect matches of POIs that are close to each other 
but possess a high name similarity. The POIs in Scenario 1 are mostly located in residential and 
commercial areas. In Scenario 2, the proposed method effectively avoids missing matches of the same 
POI objects even if they are of different primary classes. The POIs in Scenario 2 are prone to 
mismatching when the primary classes of the POI objects are transportation facilities or sports leisure. 
In Scenario 3, the proposed method has zero incorrect and missing matches. This confirms that the 
proposed method with spatial constraints can significantly enhance the matching precision and recall 
because it also considers spatial topological relationships. In Dongying, the POIs in Scenario 3 are 
mostly located along both sides of roads and in large commercial areas. 
  

Figure 12. Overall POI matching performance.

Although the proposed method can effectively reduce the incorrect and missing matches, they
are still present when the proposed method is employed (as indicated in Table 1). This may be the
result of the following reasons. First, the same POI, with the same pronunciation, may be described
with different words. Second, for the same POI, its full name is used in one of the sources, but an
abbreviation is employed in another source, leading to a low name similarity. Third, the order of
the words in the name of the same POI differ among the different sources. For example, “Binzhou
Road/Fuqian Street (intersection)” and “intersection of Fuqian Street and Binzhou Road” actually refer
to the same POI. Fourth, the attribute information of the POI itself is incorrect.

4.3. Superiority Analysis

To validate the superiority of the proposed method in POI matching, the matching performance
in different scenarios is evaluated and analyzed (Table 2 and Figure 13). As indicated in Table 2, the
proposed method effectively conducts POI matching in the three scenarios, which have been mentioned
and defined in Section 2.2.

More specifically, in Scenario 1, the number of inaccurate matches by the existing method is
the highest, while there are no inaccurate matches by the proposed method. This suggests that the
proposed method can considerably reduce the incorrect matches of POIs that are close to each other but
possess a high name similarity. The POIs in Scenario 1 are mostly located in residential and commercial
areas. In Scenario 2, the proposed method effectively avoids missing matches of the same POI objects
even if they are of different primary classes. The POIs in Scenario 2 are prone to mismatching when
the primary classes of the POI objects are transportation facilities or sports leisure. In Scenario 3, the
proposed method has zero incorrect and missing matches. This confirms that the proposed method
with spatial constraints can significantly enhance the matching precision and recall because it also
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considers spatial topological relationships. In Dongying, the POIs in Scenario 3 are mostly located
along both sides of roads and in large commercial areas.

Table 2. POI matching performance under the different scenarios.

Method
Scenario 1 Scenario 2 Scenario 3

Incorrect
Matches

Missing
Matches

Incorrect
Matches

Missing
Matches

Incorrect
Matches

Missing
Matches

existing method 63 0 4 1 2 5
proposed method 0 0 0 0 0 0
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4.4. Citywide Validation

Experiments on the entire city of Dongying (with an area of 7923 km2) are further conducted to
validate the proposed POI matching method. A total of 138.376 and 80.167 POIs are captured from
Gaode Map and Baidu Map, respectively. With the proposed method, a total of 149.276 POIs are fused
and matched, with an increase of 10.900 POIs. Furthermore, the recall of the matched POIs in the
citywide experiment are basically the same as those of the experimental data, and the matching results
totally won provincial quality requirements, which again demonstrates the accuracy, robustness, and
versatility of the proposed method.

5. Conclusions and Discussions

POI matching is a prerequisite and the key part of POI fusion and updating using different map
sources. The accuracy of POI matching is important to the improvement and standardization of POI
databases. However, the existing research on POI matching usually adopts weak constraints, which
leads to a low POI matching accuracy. Therefore, this paper proposes a POI matching method that
considers the spatial topology and bottom-up class and strict name role constraints and multiple
determination constraints. This effectively enhances the POI fusion and matching accuracy for data
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from Gaode Map and Baidu Map. The proposed method is validated using actual POI data in Dongying,
Shandong Province. The main conclusions are as follows:

(1) Regarding the overall accuracy, the numbers of incorrect and missing POI matches by the
proposed method are both smaller than those by the existing method. In particular, the number of
incorrect matches is reduced by 76.7%. The POI matching precision of both the proposed and existing
methods is approximately 96%. However, in terms of the recall and F1 score, the proposed method
effectively increases their values by 7.1% and 0.3, respectively, highly demonstrating that the proposed
method considerably outperforms the existing method in terms of the POI matching accuracy.

(2) In terms of superiority, there are no incorrect and missing matches in any of the three considered
scenarios with the proposed method, suggesting its superiority.

(3) In citywide validation, the recall is basically the same as those of the experimental data, and the
matching results totally won provincial quality requirements. This strongly supports the robustness
and versatility of the proposed method.

The proposed method is primarily experimentally validated using data from Baidu Map and
Gaode Map, which is also applicable to matching POIs from other data sources, but these matching
results require further verification. In future research, more attention will be given to the mutual
complementation and calibration of POI information from multiple data sources.:
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