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Abstract: Tagging of multimedia content is becoming more and more widespread as web 2.0 sites (Flickr, YouTube, Facebook, etc.) have popularized
tagging functionalities among their users. However, not all media are equally tagged by users: using the current browsers is easy to tag a single photo, and
even tagging a part of a photo, like a face, has become common in sites like Flickr and Facebook. On the other hand tagging a video sequence is more
complicated and time consuming, so that users just tag the overall content of a video. In this paper we present a system for automatic video annotation
that increases the number of tags originally provided by users, and localizes them temporally, associating tags to shots. This approach exploits collective
knowledge embedded in tags and Wikipedia, and visual similarity of keyframes and images uploaded to social sites like YouTube and Flickr.

1 - Introduction

I Tags provide contextual and semantic information which can be used to organize and
facilitate media content search and access.

I The performance of social image-video retrieval systems depends mainly on the
availability and quality of tags; however, they are often imprecise, ambiguous and
overly personalized, and also very few (typically around 3 tags per image).

I Several efforts have been recently done in the area of content-based tag processing
for social image retrieval; the main focus of these works has been put on i) estimating
tag ranking/relevance, ii) tag refinement and iii) tag-to-region assignment.

I Most of the recent works on internet videos have addressed problems like near
duplicate detection, training concept detectors or topic detection; only a few works
have considered the problem of tag suggestion and localization in web videos.

Goal: define an effective method for video tag suggestion and temporal
localization (at the shot level) based on social knowledge.

Figure 1: left) Example of a YouTube video with its related tags; right) localization of tags in shots.

2 - Approach

Our system exploits the tags associated to user-generated videos and images uploaded to
social sites (YouTube and Flickr), their visual similarity and the Wikipedia folksonomy, to
suggest new tags that can be associated at the shot level to a particular keyframe.
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Figure 2: Overview of the system.

3 - Social and Semantic Tag Filtering and Expansion

i) Tag expansion is needed because tags are few and also to ease the alignment of
different folksonomies in YouTube and Flickr, in order to select the images that will be
used to associate the tags to keyframes. ii) The tag filtering is done on the video tags
that are candidate for expansion to reduce the risk of semantic drift.

Filtering
I Given a video V , let U= {u1, · · ·un} be the list of user-defined tags; after discarding

stopwords, dates and numbers, we determine a relevance score as in the following.

I Tags ut of the video title get the max score (i.e. score(ut) = 1), while the scores for
the others tags are computed using the m related videos provided by YouTube.

I Let nu be the number of occurrences of tag u in the related videos: we compute its
relevance as ru = nu/m. Tags with low values are discarded (r < 0.15), while tags
with high relevance (r > 0.85) take scores equal to 1 and are named “strong” tags.

I For “weak” tags we consider their co-occurrence with “strong” tags: it is computed,
using the asymmetric normalization method, as o(u1, u2) = n(u1,u2)/nu1, where
n(u1,u2) is the number of times that the tag u1 co-occurs with tag u2. This
normalization has been found to improve the diversity of the tags.

I We evaluate the semantic relatedness with “strong” tags, considering the hyperlinks
between the corresponding Wikipedia articles (the max value, su, is considered).

I The scores of the “weak” tags are computed as the weighted sum of their relevance
in related videos, their co-occurrence with the “strongest” tag ū and their semantic
relationship with the “strong” tags as: score(u) = w1 · ru + w2 · o(u, ū) + w3 · su.

I Tags with a score less than a threshold (τfiltering) are discarded.

Expansion
I Tag expansion is done considering: i) social information, using tags of the related

videos, and ii) semantic information and folksonomies, using Wikipedia Miner.

I We use Wikipedia articles to expand semantically the tags: the search terms used to
select articles are defined by a single tag or by a combination of 2 tags.

I The combination of tags is useful for the disambiguation of concepts (e.g. consider
the combination of “golden” and “gate”): 2 tags are combined if their co-occurrence
in related videos, o(u1, u2), is high (i.e. ∼ 0.9).

4 - Appearance-based Tag Relevance

I Videos are segmented in shots using a fast algorithm that analyses luminance: we
extract the middle frame, creating a set of keyframes K = {K1, . . . , Kl}.

I Filtered and expanded tags are used to start the annotation process, selecting from
Flickr a set of images I = {I1, . . . , Im} having, at least, one of them.

I Each image Id has the tags {ui1, . . . u
i
p}, and the union of these tags gives the

“vocabulary” used for video annotation.

I Since tags are noisy, it is necessary to determine the tag relevance in order to obtain
a correct annotation: we extended the approach for evaluating tag relevance in social
images [Li et al., TMM’09], adapting it to the problem of locating tags in videos.

I The relevance of a tag uij is computed by counting the presence of uij in the visual
neighbors of the keyframe Kl, minus its prior frequency.

I This procedure is based on the consideration that tags occuring frequently in the
visual neighborhood of Kl are important for the keyframe being analyzed.

I We compute relevance as the weighted sum of the presence of a tag in the
neighbors, where weights are inversely proportional to the visual distance between
keyframe Kl and the I images.

5 - Experimental Results

We evaluate our approach on the novel MICC-YouTube60a dataset, collected to
represent the diversity of content on YouTube: it is composed by 4 YouTube videos per
category (15 in total). The total duration of videos is 3 hours and 8 minutes and the
number of shots is 4196. The number of tags per video varies from 8 to 22.

Experiment 1: Tag Filtering/Expansion. We have analyzed the performance of our
system to filter and expand the initial tags related to a video. Results are reported in terms
of accuracy, computed as the ratio between the number of correct operations
(addition/deletion of tags) and the number of tags.
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Figure 3: left) Mean accuracy of the filtering and expansion steps at different score thresholds; right) Mean

number of tags added correctly to a video.

aThe MICC-YouTube60 dataset is public available at www.micc.unifi.it

Experiment 2: Localizing Tag. We have analyzed the performance of the system in
adding and locating of relevant tags to shots. Table 1 reports, for different relevance
threshold scores (τrelevance), the accuracy and the mean number of correctly suggested
tags per shot.

YouTube category τrelevance=1 τrelevance=3 τrelevance=5 τrelevance=7 τrelevance=11
Acc. Tags Acc. Tags Acc. Tags Acc. Tags Acc. Tags

Auto & Vehicles 0.41 10.99 0.65 4.09 0.78 2.13 0.86 1.36 0.93 0.66
Comedy 0.58 5.49 0.85 2.68 0.95 1.68 0.92 0.89 0.77 0.16
Education 0.49 3.97 0.62 1.83 0.76 0.84 0.72 0.39 0.69 0.11
Entertainment 0.60 4.46 0.84 2.98 0.99 1.94 1 0.89 1 0.03
Film & Animation 0.54 2.16 0.93 1.28 0.99 0.59 1 0.19 1 0.01
Gaming 0.47 3.85 0.85 2.13 0.93 0.97 0.99 0.60 1 0.2
Howto & Style 0.39 3.91 0.61 2.02 0.69 1.04 0.71 0.45 0,71 0.31
Music 0.39 2.48 0.69 0.48 1 0.10 1 0.012 1 0.06
News & Politics 0.62 5.32 0.87 2.40 0.97 1.04 1 0.46 1 0.04
No-profit & Activism 0.61 2.62 0.93 1 0.98 0.42 1 0.17 1 0.04
People & Blogs 0.40 5.70 0.67 2.74 0.79 1.22 0.82 0.58 0.50 0.15
Pets & Animals 0.56 4.83 0.75 2.28 0.86 1.04 0.85 0.55 0.94 0.23
Science & Technology 0.44 4.80 0.64 1.67 0.81 0.84 0.89 0.44 0.87 0.16
Sport 0.41 4.49 0.74 2.63 0.82 1.39 0.92 0.62 0.94 0.14
Travel & Events 0.61 12.57 0.79 7.34 0.87 4.21 0.91 2.45 0.98 1.18
Average 0.50 5.18 0.76 2.50 0.88 1.30 0.91 0.67 0.90 0.23

Table 1: Results for tag localization and suggestion for each YouTube category.


