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Abstract. Searching for locations in web data and associating a docu-
ment with a corresponding place on the map becomes popular in user’s
daily activities and it is the first step in web page processing. People
often manually search for locations on a web page and then use map
services to highlight them because geographic information is not always
explicitly available.

In this work, we present a geo-tagging framework to extract all
addresses from web pages. The solution includes an efficient web page
processing approach, which combines a probabilistic language model with
real-world knowledge of addresses on maps and extends geocoding ser-
vices from short queries to large text documents and web pages. We
discuss the main problems in dealing with web pages such as: web page
noise, identification of relevant segments, and extraction of incomplete
addresses. The experimental result shows precision above 91% which
outperforms standard baselines.

1 Introduction

Web pages and text documents often contain geographical information men-
tioned as free text. We consider under geographic information the location of
a real place, for instance a theater, a shop or a restaurant. Locations typically
occur in a document in the form of unstructured descriptions instead of speci-
fied geo-coordinates with a point on the map and they are difficult to identify
compared to structured data.

The importance of location extraction is the possibility to associate them
with the exact map coordinates: latitude and longitude. This process is called
geocoding. Available geo-information increases the popularity of a place and can
be used as a part of an advanced content analysis. Locations are widely used
by recommendation systems which often display the most relevant places with
specifically mentioned locations and ignore free text.

In this work, we focus on geo-tagging of web pages and our goal is to identify
locations in a document and to assign them appropriate geotags. Geo-tagging is
common in social media, for instance, Twitter posts, Flickr pictures, etc. often
contain geotags.

Dealing with web pages is different from identifying locations in structured
documents and in short text queries, due to web page heterogeneity, lack of
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structure and a high level of noise. They require special pre-processing techniques
to reduce the amount of irrelevant information and to discover targeted parts.

In this work, we design a geo-tagging framework for address extraction from
web pages. The main distinction of our work is a designed framework for full
text geocoding, which combines state-of-the-art techniques from various fields
(web page processing, information extraction and machine learning), extends
standard address extraction solutions to the domain of web pages.

The contribution of this paper is a designed framework for address extraction
which has the following advantages:

1. highlighting of the main aspects of web page processing such as: web page
segmentation and noise reduction;

2. augmenting a probabilistic language based model with geographic informa-
tion;

3. validating addresses by real-world knowledge of maps on top of the process;
4. resolving similar and partial addresses (address resolution) by ranking results;
5. extending address extraction from short queries large text documents and

web pages.

2 Related Work on Address Extraction from Web Pages

The problem of address extraction has been studied by various researchers.
Recently, many approaches to address extraction from free text have been pro-
posed. Most of them belong to the natural language processing fields and include
techniques from sentence breaking and part-of-speech tagging to content parsing
and semantic analysis [3].

Yu [10] presented address extraction using rule-based, machine learning and
hybrid techniques based on decision tree classifier and n-gram model. He uses
regular expressions combined with lexical features such as: punctuation, initial
capital, contain digits, etc.

Chang and Li [2] proposed the MapMarker framework where they adopt
conditional random fields (CRF) for web page segmentation and solve address
extraction problem by sequence labeling. Their approach relies on the quality of
training data and the learned language model.

Melo and Martins [7] prepared a survey where they predict the geo-
coordinates for a document using the whole textual content. They show early
approaches based on rule-based heuristics; machine learning approaches includ-
ing feature selection and classification; and extended approaches using place
disambiguation and coordinate estimations. The difference of our approach in
assumption that a given document can contain multiple locations and we verify
identified addresses by searching them on the real map.

Another existing solution for address parsing and expansion is Libpostal1

which is an open source library trained on a large dataset of real-world addresses

1 https://mapzen.com/blog/libpostal.

https://mapzen.com/blog/libpostal
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from OpenStreetMap2 [4,5]. Libpostal parses addresses by searching for house
numbers, roads, cities, etc. For our purposes, the main shortcoming of Libpostal
is the lack verification whether an address really exists on the map without
identification of empty requests.

The distinction of our work comparing to prior efforts is in applying geocod-
ing service on top of the whole extraction chain and use it as the main address val-
idator. Another distinction is in address resolution by ranking similar addresses
in the same neighborhood and final identification of complete and verifies
addresses.

3 Data Description: A Collection of Web Pages

We use a collection of crawled and cashed web pages provided by Common
Crawl [8]. Every web page is available in the WARC, WAT and WET formats
which stand for raw web page data, metadata and extracted text. Common
Crawl is a public corpus, mostly stored on Amazon Web Services3.

A subset of the CommonCrawl dataset has schema information in the micro-
data format with manual annotation of the main content such as: addresses,
names, phones, as well as micro content such as: streets, regions, postal codes,
etc. Microdata are a set of attributes which are embedded into standard HTML
tags as a special property itemprop.

Table 1. An example of microdata annotation. The annotated content is in bold

<DIV class=”column threeColumn”>
<DIV itemprop=”address” itemtype=”http://schema.org/PostalAddress”>
<SPAN itemprop=”streetAddress”>505 Grand Rd</SPAN>
<BR/><SPAN itemprop=”addressLocality”>East Wenatchee< /SPAN><BR/>
<SPAN itemprop=”addressRegion”>WA< /SPAN>
<SPAN itemprop=”postalCode”>98802< /SPAN><BR/ >< /DIV>
<DIV><A href=”/restaurateurs/your-business/6023/”>
Is this your business?</A></DIV>

Table 1 is an example of detailed address annotation (street, locality, region
and postal code) embedded into the DIV and SPAN tags. Documents with micro-
data annotation are a great source for training and evaluation purposes. Accord-
ing to the W3Techs survey only around 12.7% web pages have microdata tags
compared to the entire web; hence, there is a need for automatic extraction.
Microdata is an excellent source of ground truth, which can be used for training
and evaluation purposes. It provides structured data and makes web pages eas-
ier to read instead of dealing with free text. Particularly, we use the Restaurant
schema4 from Schema.org of microdata annotations.
2 https://osmnames.org.
3 https://aws.amazon.com/public-datasets/common-crawl/.
4 http://schema.org/Restaurant.

https://osmnames.org
https://aws.amazon.com/public-datasets/common-crawl/
http://schema.org/Restaurant
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4 An Introduced Geo-Tagging Framework

Our address extraction framework includes the following steps: text extraction,
tokenization, annotation by geographical features, annotation by lexical features,
sliding window generation, window classification, window geocoding and address
ranking illustrated in Fig. 1.

Web page /
html document
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Fig. 1. Components of an introduced address extraction framework

In the beginning, a web document is cleaned and preprocessed in order to
reduce HTML noise and to convert a raw document into an informative repre-
sentation.

Then in the tokenization step, data is divided into small elements called
tokens (words, bi-grams, tri-grams, etc.) based on a certain splitting criteria.

In the third and the forth step, we annotate tokens by different groups of fea-
tures: lexical described in [10] which indicate whether a token is a digit, contains
a digit, is a title, is capitalized, starts with a capital letter; and geographical
features, which show if a token is a state, is a postal code, is a city, etc. The
Geonames5 [1] project and the Libpostal library discussed in Sect. 2 can be used
as a source of geo-features.

Subsequently, term frequency transforms feature annotation into numerical
feature vectors. It calculates the number of times each feature occurred.

Afterwords, a sliding window of a fixed size and with a fixed sliding step
moves over annotated tokens from top to bottom. A approach based on sliding
windows allows to analyze the entire web page content and does not require prior
web page segmentation or other pre-processing. A common solution for this step
is web page segmentation, for instance by Latent Semantic Indexing [6]. LSA
identifies semantically close segments by associating related words, however it

5 http://www.geonames.org.

http://www.geonames.org
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leads to missing addresses due to incorrect segments which we aim to avoid.
Table 2 illustrates sliding windows for the piece of text ‘Papa Murphy’s East
Wenatchee 505 B Grant Road East Wenatchee WA, 98802’ in the example in
Table 1.

Table 2. An illustration of sliding windows

w1 Papa Murphy’s East Wenatchee 505 B Grant Road East Wenatchee

w2 Murphy’s East Wenatchee 505 B Grant Road East Wenatchee WA

w3 East Wenatchee 505 B Grant Road East Wenatchee WA, 98802

After creating a sliding window, a binary classifier computes a classification
score for each window and identifies address candidates. We choose a Support
Vector Machines (SVM) classifier, since it is a widely-used robust classifier [9].
Classification requires a prior training phase on an annotated dataset to make a
prediction on new data. We consider annotated addresses in the dataset discussed
in Sect. 3 as positive examples and windows without addresses as negative.

Then, the Geocoder validates a candidate window by searching its geo-
coordinates on the map. We use HERE Geocoder6 which provides a powerful
service for address parsing and validation. Figure 2a illustrates address validation
by searching it on the map.

(a) an example of a compete address search (b) an example of a partial address search

Fig. 2. An illustration of address verification by searching it on the map

An exact point location could not be identified on the map in case of partial
addresses. Geocoder then refers to a general area as shown in Fig. 2b.
6 https://developer.here.com.

https://developer.here.com
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The last step is addresses ranking to solve the address disambiguation prob-
lem. A web page can contain the same address mentioned multiple times, address
variations and parts of the same address. As an example consider the two
addresses: ‘505 Grand Rd East Wenatchee’ and ‘East Wenatchee’, the second
refers to a region of the first place. We use a Geocoder relevance score and a
classification score to solve the problem of similar addresses and to find final and
the most detailed and verified addresses on a web page.

5 Experimental Results

5.1 Applying a Geo-Tagging Framework

Before applying the designed framework, it is important to define a window size
and a sliding step based to the two main criteria:

1. a window size should fit a complete address;
2. a window size should have a minimum number of irrelevant tokens (noise);
3. a sliding step should not be large otherwise parts of the same address will

belong only to neighboring windows.

We learn an optimal window size from length distributions of annotated
addresses presented on Fig. 3. The typical address length is between 5 to 10
tokens in microdata annotation and between 6 and 10. We choose the window
size of 10 tokens which is an optimal size for most of the addresses.

Fig. 3. Distribution of address length in tokens. X-axis represents the address length
and Y-axis represents the number of addresses analyzed
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5.2 Result Evaluation

We conduct experiments on the annotated datasets described in Sect. 3. In order
to assess the performance of our results, we apply 10-fold cross-validation. We
randomly partition the annotated data into 10 equal size subsets. Then one
subset is chosen as the validation data for testing the classifier, and the remaining
subsets are used for training purposes. Then the process is repeated 10 times,
with each of the 10 subsets used exactly once as the validation dataset.

We use regular expressions (RE) as the first baseline and learn the RE gram-
mar on a training set considering, for instance text between a house number
(represented by digits) and a postal code as an address.

The second baseline is based on segmentation by key words. The Latent
Semantic Analysis (LSA) introduces in Sect. 4 searches for relevant segments
similar to a list of keywords obtained by topic modeling or from a relevant
vocabulary. In our case, we use GeoNames database as a source of initial geo-
keywords.

When segments are identified, we search for the full address only within
the identified segments. This method assumes that an address should contain
keywords (e.g. cities, postal codes) and it is not robust in case of misspellings,
for instance comparing ‘San Francisco’ and ‘SF’.

Table 3 shows comparative evaluation of the designed geo-tagging framework
and two baselines in standard metrics: precision and recall. Address extraction
by RE has the lowest performance since addresses can occur in any format which
is differ from RE. The baseline 2 demonstrates almost double improvement in
performance however recall is only 50% due to missed address segments. The
proposed approach outperforms the baselines in terms of precision and also recall
which is improved up to around 92%.

Table 3. Evaluation of the geo-tagging framework for address extraction

Address extraction Precision Recall

Baseline 1: regular expressions 47.7% 33.61%

Baseline 2: LSA segmentation with subsequent classification 80.67% 53.61%

The proposed geo-tagging framework 91.12% 92.86%

Initial error analysis of incorrectly extracted addresses revealed common
issues. One of which is confusions between the main address elements, for
instance place names and street names, house numbers and other numbers in a
window. If a number (which is not an address part) occurs in a window, it can
be matched it to a house number and affect address extraction.

Therefore, identification of precise address boundaries can be a potential
extension of this work. One solution is to learn an address grammar. For instance,
a postal code can be used as an indicator of the ending boundary.
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Probabilistic approaches based on sequence annotation such as conditional
random fields is another way to find address boundaries, however it might reduce
recall and lead to missing addresses because it does not take into account real
map knowledge.

6 Conclusion

In this work, we introduced a geo-tagging framework for address extraction from
web pages. We addressed the main challenges in working with web data such as:
structural heterogeneity, web page pre-processing, segment analysis and address
validation. We incorporated sliding windows and avoided web page segmentation
in order to improve recall and to save precision on the high level. We discussed
in detail different groups of feature extraction and also sources to obtain geo-
information. We showed how to validate extracted addresses by analyzing their
existence on the map and applied geocoding on the top of machine learning
models.

It is possible to extend the designed framework in various directions, for
instance by adding visual features, by incorporating the DOM structure or defin-
ing a window size dynamically instead of having it fixed.
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