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Abstract 
The volunteered geographic information(VGI) becomes more and more popolar with the general public and scientific  
community. In this background, OpenStreetMap (OSM) has developed rapidly as one of the most popular VGI projects. 
As a kind of important elements on the web map, Points of Interest (POIs) play an important role in the navigation and 
other fields. However, the data quality of POI in OSM can vary strongly.In order to find out the spatial heterogeneity of 
the POI quality in OSM, in this paper,we analyse the data quality of POIs in OSM from three aspects: positional 
accuracy, data completeness and topological consistency at first. And then we explore the relationship between the data 
quality of POIs in OSM and the local characteristics based on geographically weighted regression(GWR), and to find 
out the main influence factors of POIs quality in OSM. The results show that the distribution of data contributors plays 
an important influence on the data quality of POIs in OSM. Besides, from the data completeness of POIs, it can be find 
that the OSM is still new thing in China and it may be need more contributors to enrich the OSM data in China.   
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1. INTRODUCTION 

With the development of  Web 2.0 and the advanced technologies of positioning embedded in mobile devices, citizens 
are able to act as sensors by contributing geographic information. In this background, volunteered geographic 
information (VGI) which is coined by Goodchild (2007) allows the public to create, disseminate and assemble 
information (loaction and property)  for the geographic entities. As a new way of  collecting geographic information, 
the VGI has the advantages of good real-time, rich details, extensive coverage, freely data acquisition and accessible 
relative to the traditional geographic data acquisition. However, because the VGI data mainly comes from the uploading 
by different volunteers or the importing of  other geographic data sources, besides it is no strict data quality controlling 
methods, and there are often malicious, repetitive or low precision data. Therefore, compared with the data produced by 
professional departments, the data quality of VGI is uncertain and has become a bottleneck restricting the widely 
application of VGI data.  

As one of the most famous VGI projects, the OpenStreetMap (OSM) gians increasing the popularity with the general 
public because of  its fee and  open source. Everyone can download  and  use the data of OSM. Besides, public can 
contribute geographic information to the OSM after  registration. The OSM  has been evidenced to be a low cost source 
to collectgeographic information effectively and timely. Consequently, the scientific community shows growing 
interests in the application of OSM in various fields. However, there are also one serious issue which is the data quality 
of OSM. These challenges are largely resulted from the mechanism governing the information about the data 
contributing process and the fact that the contributors lack of professional training. Since the OSM data is contributed 
by different volunteers, who use different methods of acquiring the geographic information and have different 
professional knowledge backgrounds or spatial cognitive ability, resulting in the uncertainty of the data quality of OSM 
in different regions.So it is difficult to guarantee the data quality of OSM. But the data quality is an important criterion 
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to determine whether or not the data can be used for the specific tasks.  Therefore, it is an great significance to to study 
the data quality of OSM. 

As the important elements in the OSM, Points of interest (POIs) describe the most common places of interest for any 
user of geographic information in the daily life, such as bank, supermarket, school, bus stop, gas station, hospital and so 
on. POIs data are the important elements expressing on the web maps or mobile maps. The accuracy of position and 
richness of attribution for POIs have an important influence on the accessable of maps. In addition, POIs data are also 
widely used for the population analysis(Bakillah et al.,2014), user-centric wayfinding(Quesnot etal.,2015),  land use 
mapping and urban analysis(Jiang et al.,2015). In those fields, the quality of POIs data has important effects on these 
analysis results. 

In this paper, we focus on the POIs data in OSM, comparing and analyzing the data quality of POIs, and to find out the 
spatial heterogeneity of the data quality of POIs in different regions. Besides,we also explore the relationship between 
local characteristics and the quality data of POIs in OSM in different regions. The remainder of this paper is structured 
as follows: Section 2 reviews the previous related studies. Section 3 provides the overview of the methods and the data 
used in this paper. Section 4 analyses and discusses the data quality of POIs in OSM and its spatial heterogeneity. 
Finally, in Section 5, the paper provides conclusions and prospect of the next step work.  

2. RELATED WORKS 

When attempting to assess the data quality of OSM, it needs to be cognizant of the particular data collecting process. In 
contrast to official geographic data, the OSM data is created by different volunteers and lacks of the information of data 
quality.  Volunteers may be use different ways to collecting the geographic information , such as  by GPS receivers, 
smart phone or  tagging  the location based on  the open remotely sensed images. So the different ways of collecting 
geographic information  result in  the uncertainty of the data  quality of OSM. However, because of  its open source, 
free use or other  advantages relative to official data, it has been attracting many attentions and research works on the 
data quality of OSM. These studies can be divided into two types. The first type is that  assessing the data quality of 
OSM by comparing  to a reference dataset which is assumed to be of highest quality standards  and used as the ground 
truth. And the other type is that do not use the reference dataset and  assess the data quality of  OSM by the intrinsic 
data characteristics based on the data history of  OSM(Jonietz et al.,2016;Touya et al.,2017). Besides, the data quality of 
traditional geographic inforamtion has been assessd from different aspects: positional accuracy, attribute accuray, 
currency, completeness, logical consistency, lineage and so on. These data quality indicators can be suitable for the 
traditional spatial data produced by the professional surveying and mapping departments on the whole. However, the 
OSM data lacks the metadata and the standards on data quality compared with the traditional spatial data. So the data 
quality indicators of traditional spatial data should be redesigned for the OSM data.   

For the spatial heterogeneity of  OSM data quality,  several studies have associated the VGI data quality with various 
demographic indicators and economic status. Haklay (2010) discovered that the data quality of OSM presented higher 
in the densely populous urban areas than the rural areas.  Mullen et al (2015) pointed that the associations between 
OSM data quality and population characteristics. The geographical data generally presents autocorrelation in space 
extent, so the methods of ordinary least squares regression (OLS) and geographically weighted regression (GWR) have 
been used to analyse the relationship between OSM data quality and local characteristics. and the OLS generates the 
global relationships, which remain constant over the space, and the specific relationships of local areas may possibly be 
hidden. However, the GWR can produce a series of spatially vary coefficients and help to understanding the local 
phenomena which can solve the problem hidden by the method of OLS analysis. In this paper, we assess the data 
quality of POIs in OSM  and analyse its spatial heterogeneity. First, assessing the data quality of POIs in OSM based on 
the reference dataset from the aspects: positional accuracy,  completeness  and  topological consistency. And then, 
analysing the relationship between the data quality of POIs in OSM and  local characteristics which is including the 
population density, economic status, the distribution of  volunteers  and  so on. 

3. DATA AND METHODS 

3.1 Data acquiring and processing 

The OSM is one of the most popular VGI project  that  volunteers can cooperate to create a detailed and free geospatial 
database. A variety of methods are available for volunteers to create and share the spatial data with OSM, including 
records from portable GPS devices, local knowledge sharing, importing free spatial data and interpreting geographic 
information from remotely sensed images. The OSM data consists of three primitives: nodes, ways and relations.  
Nodes are point-based  and  used to represent either individual points or the parts of  a  way. Ways are used to represent 
either linear or polygon entities. Relations are used to represent logical collection of nodes, ways or other relations. 
Besides, all the three primitives can be attached the tags using the key:value to represent the attributes of the 
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represented geographic entities. OSM provides an Application Programming Interface(API) that enables access to the 
OSM data which includes the geographic data , the information of volunteers, individual features and data version. 

For this study, OSM data is downloaded for  the case study areas of Beijing and Xian in China (as Figure 1 shows) 
through the  website of Geofabrik (http://download.geofabrik.de/). And then, the reference dataset of POIs is 
downloaded through the third party API of Baidu Service (http://www.poi86.com/). Besides the road dataset, 
economic dataset and population dataset is downloaded from the Data Center for  Resources and Environmental 
Sciences,Chinese Academy of Sciences (RESDC) (http://www.resdc.cn ). And all the data are reprojected to the 
WGS84 Coordinate System, Gauss Kruger 3 Degree Projection. Besides, the OSM data and the reference dataset 
are used to assess the data quality of POIs in OSM by matching the same entity in the both datasets.And other 
three datasets are used to analyse the spatial heterogeneity of POIs data quality in OSM, which is measured by the 
relationship between the POIs quality and the local characteristics. 

 

Figure 1. The study area:(a)Beijing  (b) Xian 

3.2 Data quality analysis of POI based on reference dataset 

POI is one important part of web map and represents the geographical entities in the real world. POI data generally 
contains the basic information such as the name, classification category, location coordinates (latitude and longitude), 
address and other information. In this paper, the analysis of POIs quality in OSM is based on the reference dataset. The 
comparison of two datasets (OSM dataset and reference dataset) supposes that homologous features (i.e., features 
representing the same object in the real world) are first identified. This process is referred to as data matching.  

POI data matching is the process of matching datasets from different sources by identifying the same POI element, and 
In the traditional sense, the data matching is more related to the fusion of multisource data. Through the matching of 
different datasets, the data of different sources are fused to generate a dataset containing more information. The process 
of data matching can be divided into two types: manual matching and automatic matching. Manual matching has a good 
effect on data matching within the small areas, but for large range of areas, artificial errors will inevitably occur because 
of the long time manual data matching, which reduces the accuracy of matching results. The automatic matching is 
more suitable for large scale data matching, but the data structure and the rules of matching have important influence on 
the correctness of matching results. Combined with the characteristics of POI data in OSM, the mapping relationships 
of POI classification category between the OSM data and reference data is firstly established. Then, combining the 
name attribute measured by Jaro-Winkler distance and the spatial location measured by Euclidean distances between 
co-referent point, the POI data is automatically matched, and the unmatched POI data is checked and matched by the 
manual matching method. Finally, based on the matching results, the data quality of POI in OSM analysed from three 
aspects: positional accuracy, data completeness and topological consistency as Figure 2 shows. 

Positional accuracy has an important influence on the availability of POI data. In OSM, because of having different 
professional knowledge backgrounds, using different positioning precision GPS embedded devices and the familiarity 
with the data contribution area of data contributors, the positional accuracy of POI data contributed by different 
volunteers are vary differently. Therefore, it is regarded as an important indicator of POI data quality in OSM. The 
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positional accuracy is mainly measured with the matched POI data which is contained in both dataset and presents in 
the Euclidean distances. 

Data completeness represents the missing or redundant elements of geographical entities recorded in dataset. In this 
paper, based on the matching results of  POI data, data completeness of POI in OSM can be transformed into quantities 
of POI data matching. By comparing the elements of the POIs between reference dataset and OSM dataset, we calculate 
the redundancy and the missing of POI elements in OSM dataset and analyse the data completeness of POI in OSM of 
different areas in which the data completeness  is statisticed in each cell grids. 

In this paper, topological consistency is mainly about the topological relationship between the POIs data and road 
networks, because POI distributes along the road  networks. Based on the POI matched results, the topological 
relationship between the POIs in both dataset and the road network is calculated respectively, and then analysed 
whether or not the relationship both of them is consistent. 

 

Figure 2. The workflow to perform data quality analysis of POI in OSM based on Reference datset 

3.3 Spatial heterogeneity analysis of  POI quality based on GWR model 

Different areas can have different data contributors and the data quality are very differently in OSM. In order to find out 
the spatial heterogeneity of POI data quality in OSM,  we analyse the relationship between the data quality of POI and 
the local characteristics in different areas. Based on the geographically weighted regression (GWR) model,  we select 
five factors of local characteristics that may  influence the data qulaity of POIs in OSM, including the distribution of 
road networks, population density, per capita GDP,  the distribution of OSM data and data contributors. As the Figure 3 
shows, using the five influence factors, we analyse the relationship between them and the three data quality indicators 
of POIs in OSM respectively:  positional accuracy, data completeness and topological consistency.  

GWR model extends OLS model by incorporating the spatial dependence, the spatial scope of which is determined by 
the kernel bandwidth. The relative weight of the samples within the spatial scope is determined by a Gaussian distance 
decay function, assuming  that nearer samples have greater influences (Brunsdon et al., 1998). Besides, GWR is highly 
sensitive to the kernel bandwidth. Global relationships would be produced by coarser bandwidth, resulting in higher 
spatial stationarity. Conversely, very small bandwidth would generate rather localized estimations (Su et al., 2014). And 
the Akaike Information Criterion (AIC) (Akaike, 1974) and adjust R2 are used to describe model performance. Lower 
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AIC and higher adjust R2 values indicate better model performances (Fotheringham et al.,2002). The significance of the 
comparisons is quantified by the F-test (Fotheringham et al.,2002). Finally, the GWR is implemented in the GWR 4.0 
software in this paper. 

 

Figure 3. The illustration of spatial heterogeneity analysis of POI quality based on GWR model 

4. RESULTS AND DISCUSSION 

4.1 General description of POI quality 

In this paper, we analyse the data quality of POI in two areas: Beijing and Xian.  Based on the reference dataset, the 
POIs of OSM in both case study area firstly are conducted the data matching of POI in order to find out  the co-point 
between OSM dataset and reference dataset. After the data matching of POI, we get the data matching result. And then, 
Based on the matching results, we assess the data quality of POI in OSM from positional accuracy, data completeness 
and topological consistency. In Beijing area, the number of POIs in OSM dataset and reference dataset is about10 
thousand and 640 thousand  respectively. And in Xian area, the number of POIs in OSM dataset and reference dataset is 
about 2 thousand and  210 thousand  respectively. And the matched POIs in Beijng and Xian are 4 thousand and 1.2 
thousand respectively by Combined the automatic and manual data matching methods.  

Using the cell grids in 1km2 to dividing the study area and counting the matched POIs, unmatched POI in the each cell 
grid, we analyse the positional accuracy, data completeness and topological consistency of POI in OSM respectively, 
the results is as the Table1 shows.From the results, we can see that the POI in OSM mostly distribute in the centric both 
for Beijing and Xian city. And in some area, there are no the POI data of OSM. Based on the matched POI data, we can 
find that the positional accuracy is vary in different areas for both cities. As the topological consistency of POI  remains 
relatively consistency in the both cities.In the overall, The topological consistency and  positional accuracy of POIs in 
OSM remains relatively well in the centric area of cities: Beijing and Xian. And in the rural areas the data quality 
relatively lower. Besides, the data completeness of POI in both cities is very lower relative to reference dataset which 
may be that  there is no enough data contribution or few contributors. 
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Table 1. The POIs quality of  OSM in Beijing and Xian 

Data Quality  Beijing  Xian 

Data  
completeness 

 
 
 
 
   

Positional  
accuracy 

 
 
 
 
   

 
 
 
 

Topological 
consistency 

 
 
 
 
   

4.2 Spatial heterogeneity of POI quality 

In order to find out the spatial heterogeneity of POI data quality in different areas and analyse the main factors which 
results in the data quality of POI in OSM varying in different areas, We try to explore the relationship between the data 
quality of POI in OSM  and the local characteristics. First, we select the local  characteristics from five aspects: road 
distribution, population density, per capita GDP, the distribution of OSM data contributors and OSM data. Besides, road 
distribution, population density and per capita GDP are downloaded from the Data Center for  Resources and 
Environmental Sciences,Chinese Academy of Sciences (RESDC) (http://www.resdc.cn ), and the distribution of 
OSM data contributors and OSM data are extracted from the OSM data. And both of  them are sampled in the  1km2 
cell grids. The  local characteristics  show in the Table 2. 

After getting the information of  the local characteristics for both cities: Beijing and Xian . Besides, we also get the 
results of  the POIs data quality : positional accuracy, data completeness and topological consistency. Based on the 
GWR model,  we calculate the data quality of POI in OSM and the local characteristics, and the results of calculation 
show in the Table 3. From the results , we can get that data completeness is related to road distribution, population  
density, per capita GDP, the distribution of OSM data contributors, and positional accuracy is related to road 
distribution, population density, per capita GDP, the distribution of OSM data contributors and OSM data, and 
topological consistency is related to road distribution, the distribution of OSM data contributors and OSM data. Besides, 
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the distribution of OSM data contributors plays a important role on the data completeness, positional accuracy and 
topological  consistency.  And the influence of population density and per capita GDP in the local area are not obvious.  

Table 2. The local characteristics in Beijing and Xian  

Local 
characteristics Beijing  Xian 

Road 
distribution 

 
 
 
   
 
 
 
 

Population   
density 

  
 
 
 
 
Per capita GDP 

  
 
 
 

OSM data 
contributors 
distribution 

  
 
 
 
 

OSM data 
distribution 
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Table 3. Coefficients of the geographically weighted regression forBeijing and Xian 

Dependent items Independent items GWR coefficient of Beijing GWR coefficient of Xian 

Data  
Completeness 

 
 
 
 
 

Road 
distribution 0.001~0.027 0.008~0.034 

Population   
 density 0.013~0.034 0.016~0.082 

Per capita GDP 0.0006~0.0024 0.0039~0.048 

OSM data contributors 
distribution   0.4~1.31 0.05~1.81 

Positional  
Accuracy 

 
 
 
 
 
 
 

Road 
distribution 0.02~0.067 0.04~0.087 

Population   
 density 0.013~0.034 0.009~0.041 

Per capita GDP 0.0028~0.032 0.0031~0.025 

OSM data contributors 
distribution   0.04~0.69 0.05~0.96 

OSM data distribution  0.003~0.0071 0.002~0.0068 

 
Topological 
 Consistency 

 
 
 

Road 
distribution 0.001~0.005 0.0014~0.0057 

OSM data contributors 
distribution   0.003~0.079 0.006~0.089 

OSM data distribution   0.0071~0.035 0.002~0.0091 

4.3 The model performances 

In order to find out the model performance which is used to analyse the relationship between the data quality of POI in 
OSM and the local characteristics, we check the Akaike Information Criterion (AIC) and adjust R2 to describe model 
performance, and the significance of the model by the F-test. The statistic information is as the Table 4 shows. From the 
table, it can be find that the p value is lower than 0.01 in the F-test for all the model results. And the adjust R2 values 
almost all greater than 0.5, indicating that the model performance better. By the GWR model, it can be used in different 
cities for  analysing the relationship between the data quality of POI in OSM and the local characteristics. 

 

 

 

 

 

Proceedings, 7th International Conference on Cartography and GIS, 18-23 June 2018, Sozopol, Bulgaria 
ISSN: 1314-0604, Eds: Bandrova T., Konečný M. 

293



Table 4. Summary of model performances in Beijing and Xian 

Study area Data  quality AIC R2
adj F test 

 

Beijing 

Positional Accuracy 3945 0.78 p<0.01 

Topological consistency 2871 0.65 p<0.01 

Data Completeness 2681 0.67 p<0.01 

 

Xian 

Positional Accuracy 1032 0.49 p<0.01 

Topological consistency 2651 0.64 p<0.01 

Data Completeness 1586 0.77 p<0.01 

5. CONCLUSIONS 

This paper analyses the data quality of POIs in OSM from three aspects: positional accuracy, data completeness and 
topological consistency based on the reference dataset. From the experiments, we can find that the data completeness of 
POI in OSM is very lower both in the study area of Beijing and Xian, and the positional accuracy  and topological 
consistency of POIs in OSM remain more well in the centric of cities than the outer of cities. In order to find the reason, 
we conduct the analysis of the relationship between the data quality of POIs in OSM and the local characteristics, and 
design the model based on the GWR. Besides, we find that the distribution of data contributors in OSM has a great 
influence on the  data quality of POIs in OSM, However, the population density and per capita GDP has not very 
obvious influence on the data quality of POIs in OSM. It can be that  the contributors distribution is the main factor 
influencing the the data quality of POIs in OSM at our experiment. 

In this paper, we just conduct the analysis of POIs in Beijing and Xian of China.  In the next step work, it can conduct 
the experiment for the cities in Europe, such as London and Berlin. Besides, it can be considered  to add other local 
characteristics to analyse the relationship between the data quality of POIs in OSM and the local characteristics, finding 
out the truely main influence factors. 
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