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Abstract—The thesis explores three research topics involving descriptors[1], [2], for example, have the advantage of being
the popular approach used for representing visual contentthe  simple to compute but they encode few local properties of
visual dictionaries. The first topic concerns the generaly of images. Thus, for object recognition and more precise ap-

visual dictionaries: does a dictionary based on one datasegener- e . .
alize to another dataset? Our findings create the opportuni to plications, they can be less effectieocal descriptors[3]

greatly alleviate the burden in generating dictionaries. The second are POWGFfUl to encode |Qca| properties, bUt_ they are com-
topic is related to the importance of the spatial information  putationally more expensive, generate a variable number of

of visual words in the image space for distinguishing types feature vectors per image, and are very sensitive to vanisti

of scenes and objects. We propose an efficient and effectivein gpjacts, limiting their use to some specific applicatidite
spatial pooling approach which presents promising resultsfor copy detection

image retrieval. And the third topic refers to the semantic o
information in the visual dictionary model. We claim that a In the year of 2003, a method proposed by Sivic and
bag-of-prototypes model, where the prototypes are visual ards Zisserman|[[4] introduced the idea of representing images in
carrying semantics, is promising for improving image and vileo g similar fashion as representing text documents. As well as
representations. Employing this model, we propose a semadoally a text document is composed of a set of textual words, an
enriched dictionary based on scenes, which was effectivelysed . b lvzed t of | I ' |
for video geocoding. Defended in November 29th, 2012, thedhis Image c_an € analyze _as a _se_ or loca appearancgs, also
has a|ready generated 6 pub”cations’ inc|uding a best pajpe Ca”ed V|Sua| WOI‘dS A VISUEl| d|Ct|Onary, Often Ca”ed \ﬂ$u
award. One of the proposed approaches has also obtained onecodebook, is the set of local appearances available toitescr
of the best results in the Placing Task of MediaEval challengin  image content. This approach is based on the use of local
the last two year§. descriptors, however, by using the visual dictionary, wa ca
Keywords-visual dictionaries; computer vision; image represen- compute statistics from the visual words present in the &nag
tation; video representation; resulting in a single feature vector per image: the popular
| INTRODUCTION AND MOTIVATION bgg_ of (ylsu_al) Words(BoW)_. Anofther advantage of_v_l_sual
o ) dictionaries is that the description is more general, elating
Representing images based only on their content has bggl rohlem of very precise representations generatedday lo

challenging researchers and companies for decades. M@a¥criptors and making the Bow representations useful in a

steps towards the objective of making a machine able \jgqer range of applications. Figufé 1 shows the potential of
understand what it sees have been successful, but many other representations based on visual dictionaries.

are still necessary. The thesis aims at contributing in $hiog The process of generating and using the visual dictionary

the next steps in this direction. _ has several challenges and the thesis addresses some of them
The current advances in technology are changing the way

how people live, specially considering the impact brought bA. Hypotheses and research questions

the Internet and the image capturing devices. Recentlyfalue The hypotheses analyzed in the thesis are the following:

the increasing computational power of digital devices,gf@0 , \jsual dictionaries generalize well from one dataset to

are getting in touch with systems based on powerful computer another, and from a subset of the classes to a whole

vision approaches. We can notice, for instance, the papular  gataset.

of face recognition algorithms embedded into digital caamer , The spatial information of visual words in the image

and the trend of mobile applications like Google Godgles space is important to distinguish types of scenes and

All those kinds of applications are dependent on represgnti objects.

image visual properties effectively. _ « The use of semantically enriched dictionaries improves
The research community has developed several different the quality of image and video representations.

methods for representing image visual properti€sobal In the following sections, we give the background for the

IThis work is related to a Ph.D. Thesis. statement of each hypothesis, show how we dealt with them
2www.google.com/mobile/gogglés/ (as of April 26th, 2013). and the contributions obtained.
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Fig. 1. Examples showing the potential of visual dictioeariln (a), we show that even when the object of interest suffansformations, like illumination,
point of view, and scale, the representations remain sinlita(b), we show different instances of objects of the saype,t which are considered similar
using a visual dictionary representation. The examplesvstere based on ranking the images which are representedehyrdposed WSA descriptor (see
SectionTll) in (a) Paris and (b) Caltech-101 datasets.
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II. HYPOTHESIS1: VISUAL DICTIONARIES ARE 707
GENERALIZABLE

Our first hypothesis under analysis in the thesis concerns
the generality of visual dictionaries.

The first step to create a visual dictionary is the extraction
of low-level features from images, which is usually perfexn
by local descriptors. After extracting such features, #eddre
space is quantized in order to generate the visual dictio-
nary [B]. A dictionary is usually generated based on a set
of features extracted from images. We question if the set of
images used really makes difference in the dictionary guali
How should we handle the cases in which the set of images is
completely different from the images to be represented? In a
Web-like environment, how should we deal with the fact that
many images are constantly being inserted and removed from
the dataset? The new images would still be well represented
by previously created dictionaries?

We performed experiments on traditional datasets and on
a large dataset of Web images to verify the impact of using
different sources of information for creating visual dictar-
ies. We tested, for instance, if a dictionary created on aergiv
dataset is good to represent images of another datasetsd/e al
tested if a dictionary created on a small sample of classes is
good to represent an entire collection. We could evaluate th
feasibility of using visual dictionaries in scenarios wiehe
entire dataset is not available for the dictionary consioac
as, for example, in large-scale dynamic datasets, like take. W

The experiments conducted show that dictionaries based on
a subset of the collection, or even on an entirely differet ¢ 0.56 |
lection, may still provide good performance, on the couwditi
that the selected sample is visually diverse. See, forrigsta
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the results presented in Figtirke 2. 0.55 -
Therefore, we could confirm the hypothesis. Visual dictio- vt 8 12 2% %0 67 s 10
naries generalize among datasets with similar charatitstis Number of classes used to create the dictionary
that is, similar datasets in terms of visual diversity may be (b) Caltech-101
used to generate good dictionaries for other datasets of the
same kind. Fig. 2. Classification accuracy on (a) 15-Scenes and (bpcaltO1 datasets

Those findings open the opportunity to greatly alleviate thising 9 different dictionaries created over a variable number assts from

. " . altech-101. Although the results show some random fluctuait is clear
burden in generating the codebook, since, at least for gbneﬁlat as soon as we have highesual diversity, the accuracy reaches its

purpose datasets, we show that the dictionaries do not havgnptotic value, even gemantically(in terms of class diversity), the sample
to take into account the entire collection, and may even [sestill very poor.



based on another small collection of well-chosen visually
diverse images. The contributions regarding this hypagshes

2 1
are reported in a scientific paper which is under review inthe 0|0 \ b

Image and Vision Computingurnal.

IIl. HYPOTHESIS2: SPATIAL INFORMATION OF VISUAL
WORDS IS IMPORTANT

The second hypothesis analyzed in the thesis refers to th
importance of the spatial information of visual words in the
image space.

The traditional pooling strategies![6], which compute the "
final bag of words (BoW) for an image, usually discard the 010

positions of the visual words in the image space and corsider 0|1
only their activation levels in the feature space. Howelbsr,
changing the spatial arrangement of image local patches we (a)

may also change image semantics. In the past, researchers
faced the problem of having images with similar color his- .
tograms but different semantics. In the BoW representation
we migrate the problem from pixels to local patches. 00
Literature has a vast range of techniques [7]-[9] targeting \
the encoding of spatial information of visual words in the
image space. The most popular approach is based on Spatia
Pyramids [[7]. Although they lead to large improvements on
classification experiments, their huge vector is a problem i 4
image retrieval applications. Many other approaches suffe w
from the same problem of generating large feature vedtdrs [9 N / Wi o | o
and others target specific applications [8]. 1ojo —*»
A second contribution of the thesis is a pooling method that ¢ | | W 010 0|2
encodes the spatial arrangement of visual words in an image, 012
called Word Spatial Arrangement (WSAWSA encodes the
relative position of visual words in the image by splittirget (b)
image space using each point as the origin of a four-quadrant
structure and counting the number of points in each quadrang,

as exemplified in Figurel 3. WSA increases the discriminating 2 ‘ 0 o ‘ 2 ‘ 0o o ‘ 0 o ‘ 4
power of non-spatial pooling approaches keeping one of the 2 ‘ 1 2 ‘ 0 1 ‘ 3 1 ‘ 4 0 ‘ 1
BoW strengths, that is the general aspect of the repregmmtat

WSA has the benefits of generating more compact vectors than ©

most of the spatial pooling methods. WSA is flexible enough 5 o of WS o § _ —

; ; s : ; Fig. 3. Example of WSA's partitioning and counting. The es are
to quk both for Image remeva_l and ClaSSIfIC_atlon and it l_(\ﬂ)l’ the detected points, tagged with their associated visuadsviw;'s). We start
well in both hard and soft assignments. This flexibility i nan (a), putting the quadrant's origin at; and counting in the visual word
supported by many of the existing spatial pooling methodsassociated with each other point, where the point is iniceletb p;. On the

We have performed experiments using four different imag G, 2 4 o0 S e o herr

datasets analyzing the performance of WSA under differgsisition in relation tops. We proceeded until the quadrant has visited every

criteria. Experiments for image retrieval show that WSAoint in the image. Final counter values for this example sirawn in (c).

outperforms the most popular approach to spatial poolimg, t

Spatial Pyramids (see Figuré 4). We also provide an on-line

interface to navigate through the resilfs containing the results presented in the thesis is undeewevi
Therefore, we could confirm the second hypothesis and al§othe Pattern Recognitiojournal.

propose an efficient and effective solution for spatial papl

The results in this topic were published in theroamerican IV. HYPOTHESIS3: SEMANTICALLY ENRICHED
Congress on Pattern RecognitigfCIARP) [10], in 2011, DICTIONARIES IMPROVE THE QUALITY OF THE
receiving thebest paper award An extension of that paper REPRESENTATIONS

The third hypothesis under analysis in the thesis is related

EW‘)"’W-’eCOd-ic-“”icamp-b”e"a"’i@‘mages—basesoo-prp (as of April 26th, to the semantic information in the visual dictionary model.
2013). . . o .
Sy Tecod.ic. unicamp. brievaiviewmages paris.php (as of April 26th, An important aspect of visual dictionaries based on local

2013). features lies in the fact that visual words carry little or no


www.recod.ic.unicamp.br/eva/view_images_base600.php
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Fig. 4. S-curves showing that the proposed WSA representdted line) outperforms the best max pooling configuratiolne line) in the Paris dataset.
The S-curves highlight the performance (vertical axis)hef two methods for each of the queries (horizontal axis)foReance measure: P@10.

semantics[[11]. Therefore, the terdictionary is somewhat
misleading, because their words have no meaning for humans.
However, the representations based on visual dictionanes
powerful. Thus, when we move from the low-level feature
space to the mid-level (BoW) space, we obtain a semantic
separability that makes it possible to distinguish diffetgpes

of scenes and objects. What would happen if we move one st&f™™ ’ 1 ‘ 1 ‘ 1

further by using a dictionary where the visual words haveemor o l l l l

semantic information?

We first performed an analysis on the semantic information J_ \ I?V
involved in the feature spaces comprised by the visual dic-
tionary model. We analyzed the separability between disgtan
distributions considering different semantic classes @hig Fig. 5. Comparison between the proposed dictionary of sceméh a
or objects. In the low-level feature space, although we d:OLﬂictionary based on local descriptions. We can notice thatrépresentation

. ased on the local dictionary relies on elements withowrcéemantics, like
expect that appearances carry semantics, we show that th@{& comers and edges, while, the representation baséteatictionary of

is no semantic separability between distance distribstiorscenes carries more semantics. In addition, the featume $pathe dictionary
In the mid-level space, despite the good results of BOWscenes has semantics in each dimension independently.
representations in the literature, we show that the semanti

zﬁlp;lrabnlty between distance distributions in this spactill patches. The proposed representation, nabaiof scenes

was evaluated in the context of video geocoding, which is

This motivates the creation of a new feature space Withe task of assigning a geographic location to videos. Is thi
more semantics. In this direction, we have worked dmeg- context, the bag-of-scenes vector works like a place diiva

of-prototypesmodel, according to which the prototypes argector, being informative for the geocoding task. Figlite 6

elements containing more semantic information. By havingyows how to create a dictionary of scenes and then how to
visual words (prototypes) carrying semantics, we can cd@pyreate a bag of scenes.

a bag-of-prototypes representation which has an inteesti \ve performed experiments under the Placing Task of the

property: each dimension has semantics by itself. ThezefofediaEval 2011 challeng&[12]. In this task, participanesev

the feature space spanned by such model has the propertyegf,ired to assign a geographical location to a set of videos

having one dimension for each semantic concept. and the results were based on how far the videos were tagged
We employ this model proposing a new video representatifnom their correct locations. As presented in Tdble |, osules

based on a dictionary of scenes. Figule 5 compares a dicstrow that the proposed bag-of-scenes model is effective for

nary of scenes with a traditional dictionary based on localdeo geocoding, being more precise than most of the visual
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Schema for generating and using a dictionary of scefiee dictionary is created based on a given collection efes, which may come from an

image dataset or from video frames. After representing émetge with any kind of feature vector, some of them are setetd compose the dictionary.
Given an input video to be represented, its frames are assigmone or more of the scenes in the dictionary. A poolinatagy is then applied to generate

the video feature vectobég of scengs

geocoding methods presented at the Placing Task of 2011.
The accomplished results, thus, confirm the hypothesis. The

proposed bag-of-scenes model was published in Al
International Conference on Multimedia RetrievdCMR),

in 2012 [13]. We also participated in the Placing Task of
MediaEval 2012[[14], achieving the best results with the use

of only visual information.

V. PUBLICATIONS

The thesis has already generated a set of 6 publications and
2 working notes. As mentioned in the previous sections, some

additional works are under review in international jousnal
The publications are the following:

« Encoding spatial arrangement of visual woidg], O. A.

B. Penatti, E. Valle, and R. da S. Torres, in the Iberoamer-
ican Congress on Pattern Recognition (CIARP), 2011,
receiving thebest paper award An extension of this
work is under review in the Pattern Recognition journal.
A Visual Approach for Video Geocoding using Bag-of- ,
Scenes[13], O. A. B. Penatti, L. T. Li, J. Almeida,
and R. da S. Torres, in the International Conference on
Multimedia Retrieval (ICMR), 2012.

Improving Texture Description in Remote Sensing Im-
age Multi-Scale Classification Tasks By Using Visual

Calumby, and R. da S Torres, in the International Con-
ference on Advances in Geographic Information Systems
(ACM SIGSPATIAL GIS), 2012.

UNICAMP-UFMG at MediaEval 2012: Genre Tagging
Task [17], J. Almeida, T. Salles, E. F. Martins, O. A.
B. Penatti, R. da S. Torres, M. A. Gongalves, and J.
M. Almeida, in the Working Notes of the MediaEval
Workshop, 2012.

A Multimodal Approach for Video Geocodifigd4], L. T.

Li, J. Almeida, D. C. G. Pedronette, O. A. B. Penatti, and
R. da S. Torres, in the Working Notes of the MediaEval
Workshop, 2012.

Remote Sensing Image Representation based on Hi-
erarchical Histogram PropagatignJ. A. dos Santos,
O. A. B. Penatti, R. da S. Torres, P-H. Gosselin, S.
Philipp-Foliguet, and A. X. Falcao, in the International
Geoscience and Remote Sensing Symposium (IGARSS),
accepted for publication2013.

Domain-specific Image Geocoding: A Case Study on
Virginia Tech Building PhotadL. T. Li, O. A. B. Penatti,

E. A. Fox, and R. da S. Torres, in the Joint Conference on
Digital Libraries (JCDL),accepted for publicatior2013.

VI. CONCLUSIONS

Words [15], J. A. dos Santos, O. A. B. Penatti, R. da Making digital visual information understandable by com-
S. Torres, P-H. Gosselin, S. Philipp-Foliguet, and Aputers is a challenge that motivates the research desdrbed
X. Falcdo, in the International Conference on Pattethe thesis. One of the main elements to make this possible is

Recognition (ICPR), 2012.
o Multimedia Multimodal Geocodindgl16], L. T. Li, D.

the effective representation of the visual content. In Hesis,
we focus on representations based on visual dictionaries.

C. G. Pedronette, J. Almeida, O. A. B. Penatti, R. Nisual dictionaries lie in the idea of describing visual temt



TABLE |
COMPARING OUR BAG OF SCENEE2 RIGHTMOST COLUMNS) WITH THE OTHER TEAMS WHO PARTICIPATED IN THEPLACING TASK 2011AND WORKED
ONLY WITH VISUAL INFORMATION . THE TABLE SHOWS THE NUMBER OF TEST VIDEOS GEOCODED AT DIFFERENDISTANCES FROM THE CORRECT VIDEO
LOCATION. WE CAN HIGHLIGHT, FOR INSTANCE THAT THE BAG OF SCENES IS EFFECTIVE FOR THE MOST PRECISE MEARH (1KM).

Radius Other teams Bag of Scenes
(km) | UGENT UNICAMP ICSI  WISTUD | Randomggo  Guidedooo
1 2 11 5 0 6 16
10 6 60 16 5 32 49
100 49 145 67 - 95 104
1 000 624 650 598 583 610 661
10 000 4 332 4248 4234 - 4 353 4 365

as describing text documents [4]. This model is succeseful f [2] O. A. B. Penatti, E. Valle, and R. da S. Torres, “Compasatstudy of

visual recognition, however, there are several challeraes gmihg?'& rf]'rfurtﬁé(;‘lgen ‘iisdcmt;fz ngé VrV:Sberi]T"’t‘ﬁ fzegi'ea’g’ogma'
how to make the dictionary based representations better or 359 330 2912 ge mep AL 22, 10- 2 b

even on how to generate better dictionaries. [3] K. Mikolajczyk and C. Schmid, “A performance evaluatiaf local
The thesis analyzed three hypotheses regarding the visual descriptors,”IEEE Transactions on Pattern Analysis and Machine Intel-

L. . . ligence vol. 27, no. 10, pp. 1615-1630, 2005.
d'Ct|0nary model. The first one concerns the generallty OEz4] J. Sivic and A. Zisserman, “Video google: a text retries@proach to

dictionaries. As dictionaries are result of a feature space object matching in videos,” innternational Conference on Computer
quantization, which is usually performed on features extra _  Vision vol. 2, 2003, pp. 1470-1477.

f fi . if th fi I 5] V. Viitaniemi and J. Laaksonen, “Experiments on selattof codebooks
rom a set ot images, we question If the set of images rea for local image feature histograms,” imternational Conference on

makes difference in the dictionary quality. We experiméyta Visual Information Systems: Web-Based Visual InformaSearch and
show that by creating the dictionary on a set of images that js, Management2008, pp. 126-137.

| d he i b d b [6] Y.-L. Boureau, F. Bach, Y. LeCun, and J. Ponce, “Learninigl-level
not related to the Images to be represented, or even by geatl features for recognition,” ilConference on Computer Vision and Pattern

a dictionary on a small sample of a dataset, we can still have a Recognition 2010, pp. 2559-2566.

good dictionary. Those findings open the oportunity to dyeat [7] S. Lazebnik, C. Schmid, and J. Ponce, “Beyond bags ofufeat

levi h for dicti . Spatial pyramid matching for recognizing natural scenegmies,” in
alleviate the cost for |ct-|or.1ary creation. ) Conference on Computer Vision and Pattern Recognitiah. 2, 2006,
The second hypothesis is related to the importance of the pp. 2169-2178.

spatial information of visual words in the image space. Wé8] J: Feng, B. Ni, Q. Tian, and S. Yan, “Geometric Ip-normtitea pooling
for image classification,” itConference on Computer Vision and Pattern

propose a new spatial pooling method, called WSA, which is  recognition 2011, pp. 2609-2704.
flexible to work for applications of both image retrieval and[9] Y. Cao, C. Wang, Z. Li, L. Zhang, and L. Zhang, “Spatialgbaf—

classification. The proposed WSA method is more compact fzeoaltgfe;g g‘?%‘;”_fgg%gce on Computer Vision and Pattern Recognition
than most of the spatial pooling methods and presentedrbefig) 0. A’ B. Penatti, E. Valle, and R. d. S. Torres, “Encodisgatial

results than the Spatial Pyramids for image retrieval. The arrangement of visual words,” itberoamerican Congress on Pattern
; ; Recognition vol. 7042, 2011, pp. 240-247.
paper proposing WSA received timest paper awardn an -, =R G ST S B T e wobject banks high-
mternatpnal Conferen_ce [10]. o o level image representation for scene classification andasgenfeature
The third hypothesis under analysis in the thesis is related sparsification,” inNeural Information Processing Systen2910.
to the semantic information involved in the visual dictiona [12] A. Rae, V. Murdock, P. Serdyukov, and P. Kelm, “Workingtes for the

. lacing task at MediaEval,” iWorking Notes Proceedings MediaEval
model. We worked on bag-of-prototypesnodel on which the \BVorks?]op vol. 807, 2011. 9 9

prototypes are visual words carrying semantic informatila [13] O. A. B. Penatti, L. T. Li, J. Aimeida, and R. da S. Torré4, Visual

; ; Approach for Video Geocoding using Bag-of-Scenes,Irternational
pro_posed a new video representation, called bag of sde@igs [1 C?)?\ference on Mtimoda Re?riev{ﬂgﬁ %p' ot
which employs that model. We evaluated the bag-of-scengg L. 1. Li, J. Aimeida, D. C. G. Pedronette, O. A. B. Penatiind

approach in the context of the Placing Task of the MediaEval R. da S. Torres, “A multimodal approach for video geocodirig,

Working Notes Proceedings MediaEval Worksheq. 927, 2012.
challenge. -I.-he proposed apprqach presented one of the lf tJ. A. dos Santos, O. A. B. Penatti, R. da S. Torres, P.-Bss8lin,
results for visual-based geocoding in the last two yearfi®f t™ ~ s philipp-Foliguet, and A. X. Falcao, “Improving textutescription

challenge[[1B3],[[14]. in remote sensing image multi-scale classification taskediyg visual
words,” in International Conference on Pattern Recogniti@®12, pp.
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