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Landmark
Method

Baseline QE1 QE2 Scene maps
La Pedrera(a) 0.326 0.588 0.377 0.901
Park Guell(a) 0.795 0.794 0.812 0.847
Museu Nat. d’ Art 0.590 0.702 0.602 0.637
Columbus Monument 0.505 0.658 0.558 0.698
Carrer B.I.-El Gotic 0.449 0.917 0.555 0.739
Port Vell 0.332 0.746 0.380 0.480
Sagrada Familia 0.857 0.889 0.864 0.881
Casa Batllo 0.759 0.792 0.767 0.798
Arc de Triomf 0.840 0.889 0.847 0.882
La Pedrera(b) 0.651 0.921 0.939 0.903
Hotel Arts 0.560 0.773 0.573 0.633
Hosp. de San Pau(a) 0.317 0.580 0.423 0.838
Hosp. de San Pau(b) 0.421 0.776 0.502 0.709
Park Guell(b) 0.500 0.886 0.526 0.634
Torre Agbar 0.310 0.617 0.378 0.630
Placa de Catalunya 0.794 0.853 0.798 0.812
Cathedral (side) 0.487 0.864 0.546 0.972

Table 6: Mean Average Precision per landmark for the four methods. For each landmark 5 query
images were used.

The annotated dataset used contains variable sized groups of images depicting the same scene.
Small ones usually correspond to non-landmark scenes while large ones to well known land-
marks. Achieving high recall scores is challenging when we deal with a large group of similar
images. Re-ranking is only performed on the top ranked images and this can lead to missing
quite a few images with the baseline method. Figure 17 shows mAP values for each query
based on the size of the group of similar images corresponding to the query image. Observe
that scene maps can yield total recall even for scenes containing more than 100 images. For the
same scenes, the otherwise powerful QE1 fails to retrieve all the scene instances, since some
images were lost from the initial query before the expansion. Furthermore, almost total recall
is observed in the small clusters for scene maps, the images of which are usually contained in a
very small number of scene maps, usually one or two.

Figures 18 and 19 show a query image, of a non-landmark and a landmark respectively and top
ranked retrieved and geometrically verified images. Geometrically verified images are more for
scene maps leading to higher recall. Tables 6 and 7 contain mAP values for each group of the
landmarks and non-landmarks ground truth respectively. Remarkable is the fact that for many
groups scene map achieved perfect mAP equal to 1.0 while other methods achieved a worse
ranking of the similar images.

Location recognition evaluation. All European Cities 1M dataset images are geo-tagged.
Thus, given the outcome of visual retrieval, location recognition is performed (see D2.3). To
evaluate the proposed scheme, we compare the resulting estimation against the hand-picked ge-
ographic location information of each annotated group of images in our European Cities 1M.
Localization accuracy in comparison to baseline and other methods is shown in Table 8. As we
see, localization percentage is already high even for the baseline method. Still, our method using
scene maps reaches the highest percentage.
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Scene
Method

Baseline QE1 QE2 Scene maps
Scene1 0.618 0.648 0.654 0.884
Scene2 0.667 0.847 0.730 1.000
Scene3 0.399 0.458 0.451 0.880
Scene4 1.000 1.000 1.000 1.000
Scene5 1.000 1.000 1.000 1.000
Scene6 0.800 0.969 0.848 0.802
Scene7 0.876 0.979 0.940 1.000
Scene8 1.000 1.000 1.000 1.000
Scene9 0.339 0.557 0.357 0.754

Scene10 0.351 0.482 0.428 0.687
Scene11 0.557 0.843 0.575 0.633
Scene12 0.577 0.857 0.639 0.755
Scene13 0.681 0.846 0.746 1.000
Scene14 0.875 1.000 0.880 0.885
Scene15 1.000 1.000 1.000 1.000
Scene16 0.791 0.883 0.798 0.812
Scene17 1.000 1.000 1.000 1.000
Scene18 0.800 0.972 0.810 1.000

Table 7: Mean Average Precision per scene for the four methods. For each scene 5 query images
were used or less if the total group size is below 5.

Table 8: Percentage of correctly localized queries within at most 150 meters from the ground
truth location.

Method
Distance threshold

< 50m < 100m < 150m
Baseline BoW 82.5% 91.6% 94.2%
QE1 86.3% 93.5% 96.2%
QE2 86.7% 93.3% 96.5%
Scene maps 87.8% 94.2% 97.1%

Samples of query images depicting well known landmarks and the corresponding localization
result on the map are presented in Figure 20. The first 6 cases achieve successful recognition.
However in the last two cases we present two examples, coming from the evaluation queries,
of unsuccessful recognition based on the ground truth geo-tag which is the exact location of the
landmark. Final estimation is far from the ground truth location. This is derived from the fact
that geo-tags of user images correspond to the location where the photo was taken from. Thus,
these are unsuccessful examples of localizing the landmark but successful ones of localizing the
photo.

Landmark recognition evaluation. Since most photographers are taking pictures of well
known landmarks, we can safely assume that some of the annotated groups of images in our
European Cities 1M dataset can be linked with Wikipedia articles. Given that the metadata of
the images in our European Cities 1M dataset contain user tags, we use the method proposed in
D2.3 to analyze them and effectively identify the landmark and suggest Wikipedia articles for
each query.
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Figure 20: Samples of query images and location recognition result on the map. For each pair
there is the map on the left and the initial query image on the right. Blue marker: Retrieved
image. Red marker: Geo-tag estimation. Grey marker: Discarded after RNN clustering.

The performance of the approach is shown in Table 9, where we see the percentage of correctly
discovered links. Experiments are carried on 17 of the groups, that is the dataset subset which
depict landmarks and has corresponding Wikipedia articles. We regard a query link suggestion
as correct, if the ground truth article link is one of those suggested from the landmark recognition
process. As the table shows, recognition for landmark queries is really efficient both with the
use of scene maps and query expansion. Samples of query images and the corresponding sug-
gested and frequent tags are presented in Figure 21. These are examples of successful landmark
recognition.

4.3 Travel photo sequences

Given a set of user photos we localize them on the map and form a travel route approximating the
one followed when these photos were taken. We also associate parts of the route with landmarks
depicted and link them to Wikipedia articles.

ViRaL for location and landmark estimation. Let P = {pi}, i = 1 . . .N be the sequence of
N user images. Initially we use each individual image pi of the sequence as a query to the
ViRaL tool. This process is described in D2.1.2. As a consequence, a set of localized images
L = {pi : `(pi) = 1}, L ⊂ P is formed, where `(pi) is one if image pi is successfully localized
on the map by the ViRaL tool, otherwise it is zero. All remaining images L̂ = P\L, are not
successfully localized yet. A sample of user images taken during a day in London are shown in
Figure 22. After using the ViRaL tool, we get the initial subset of localized images on the map
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Table 9: Percentage of correct Wikipedia article suggestions for each landmark and average
percentage for the four methods.

Landmark
Method

Baseline QE1 QE2 Scene maps
La Pedrera(a) 100% 100% 100% 100%
Park Guell(a) 100% 100% 100% 100%
Museu Nat. d’ Art 40% 100% 60% 80%
Columbus Monument 100% 100% 100% 100%
Carrer del Bisbe Irurit-El Gotic 100% 100% 100% 100%
Port Vell 80% 100% 80% 100%
Sagrada Familia(b) 100% 100% 100% 100%
Casa Batllo 100% 100% 100% 100%
Arc de Triomf 100% 100% 100% 100%
La Pedrera(b) 60% 100% 80% 80%
Hotel Arts 40% 40% 40% 60%
Hospital de Sant Pau(a) 100% 100% 100% 100%
Hospital de Sant Pau(b) 80% 80% 80% 100%
Park Guell(b) 100% 100% 100% 100%
Torre Agbar 100% 100% 100% 100%
Placa de Catalunya 100% 100% 100% 100%
Cathedral (side) 80% 80% 80% 80%
Average 87% 95% 90% 95%

Figure 21: Samples of query images with suggested and frequent tags. Landmarks are recog-
nized successfully and the corresponding Wikipedia links are provided.
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as shown in Figure 23.

Figure 22: Sample user images taken during a single day tour around London.

Figure 23: Initial set of images localized on the map after issuing queries to the ViRaL tool.

From visual words back to descriptors. The ViRaL tool integrates methods for large scale
image retrieval. This is done in a fast way, and in a some cases similar images might be missed
in favor of speed. From the image set depicted in Figure 23, only a few are initially localized with
the VIRaL tool, although some of the images left without an estimated location do indeed contain
a landmark. Since this image set is relatively small, these images could be identified with a more
detailed method, that is now computationally feasible. We geometrically match all images from
L̂ with each image successfully localized. If an image pi ∈ L̂ is geometrically verified against an
image p j ∈ L, then pi is also localized in the same position. We set g(p j) = g(pi) = [lati, loni]
and `(p j) = 1, where g(pi) are the geo-coordinates (latitude: lati, longitude: loni) assigned to
pi. Function g is only defined for images localized successfully (`(pi) = 1).

The visual word representation allows images to be organized in an inverted file structure and
also tentative correspondences to be found really fast. This is used in the ViRaL tool for speedup
and sub-linear access to a large database of images. Now, we go back to the descriptors of local
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features and use them to find tentative correspondences. We use SURF local feature and descrip-
tors [7], which are already extracted while issuing queries to ViRaL. We find initial assignments
between images with approximate nearest neighbor search using FLANN [57]. We also employ
the ratio-test used in [53] in order to keep assignments forming our tentative correspondences.
Finally geometric matching is performed with Fast Spatial Matching [64], as in the ViRaL tool.

Using time from EXIF data. We now exploit EXIF data, and particularly time at which each
photo was taken. We utilize this information in order to define a possible position on the map for
all images that are still not localized. If pi, p j ∈ L are two consecutive images in time (excluding
images in L̂), then we define a part of the travel route vi j, as a path between g(pi) and g(p j). All
images pk ∈ L̂ for which t(pi) < t(pk) < t(p j) are placed on the path vi j. In this way the total
travel route is constructed by the union of all those paths (Figure 24).

Figure 24: Virtual route after initial localization, pairwise matching and grouping of verified
images and localization of all other images using time from EXIF data.

Identifying landmarks. When an image is localized with the ViRaL tool, landmarks might
also be identified. Those images and all other verified with them are related with the specific
landmark. Finally, a route through well know landmarks is also formed, as show in Figure 25.

4.4 Point-of-interest exploration

The first part of our recently proposed scene maps technique[5][40] provides a clustering of
the images given an (arbitrarily large) geo-tagged image collection. This view clustering pro-
poses a summarization of the collection and can evidently guide an interface for visualization
or exploration. In this point-of-interest exploration task we start from view clusters and form an
exploration interface that uses Google Maps API to pin the clusters on the map and also displays
information regarding a selected cluster. The information displayed are the images contained
in the cluster and, if the image depicts a landmark, the landmark name and a link to the corre-
sponding Wikipedia article. In order to make the exploration interface appealing to the user, we
exploited both the importance of each individual cluster and spatial distribution of the clusters
on the map to select the visible clusters per zoom level.

Following the technique described in [5] and [40], we form view clusters using geographical and
visual clustering on a large image corpus. Each of the view clusters has by default a reference
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Figure 25: User images associated with well known landmarks.

image, i.e. an image that all other cluster images share visual information with. What is more,
given the cluster images, we process the geographical and textual metadata available and extract
both a robust estimation of the cluster’s geographical location and also the name of any landmark
or point-of-interest that might be depicted in the cluster images. In the exploration interface,
each cluster is represented on the map by the reference image, pinned at the estimated location
of the cluster.

To pick the best clusters to be displayed at each zoom level, we exploit the size and spatial
distribution of the clusters. The size of each cluster, i.e. the number of images that it contains,
can be seen as a measure of importance. Spatial distribution is also important for visualization,
since we prefer the map to be covered with clusters to explore at all visible locations.

For each zoom level a greedy algorithms selects the most important images to cover the map,
given a radius parameter. As the zoom levels grow, and the visible area of the map decreases,
the radius parameter also decreases, enabling more and more clusters to be displayed. At the
final zoom level we set no restrictions and present any available cluster in the visible area.

The exploration interface is shown in Figure 26. Most area is covered by the map and there is
some space on the right, reserved to display information of a selected cluster. The user can select
a cluster by clicking on its reference image. This will trigger the cluster information to appear
on the right frame, i.e. the cluster images and the landmark(s) present, if available. In Figure 26
the selected cluster is the one marked with a red border on the map.
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Figure 26: The point-of-interest exploration interface. On the left frame there is a fully func-
tional Google Map with image clusters depicted by their reference image, and on the right the
user can see the images and landmark of the cluster that has a red border on the map.

5 Evaluation of retrieval techniques on long-tail POIs

This section discusses the problem of matching the photos of a tagged photo collection to a list
of “long-tail” Points Of Interest (POIs), that is POIs that are not very popular and thus not well
represented in the photo collection. Despite the significance of improving “long-tail” POI photo
retrieval for travel applications, most landmark detection methods to date have been evaluated
on very popular landmarks. In this section, we present an empirical analysis comparing four
baseline matching methods that rely on photo metadata, three variants of an approach that uses
cluster analysis in order to discover POI-related photo clusters, and a real-world retrieval mech-
anism (Flickr search) on a set of less popular POIs. The results of this study were published in
[82].

A user-based evaluation of the aforementioned methods is conducted on a Flickr photo collection
of over 100,000 photos from 10 well-known touristic destinations in Greece. A set of 104 “long-
tail” POIs is collected for these destinations from Wikipedia, Wikimapia and OpenStreetMap.
The results demonstrate that two of the baseline methods outperform Flickr search in terms of
precision and F-measure, whereas two of the cluster-based methods outperform it in terms of
recall and POI coverage. The results of this study are valuable for enhancing the indexing of
pictorial content and the user experience in the CSG use case.

5.1 Motivation

The massive amounts of user contributed content in social media sites has provided valuable
input for a series of mining applications and for numerous intelligent services built on top of
the mined knowledge. An important problem that has recently attracted considerable interest is
the detection of Points of Interest (POIs) in large user-contributed photo collections [42, 69, 23].
It has been demonstrated that photos of popular landmarks around the world can be success-

Page 51



D2.4 - V8

fully mined in large sets of tagged photos. In addition, different representative photos for each
detected landmark can be identified [42, 70] leading to more diverse pictorial descriptions for
landmarks. The results of automatic POI detection are valuable in the context of tourist applica-
tions both for presenting the interesting attractions of a place to the potential visitor [70, 23] as
well as for planning efficient tourist itineraries based on the available POIs [17, 37, 67].

Despite the great interest in this problem, most existing works are limited to the discovery of
prominent landmarks that are well represented in the photo collections. Less known POIs are
usually disregarded due to the fact that most existing methods require a large number of photos
per POI in order to reliably detect it. The objective of this task is to evaluate the effectiveness
of different schemes for identifying photos that depict “long-tail” POIs. Starting from three ge-
ographical sources of information, namely Wikipedia11, Wikimapia12, and OpenStreetMap13,
we compile lists of “long-tail” POIs. Then, we devise several matching functions in order to
associate individual photos with POIs by use of textual (title, description, tags) and geo-location
metadata. In addition, we leverage the collective intelligence (WP2-WP3) hybrid photo cluster-
ing service of WeKnowIt [62, 61] to discover photo clusters related to the target POIs. Three
variants of the method are tested that rely on different types of photo similarity graphs (visual,
tag-based, and hybrid). Finally, we make use of the Flickr search service by posting queries
constructed from the POI name and place. The latter implementation is a widely used real-
world retrieval mechanism, and hence, constitutes a suitable and high performance competitor.
Our empirical study demonstrates that two of our baseline matching schemes outperform Flickr
search in terms of F-measure, while the graph-based methods perform best in terms of recall
and coverage, thus being more suitable for the problem of “long-tail” POIs, where conventional
matching schemes may yield no matches.

The rest of this section is structured as follows. Subsection 5.2 briefly discusses several related
works. In subsection 5.3, we present background information on the problem, namely the neces-
sary notation, the POI list compilation process, and the employed graph-based photo clustering
method. Subsection 5.4 presents the proposed matching methods for addressing the problem.
Subsection 5.5 describes the experimental setup and the obtained results.

5.2 Related Work

The application of social media mining in tourist scenarios has recently attracted significant in-
terest due to its potential for the automatic production of high-quality tourist-related multimedia
content. In particular, there is a wealth of research activity in the area of landmark recognition
in large tagged photo collections. For instance, Kennedy and Naaman [42] make use of tags,
location information and visual features of photos in order to identify clusters of photos that
correspond to different views of popular landmarks. However, they make no use of external
knowledge sources (e.g. Wikipedia) and they rely on a large number of geotagged and repre-
sentative photos for each landmark. Thus, their approach is limited to landmarks that are well
covered (in terms of pictorial content and metadata) within a photo collection. Similar limita-
tions hold for the work in [70] that relies on the “interestingness” property of photos (provided
by Flickr), which limits its utility to highly voted photos.

11Wikipedia, http://www.wikipedia.org/
12Wikimapia, http://wikimapia.org/
13OpenStreetMap, http://www.openstreetmap.org/
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Quack et al. [69] mine landmarks and events from a large set of photos by clustering them based
on their visual and textual similarity, classifying the photo clusters into landmarks or events and
mapping the clusters to Wikipedia articles by use of query formulation and visual matching.
Despite the high precision reported by the authors, their method also suffers from low recall, i.e.
it does not detect places with few photos in Flickr.

Other travel-oriented applications of social media mining are presented in [16, 17, 37, 67].
Crandall et al. [16] attempt to estimate the geographic position of tagged photos by use of visual
and textual features, which is complementary to our work, since the more geotagged pictures
are available the better the performance of the POI detection will be. The works in [17, 37, 67]
deal with the automatic travel itinerary creation from tagged photo collections of cities. Such
applications can greatly benefit from POI detection, since they rely on POIs to create itineraries
passing through them. The work in [67] makes use of Wikipedia articles and categories in order
to identify POI names and locations.

Within WeKnowIt, work has been conducted to mine structured POI information from Wikipedia
articles [38] and clusters of photos corresponding to POIs [71]. The first (Wikipedia POI ex-
traction) is used as one of the POI sources for this experiment (OpenStreetmap and Wikimapia
being the other two), and the latter is used as the basis of the cluster-based matching schemes
benchmarked in this task.

5.3 Background - Notation

5.3.1 Notation

Table 10 contains all necessary notation used throughout the section. Our starting point is the
collection (set) R= {r} of tagged photos, where each photo r is a tuple (tr,dr,Xr,λr), comprising
a title tr, a description dr, a set of tags Xr and the capture location of the photo λr, expressed as a
latitude-longitude pair of values. Furthermore, we consider the set P= {p} of POIs, where each
POI p is a tuple (plp,Tp,λp) containing the place of the POI plp, a set Tp of alternative titles for
the POI and the location λp of the POI. In this study, a place may refer to a city (e.g. Herakleion)
or an island (e.g. Santorini). The problem we address is the evaluation of different mappings
f : R→ {P,nil}, which map each photo of the collection to one of the available POIs or to no
POI at all. In the case of cluster-based POI-photo matching (described in subsection 5.4.2), we
achieve the POI-photo mapping f through an intermediate mapping f : CLtype→{P,nil}, which
associates each photo cluster of the cluster set CLtype to one of the available POIs or to no POI at
all. The photo clusters are derived based on the graph-based photo clustering method described
in subsection 5.3.3. Three types of clusterings are considered depending on the underlying image
similarity graph; more specifically type∈ {V IS,TAG,HY B} corresponding to visual, tag-based,
and hybrid similarity graph respectively. A cluster c ∈CLtype is a tuple (Mc,RTc), where Mc is
a set of cluster members (i.e. Mc ⊂ R) and RTc is the set of representative titles for the given
cluster, derived from the process described in subsection 5.4.2.

5.3.2 POI list creation

We use three sources for compiling the list of POIs: (a) Wikipedia, (b) Wikimapia and (c)
OpenStreetMap. The advantage of Wikipedia is that it contains rich additional information
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Table 10: Notation used in this section
Symbol Definition
R= {r} Collection of photos
P= {p} Set of POIs
CLtype = {c} Set of clusters
type VIS, TAG or HYB
r = (tr,dr,Xr,λr) Photo metadata
tr title
dr description
Xr tags
λr geolocation
p = (plp,Tp,λp) POI information
plp place
Tp representative titles
λp geolocation
c = (Mc,RTc) Cluster metadata
Mc members Mc ⊂ R
RTc titles RTc = {rtc1,rtc2, . . .}
tok(s) set of tokens for string s
place(p) alternate names for place of p

for each POI contained in it. However, it misses several less important POIs. Wikimapia and
OpenStreetMap, on the other hand, contain only basic information for each POI, but they have
much higher coverage of POIs, especially in smaller places and cities. We populate our final list
having in mind that we are more interested in “long-tail” POIs than popular ones. Starting the
selection from a list of touristic destinations, we end up with a number of POIs ready to be used
by the POI-photo matching methods.

5.3.3 Graph-based clustering

The cluster-based POI-photo matching method of subsection 5.4.2 relies on the creation of three
types of photo similarity graphs representing three kinds of similarities between photos of the
collection, namely visual, tag and hybrid. In the visual graph, the edge weights represent the
pairwise similarities in terms of visual content (SIFT descriptors [52] are extracted for each
photo and a bag-of-visual-worlds feature vector is computed based on the software implemen-
tation of [79]). On the other hand, the tag graph is built by use of tag co-occurrences between
photos. Each edge on this graph is weighted by the number of tags shared between the two
photos. Both popular tags and weak edges are discarded to increase noise resilience and reduce
the computational needs of the clustering algorithm. The hybrid graph is formed by considering
the union of the visual and tag graph. Then, a community detection procedure is applied on
each graph with the goal of identifying sets of nodes (i.e. photo clusters) that are more densely
connected to each other than to the rest of the network. This graph-based clustering framework
is described in detail in [62, 61] and exposed as a WeKnowIt collective intelligence service.
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5.4 POI-Photo Matching

5.4.1 Baseline matching

In order to match Flickr photos with the extracted POIs, we make use of the following metadata:
(a) title, (b) tags, (c) description, and (d) capture position. Due to the unrestricted nature of photo
sharing applications, there are numerous cases, in which one or more of the aforementioned
metadata fields are missing. In such cases, it is not possible to match the photo to any POI
by use of the baseline methods proposed here. We consider matching functions of the form
s : R× P → [0,1] for estimating how well a particular photo r matches a given POI p. In
particular, the matching functions can be expressed as:

sk(r, p) =
{

Ak if matching criterion φk
0 otherwise (5.1)

where φT ,φD,φL and φH are the criteria for title-tag, description, location and hybrid matchings
respectively.

In order to simplify the function specification, we also define the tokenization function tok(s),
which, given a string s, produces a set of tokens (strings) by splitting s around matches of white
spaces. We further define the function place(p), which, given a POI, returns the name plp
of the place containing the POI, and some alternate names for it, e.g. place(“Acropolis”) =
{“Athens”,“Athina”}. Finally, we slightly abuse the subset operator to denote string contain-
ment, i.e. a⊆ b denotes that string a is contained in string b. Depending on the kind of metadata
we rely on, we obtain a different matching criterion φ and a different score A. In the end, we get
the following matching function variants:

• Title+tag token match (sT ):
AT = α , φT ≡ {∃t ∈ Tp :
(tok(t)− place(p))⊆ (tok(tr)∪Xr)}

• Location match (sL): AL = β , φL ≡ {d(λr,λp) < l} where d(λr,λp) is the geodesic dis-
tance between λr and λp, and l is a predefined threshold.

• Description match (sD):
AD = γ , φD ≡ {∃t ∈ Tp : t ⊆ dr}

• Hybrid match (sH): AH = 1, φH = φT ∩φL

The positive scores returned by the aforementioned variants obey the constraints γ < β < α < 1
in order to reflect the confidence we have in each criterion. In the end, for each criterion k, given
POI p, we obtain the set POIk(p) = r : sk(r, p)> 0 of photos matched with p by use of matching
criterion k.

5.4.2 Cluster-based matching

Here, we attempt to match a POI p with a cluster c by using the POI and cluster titles, Tp and
RTc respectively. The latter is a result of a process that finds the most frequent word sequences
within the titles of photos of the cluster c. More specifically, we define the function seq(tr) that,
for each title tr of a photo, returns the set of all possible term sequences up to length 6. We then
aggregate over all term sequence sets for the photos of the cluster maintaining a count for each
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one of them. In the end, we select the top five term sequences as the representative titles RTc of
the cluster, by ranking them with a function that takes into account the term sequence frequency,
the sequence length (we prefer longer to shorter titles), and the lexical diversity of titles (we
prefer to have diverse titles in order to capture alternative names).

After extracting RTc, we apply the cluster-based matching procedure that is implemented as a
cascade of three consecutive criteria, namely full title match (φF ), relaxed title match (φRel), and
partial lexical match (φPar). We consider matching functions of the form sCL : CL×P→ [0,1]
for estimating how well a particular cluster c matches a given POI p. The matching sCL is
expressed by Equation 5.2.

sCL(c, p) =


µ if matching criterion φF
ν if matching criterion φRel
ξ if matching criterion φPar
0 otherwise

(5.2)

where φF , φRel , and φPar are defined as:

• ψF ≡ {∃t ∈ Tp : t ⊆ RTc}

• ψRel ≡ {∃t ∈ Tp : (tok(t)− place(p))⊆ tok(RTc)}

• ψPar ≡ {∃t1 ∈ Tp,∃t2 ∈ RTc :
|{(pti,ct j)|LV (pti,ct j)> σ1}|> σ2 ∗ |PT |}

where LV (s1,s2) ∈ [0,1] denotes the Levenshtein similarity [47] between the strings s1,s2,
pti ∈PT = {(tok(t1)− place(p))} and cti ∈{(tok(t2)− place(p))} and σ1 = 0.6,σ2 = 0.5.

The full title match criterion (φF ) searches for identical titles, while the relaxed criterion (φRel)
tries to match all tokens of a POI title, regardless of their sequence, with tokens from a cluster
title taking into account the function place(p). The third criterion (φPar) tries to match titles, of
which a certain number of tokens is lexically quite similar. With the partial lexical match we
are trying to solve both the problems of misspelling and the identification of slightly different
written words with the same meaning (e.g. “Saint Anna” or “St. Anna”). We set the values of
the constants in Equation 5.2, such that the following condition holds: µ > ν > ξ > σ2. In the
end, given POI p, we obtain the set POICL(p) =

⋃
Mc,c : sCL(c, p)> σ2 of photos matched with

p by use of cluster-based matching.

5.4.3 Flickr search matching

For a POI p, we form a query qp by concatenating the POI name (most characteristic name from
the set Tp) and the place name plp (in order to avoid ambiguity for landmarks with the same
name in different places). We post the query to the Flickr search API (flickr.photos.search) and
then obtain the set POIFL(p) = FLICKR(qp) of the photos matched with p by use of Flickr
search matching.
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5.5 Experiments

5.5.1 Dataset

Starting from 10 touristic places of Greece 14, we compiled a list of 104 “long-tail” POIs con-
tained in them. Furthermore, we downloaded a number of place-focused photos (129.023 in
total, 46.181 geotagged) by issuing appropriate queries for each place to the Flickr search ser-
vice (e.g. “Chania Greece” to retrieve photos from “Chania”). This collection will be referred to
as the “original” photo collection and be denoted as R0. The use of the Flickr search matching
method (FL) on the list of POIs resulted in an extension of the “original” dataset, since Flickr
search is conducted over the whole Flickr collection. Adding these additional photos to our
“original” collection resulted in a total ofv 148.000, which will be referred to as the “extended”
photo collection, and denoted as Rext .

The application of the proposed matching methods took place separately for each place, which
means that POIs of a place were matched with photos (or clusters) of the same place. For
instance, for each POI of Santorini, for which 20,086 photos were downloaded from Flickr, the
candidate photos for matching were limited to the set of 20,086 photos, or to the 187 photo
clusters in the case of the hybrid graph cluster-based matching (CLHY B).

5.5.2 User study

We conducted a study involving 10 users. Each user was assigned approximately 20 POIs, and
for each POI, she was presented with the union of the results of all matching methods for that
POI, the so-called “POI photo pool”. The user was instructed to decide for each photo whether it
was relevant or irrelevant to the POI in question. If the user could not decide, they were given the
option of not filling in the annotation for the photo (don’t know). In order to help the users make
the decision, for each POI we provided a link to a site containing a characteristic photo and some
description of the POI. In total, a set of v 34.000 photos (the union of all POI photo pools for
the 104 POIs of the study) were evaluated. Each photo was evaluated by two users in order to be
able to estimate inter-annotator agreement (κ-statistic). Although the users were oblivious to the
matching method that produced the photos for a given POI, this association was maintained in
the back-end, thus enabling us to compute precision (P), recall (R), and F-measure (F) for each
one of the methods. Furthermore, since methods could not identify relevant photos for each of
the 104 POIs, we computed the POI coverage (C) for each method, i.e. the percentage of POIs,
for which at least one relevant photo could be retrieved by the method.

5.5.3 Results and discussion

Depending on whether we considered the “don’t know” response as relevant or irrelevant, we
computed two different retrieval performance sets, which we will refer to as relaxed (“don’t
know” counts as relevant) and strict (“don’t know” counts as irrelevant). In addition, depending
on the photo set used to compute the retrieval performance scores, we obtained two different
results, one computed with reference to R0 and the other with reference to Rext . The combination
of the aforementioned variants of computing performance resulted in four different result sets,

14Chania, Corfu, Heraklion, Ioannina, Nafplion, Naxos, Paros, Santorini, Thessaloniki, Zakynthos
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(a) Red Beach (Santorini) (b) Nea Kameni (Santorini)

(c) Perama Caves (Ioannina) (d) Patsides (Herakleion)

Figure 27: Examples of long tail POIs.

namely relaxed in R0 (Table 11), strict in R0 (Table 12), relaxed in Rext (Table 13) and, strict in
Rext (Table 14).

Tables 11 and 12 present valid comparative results, since all matching methods are evaluated
with reference to the same photo collection. One can see that the highest precision was achieved
by use of the hybrid (H) matching method (75.3% in relaxed, and 68% in strict mode). Inter-
annotator agreement was also high (0.498). However, this method gave the lowest recall values
due to the added criterion of location in the matching procedure. In our dataset, most of the
photos do not include geographic information, thus, this method is not applicable for them.

Considering recall values, we see that the tag cluster-based method CLTAG achieved the best
score (51.5% in relaxed, 51.4% in strict mode), which indicates that tag-based photo clustering
can be beneficial for extending the POI search results. However, this comes at a cost in precision,
since the CLTAG method presents the worst performance in terms of precision. The highest F-
measure was achieved by the title+tag (T ) method (55.3% in relaxed, and 53.3% in strict mode)
making it the best candidate for balanced results in terms of precision and recall. An additional
noteworthy observation pertains to the very low κ-statistic scores achieved by methods (with the
exception of the highly selective Hybrid (H) matching method). This indicates that associating
photos with POIs is a hard task even for human annotators. For instance, some users may
find relevant only the characteristic views of a POI while others may also find relevant some
alternative views of it (e.g. indoor views). In addition, some POIs are intrinsically difficult to
evalutate (e.g. neighborhoods, beaches, old cities).
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Table 11: IR performance results (relaxed, R0)
Method P R F κ C
T 0.680 0.466 0.553 0.252 0.894
D 0.613 0.176 0.273 0.160 0.760
L 0.533 0.271 0.359 -0.478 0.490
H 0.753 0.069 0.126 0.498 0.270
CLHY B 0.525 0.429 0.472 -0.464 0.952
CLTAG 0.518 0.515 0.516 -0.419 0.952
CLV IS 0.626 0.107 0.183 -0.020 0.450
FL 0.677 0.437 0.531 0.263 0.800

Table 12: IR performance results (strict, R0)
Method P R F κ C
T 0.591 0.485 0.533 0.027 0.894
D 0.534 0.189 0.279 -0.176 0.760
L 0.439 0.262 0.328 -2.003 0.490
H 0.676 0.083 0.147 0.400 0.270
CLHY B 0.442 0.435 0.438 -0.942 0.952
CLTAG 0.432 0.514 0.470 -0.710 0.952
CLV IS 0.553 0.112 0.186 -0.493 0.450
FL 0.600 0.458 0.520 -0.016 0.800

Finally, the best POI coverage was achieved by two of the cluster-based methods, CLHY B and
CLTAG, since they managed to find relevant photos for 99 out of the 104 POIs of the list. Fig-
ure 27 presents four examples of POIs, for which Flickr could not return any relevant photo,
while the proposed methods could match several related ones. We also computed for each
method the number of POIs, for which the method returned the maximum number of relevant
photos. In the case of the “strict” annotation mode, the title+tag matching (T ) returned the most
relevant photos for 34 POIs, description (D) for 1, location (L) for 9, hybrid graph clustering
(CLHY B) for 12, tag graph clustering (CLTAG) for 26, and Flickr search matching (FL) for 22.

Although Tables 13 and 14 are not valid for comparison, they can be used to draw the follow-
ing interesting conclusion: even when the Flickr search matching uses the whole Flickr dataset,
the performance of the method does not improve in terms of coverage. This marks the impor-
tance of cluster-based matching methods in enriching “long-tail” POIs with photos, and thus in
improving the search experience in the CSG use case.
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Table 13: IR performance results (relaxed, Rext)
Method P R F κ C
T 0.680 0.345 0.458 0.252 0.894
D 0.613 0.128 0.212 0.160 0.760
L 0.533 0.214 0.305 -0.478 0.490
H 0.753 0.044 0.083 0.498 0.270
CLHY B 0.525 0.349 0.420 -0.464 0.952
CLTAG 0.518 0.410 0.458 -0.419 0.952
CLV IS 0.626 0.084 0.147 -0.020 0.450
FL 0.651 0.526 0.582 0.201 0.800

Table 14: IR performance results (strict, Rext)
Method P R F κ C
T 0.591 0.358 0.446 0.027 0.894
D 0.534 0.140 0.222 -0.176 0.760
L 0.439 0.203 0.277 -2.003 0.490
H 0.676 0.051 0.094 0.400 0.270
CLHY B 0.442 0.353 0.392 -0.942 0.952
CLTAG 0.432 0.407 0.419 -0.710 0.952
CLV IS 0.553 0.087 0.151 -0.493 0.450
FL 0.573 0.544 0.558 -0.071 0.800

6 Evaluation of textual methodologies

6.1 Introduction

Throughout the WeKnowIt project the development of the Text Analysis techniques, tool and
services have attempted to address the requirements of real world collective intelligence appli-
cations as represented by the WP7 use cases. As was discussed in previous deliverables this
principally involves considering the nature of collective intelligence (textual) data, which tends
to be short and informal. In addition, due to its conversational nature, information within a single
user generated document may require context outside of that document to enable its comprehen-
sion.

The following section evaluates the Text Analysis tools on a real-world dataset, showing the
effectiveness of applying such automatic analysis techniques in comparison with human anno-
tation. The evaluation data also offers an additional difficulty as whilst the text is generally in
English it also contains a mixture of French and Haitian Creole colloquial terms. The results
indicate that the techniques are effective even on such text.

6.2 Haiti Data

The Ushahidi data from the Haiti humanitarian crisis in 2010 provides comprehensive informa-
tion which has been gathered in near real time from reports coming from inside Haiti via: SMS,
Web, Email, Radio, Phone, Twitter, Facebook, Television, List-serves, Live streams and Situ-
ation Reports. Volunteers at Ushahidi’s Situation Room at the Fletcher School, in Washington
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DC, Geneva, London and Portland identify GPS coordinates and geo-tag the reports, and add
relevant classification tags. This data is plotted on a webpage (Figure 2815) pursuing similar
goals to the WKI project. Therefore the data provides an excellent gold-standard with which to
evaluation the WeKnowIt text analysis technology. Unfortunately the data does not include any
user information and therefore user and social network context cannot be considered during the
analysis process, which has been shown to be effective in previous evaluations [19].

Figure 28: Ushahdidi Haiti Web Page

There was a total of 3,600 documents in the Haiti dataset, of these 13 were removed as they con-
tained less than three words in the description (the majority of these were test messages). All the
remaining 3,587 documents have been manually geocoding with a latitude and longitude values,
however 6 of the documents were not classified with any tag, these documents are included in
the geocoding evaluation but not the classification evaluation.

Table 15 shows the descriptive statistics of the data, both in terms of words and characters used.
As can be seen the messages are generally brief; the average being about 60 words and 300
characters.

Table 16 shows the classification tags used to categorise the documents, and their observed
frequency in the dataset. The tags are structured in a two level hierarchy (similar in structure
to that devised by the Sheffield City Council in WP7). Aside from the 6 untagged documents,

15http://haiti.ushahidi.com
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Table 15: Ushahdidi Haiti Data Descriptive Statistics
Measure Words Characters
Min 3 12
Max 762 4423
Mean 63.3 332.3
Median 51 274

each of the other documents has been assigned between 1 and 6 tags. In order to standardise the
tagging, the documents were pre-processed so that if a document is assigned a leaf tag then it is
also tagged with its parent root tag. However root tags can be assigned to documents without
further differentiating with leaf tags.

There is a considerably skewed distribution of tags with almost 63% of documents having the
“2. Vital Lines” tag, while just over 1% have the “6. Natural Hazards” tag
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Table 16: Ushahdidi Haiti Data Classification Tags
Tag Name Frequency
1. Emergency 581
1a. Highly vulnerable 2
1b. Medical Emergency 209
1c. People trapped 166
1d. Fire 7
2. Vital Lines 2252
2a. Food Shortage 1597
2b. Water shortage 1333
2c. Contaminated water 21
2d. Shelter needed 477
2e. Fuel shortage 21
2f. Power Outage 35
3. Public Health 330
3a. Infectious human disease 10
3b. Chronic care needs 2
3c. Medical equipment and supply needs 305
3d. OBGYN/Women’s Health 7
3e. Psychiatric need 4
4. Security Threats 320
4a. Looting 25
4c. Group violence 1
4e. Water sanitation and hygiene promotion 240
5. Infrastructure Damage 193
5a. Collapsed structure 142
5b. Unstable Structure 32
5c. Road blocked 29
5d. Compromised bridge 1
5e. Communication lines down 1
6. Natural Hazards 44
6a. Deaths 2
6b. Missing Persons 17
6c. Earthquake and aftershocks 22
7. Services Available 813
7a. Food distribution point 333
7b. Water distribution point 5
7c. Non-food aid distribution point 77
7d. Hospital/Clinics Operating 256
7g. Human remains management 37
7h. Rubble removal 7
8. Other 490
8a. IDP concentration 20
8c. Price gouging 1
8d. Search and Rescue 49
8e. Persons News 291
8f. Other 4

Page 63



D2.4 - V8

6.3 Text Geocoding

The first experiment concerns the geocoding of the documents. The presumption being that the
human geo-coding of the documents provides a Gold-Standard, although it should be recognised
that there will be annotation errors, as there will be misinterpretations. Also it is not clear
whether any validation of the geo-coding was undertaken. The Yahoo geo-tagging web service
is used for the comparative evaluation.

6.3.1 Methodology

The geocoding technique follows from that described in the previous deliverable [19], whereby
a semantically structure geographical resource is constructed by fusing two freely available and
extensive resources, namely Yahoo! GeoPlanet16 (for this experiment an update version was
used17) and OpenStreetMap18. Yahoo! GeoPlanet provides the overall structure linking loca-
tions in a hierarchy and OpenStreetMap provides the detailed, fine-grained locations.

The processing of the data remains largely as described previously, excepting data specific aug-
mentations and improvements to data pre-processing. Whilst the Haitian textual data is largely
English, French and Creole nouns are often used. It was therefore necessary to add French
name stopword list to prevent person names being incorrectly geocoded. In addition the am-
biguity of locations is considered by measuring the co-occurrence of locations in the training
data documents. If some location term, e.g. “Main Road”, co-occurs with a variety of disparate
other locations then it is deemed too ambiguous and removed from consideration. The ambi-
guity measure is taken as the mean distance to co-occurring locations, which do not enclose
the location being measured. Locations with ambiguity measures above some threshold (in the
experiment 10 km) are removed from consideration. This measure of ambiguity provides data
specific pre-processing.

When a document is geocoded a number of possible geo-locations can be identified. These are
resolved down to a single geotagging value by selecting the most likely alternative (described in
[19]).

A three-fold cross-validation experiment was performed with two-thirds of the data used for
training, i.e. assessing location ambiguity. The results of the experiment are present below.

6.3.2 Results

Figure 29 shows the results of the geocoding. The WKI geocoding process provided locations
for 2,045 (57%) of the 3,587 documents. Given the set of potential locations discovered for each
document the figure shows the distances between the actual document location, the location se-
lected to geocode the document and the optimal (i.e. nearest) location. The difference between
the two curves indicates the degree to which the context was not available to properly disam-
biguate the locations. The mean values are 22.48 km for the selected locations and 12.51 km
for the optimal location. As a comparison the mean values for geocoding without removing the
ambiguous locations are 31 km from the selected locations and 8.26 km for the optimal location.

16http://developer.yahoo.com/geo/geoplanet/
17Version 7.6.0 released 2010-10-22
18http://www.openstreetmap.org
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As can be seen a significant improvement is made by removing the ambiguous choices from the
location selection process.

Figure 29: WeKnowIt Text Geocoding Performance on Haiti Data

In order to provide a comparative evaluation both the Google19 and Yahoo20 Geocoding Web
Services were employed. The Google service is not intended to geoparse text, rather to provide
geocoding of addresses, therefore it provided virtually no valid responses. However the Yahoo
Placefinder service is intended for parsing text and provided a reasonable number (650) of re-
sponses. The overall comparison of the two services can be seen in Figure 30, which shows the
distances from the actual to predicted geo-location. In addition, Table 17 provides a breakdown
of the distances into a number of ranges. From this it can be seen that the WKI OSM system
provides considerably more responses and in particular where the selected distances are prox-
imate to the actual distances, e.g. WKI OSM provides nearly 16 times the located documents
which are within 100 metres of the actual locations (254 and 16 documents, respectively).

Figure 31 considers solely the 650 documents for which Yahoo Placefinder has provided a loca-
tion. As can be seen there is very little difference between the two systems for these documents.
With a slightly higher mean value of 22.32 km for the WKI OSM systems compared to 22.1 km
for Yahoo. A paired t-test shows that the results do not significantly differ (p-value: 0.91).

19http://code.google.com/apis/maps/documentation/geocoding/
20http://developer.yahoo.com/geo/placefinder/
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Figure 30: WeKnowIt/Yahoo Text Geocoding Performance on Haiti Data
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Figure 31: WeKnowIt/Yahoo Text Geocoding Paired Performance on Haiti Data
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Table 17: WeKnowIt/Yahoo Text Geocoding Distance Histogram on Haiti Data
Distance (km) WKI OSM Yahoo
0.0 ≥ x < 0.01 80 14
0.01 ≥ x < 0.1 174 2
0.1 ≥ x < 0.25 130 26
0.25 ≥ x < 0.5 203 75
0.5 ≥ x < 1.0 189 124
1.0 ≥ x < 2.0 164 70
2.0 ≥ x < 5.0 258 84
5.0 ≥ x < 10.0 223 73
10.0 ≥ x < 20.0 117 21
20.0 ≥ x 507 161
Total 2045 650

6.3.3 Discussion

It can be argued that the Yahoo Placefinder service is being conservative in it’s geocoding, i.e.
high precision, low recall. However the WKI geocoding system shows that it is possible to
geocode such informal text and that the performance is at least comparable with the current state
of the art services. It is unfortunate that for this data set user information is not available as
previous work has shown that user context can further improve performance.
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6.4 Text Classification

The second experiment is concerned with facilitating the classification of the documents. As
above the it is presumed that the human classification of the documents provides a Gold-Standard,
although there is no validation of the classification (i.e. measures for inter-annotator agreement).
However the experiment evaluates the degree to which the automatic classification techniques
can model the human classifiers.

6.4.1 Methodology

The experiment is a standard text classification experiment looking at the application of the state
of the art supervised machine learning algorithm to generate a classification model on a training
data set and apply that model to the unseen data.

In application terms the classification process is seen as a facilitation services for determining the
relevant tags for a document, rather than a fully automated system. This is particular important
for complex classification scenarios, such as the ones required by WP7, where a document can
be classified with a number of potential tags, which are not completely mutually exclusive, rather
structured in a hierarchy.

In order to classify such data it is necessary to employ a hierarchical multi-labelled classifi-
cation technique, for an overview see Tsoumakas et al. [78]. The approach adopted is called
Hierarchical Binary Relevance (HBR) method, in which a multi-label classifier is used to train a
binary classifier for each tag (label) of the hierarchy. The original dataset undergoes a transfor-
mation whereby for each tag a dataset is constructed where the selected tag is deemed positive
and all other tags are deemed negative. For the classification of an unseen (test) instance the
classifier outputs the union of the tags that are positively predicted by the all the separate tag
classifiers. In the hierarchical classifier instances are classified in a top-down manner, with the
sub-tag classifiers only being called if the parental tag receives a positive classification. For the
generation of the binary relevance multi-labelled classifiers a Support Vector Machine (SVM),
classifier was employed [13]. In order to optimise the parameters of the SVM function (cost and
gamma) a grid search method was employed, again using a three-fold cross-validation sample
on the training data set to determine the optimal values.

Note that as in the Haiti data a document may be classified with a parental tag without a child
tag an additional child tag was constructed to account for this case. For a baseline comparison a
classifier was employed which simply ranked the tags according to their frequency in the training
data set.

6.4.2 Results

The section presents the results of the classification experiments which examine the generation
of predictive models to automatically classify the Haiti data according to the categories (tags)
presented above, in Table 16. The first set of results, shown in Figure 32 and Table 18, ignores
the leaf tags and only consider the 8 root tags.

Figure 32 shows the performance measures as the number of ranks considered positive increases.
In effect this simulates providing the user with more potential choices. If only the top rank is se-

Page 69



D2.4 - V8

lected as positive then precision is around 70%, while recall is only about 50%, as the number of
positive ranks increases precision falls and recall increases. For small flat classification schemes
this process may be seen as a ranking one, minimising the amount of time the user requires to
scan down the list to find the correct tag. In this experiment the baseline performs better on all
but the prediction of a single best tag, however this case accounts for 2477 (68.8%) documents
for which there is a single root tag.

Table 18 shows the performance on each of the 8 tags (with a positive ranks for 3). As can be
seen the performance on the tags is strongly correlated with the frequency of the tag.

Figure 32: WeKnowIt Text Classification Performance on Haiti Data Root Tags

The next set of results, shown in Figure 33 and Table 19, consider all the categories (tags) in
the structured hierarchy. Comparing the results with those above indicates that the performance
does not substantially degrade when considering all the tags, which indicates that the meth-
ods employed in hierarchical classification are effective. In this experiment the WKI Classifier
performs significantly better than the baseline throughout the whole graph.
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Figure 33: WeKnowIt Text Classification Performance on Haiti Data All Tags
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Table 18: WeKnowIt Text Classification Performance on Haiti Data Root Tags
Tag Frequency Precision Recall F-Measure
1. 541 0.770 0.216 0.338
2. 2207 0.841 0.860 0.850
3. 325 0.609 0.086 0.151
4. 305 0.813 0.085 0.154
5. 173 0.743 0.150 0.250
6. 41 0.022 0.317 0.041
7. 777 0.762 0.140 0.237
8. 451 0.754 0.286 0.415

Page 72



D2.4 - V8

Table 19: WeKnowIt Text Classification Performance on Haiti Data All Tags
Tag Frequency Precision Recall F-Measure
1. 541 0.503 0.409 0.451
1a. 2 0.000 0.000 0.000
1b. 201 0.304 0.035 0.063
1c. 150 0.542 0.687 0.606
1d. 5 0.000 0.000 0.000
2. 2207 0.770 0.956 0.853
2a. 1576 0.642 0.876 0.741
2b. 1311 0.632 0.699 0.664
2c. 20 0.019 0.200 0.035
2d. 470 0.668 0.330 0.442
2e. 20 0.000 0.000 0.000
2f. 34 0.037 0.412 0.068
3. 325 0.631 0.311 0.416
3a. 10 0.500 0.100 0.167
3b. 2 0.000 0.000 0.000
3c. 300 0.604 0.310 0.410
3d. 7 0.714 0.714 0.714
3e. 4 0.000 0.000 0.000
4. 305 0.494 0.125 0.199
4a. 24 0.286 0.083 0.129
4c. 1 0.000 0.000 0.000
4e. 233 0.387 0.052 0.091
5. 173 0.542 0.225 0.318
5a. 123 0.596 0.228 0.329
5b. 32 0.000 0.000 0.000
5c. 28 0.091 0.107 0.098
5d. 1 0.000 0.000 0.000
5e. 1 0.000 0.000 0.000
6. 41 0.000 0.000 0.000
6a. 2 0.000 0.000 0.000
6b. 17 0.000 0.000 0.000
6c. 19 0.000 0.000 0.000
7. 777 0.349 0.456 0.396
7a. 323 0.117 0.300 0.169
7b. 5 0.000 0.000 0.000
7c. 74 0.026 0.054 0.035
7d. 233 0.642 0.300 0.409
7g. 37 0.667 0.108 0.186
7h. 7 0.000 0.000 0.000
8. 451 0.532 0.503 0.517
8a. 20 0.071 0.600 0.127
8c. 1 0.000 0.000 0.000
8d. 48 0.000 0.000 0.000
8e. 266 0.421 0.605 0.497
8f. 4 0.000 0.000 0.000

Page 73



D2.4 - V8

Two further experiments have been performed to examine factors which are relevant to the nature
of the data.

6.4.2.1 Impact of Training Data Size on Text Classification

This experiment considers how the size of the training data influences the performance, as for
real-time, ad-hoc data, such as that generated during emergencies, it is important to consider
how much data is required to provide adequate performance. Figure 34 shows the improvement
in performance measures as a greater proportion of the training data is used to generate the
classification model. It can be seen that there is a fairly constant increase in performance, which
indicates that for such a classification problem as undertaken in this evaluation there is little
redundancy in the training data set.

Figure 34: WeKnowIt Text Classification Performance on Haiti Data: Effect of Training Data
Size

6.4.2.2 Using Spatial Context in Text Classification

The final experiment considers the use of the spatial information within the classification task.
As there is no user context, it is pertinent to determine if location can provide useful context.
Intuitively it is likely that a tag assigned to a document in a given locations is more likely to
be relevant to another document in a proximate location. In order to perform the experiment
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the locations from the documents in the training set are clustered, using a Simple K-means
technique. The test documents are then assigned to these clusters according to their location and
then the cluster is used as an input into the classification model.

Figure 35 shows the f-measure performance of this technique compared with the results from the
experiment above, where the training data size is varied. As can be seen the use of location in
classification does provide a small but significant increase in f-measure. The effect is particularly
observable in the trials with low levels of training data. The fall performance at the large amounts
of training data may be cause by a decrease in clustering performance as the number of data
points increases and clusters become less distinct.

Figure 35: WeKnowIt Text Classification Performance on Haiti Data: With Geocoding Context

6.4.3 Discussion

In the classification evaluation solely considering the 8 root nodes, whilst the WKI classifier
provided the best performance when selecting the single best tag the baseline classifier provided
better performance when more tags are considered as positive. Therefore in cases where there
are few, none hierarchical, unevenly distributed tags, simply presenting the user with a frequency
ordered list may be the most effective means of selecting the correct tags. However the second
experiment showed that in more complex classification scenarios such a simple approach is less
effective. Figure 33 shows that when selecting the top five ranked tags as positive, recall for the
WKI classifier is around 65% (compared to around 40% for the baseline), while this provides
a significant improvement, it still means that in over a third of the cases the user will have to

Page 75



D2.4 - V8

consult the hierarchy to find the correct tag. It is therefore necessary for the user to understand
the extent to which the tag suggestions should be “trusted”. It would be hoped that as the users
become more aware of the systems performance and the classification possibilities they develop
an understanding of the sufficiency of the suggestions to fully classify the content.

The experiment concerning the size of the training set showed that maximising the amount of
training data is important in terms of performance. This is an intuitive result given the com-
plexity of the classification task. That is, to classify short, informal text with one or more of 45
possible tags. For simpler classification tasks less data should be required.

The final experiment shows that including relevant contextual information (in this case general
location) can be beneficial for classification of such user-generate content, a result congruent
with previous work relating to the inclusion of user contextual information [36].

6.5 Conclusion

The evaluation above shows that text analysis of user-generated content from an ad-hoc (emer-
gency) event can provide potentially useful information, and in some cases performance com-
parable to human annotation. Although in applications where the performance provided by the
automatic methods in insufficient they should be seen as facilitating humans (with suggestions)
rather than replacing them. However, in using such an approach the users should be made aware
of the danger of the system adversely affecting performance, as the user simply chooses from
the potentially incorrect, imprecise or insufficient locations and tags from the selection which
are offered by the system. This may be more likely to occur when the user has little vested
interest in providing fully correct information, in which case some evaluation of the user would
be useful, or where the user has limited time, in which case there is a potential trade-off between
the user providing no information beyond the text versus them providing further information
which is potentially imperfect.
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7 Evaluation of speech methodologies

7.1 Evaluation of Speech Tagging

7.1.1 Setup of Experiments

Our recognizer developed for NIST Rich Transcription 2007 evaluations within the AMI/AMIDA
project [29] served as a baseline for reporting word accuracies. It used a 50k language model,
fast speaker adaptations (VTLN, CMLLR) and one-pass bi-gram lattice decoding. Decoding
is done on PLP and posterior features processed using HLDA and CVN+CMN. The bi-gram
lattices were expanded to 4-grams.

The hybrid recognizer used for partial OOV word detection was derived from this baseline sys-
tem. The setup was reduced to the first pass (bi-gram decoding only) and the word recognition
network was replaced by a hybrid word/sub-word recognition network.

The multigram sub-word language model [18] consisted of 3977 phone and multiphone units
trained on the AMI RT06 50k dictionary. The word language model was an open-set Katz-
backoff language model trained on a total of 60M words from conversational telephone speech
(CTS) and broadcast news data (BBC).

Table 20 shows the data sets used for training the word language model. The vocabulary size

Data BBC fisher1 fisher2 AMI AMI05 h5 icsi m4
#Words 33M 11M 11M 800k 15k 3M 650k 26k

Table 20: Data for word LM training

was fixed to 36k words by frequency cut-off 2 on meeting and CTS data. The hybrid language
model consisting of a word and a sub-word model was combined in form of weighted finite state
transducers by the use of the OpenFST toolkit21.

After mapping the reference transcript to unified UK spellings, we ran a forced-alignment to
obtain a precise timing of all OOV words.

7.1.2 Recognition Results and Their Analysis

The baseline recognizer obtained a word accuracy of 69% on all the data. We investigated
how the use of the hybrid word/sub-word model excels the recognition of words compared to a
word-only recognizer. Therefore, we examine all reference words in the transcripts depending
on their estimated and real frequency. We measured a per-word correctness. A recognized word
has been considered correct iff there was an overlap in time with the reference word covering
all phonemes of the reference word, and both reference and recognized words showed identical
spelling. With the fixed operating point provided by the one-best recognition output of the hybrid
recognizer, where sub-word sequences were interpreted as partial detections, we obtained partial
OOV detections. Figure 36 shows the precision, recall and f-score of all partial OOV detection
tokens sorted independently by score. A high number of false alarms are shown in the right with
scores of 0. To the left, a fair number of partial detection tokens overlap almost perfectly.

21http://www.openfst.org
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Figure 36: Score distributions over partial OOV detections sorted by descending score.

Partial OOV detections with high f-scores qualify for word recovery. Using Phoneme-to-Grapheme
(P2G) conversion, we successfully recovered the correct spelling of detections from the phonetic
description inherent in the corresponding sub-word sequences. We trained a joint multigram
P2G model up to 8-grams on the 36k decoding dictionary using Sequitur22. Co-alignments of
length one and zero between phonemes and characters have been used. and divided those into
two sets according to whether the obtained spelling was an OOV or not. Approximately 24% of
the hits were fully recovered to the correct spelling.

The new approach brings improvements in terms of word accuracy and OOV detection perfor-
mance. The hybrid word/sub-word recognition as a mean to improve the speech recognition
accuracy especially on rare, information-rich words showed to be successful. As shown exper-
imentally here as well as in [30], the hybrid word/sub-word recognition in combination with
phoneme-to-grapheme conversion is also able to recover rare words. The recovery of partial,
potentially reoccurring OOV words, which get detected with a low f-score only, remains an
interesting issue for future research.

7.2 Additional Value of the Speech Technology for Media Fusion Task

This section discusses the media fusion experiment aimed at showing the additional value of the
speech recognition components to the overall performance of automatic tagging tasks based on
the WeKnowIt media intelligence services.

First, it should be noted that the presented evaluation results focus on a specific aspect of the
media fusion mechanisms applied in the project. To be able to quantify the exact contribution
of a particular media analysis method (speech, in this case) in contrast to the other means of the

22http://www-i6.informatik.rwth-aachen.de/web/Software/g2p.html
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analysis (image/video and text), a real data containing each of the above-mentioned modality
input for each individual case needs to be collected. This setting is somehow artificial – in
reality, it is often the case that just one modality is available, e.g., there is only a picture without
any tags, there is only a phone call and no video from the scene etc. The fair evaluation of the
individual contributions of the media analysis methods is specific for the particular use cases so
that the evaluations in WP7 should be seen as an extension to the experiments described here.

7.2.1 Media Fusion Setup

Two key requirements were considered when defining the setup for the experiment:

• to define a common basis for all three modalities involved (video and image taken as one
here);

• to focus on realistic evaluation represented by ad-hoc queries rather than specific ones that
the analysis methods could be tuned on.

The first requirement led to the definition of a shared classification setting in which all three
media systems are employed to decide whether (to what extent) a particular case corresponds
to a specific category. It is then easy to compare the results of the individual classifiers and to
produce the fusion system combining the results of the particular media components.

As a result of the second requirement, data for a specific task was collected. It corresponds to
the ER scenario situation in which the responsible person searches for a piece of information
on “car in water” (e.g., to estimate the water level in the particular place). 172 images and
video files were collected together with the related texts from the web pages. Related speech
recordings were available for 97 of these cases. The rest was randomly distributed to 5 persons
(3 males and 2 females) that were asked to describe the situation on the picture/in the video. The
actual recording employed the speech tagging facility of the WKI mobile SearchInSpeech demo
application.

Out of the 172 cases, 83 were manually selected as positive examples of the category, the rest
as negative ones. Most of the pictures came from disaster reports so that the data realistically
model what could be sent to an ER team and searched in actual situation. Further analysis of the
data showed that the classification is very hard for all the classifiers – the level of noise in the
voice recordings is high, the texts mentioning relevant terms are often used for images that do
not show “car in water”, there are videos of damaged cars not being in water and flooded objects
that are not cars. Figures 7.2.1 and 7.2.1 demonstrate two positive examples from the Sheffield
2007 flooding subset of the dataset, Figures 7.2.1, 7.2.1 and 7.2.1 show the negative ones.

If there are enough training examples, all the classifiers could be trained for the particular task
in hand. However, it is unrealistic to expect such a setting for most of the situation the media
intelligence should be applied in. That is why we built the actual classifiers for image/video and
speech from generic modules trained on non-specific data. The text classification was allowed
to train on 12 texts describing additional positive examples (not included in the evaluation set)
and on 19 texts for in-domain negative cases. Apart from that, it used the automatically derived
list of paraphrases based on wordsketches [44] generated on the English GigaWord Corpus [28].

The image classification consisted in a combination of a general classifier of objects developed
as a part of our TrecVid2010 activity [35] (object(car)) and the region classifier described in [32]
(in region(water)).
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Figure 37: A positive example for ‘car in water’ –
http://www.bbc.co.uk/southyorkshire/content/image galleries/flooding june 07 gallery two.shtml?59

Figure 38: A positive example for ‘car in water’ –
http://www.bbc.co.uk/southyorkshire/content/image galleries/flooding june 07 gallery two.shtml?56
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Figure 39: A negative example for ‘car in water’ –
http://www.bbc.co.uk/southyorkshire/content/image galleries/flooding june 07 gallery two.shtml?30

Figure 40: A negative example for ‘car in water’ –
http://www.bbc.co.uk/southyorkshire/content/image galleries/flooding june 07 gallery two.shtml?36
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Figure 41: A negative example for ‘car in water’ –
http://www.bbc.co.uk/southyorkshire/content/image galleries/flooding june 07 gallery two.shtml?75

The speech classifier used 2-pass decoding with speaker adaptations (CMLLR, VTLN) and was
derived from the AMIDA 2005 CTS recognizer as previously used in [11]. As acoustic fea-
tures, we used posterior features using long temporal context. The acoustic models were trained
speaker independently on 250 hours of Switchboard data. As recognition network, we used a
hybrid word/sub-word language model (LM). The sub-word LM consists of 3977 phone and
multiphone units trained on the RT06 dictionary ([77], 47k words). The word LM (bigram
open-set Katz-backoff) was trained on ≈ 2250 hours of Switchboard (1+2) and Fisher.

Note finally, that due to the specific character of the data necessary for this kind of evaluation,
the performance figures of the individual media detectors strongly depend on the actual data
collected for the experiment. Rather than to the particular results of the individual methods, it is
therefore relevant to pay attention to the complementarity of the individual components and the
potential for the fusion.

7.2.2 Results and Discussion

Table 7.2.2 summarizes the results. Even though the resulting accuracy figures for the individual
classifiers are closed to each other, the analysis of the confusion matrices showed a relative high
level of complementarity. This is especially true for the pairs text-image and speech-image, the
results of the text-based and speech-based classifiers were highly correlated.

To take advantage of the media fusion, we employed a simple SVM-based combination of the
individual classification results. The probability estimates / certainty factors of the particular
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Classifier Accuracy
Text-based classifier 57.6%
Image-based classifier 58.7%
Speech-based classifier 61.6%

Table 21: Results of the individual classifiers on the media fusion dataset

classification cases were used together with the knowledge on the correct answer for the training.
Ten-fold cross validation with 90% training and 10% testing was applied.

The resulting average accuracy reached 67.2 %. The fusion-based classifier significantly over-
came the results of each individual method. As expected, the highest gains were brought by the
combination of the speech-based and image-based techniques.
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8 Conclusions

In this document we reported on the evaluation techniques and results developed within the We-
KnowIt Media Intelligence layer and integrated within the WeKnowIt system. More specifically,
we discussed the latter modules implemented to demonstrate and evaluate automated visual anal-
ysis and knowledge extraction from raw visual content and associated metadata functionalities,
speech indexing and OOV-detection techniques, text categorization and clustering techniques,
as well as multimedia fusion techniques.

More specifically, in this deliverable we started by discussing the importance of multi-modal
analysis in social media, given the widespread adoption of social networks and web 2.0 and the
major trend in the new digital landscape towards the interconnection of platforms, networks and
most importantly data.

Furthermore, we discussed our latest developments and updates with respect to the ViRaL ap-
plication, focusing on its latest functionalities. The initially presented approach on visual image
retrieval and localization (see D2.1.1 and D.2.1.2) is extended herein towards new, unexplored
paths, focusing on how multimedia content may be explored towards todays social user commu-
nities. In the work described within this deliverable, we successfully exploited and evaluated the
performance of Feature Map Hashing, presented in D2.3 and our recent publication [6], against
state of the art approaches for large scale image retrieval. WE also evaluated the performance of
Scene Maps and View Clustering, as presented again in D2.3 and our recent publications[5][40].
We compared against state of the art approaches for large scale image retrieval. Moreover, we
evaluated our location and landmark recognition techniques, also presented within D2.3.

Moreover, we presented an empirical analysis comparing four baseline matching methods that
rely on photo metadata, three variants of an approach that uses cluster analysis in order to dis-
cover POI-related photo clusters, and a real-world retrieval mechanism (Flickr search) on a set of
less popular POIs. A user-based evaluation of the aforementioned methods has been conducted
on a Flickr photo collection of over 100,000 photos from 10 well-known touristic destinations
in Greece.

In the speech analysis domain, work has been conducted advancing and evaluating techniques
presented in the previous deliverables of WP2 (e.g. D2.1.1, D2.1.2 and D2.3), in order to take
advantage of the media fusion results of the workpackage. Last but not least, work has been
performed and presented herein in the textual analysis domain, in order to decrease the danger
of the developed text analysis modules to adversely affect their analysis performance, as the
WKI user selects the incorrect or imprecise locations and tags which are offered by the system.,
a fact potentially more likely to occur in situations where the user has limited time.
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