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ABSTRACT

Nowadays, Volunteered Geographic Information (VGI) is commonly
used in research and practical applications. However, the quality
assurance of such a geographic data remains a problem. In this
study we use machine learning and natural language processing to
improve record retrieval by category (e.g. restaurant, museum, etc.)
from Wikimapia Points of Interest data. We use textual information
contained in VGI records to evaluate its ability to determine the cate-
gory label. The performance of the trained classifier is evaluated on
the complete dataset and then is compared with its performance on
regional subsets. Preliminary analysis shows significant difference
in the classifier performance across the regions. Such geographic
differences will have a significant effect on data enrichment efforts
such as labeling entities with missing categories.
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1 INTRODUCTION

Volunteered Geographic Information (VGI) has become a ubiqui-
tous source of data for GIScience research and multiple on-line
services. VGI provides a number of advantages over traditional data
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collection such as large amounts of data at low cost with higher up-
date speed and larger spatial coverage. The major drawback of the
VGI is very uneven and unpredictable data quality. The challenge
of assuring VGI quality has been recognized since the inception of
the term itself [2]. The size of the VGI has been viewed as a key
for solving this problem on the assumption that the majority of the
collected data is correct and that it would significantly outweigh
the erroneous data. However, the large volume of data (sometimes
as high as hundreds of millions of records) and the speed of update
put this task outside of the capabilities of manual processing and
refinement. Here we demonstrate the use of Machine Learning (ML)
and Natural Language Processing (NLP) for quality assessment of
categorization of places in Wikimapia (https://wikimapia.org) —
one of the largest and longest running VGI projects on the Internet.

2 VGIQUALITY CHALLENGE

Approaches to quality control differ among the VGI projects. Large
commercial companies like Facebook, Google, or Yelp use a com-
bination of paid moderators, volunteers, and more recently artifi-
cial intelligence algorithms to verify and filter the contributions.
None-commercial projects like Wikipedia (https://wikipedia.org),
Open Street Map (OSM, https://openstreetmap.org), and Wikimapia
seldom have resources for full-time editors but instead rely on vol-
unteers for quality control and improvement. As a result there is
a significant demand for better quality control and improvement
procedures as manual verification does not scale up to the size and
volume of the existing VGI.

One of the common problems in VGI is the ability to retrieve the
data records based on their categories or tags. Most of VGI projects
are not organized into layers like traditional geographic informa-
tion systems but instead each contributed feature is assigned one
or several categories or tags to designate its semantics. Inconsis-
tencies in the labeling may result from many reasons including
linguistic and cultural differences among contributors, changing
website policies, or fluctuations of the public interest in the spe-
cific topics. Resulting labels may show significant dissimilarities
in semantics and quality between regions, acquisition time, and
types of objects. The solution for the problem may be found in
additional information associated with the features such as location
and different kinds of free text descriptions. Recent progress in ML
and NLP open the possibility to tap this textual information for
assessing the quality and improving the labeling.

There is a noticeable body of research concerned with the VGI
quality and offering a number of techniques for solving the prob-
lem [3, 7, others]. To our knowledge, NLP and semantics methods
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have been applied for the analysis of the VGI and for tag recom-
mending systems during edits but not in the context of data retrieval
and quality assessment in the regional scope [1, 4, 8].

3 MATERIALS AND METHODS

In this study, we investigate application of ML and NLP methods
to improve and assess the quality of category labeling in the subset
of data collected by the Wikimapia project. As of August 2018, the
Wikimapia website claims to have collected close to 30 million
records of places for all parts of the world. The project was started
in 2006 and its main goal is "marking all geographical objects in the
world and providing a useful description of them."! Each object in
Wikimapia is geolocated and assigned following attributes: name,
description, street address, one or more category tags, ground-based
photos. Categories and tags are organized in a quasi-hierarchical
system in which each category may have multiple sub- and/or
super-categories.

Here, we use a subset of about 4 million records for Russian
Federation and Kazakhstan. These countries have the highest den-
sity of the Wikimapia features over large and diverse areas. Data
preparation required several steps. About 35% of the records were
removed as they did not have category labels. Then, we performed
automatic language detection? to separate records in different lan-
guages. Most of the records in our subset were in Russian and they
were used in the analysis. We have also filtered out a small num-
ber of abnormal entries that were either very long or did not look
like natural language. The records were normalized by squashing
all none-word characters and converting all other characters to
lower case. The resulting set of 2.4 million records was split into
training (80%) and testing subsets (20%).

Multinomial naive Bayes classifier [5, http://nlp.stanford.edu/
IR-book/html/htmledition/naive-bayes-text-classification- 1.html]
from [6] was trained to predict category labels from the entity
names and then standard performance metrics (precision, recall,
and F-score) were calculated. This type of classifier is based on the
assumption that the probability of an entity e to belong to category
c is proportional to the probability of ¢ and the product of proba-
bilities of occurrence of each word in e in c. The category with the
highest probability is considered to be the best match.

First, the classifier was trained on a complete training subset and
evaluated on the complete testing subset (row 1 in Table 1). Then
the training and testing sets were each split by 94 administrative
regions with at least 2,000 records in the training set. Performance
of the classifier trained on the complete dataset was evaluated for
testing subset of each region and are shown in rows 2—4. Finally,
the classifier was separately trained on training subsets of each
region and evaluated on their testing subsets (rows 5-7).

4 PRELIMINARY RESULTS

Table 1 shows significant regional differences in the classifier per-
formance thus such differences have to be taken into account when
assessing reliability of assigning missing labels from the entities
names. The classifier trained on the complete training subset shows
marginally better performance than the classifiers trained within
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Table 1: Classifier Performance in the Regional Scope

Precision Recall F-score

(1) Global 0.61 063 059
(2) Byregion Dbest 0.79 0.79 0.78
3) average 0.60 0.63 0.59
(@) worst 0.44 047 043
(5) Local best 0.73 0.78 0.74
6) average 0.52 0.61 0.53
) worst 0.32 043 033

Table 2: Classifier Performance for Frequent Categories

Category Precision Recall F-score
House 0.57 0.81 0.67
Apartment complex 0.60 0.64 0.62
Village 0.66 0.52 0.59
Lake 0.84 0.97 0.90
Electric pylon 0.97 1.00 0.99
Shop/Store 0.41 0.81 0.55

separate regions. This can be explained by a wider variety of terms
and categories encountered in the complete training subset. Table 2
shows the metrics for several of the most frequent categories. Some
categories are detected very reliably but others show poor results.
These differences will be investigated beyond the pilot stage of the
project along with other improvements like using more attributes,
better normalization, and training other classifiers.
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