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Foreword

We have stepped into an era where every user plays the role of both content

provider and content consumer. With many smartphone apps seamlessly converting

photographs and videos to social media postings, user-generated multimedia con-

tent now becomes the next big data waiting to be turned into useful insights and

applications. The book Multimodal Analysis of User-Generated Multimedia Con-
tent by Rajiv and Roger very carefully selects a few important research topics in

analysing big user-generated multimedia data in a multimodal approach pertinent to

many novel applications such as content recommendation, content summarization

and content uploading. What makes this book stand out among others is the unique

focus on multimodal analysis which combines visual, textual and other contextual

features of multimedia content to perform better sensemaking.

Rajiv and Roger have made the book a great resource for any reader interested in

the above research topics and respective solutions. The literature review chapter

gives a very detailed and comprehensive coverage of each topic and comparison of

state-of-the-art methods including the ones proposed by the authors. Every chapter

that follows is dedicated to a research topic covering the architecture framework of

a proposed solution system and its function components. This is accompanied by

a fine-grained description of the methods used in the function components. To aid

understanding, the description comes with many relevant examples. Beyond

describing the methods, the authors also present the performance evaluation of

these methods using real-world datasets so as to assess their strengths and weak-

nesses appropriately.

Despite its deep technical content, the book is surprisingly easy to read. I believe

the authors have paid extra attention to organizing the content for easy reading,

careful proof editing and good use of figures and examples. The book is clearly

written at the level suitable for reading by computer science students in graduate

and senior years. It is also a good reference reading for multimedia content

analytics researchers in both academia and industry. Whenever appropriate, the

authors show their algorithms with clearly defined input, output and steps with
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comments. This facilitates any further implementation as well as extensions of the

methods. This is perhaps the part of the book which will attract the “programming-

type” readers most.

I would like to congratulate both Rajiv and Roger for their pioneering work in

multimodal analysis for user-generated multimedia content. I believe this book will

become widely adopted and referenced in the multimedia community. It is a good

guide for anyone who wishes to better understand the challenges and solutions of

analysing multimedia data. I wish the authors all the best in their future research

endeavour.

School of Information Systems,

Singapore Management University,

Singapore, Singapore

May 2017

Ee-Peng Lim, PhD
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Preface

The amount of user-generated multimedia content (UGC) has increased rapidly in

recent years due to the ubiquitous availability of smartphones, digital cameras, and

affordable network infrastructures. An interesting recent trend is that social media

websites such as Flickr and YouTube create opportunities for users to generate

multimedia content, instead of creating multimedia content by themselves. Thus,

capturing UGC such as user-generated images (UGIs) and user-generated videos

(UGVs) anytime and anywhere, and then instantly sharing them on social media

platforms such as Instagram and Flickr, have become a very popular activity.

Hence, user-generated multimedia content is now an intrinsic part of social media

platforms. To benefit users and social media companies from an automatic seman-

tics and sentics understanding of UGC, this book focuses on developing effective

algorithms for several significant social media analytics problems. Sentics are

common affective patterns associated with natural language concepts exploited

for tasks such as emotion recognition from text/speech or sentiment analysis.

Knowledge structures derived from the semantics and sentics understanding of

user-generated multimedia content are beneficial in an efficient multimedia search,

retrieval, and recommendation. However, real-world UGC is complex, and

extracting the semantics and sentics from only multimedia content is very difficult

because suitable concepts may present in different representations. Moreover, due

to the increasing popularity of social media websites and advancements in technol-

ogy, it is possible now to collect a significant amount of important contextual

information (e.g., spatial, temporal, and preference information). Thus, it necessi-

tates analyzing the information of UGC from multiple modalities for a better

semantics and sentics understanding. Moreover, the multimodal information is

very useful in a social network based news video reporting task (e.g., citizen

journalism) which allows people to play active roles in the process of collecting

news reports (e.g., CNN iReport). Specifically, we exploit both content and con-

textual information of UGIs and UGVs to facilitate different multimedia analytics

problems.
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Further advancements in technology enable mobile devices to collect a signif-

icant amount of contextual information in conjunction with captured multimedia

content. Since the contextual information greatly helps in the semantics and sentics

understanding of user-generated multimedia content, researchers exploit it in their

research work related to multimedia analytics problems. Thus, the multimodal

information (i.e., both content and contextual information) of UGC benefits several

diverse social media analytics problems. For instance, knowledge structures

extracted from multiple modalities are useful in an effective multimedia search,

retrieval, and recommendation. Specifically, applications related to multimedia

summarization, tag ranking and recommendation, preference-aware multimedia

recommendation, multimedia-based e-learning, and news video reporting are

built by exploiting the multimedia content (e.g., visual content) and associated

contextual information (e.g., geo-, temporal, and other sensory data). However, it is

very challenging to address these problems efficiently due to the following reasons:

(i) difficulty in capturing the semantics of UGC, (ii) the existence of noisy meta-

data, (iii) difficulty in handling big datasets, (iv) difficulty in learning user prefer-

ences, (v) the insufficient accessibility and searchability of video content, and

(vi) weak network infrastructures at some locations. Since different information

knowledge structures are derived from different sources, it is useful to exploit

multimodal information to overcome these challenges.

Exploiting information from multiple sources helps in addressing challenges

mentioned above and facilitating different social media analytics applications.

Therefore, in this book, we leverage information from multiple modalities and

fuse the derived knowledge structures to provide effective solutions for several

significant social media analytics problems. Our research focuses on the semantics

and sentics understanding of UGC leveraging both content and contextual infor-

mation. First, for a better understanding of an event from a large collection of UGIs,

we present the EventBuilder system. It enables people to automatically generate a

summary of the event in real-time by visualizing different social media such as

Wikipedia and Flickr. In particular, we exploit Wikipedia as the event background

knowledge to obtain more contextual information about the event. This information

is very useful in an effective event detection. Next, we solve an optimization

problem to produce text summaries for the event. Subsequently, we present the

EventSensor system that aims to address sentics understanding and produces a

multimedia summary for a given mood. It extracts concepts and mood tags from the

visual content and textual metadata of UGCs and exploits them in supporting

several significant multimedia analytics problems such as a musical multimedia

summary. EventSensor supports sentics-based event summarization by leveraging

EventBuilder as its semantics engine component. Moreover, we focus on comput-

ing tag relevance for UGIs. Specifically, we leverage personal and social contexts

of UGIs and follow a neighbor voting scheme to predict and rank tags. Furthermore,

we focus on semantics and sentics understanding from UGVs since they have a

significant impact on different areas of a society (e.g., enjoyment, education, and

journalism).
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Since many outdoor UGVs lack a certain appeal because their soundtracks

consist mostly of ambient background noise, we solve the problem of making

UGVs more attractive by recommending a matching soundtrack for a UGV by

exploiting content and contextual information. In particular, first, we predict scene

moods from a real-world video dataset. Users collected this dataset from their daily

outdoor activities. Second, we perform heuristic rankings to fuse the predicted

confidence scores of multiple models, and, third, we customize the video

soundtrack recommendation functionality to make it compatible with mobile

devices. Furthermore, we address the problem of knowledge structure extraction

from educational UGVs to facilitate e-learning. Specifically, we solve the problem

of topic-wise segmentation for lecture videos. To extract the structural knowledge

of a multi-topic lecture video and thus make it easily accessible, it is very desirable

to divide each video into shorter clips by performing an automatic topic-wise video

segmentation. However, the accessibility and searchability of most lecture video

content are still insufficient due to the unscripted and spontaneous speech of

speakers. We present the ATLAS and TRACE systems to perform the temporal

segmentation of lecture videos automatically. In our studies, we construct models

from visual, transcript, and Wikipedia features to perform such topic-wise segmen-

tations of lecture videos. Moreover, we investigate the late fusion of video seg-

mentation results derived from state-of-the-art methods by exploiting the

multimodal information of lecture videos. Finally, we consider the area of journal-

ism where UGVs have a significant impact on society.

We propose algorithms for news video (UGV) reporting to support journalists.

An interesting recent trend, enabled by the ubiquitous availability of mobile

devices, is that regular citizens report events which news providers then dissemi-

nate, e.g., CNN iReport. Often such news are captured in places with very weak

network infrastructure, and it is imperative that a citizen journalist can quickly and

reliably upload videos in the face of slow, unstable, and intermittent Internet access.

We envision that some middleboxes are deployed to collect these videos over

energy-efficient short-range wireless networks. In this study we introduce an

adaptive middlebox design, called NEWSMAN, to support citizen journalists.

Specifically, the NEWSMAN system jointly considers two aspects under varying

network conditions: (i) choosing the optimal transcoding parameters and

(ii) determining the uploading schedule for news videos. Finally, since the advances

in deep neural network (DNN) technologies enabled significant performance boost

in many multimedia analytics problems (e.g., image and video semantic classifica-

tion, object detection, face matching and retrieval, text detection and recognition in

natural scenes, and image and video captioning), we discuss their roles to solve

several multimedia analytics problems as part of future directions to readers.

Singapore, Singapore Rajiv Ratn Shah

Singapore, Singapore Roger Zimmermann

May 2017
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Chapter 1

Introduction

Abstract The amount of user-generated multimedia content (UGC) has increased

rapidly in recent years due to the ubiquitous availability of smartphones, digital

cameras, and affordable network infrastructures. However, real-world UGC is

complex, and extracting the semantics and sentics from only multimedia content

is very difficult because suitable concepts may be exhibited in different represen-

tations. Since it is possible now to collect a significant amount of relevant contex-

tual information due to advancements in technology, we analyze the information of

UGC from multiple modalities to facilitate different social media applications in

this book. Specifically, we present our solutions for applications related to multi-

media summarization, tag ranking and recommendation, preference-aware multi-

media recommendation, multimedia-based e-learning, and news videos uploading

by exploiting the multimedia content (e.g., visual content) and associated contex-

tual information (e.g., geo-, temporal, and other sensory data). Moreover, we

presented a detailed literature survey and future directions for research on user-

generated multimedia content.

Keywords Semantics analysis • Sentics analysis • Multimodal analysis • User-

generated multimedia content • Multimedia fusion • Multimedia analysis •

Multimedia recommendation • Multimedia uploading

1.1 Background and Motivation

User-generated multimedia content (UGC) has become more prevalent and asyn-

chronous in recent years with the advent of ubiquitous smartphones, digital cam-

eras, affordable network infrastructures, and auto-uploaders. A survey [6]

conducted by Ipsos MediaCT, Crowdtap, and the Social Media Advertising Con-

sortium on 839 millennial persons (18–36 years old) indicates that (i) every day,

millennials spend a significant amount of time with different types of media,

(ii) they spend 30% of the total time with UGC, (iii) millennials prefer social

media above all other media types, (iv) they trust information received through

UGC 50% more than information from other media sources such as newspapers,

magazines, and television advertisement, and (v) UGC is 20% more influential in

purchasing decisions of Millennials than other media types. Thus, UGC such as

© The Author(s) 2017
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user-generated texts (UGTs), user-generated images (UGIs), and user-generated

videos (UGVs) play a pivotal role in e–commerce, specifically in social commerce.

Moreover, instantly sharing UGC anytime and anywhere on social media platforms

such as Twitter, Flickr, and NPTEL [3] has become a very popular activity. For

instance, in a very popular photo sharing website Instagram, over 1 billion UGIs

have been uploaded so far and it has more than 500 million monthly active users

[11]. Similarly, over 10 billion UGIs have been uploaded so far in another famous

photo sharing website Flickr1 which has over 112 million users, and an average of

1 million UGIs has uploaded daily [10].

Thus, it is required to extract knowledge structures from UGC on such social

media platforms to provide various multimedia-related services and solve several

significant multimedia analytics problems. The extracted knowledge structures are

very useful in the semantics and sentics understanding of UGC and facilitate several

significant social media applications. Sentics are common affective patterns asso-

ciated with natural language concepts exploited for tasks such as emotion recogni-

tion from text/speech or sentiment analysis [19]. Sentics computing is a multi-

disciplinary approach to natural language processing and understanding at the

crossroads between affective computing, information extraction, and commonsense

reasoning, which exploits both computer and human sciences to interpret better and

process social information on the web [18]. Sentics is also the study of waveforms

of touch, emotion, and music, and named by Austrian neuroscientist Manfred

Clynes. However, it is a very challenging task to extract such knowledge structures

because real-world UGIs and UGVs are complex and noisy, and extracting seman-

tics and sentics from the multimedia content alone is a very difficult problem.

Hence, it is desirable to analyze UGC from multiple modalities for a better

semantics and sentics understanding. Different modalities uncover different aspects

that are useful in determining useful knowledge structures. Such knowledge struc-

tures are exploited in solving different multimedia analytics problems.

In this book, we investigate the usage of multimodal information and the fusion

of user-generated multimedia content in facilitating different multimedia analytics

problems [242, 243]. First, we focus on the semantics and sentics understanding of

UGIs to address the multimedia summarization problem. Such summaries are very

useful in providing overviews of different events automatically without looking

into the vast amount of multimedia content. We particularly address problems

related to recommendation and ranking of user tags, summarization of events,

and sentics-based multimedia summarization. These problems are very important

in providing different significant services to users. For instance, recommendation

and ranking of user tags are very beneficial in an effective multimedia search and

retrieval.Moreover,multimedia summarization is very useful in providing an overview

of a given event. Subsequently, we also focus on the semantics and sentics under-

standing of UGVs. Similar to the processing of UGIs, we exploit the multimodal

1www.flickr.com
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information in the semantics and sentics understanding of UGVs, and address

several significant multimedia analytics problems such as soundtrack recommenda-

tion for UGVs, lecture videos segmentation, and news videos uploading. All such

UGVs have a significant impact on a society. For instance, soundtrack recommen-

dation enhances the viewing experience of a UGV, lecture videos segmentation

assist in e–learning, and news videos uploading supports citizen journalists.

Capturing UGVs has also become a very popular activity in recent years due to

advancements in the manufacturing of mobile devices (e.g., smartphones and

tablets) and network engineering (e.g., wireless communications). People now

can easily capture UGVs anywhere, anytime, and instantly share their real-life

experiences via social websites such as Flickr and YouTube. Enjoying videos has

become a very popular entertainment as compared to traditional ways due to its

easy access. Thus, besides traditional videos provided by professionals such as

movies, music videos, and advertisements, UGVs are also getting higher popular-

ity. UGVs are instantly shareable on social websites. For instance, video hosting

services such as YouTube,2 Vimeo,3 Dailymotion,4 and Veoh5 allow individuals to

upload their UGVs and share with others through their mobile devices. In the most

popular video sharing website YouTube which has more than 1 billion users,

everyday people watch hundreds of millions of hours of UGVs and generate

billions of views [21]. Moreover, users upload 300 h of videos every minute on

YouTube [21]. Almost 50% of the global viewing time comes from mobile devices,

and this is expected to increase rapidly shortly because prices of mobile devices and

wireless communications are getting much cheaper. Music videos enhance video

watching experience because they do provide not only visual information but also

involve music which matches with scenes and locations. However, many outdoor

UGVs lack a certain appeal because their soundtracks consist mostly of ambient

background noise (e.g., environmental sounds such as cars passing by, etc.). Since
sound is a very important aspect that contributes greatly to the appeal of a video

when it is being viewed, a UGV with a matching soundtrack has more appeal for

sharing on social media websites than a normal video without interesting sound.

Considering that a UGV with a matching soundtrack has more appeal for sharing

on social media websites (e.g., Flickr, Facebook, and YouTube) and with today’s
mobile devices that allow immediate sharing of UGC on such social media

websites, it is desirable to easily and instantly generate an interesting soundtrack

for the UGV before sharing. However, generating soundtracks for UGVs is not easy

in the mobile environment due to the following reasons. Firstly, traditionally it is

tedious and time-consuming for a user to add a custom soundtrack to a UGV.

Secondly, an important aspect is that a good soundtrack should match and enhance

the overall mood of the UGV and meet the user’s preferences. Lastly, automatically

2www.youtube.com
3www.vimeo.com
4www.dailymotion.com
5www.veoh.com
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generating a matching soundtrack for the UGV with less user intervention is a

challenging task. Thus, it is necessary to construct a music video generation system

that enhances the experience of viewing a UGV by adding a soundtrack that

matches with both scenes of the UGV and the preferences of a user. In this book,

we exploit both multimedia content such as visual features and contextual infor-

mation such as spatial metadata of UGVs to determine sentics and generate music

videos for UGVs. Our study confirms that multimodal information facilitates the

understanding of user-generated multimedia content in the support of social media

applications. Furthermore, we also consider two more areas where UGVs have a

significant impact on a society: (1) education, and (2) journalism.

The number of digital lecture videos has increased dramatically in recent years

due to the ubiquitous availability of digital cameras and affordable network infra-

structures. Thus, multimedia-based e–learning systems which use electronic edu-

cational technologies as a platform for teaching and learning activities have become

an important learning environment. It makes distance learning possible by enabling

students to learn remotely without being in class. For instance, MIT

OpenCourseWare [16] provides open access of virtually all MIT course content

using a web-based publication. Now, it is possible to learn from experts in any area

through e–learning (e.g., MIT OpenCourseWare [16], and Coursera [12]), without

any barriers such as time and distance. Many institutions such as National Univer-

sity of Singapore (NUS) have already started e–learning components in the practice

of instructions to prepare themselves for continuing classes even if it is not possible

for students to visit the campus due to certain calamities. Thus, e–learning helps in

lowering cost, effective learning, faster delivery, and lowering environmental

impact in educational learning systems. A long lecture video recording often

discusses a specific topic of interest in only a few minutes within the video.

Therefore, the requested information may bury within a long video that is stored

along with thou-sands of others. It is often relatively easy to find the relevant lecture

video in an archive, but the main challenge is to find the proper position within that

video. Several websites such as VideoLectures.NET [20] which host lecture videos

enable students to access different topics within videos using the annotation of

segment boundaries derived from crowd-sourcing. However, the manual annotation

of segment boundaries is very time-consuming, subjective, error-prone, and a costly

process. Thus, it requires the implementation of a lecture video segmentation

system which can automatically segment videos as accurately as possible even if

qualities of lecture videos are not sufficiently high. Automatic lecture video seg-

mentation will be very useful in e–learning when it combines with automatic topic

modeling, indexing, and recommendation [31]. Subsequently, to facilitate journal-

ists in the area with weak network infrastructures, we propose methods for efficient

uploading of news videos.

Citizen journalism allows regular citizens to capture (news) UGVs and report

events. Courtney C. Radsch defines citizen journalism as “an alternative and
activist form of newsgathering and reporting that functions outside mainstream
media in-stitutions, often as a response to shortcomings in the professional jour-
nalistic field, that uses similar journalistic practices but is driven by different
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objectives and ideals and relies on alternative sources of legitimacy than tradi-
tional or mainstream journalism” [163]. Citizens often can report a breaking news

more quickly than traditional news reporters due to the advancement in technology.

For instance, on April 4, 2015, Feidin Santana, an American citizen recorded a

video that showed a former South Carolina policeman shooting and killing the

unarmed Michael Scott [7]. This video has gone viral on social media before it was

taken up by any mainstream news channels. This video has helped in revealing the

truth about this incident. Thus, the ubiquitous availability of smartphones and

cameras has increased the popularity of citizen journalism. However, there is also

some incident when any false news is reported by some citizen reporter that causes

loss to some organization or person. For instance, Apple suffered a temporary drop

in its stock due to a false report which is generated by CNN iReport about Steve

Jobs’ health in 2008 [1]. CNN allows citizens to report news using modern

smartphones, tablets, and websites through its CNN iReport service. This service

has more than 1 million citizen journalist users [5], who report news from places

where traditional news reporters may not have access. Every month, it garners an

average of 15,000 news reports and its content nets 2.6 million views [4]. It is,

however, quite challenging for reporters to timely upload news videos, especially

from developing countries, where Internet access is slow or even intermittent. Thus,

it entails to enable regular citizens to report events quickly and reliably, despite

weak network infrastructure at their places.

The presence of contextual information in conjunction with multimedia content

has opened up interesting research avenues within the multimedia domain. Thus,

the multimodal analysis of UGC is very helpful for an effective information access.

It assists in an efficient multimedia analysis, retrieval, and services because UGC is

often unstructured and difficult to access in a meaningful way. Moreover, it is

difficult to extract relevant content from only one modality because suitable

concepts may exhibit in different representations. Furthermore, multimodal infor-

mation augments knowledge bases by inferring semantics from unstructured mul-

timedia content and contextual information. Therefore, we leverage information

from multiple modalities in our solutions to the problems mentioned above. Spe-

cifically, we exploit the knowledge structures derived from the fusion of heteroge-

neous media content to solve different multimedia analytics problems.

1.2 Overview

As illustrated in Fig. 1.1, this book concentrates on the multimodal analysis of user-

generated multimedia content (UGC) in the support of social media applications.

We determine semantics and sentics knowledge structures from UGC and leverage

them in addressing several significant social media problems. Specifically, we

present our solutions for five multimedia analytics problems that benefit by leverag-

ing multimodal information such as multimedia content and contextual information

(e.g., temporal, geo-, crowdsourced, and other sensory data). First, we solve the
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problem of event understanding based on semantics and sentics analysis of UGIs

on social media platforms such as Flickr [182, 186]. Subsequently, we address

the problem of computing tag relevance for UGIs [181, 185]. Tag relevance

scores determine tag recommendation and ranking of UGIs which are subse-

quently very useful in the searching and retrieval of relevant multimedia content.

Next, we answer the problem of soundtrack recommendation for UGVs

[187, 188]. A UGV with matching soundtrack enhance video viewing experi-

ence. Furthermore, we address research problems in two very important areas

(journalism and education) where UGVs have a significant impact on society.

Specifically, in the education area, we work out the problem of automatic lecture

video segmentation [183, 184]. Finally, in the journalism area, we resolve the

problem of user-generated news videos uploading over adaptive middleboxes to

news servers in weak network infrastructures [180]. Experimental results have

shown that our proposed approaches perform well. Contributions of each work

are listed below:

Fig. 1.1 Multimedia applications that benefit from multimodal information
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1.2.1 Event Understanding

To efficiently browse multimedia content and obtain a summary of an event from a

large collection of UGIs aggregated in social media sharing platforms such as Flickr

and Instagram, we present the EventBuilder system. EventBuilder deals with

semantics understanding and automatically generates a multimedia summary of a

given event in real-time by leveraging different social media such as Wikipedia and

Flickr. EventBuilder has two novel characteristics: (i) leveraging Wikipedia as

event background knowledge to obtain additional contextual information about

an input event, and (ii) visualizing an interesting event in real-time with a diverse

set of social media activities. Subsequently, we enable users to obtain a sentics-

based multimedia summary from the large collection of UGIs through our proposed

sentics engine called, EventSensor. The EventSensor system addresses the sentics

understanding from UGIs and produces a multimedia summary for a given mood. It

supports sentics-based event summarization by leveraging EventBuilder as its

semantics engine component. EventSensor extracts concepts and mood tags from

visual content and textual metadata of UGC and exploits them in supporting several

significant multimedia-related services such as a musical multimedia summary.

Experimental results confirm that both EventBuilder and EventSensor outperform

their baselines and effectively summarize knowledge structures on the YFCC100M

dataset [201]. The YFCC100M dataset is a collection of 100 million photos and

videos from Flickr.

1.2.2 Tag Recommendation and Ranking

Social media platforms such as Flickr allow users to annotate UGIs with descriptive

keywords, called, tags which significantly facilitate the effective semantics under-

standing, search, and retrieval of UGIs. However, manual annotation is very time-

consuming and cumbersome for most users, making it difficult to find relevant

UGIs. Though there exist some deep neural networks based tag recommendation

systems, tags predicted by such systems are limited because most of the available

deep neural networks are trained with a few visual concepts. For instance, Yahoo’s
deep neural network can identify 1756 visual concepts from its publicly available

dataset of 100 million UGIs and UGVs. However, the number of concepts that deep

neural network can identify is rapidly increasing. For instance, the Google Cloud

Vision API [14] can quickly classify photos into thousands of categories such as a

sailboat, lion, and Eiffel Tower. Furthermore, Microsoft organized a challenge to

recognize faces of 1 million celebrities [65]. Facebook claims to be working on

identifying 100,000 objects. However, merely tagging a UGI with the identified

objects may not describe the objective aspects of the UGI since often users tag UGIs

with some user-defined concepts (e.g., associate objects with some actions, attri-

butes, and locations). Thus, it is very important to learn the tagging behavior of
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users for tag recommendation. Moreover, recommended tags for a UGI are not

necessarily relevant to users’ interests. Furthermore, often annotated or predicted

tags of a UGI are in a random order and even irrelevant to the visual content. Thus,

it necessitates for automatic tag recommendation and ranking systems that consider

users’ interests and describe objective aspects of the UGI such as visual content and
activities. To this end, this book presents a tag recommendation system, called,

PROMPT, and a tag ranking system, called, CRAFT. Both systems leverage the

multimodal information of a UGI to compute tag relevance. Specifically, for tag

recommendation, first, we determine a group of users who have similar interests

(tagging behavior) as the user of the UGI. Next, we find candidate tags from visual

content and textual metadata leveraging tagging behaviors of users determined in

the first step. Particularly, we determine candidate tags from the textual metadata

and compute their confidence scores using asymmetric tag co-occurrence scores.

Next, we determine candidate user tags from semantically similar neighboring

UGIs and compute their scores based on voting counts. Finally, we fuse confidence

scores of all candidate tags using a sum method and recommend top five tags to the

given UGI. Similar to the neighbor voting based tag recommendation, we propose a

tag ranking scheme based on a voting from the UGI neighbors derived from

multimodal information. Specifically, we determine the UGI neighbors leveraging

geo, visual, and semantics concepts derived from spatial information, visual

content, and textual metadata, respectively. Experimental results on a test set

from the YFCC100M dataset confirm that the proposed algorithm performs well.

In the future, we can exploit our tag recommendation and ranking techniques in

SMS/MMS bases FAQ retrieval [189, 190].

1.2.3 Soundtrack Recommendation for UGVs

Most of the outdoor UGVs are captured without much interesting background

sounds (i.e., environmental sounds such as cars passing by, etc.). Aimed at making

outdoor UGVs more attractive, we introduce ADVISOR, a personalized video

soundtrack recommendation system. We propose a fast and effective heuristic

ranking approach based on heterogeneous late fusion by jointly considering three

aspects: venue categories, visual scene, and the listening history of a user. Specif-

ically, we combine confidence scores produced by SVMhmm [2, 27, 75] models

constructed from geographic, visual, and audio features, to obtain different types of

video characteristics. Our contributions are threefold. First, we predict scene moods

from a real-world video dataset that was collected from users’ daily outdoor

activities. Second, we perform heuristic rankings to fuse the predicted confidence

scores of multiple models, and third, we customize the video soundtrack recom-

mendation functionality to make it compatible with mobile devices. A series of

extensive experiments confirm that our approach performs well and recommends

appealing soundtracks for UGVs to enhance the viewing experience.
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