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Abstract. Most documents can be said to be related to some form of geographic
context and, recently, geographic information retrieval has captured the attention
of researchers from fields related to text mining and data retrieval, envisioning
the support for tasks such as map-based document indexing, retrieval and visu-
alization. In this paper, I empirically evaluate automated techniques, based on a
hierarchical representation for the Earth’s surface and leveraging linear classi-
fiers, for assigning geospatial coordinates of latitude and longitude to previously
unseen documents, using only the raw text as input evidence. The obtained results
were measured with models based on Support Vector Machines, over collections
of geo-referenced Wikipedia articles in four different languages, namely English,
German, Spanish and Portuguese. The best performing models were based on
Support Vector Machines, obtaining state-of-the-art results corresponding to an
average prediction error of 86 Kilometers, and a median error of just 8 Kilome-
ters, in the case of the English Wikipedia collection. For the German, Spanish,
and Portuguese collections, which are significantly smaller, the same method ob-
tains an average prediction error of 62, 184 and 109 Kilometers, respectively, and
a median prediction error of 5, 13, or 21 Kilometers.
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1 Introduction

Most text documents, from different application domains, can be said to be related to
some form of geographic context. Recently, Geographical Information Retrieval (GIR)
has captured the attention of many different researchers that work in fields related to
language processing and to the retrieval and mining of relevant information from large
document collections. We have, for instance, that the task of resolving individual place
references in textual documents has been addressed in several previous works, with the
aim of supporting subsequent GIR processing tasks, such as document retrieval or the
production of cartographic visualizations from textual documents [12,13]. However,
place reference resolution presents several non-trivial challenges [15,16], due to the in-
herent ambiguity of natural language discourse (e.g., place names often have other non
geographic meanings, different places are often referred to by the same name, and the
same places are often referred to by different names). Moreover, we have that there are
many vocabulary terms, besides place names, that can frequently appear in the context
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of documents related to specific geographic areas. Instead of trying to resolve the indi-
vidual references to places that are made in textual documents, it may be interesting to
instead study methods for assigning entire documents to geospatial locations [17,1].

In this paper, I compare automated techniques for assigning geospatial coordinates
of latitude and longitude to previously unseen textual documents, using only the raw
text of the documents as evidence, and relying on a hierarchy of linear models (i.e.,
classifiers based on support vector machines) together with a discrete hierarchical rep-
resentation for the Earth’s surface, known in the literature as the HEALPix approach.
The bins at each level of this hierarchical representation, corresponding to equally-
distributed curvilinear and quadrilateral areas of the Earth’s surface, are initially asso-
ciated to textual contents (i.e., all the documents from a training set that are known to
refer to particular geospatial coordinates are used, associating each text to the corre-
sponding region). For each level in the hierarchy, linear classification models are built
using the textual data, relying on a vector space model representation, and using the
quadrilateral areas as the target classes. New documents are then assigned to the most
likely quadrilateral area, through the usage of the classifiers inferred from training data.
Finally documents are assigned to their respective coordinates of latitude and longitude,
with basis on the centroid coordinates from the quadrilateral areas.

Experiments with different collections of Wikipedia articles, containing documents
written in English, German, Spanish or Portuguese, showed good results for the gen-
eral document geocoding approach. The best performing method leveraged classifiers
based on support vector machines, obtaining state-of-the-art results that correspond to
an average prediction error of 86 Kilometers, and a median prediction error of just 8
Kilometers, in the case of documents from the English collection. For the German,
Spanish and Portuguese collections, which are significantly smaller, the same method
obtained an average prediction error of 62, 184 and 109 Kilometers, respectively, and
a median error of 5, 13, or 21 Kilometers. These results are slightly superior to those
reported in previous studies by Wing and Baldridge [17,18], although the datasets used
in these experiments may also be slightly different, despite having a similar origin.

The rest of this paper is organized as follows: Section 2 presents previous related
work. Section 3 describes the proposed approach, introducing the HEALPix represen-
tation for the Earth’s surface, and detailing the usage of linear classifiers. Section 4
presents the experimental validation of the proposed method, describing the considered
datasets, the evaluation protocol, and the obtained results. Finally, Section 5 presents
the conclusions and points possible directions for future work.

2 Previous and Related Work

The relationship between language and geography has long been a topic of interest
to linguists [9]. Many studies have, for instance, shown that geography has an impact
on the relationship between vocabulary terms and semantic classes. For instance the
term football, in the United States, refers to the particular sport of American football.
However, in regions such as Europe, the term football is usually associated to different
sports (e.g., soccer or, less frequently, rugby football). Terms such as beach or snow are
also more likely to be associated to particular locations. In this study, we are interested
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in seeing if vocabulary terms, and textual contents in general, can be used to predict
geographical locations for documents.

While most work in geographic information retrieval relies on specific keywords
such as place names, Adams and Janowicz proposed an approach that uses only non-
geographic expressions, seeing if ordinary textual terms are also good predictors of ge-
ographic locations [1]. The proposed technique used Latent Dirichlet Allocation (LDA)
to discover latent topics present in the collection of documents. LDA is essentially an
unsupervised generative method for modeling documents as probabilistic mixtures of
topics, which are in turn modeled as a probability distribution over a word vocabulary.
After fitting the LDA model, the authors use Kernel Density Estimation (KDE) to in-
terpolate a density surface, corresponding to a geospatial region, over each LDA topic.
Noticing that each document can be seen as a mixture of topics, the authors used map
algebra operations to combine the density surfaces from each topic, finally assigning
documents to the location having the highest density. The authors concluded that terms
other than place names are often also good predictors of geographic locations.

Wing and Baldridge, in a similar study to mine, evaluated approaches for auto-
matically geocoding documents based on their textual contents, specifically leveraging
generative language models learned from a large corpus of already geo-referenced doc-
uments, such as Wikipedia [17]. The authors started by applying a regular geodesic grid
to divide the Earth’s surface into discrete rectangular cells. Each of these cells can be
seen as a virtual document that concatenates all the training documents that are located
within the cell’s region. In order to geocode a test document, the first step is to find the
cell whose virtual document is more similar to the test document. Then, the geospatial
coordinates can be assigned with basis on the midpoint of this most probable cell. Three
different methods were compared in the task of finding the most similar cell, namely
(i) the Kullback-Leibler divergence, (ii) naı̈ve Bayes, and (iii) a baseline method corre-
sponding to the average cell probability. The first method from the previous enumera-
tion (i.e., the Kullback-Leibler divergence between a language model estimated from a
test document, and language models estimated for each cell in the gridded representa-
tion for the Earth’s surface) obtained the best results. Wing and Baldridge reported on a
median prediction error of just 11.8 Kilometers, and a mean error of 271 Kilometers, on
tests with documents taken from the English Wikipedia. More recently, Dias et al. [4]
reported on experiments with an adapted version of the method described by Wing and
Baldridge, which used language models based on character n-grams together with a
discrete representation for the surface of the Earth based on the hierarchical triangular
mesh approach [5]. Another improvement over the language modeling method was lat-
ter reported by Roller et al. [14], where the authors collapse nearby training documents
through the usage of a k-d tree data structure (i.e., the authors attempt to address data
sparsity by leveraging an adaptive grid, that considers an equal number of documents in
the training of the language models associated to each cell in the representation of the
surface of the Earth). Moreover, instead of assigning each test document to the coordi-
nates of the midpoint of the most probable cell, Roller et al. also proposed to assign the
centroid coordinates of the training documents contained in the most probable cell. The
refined method can significantly improve the computational efficiency and, in experi-
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ments with documents taken from the English Wikipedia, the authors report on a mean
error of 181 Kilometers and a median error of 11 Kilometers.

More recently, Wing and Baldridge have also reported on tests with discriminative
classifiers [18]. To overcome the computational limitations of discriminative classifiers,
in terms of the maximum number of classes (i.e., cells from the representation of the
Earth’s surface) they can handle, the authors proposed to leverage a hierarchical classi-
fication procedure that uses feature hashing and an efficient implementation of logistic
regression. The construction of the hierarchy starts with a root cell that spans the entire
Earth and from there the authors build a tree of cells at different scales, from coarse
to fine. A cell at a given level is subdivided to create smaller cells at the next level of
resolution that altogether cover the same area as their parent. The authors used a local
classifier per parent approach, in which an independent classifier is learned for every
node of the hierarchy above the leaf nodes. The probability of any node in the hierarchy
is the product of the probabilities of that node and all of its ancestors, up to the root,
and the most probable leaf node is used to infer the final geospatial coordinates. As
an optimization procedure, rather than greedily using the most probable cell from each
level or computing the probability of every leaf cell, the authors use a stratified beam
search: starting at the root cell, keep the b highest-probability cells at each level until
reaching the leaf nodes. Wing and Baldridge report on an extensive set of experiments
with different collections (e.g., Twitter documents, geotagged photos, and Wikipedia
pages in English, Portuguese and German), and they report on results over the English
Wikipedia data corresponding to a mean error of 168.7 Kilometers and a median error of
15.3 Kilometers, although using a more recent corpus than that from their previous stud-
ies [17,14] (e.g., in tests with re-implementations of the previous methods, the authors
found that discriminative classifiers achieved superior results to generative language
modeling approaches). Through their experiments, the authors showed that hierarchical
representations based on a k-d tree achieve superior results, that a 3-level hierarchy of
classifiers is enough for achieving the best performance, and that their discriminative
classifiers perform feature selection naturally, by assigning higher weights to features
that better discriminate among the target classes. The authors also noticed that discrim-
inative classifiers allow for the use of complex, interdependent features, beyond the
simple unigram models from previous research. However, preliminary experiments did
not show noticeable improvements from bi-gram or character-based features.

3 The Proposed Document Geocoding Method

The proposed approach for geocoding textual documents is based on discretizing the
surface of the Earth into hierarchically organized sets of curvilinear and quadrilateral
regions, each with a different resolution, allowing us to predict locations with standard
discriminative classification approaches. This strategy results in grids that roughly pre-
serve an equal area for each region. Notice that these discrete representations of the
Earth ignore all higher level regions, such as states, countries or continents. Nonethe-
less, this is appropriate for our geocoding purposes, since documents can be related to
geographical regions that do not fit into an administrative division of the Earth’s surface.
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Fig. 1. Orthographic views associated to the first four levels of the HEALPix sphere tessellation.

HEALPix is an acronym for Hierarchical Equal Area isoLatitude Pixelization of
a sphere and, as the name suggests, the procedure results on a multi level recursive
subdivision for a spherical approximation to the Earth’s surface, in which each resulting
subdivision covers an equal surface area. I have chosen HEALPix due to the availability
of practical implementations1, and due to its equal-area and hierarchical self-similarity
properties.

With HEALPix, a spherical representation for the Earth’s surface can be hierarchi-
cally tessellated into curvilinear quadrilaterals. The lowest resolution partition is com-
prised of 12 base regions distributed in three rings around the poles and equator, and
the resolution of the tessellation increases by the division of each region into four new
ones. Figure 1, adapted from the original illustration provided in the HEALPix web-
site2, shows from left to right the resolution increase by three steps from the base level
(i.e., a sphere is partitioned, respectively, into 12, 48, 192, and 768 pixels).

Notice that the proposed representation scheme contains a parameter Nside that
controls the resolution, i.e. the number of divisions along the side of a base-resolution
region that is needed to reach a desired high-resolution partition, which naturally will
also define the area of the curvilinear quadrilaterals. In this particular application of
document classification, having regions from a course grained resolution can lead to
very rough estimates, but classification accuracy with a thin-grained resolution can also
decrease substantially, due to insufficient data to adjust the model parameters associated
to each bin. In order to address this issue, I used a hierarchical classification approach
that leverages 4 different representations of different resolutions, equaling the Nside
parameter to the values of 22 = 4, 26 = 64, 28 = 256 and 210 = 1024, with 20 = 1
corresponding to a first-level division. Table 1 presents the number of regions in each
of the considered resolution levels, and we have that the number of regions n for a
resolution Nside is given by n = 12 × N2

side. Table 1 also presents the approximate
area, in squared Kilometers, corresponding to each region. For more details about the
HEALPix procedure, please refer to the paper by Górski et al. [7].

Besides the issue of building a hierarchy of discrete representations for the sur-
face of the Earth (i.e., the representations associated to the outcomes, in the context of
the proposed classification models), another important question relates to the choice of

1 https://github.com/healpy/healpy
2 http://healpix.jpl.nasa.gov
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Resolution 4 64 256 1024
Total number of regions 192 49,152 786,432 12,582,912
Approximate area of each region (Km2) 2,656,625 10,377 649 41

Table 1. Number of regions and approximate area for HEALPix grids of different resolutions.

how to represent the input instances (i.e., the documents to be geocoded). A common
representation scheme involves associating each document to a vector of characteris-
tics in a given vector space, in which the dimensionality corresponds to the number of
different features. This representation scheme is associated with a well-known model
for processing and representing documents in the area of information retrieval, com-
monly referred to as the vector space model. Formally, we have that each document is
represented as a feature vector dj =< w1,j , w2,j , . . . , wk,j >, where k is the number
of features (e.g., individual terms from the text, in the case of my experiments), and
where wi,j corresponds to a weight that reflects the importance of feature i for describ-
ing the contents of document j. TF-IDF is perhaps the most popular term weighting
scheme, combining the individual frequency for each element i in the document j (i.e,
the Term Frequency component or TF), with the inverse frequency of element i in the
entire collection of documents (i.e., the Inverse Document Frequency). In this work the
TF-IDF scheme was complemented with an additional heuristic corresponding to the
notion of Inverse Class Frequency (ICF), as previously proposed by [11]. The idea is to
use a simple supervised term weighting scheme (i.e., information on the membership
of training documents to classes is used in the process of building the representations)
that promotes terms that appear in fewer classes (i.e., in fewer regions of the globe) and
demotes terms that appear in many classes. Similar intuitions have already been consid-
ered in previous works related to automated document geocoding [8,10], although only
for purposes of term selection instead of term weighting. The TF-IDF-ICF weight of an
element i for a document j is given by:

TF–IDF–ICFi,j = log2(1 + TFi,j)× log2

(
N

ni

)
× log2

(
Nr
ri

)
(1)

In the formula, N is the total number of documents in the collection, ni is the num-
ber of documents containing the element i,Nr is the total number of regions (i.e., when
building the document representations leveraging the ICF heuristic, we considered doc-
uments to be associated to classes corresponding to HEALPix regions with a resolution
of 64), and ri is the number of regions associated to documents j′ where TFi,j′ ≥ 0.

I then used the hierarchy of discrete representations given by the HEALPix method,
together with the document representations based on TF-IDF-CF, linear classification
algorithms to address the document geocoding task. A separate classification model is
trained for each node in the hierarchy of discrete representations, taking all documents
whose coordinates lay within the region corresponding to each node, as the training
data for each classifier. When geocoding a test document, the root-level classifier is
first applied to decide the most likely region, and then proceed greedily by applying
the classifier for each of the most likely nodes, up to the leafs. After reaching a leaf
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region from the hierarchical representation, the geospatial coordinates of latitude and
longitude are assigned by taking the centroid coordinates of the leaf region.

In what follows, X is denoted as the input set of documents and by Y our output set
of classes (i.e., geospatial regions). Recall that a classifier is any function which maps
objects x ∈ X onto classes y ∈ Y and, for the purpose of understanding classifiers, it
is useful to think about each x ∈ X as an abstract object which is subject to a set of k
measurements (i.e., each x takes values in Rk), which can be refered to as features (e.g.,
the TF-IDF weights for each term in the document).

The experiments reported on this paper are based on linear classifiers, which make
their decision based on a linear combination of the features, plus a bias term. In the case
of binary classification problems where Y = {+1,−1}, if ŷ(x) is the predicted value
for x, if the vector w =< w1, . . . , wk > corresponds to the weights associated to each
of the k features, and if w0 represents the bias term, then we have that:

ŷ(x) = sign(w0 + w1x1 + ...+ wkxk) (2)

Support Vector Machines (SVMs) are one of the most popular approaches for learn-
ing the parameters of linear classifiers from training data. In my experiments, I used the
SVM implementation from scikit-learn3 was used, which in turn is a wrapper over that
from the LIBLINEAR4 package. Given n training instances xi ∈ Rk, i = 1, . . . , n,
in two classes yi ∈ {1,−1}, SVMs are trained by solving the following optimization
problem under the constraints yi(w · xi − w0) ≥ 1− ξi, ∀1 ≤ i ≤ n, and ξi ≥ 0:

arg min
w,ξ,w0

{
1

2
‖w‖2 + C

n∑
i=1

ξi

}
(3)

In the formula, the parameters ξi are non-negative slack variables which measure
the degree of misclassification of the data xi, and C > 0 is a regularization term.

Multi-class classification can also be handled through the procedure above, by first
converting the problem into a set of binary tasks through the one-versus-all scheme (i.e.,
use a set of binary classifiers in which each class is fitted against all the other classes,
and finally assigning the class ŷ(x) with the highest value from wy0 +

∑k
i=1 w

y
i xi).

SVMs were chosen as a linear classifier because previous studies have argued that
SVMs often lead to smaller generalization errors [2], particularly in the case of high-
dimensional datasets.

4 Experimental Validation

I now describe the experimental methodology used for comparing different variations
of the proposed method, following a discussion of the obtained results. For the experi-
ments reported here, we used samples with articles from the English, German, Spanish,
and Portuguese Wikipedias, taken from database dumps produced in 2014. These sam-
ples include a total of 847,783, 307,859, 180,720 and 131,085 articles, respectively in

3 http://scikit-learn.org/
4 http://www.csie.ntu.edu.tw/˜cjlin/liblinear/
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English, German, Spanish, and Portuguese, associated to latitude and longitude coor-
dinates. Previous studies have already shown that Wikipedia articles are a well-suited
source of textual contents for evaluating document geocoding methods [17,18].

I processed the Wikipedia collections to extract the raw text from the articles, and for
extracting the geospatial coordinates of latitude and longitude, using manually-defined
patterns to capture some of the multiple templates and formats for expressing coor-
dinates in Wikipedia. Considering a random order for the articles, about 90% of the
geo-referenced articles that we could process were used for model training (i.e., a total
of 763,005 articles in English, 277,074 in German, 162,649 in Spanish, and 117,977 in
Portuguese), and the other 10% were used for model validation (i.e., a total of 84,778,
30,785, 18,071 and 13,108 articles, respectively in English, German, Spanish and Por-
tuguese). Table 2 presents a brief characterization these datasets.

In Table 2, the values corresponding to the total number of place references in the
collection, and the number of place references in each document, where obtained from
the application of a Named Entity Recognition (NER) system over the texts, in order
to extract location names. I used Stanford NER, together with models trained specif-
ically for each language. In what regards the geospatial distributions of documents,
some regions (e.g, North America or Europe) are considerable more dense in terms
of document associations than others (e.g, Africa). The Portuguese collection has a
higher concentration of articles in Europe and in South America (i.e., in Brazil), and in
the Spanish collection there is a higher concentration of articles in Europe and in latin
South-American countries. Moreover, oceans and other large masses of water are scarce
in associations to Wikipedia documents. This implies that the number of classes that has
to be considered by our model is much smaller than the theoretical number of classes
given in Table 1. In our English dataset, there are a total of 286,966 bins containing
associations to documents at resolution of 1024, and a total of 82,574, 15,065, and 190
bins, respectively at resolutions 256, 64, and 4. These numbers are even smaller in the
other collections, e.g. with just 98,139, 100,335 and 72,109 bins containing associations
to documents in a resolution of 1024, respectively in the case of the German, Spanish
and Portuguese collections.

Using the four different Wikipedia datasets, I experimented the classification ap-
proach introduced in Section 3. Table 3 presents the obtained results for the different
methods under study. The prediction errors shown in Table 3 correspond to the distance
in Kilometers, computed through Vincenty’s geodetic formulae5, from the predicted lo-
cations to the true locations given in the gold standard. The accuracy values correspond
to the relative number of times that we could assign documents to the correct bin (i.e.,
the bin where the document’s true geospatial coordinates of latitude and longitude are
contained), for each level of hierarchical classification.

Table 3 show that classifiers leveraging Support Vector Machines (SVMs) achieved
state-of-the-art results , with a best prediction accuracy of over 0.95 in the task of find-
ing the correct bin with the 1st level classifier, in the case of the English collection,
while assigning documents to the correct geospatial coordinates had an average error of
86 Kilometers, and a median error of 8 Kilometers, also in the case of the English col-
lection. Inferior results are obtained for the other languages (i.e., in the case of smaller

5 http://en.wikipedia.org/wiki/Vincenty’s_formulae
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EN Wikipedia Train Test DE Wikipedia Train Test
Documents 763,005 84,778 Documents 277,074 30,785
Terms 279,886,310 30,936,884 Terms 132,464,428 14,614,460
Place References 11,326,826 1,289,530 Place References 4,023,883 446,339
Avg. Terms/Doc. 366.821 364.916 Avg. Terms/Doc. 478.083 474.727
St.Dev. Terms/Doc. 767.537 739.657 St.Dev. Terms/Doc. 869.365 815.676
Avg. Places/Doc. 14.845 15.211 Avg. Places/Doc. 14.523 14.499
St.Dev. Places/Doc. 26.080 25.460 St.Dev. Places/Doc. 27.751 26.632

ES Wikipedia Train Test PT Wikipedia Train Test
Documents 162,649 18,071 Documents 117,976 13,108
Terms 57,067,617 6,304,936 Terms 21,424,167 2,397,775
Place References 1,431,185 173,642 Place References 479,602 52,958
Avg. Terms/Doc. 350.864 348.898 Avg. Terms/Doc. 181.598 182.925
St.Dev. Terms/Doc. 880.160 893.109 St.Dev. Terms/Doc. 606.659 587.515
Avg. Places/Doc. 8.779 9.609 Avg. Places/Doc. 4.065 4.040
St.Dev. Places/Doc. 19.166 21.173 St.Dev. Places/Doc. 8.688 8.072

Table 2. Statistical characterization for the Wikipedia collections used in our experiments.

Classifier accuracy Errors in terms of distance
SVMs 1st 2nd 3rd 4th Average Median
English 0.967 0.786 0.547 0.272 86.616 (±4.517) 8.308 [5.134 - 14.413]
German 0.974 0.844 0.670 0.423 62.046 (±6.075) 4.628 [3.432 - 7.150]
Spanish 0.951 0.722 0.446 0.167 184.385 (±18.223) 12.546 [8.392 - 22.691]
Portuguese 0.954 0.670 0.344 0.112 108.505(±10.249) 20.606 [13.105 - 32.020]

Table 3. The results obtained for each different language.

training datasets). Table 3 also presents upper and lower bounds for the average and
median errors, according to a 95% confidence interval and as measured through a t-test
(for the average) or a Wilcoxon test (for the median).

The results obtained attest for the effectiveness of the proposed methods, as I mea-
sured slightly inferior errors than those reported in the previous studies by Wing and
Baldridge [17,18]. It should nonetheless be noted that he datasets used in our experi-
ments may be slightly different from those used by Wing and Baldridge, despite their
similar origin. The parameters used in the classification approach (i.e., the C regu-
larization terms for the SVM classifier) were also kept at the default values and, for
future work, I plan to use automated procedures to tune the parameters of the clas-
sifiers [3], and also to experiment with different hierarchical organizations (i.e., with
different numbers of levels and/or with different resolutions in the hierarchical classifi-
cation procedure).
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5 Conclusions and Future Work

Through this work, I empirically evaluated different methods for geo-referencing tex-
tual documents , relying on a hierarchy of linear classifiers for assigning documents to
their corresponding geospatial coordinates. I have shown that the automatic identifica-
tion of the geospatial location of a document, based only on its text, can be performed
with high accuracy by using out-of-the-box implementations of well-known supervised
classification methods, and leveraging a discrete binned representation of the Earth’s
surface based on the HEALPix scheme. The general approach proposed here is simple
to implement, and both training and testing can be easily parallelized, in order to scale
to very large document collections. The most effective strategy uses support vector ma-
chines, and assigns geospatial coordinates of latitude and longitude with lower errors
than those reported on previous studies [17,18,14].

Although identifying a single location for an entire document can provide a conve-
nient way for connecting texts with locations, useful for many different applications, for
some studies it may instead be more interesting to consider the complete resolution of
place references in the text [15,12]. The estimations provided by the proposed method
can, for instance, be used to define a document-level prior for the resolution of individ-
ual place names. Finally, in terms of future work, I would also like to experiment with
other types of classification approaches (e.g., models based on ensembles of classifiers)
and with different feature weighting schemes [6].
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