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ABSTRACT

In this paper, we propose amtelligentphotography system, which
automatically and professionally generates/recommesesfavorite
photo(s) from a wide view or a continuous view sequence. This
task is quite challenging given that the evaluation of phmal-
ity is under-determined and usually subjective. Motivalbgdthe
recent prevalence of online media, we present a solutioniby m
ing the underlying knowledge and experience of the phoftres
from massively crawled professional photos (abdQt images,
which are highly ranked by users) of those popular photoishar
websites,e.g. Flickr.com Generallyfar contextsare critical in
characterizing the composition rules for professionaltpsioand
thus we present a method callechni-range context modelintp
learn the patch/object spatial correlation distribution the con-
current patch/object pair of arbitrary distance. The ledrphoto
omni-range contexpriors then serve arlles to guide the com-
position of professional photos. When a wide view is fed into
the system, these priors are utilized together with othes deig,
placements of faces at different poses, patch number, efoym

a posterior probability formulation for professional suibw nd-
ing. Moreover, this system can function as intelligent pssional-
view guider based on real-time view quality assessment hed t
embedded compass (for recording capture direction). Bkyoa
salient areas targeted by most existing view recommendatio-
rithms, the proposed system targets at professional ploobgpasi-
tion. Qualitative experiments as well as comprehensivesisdies
well demonstrate the validity and ef ciency of the proposedni-
range context learning method as well as the automatic vieling
framework.
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Figure 1: The objective of our work is to develop an auto-
matic view nder by learning composition rules for profes-

sional photos from massive online professional photo colte

tions. The patch pairs shown in the middle column denote the
co-occurrent patch prototypes with different inter distances,

which is called omni-range contextin this paper. For better

view, please see the colored pdf le.

1. INTRODUCTION

With the prevalence of consumer electronic techniques ewit p
ucts, digital cameras/video recorders have become populizg
to the ever-decreasing price as well as the ease/feagifafiima-
nipulation. In contrast to conventional chemical photpiwa dig-
ital imaging is a highly manipulative medium, thereforekitag a
photo has never been as easy as nowadays.

Recent advances in DSP technology as well as embedded soft-
wares have further boosted the functionalities of digitaheras.
By introducing new breed of built-in features such as auttma
focus (AF), face detection (FD) etc, digital cameras havebe
moreintelligent

These features aim to provide the users with an easier capera
erating interface. For instance, they can recommend thenitgea
setting of camera intrinsic parameteis,, the focal length, or the
extrinsic parameterd,e., the size and position of the viewpoint,
based on very simple rules such as 1) the optical systemdhoul
be adjusted for a correct focus, and 2) the recommendedrredio
interest (ROI) should enclose the detected face area.

Besides this type of simple applications, there is a paéds-
mand to equip the digital cameras with mantelligentfunctional-
ities, e.g, from a wide input view or a continuous view sequence,
could the camera automatically nd some rectangular paphafto,
which is called view enclosure, to possess professionatogho
raphy quality? For instance, it is always desirable to idgrat
smaller size professional photo region from a largeg{zoomed-



out) scene capture. Another case is that this automatic viding
function can guide the users to move the camera for idengfyi
which is the best scene in a continuous sequence view. Astillu
tration of this potential application is shown in Figure 1hifis
essentially a prominent application which could bring alaari-
ous advantages: 1) For a non-professional user, this reeochaal
view enclosure could be of reasonably high-quality and gsof
sional, thus could serve as a very good guidance. 2) Unlikerot
post-processing based software packages, Photoshop, which
requires intensive manual manipulations, the proposeticaipn
is a built-in software system that operates in a fully-awtmway.

To the best of our knowledge, automatic professional viedr n
ing has not been well studied before, potentially due to lieag
challenges. An essential issue is that there lacks an équliprac-
tical criterion which measures tlgpodnes®f a photo, by observ-
ing the following facts:

1. Complexity of Photography

Taking a professional photo is a highly complicated process
which requires careful considerations to all the photolayap
elements such as: focus, view angle, view point, lighting, e
posure as well as the interactions among them. Therefore, it
is extremely hard to develop a computational model that can
properly describe the formulation process for a profession
photo. For example, a built-in face detection system could
help the users to arrange the positions of humans in the photo
by using simple photography rules. However, in a more gen-
eral sense, all the above mentioned elements as well as their
combination effects should be considered, which makes the
model evaluation intractable. Moreover, from a profesaion
point of view, the photo composition rules that consider the
arrangements of the objects or regions within the phiogg (
also known as spatial context [11, 4, 15, 26, 18]) contribute
signi cantly to the nal photo quality. However, given the
large variations of scenes, modeling the spatial context is
dif cult. An experienced professional photographer is wel
trained for the task of nding a high quality viewpoint; how-
ever, how to incorporate this type of human experience into
computer systems remains unknown.

2. Subjectivity in Evaluation

Photo assessment is a very subjective task as the assessment
results highly depend on the audience. People with differ-
ent backgrounds, ages, genders or even moods will produce
distinctive answers to the same image presented.

Several photo assessment models have been proposed by re-
searchers from different research communities. Image fea-
tures €.g, low-level, high-level) are adopted by computer
vision researchers for the purpose of image quality assess-
ment. Luoet al. [16] proposed a photo quality assessment

for both generalized and personalized photo assessment by
integrating computational visual attention model with eom
putational principles.

From a professional photography point of view, however,
the above mentioned models are far from satisfactory. In-
stead of these information theory or perception based mod-
els, an ideal professional view nding system must require
the knowledge from professional photographers. Therefore
the same issue raises as in the previous discussions that how
to model the experiences/composition rules of professiona
photographers for computer systems, given that the experi-
ences and styles of different photographers vary signilgan
and the knowledge model of the photographers is highly com-
plicated and un-structured.

. Dif culty in Context Modeling

The most important aspect that decidegoad photo is the
photo composition rule, which is related to the spatial ar-
rangement of all the elements in the photo. In other words,
this composition rule can be regardedSsatial Contexin

the multi-media and computer vision research domain. Spa-
tial context denotes the spatial distributions of the wasio
elementsge.g, image patches, regions, objects, etc, as well
as the spatial relationship among the elements. Many meth-
ods have been proposed for modeling image spatial context,
such as Spatiogram [4], Markov Stationary Features [15], Vi
sual Synset [26], Contextualized Histogram [18], however,
all these approaches are limited in considering local apati
context only,i.e., only the co-occurrence properties of the
neighboring image features are modeled.

However, the above methods are not adequate for photo con-
text modeling. The reason is that for photos, it is alwaysenor
important to considefar contextsi.e., co-occurrence prop-
erties that involve image elements which are situated rat ne
to each other. This is easily understandable given thelatt t
from a professional photographer's point of view, all paifs
elementsi(e., patches or objects), no matter how far away
they are from each other, may interact with each other in the
formulation of a professional photo. For example, consider
ing the case of a photo that contains a human subject and a
mountain, one can easily tell that when the human and the
mountain co-locate with some speci ¢ pattera,d, the hu-

man is located around one of the lower corners of the photo,
while the mountain is located at the diagonal direction ef th
human, with a certain distance), the photo looks profession
Therefore, it is desirable to develop a general context mod-
eling method that considers not only local contexts but also
the spatial contexts with far distance ranges.

Fortunately, the widespread of on-line image and photoistar

method which rst extracts the subject region from a photo, websites shed some lights for us to solve these problems.ngmo

and then formulates a number of high level semantic features them, photo sharing websites suchRgkr provide millions of

for photo quality classi cation. Keet al. [14] designed a photos which are taken by photographers. Those imagesrinat a
high level sematic feature to match the people's percemiion  reviewed by many users can be considered as users' favomaso t

photo quality. Information theory is also used for evalugti
the photo quality. Sheikbt al.[22] provided an information
delity criterion for image quality assessment by modeling
the statistics of natural scenes. Another exampimé&e re-
targeting where a certain region is recommended to the user
from the entire input image under the criterion that theaarg
region preserves the mostimportant information aboutthe i
put image. Visual attention model is widely used by percep-
tion researchers.g, Sunet al. [24] presented a framework

they can be reasonably regarded as professional photas. &sta-
tistical point of view, these images must convey some infdiom
and common structures which determine how a professional im
age should look like. Motivated by this observation, we deyea
learning framework that mines these Internet crawled gsiémal
photos to discover the underlying structures and cues thrattic
tute a high quality photo and then further use these learnedsp
for automatic view nding. In particular, to address theussfar
context modeling, we develop &mni-Range Contextmodeling



method which can directly handle the spatial contexts oitraly
distance ranges, including both local contexts and farecast

An image processing/learning pipeline is proposed to aecom
plish our purpose of learning an automatic view nder frone th
online sharing professional photos. The crawled onlingisba
professional photo database images are rst segmentedtoioic
patches according to the color and texture features and ffagshes
are clustered into a set of prototypes (visual words). Ireotd
learn the underlying photo omni-range context model witrgich
pre-segregated image sub-topic, we use the Gaussian KliMtod-
els to estimate the joint spatial distributions for patcbtptype
pairs (visual word pairs) as well as the spatial distribufiar each
patch prototype. Representing the professional photbgrapknowl-
edge about the spatial arrangemeing.,( composition rules) for
good photos, the above mined omni-range spatial contesitrire-
tion is modeled as a prior probability distribution. When ewn
wide eld input photo is presented, this prior informatios uti-
lized together with a likelihood model that encodes oth@scsuch
as the positions and the poses of face instances, to formta-pos
rior probability formulation for photo quality evaluatiorinally,

the important regions. Avidaet al.[2] proposed an image oper-
ator called seam carving that can change the size of an image b
gracefully carving-out or inserting pixels in differentrfgof the
image. By applying the operator in both directions the neagm
can be re-targeted to a new size. Recently, ®@ual. [10] for-
mulated image re-targeting as a mesh parametrizationgorotiiat
aims to nd a homomorphous mesh with the desired size of the
target display. Their method also achieves emphasizingiitapt
objects while retaining the surrounding context.

Our approach, however, is motivated by a distinctive ploHos
phy. In stead of using simple phycological (visual attemtior
computational model (image loss), our approach is diredrtlyen
by the photography concern, namely, we are aiming at incatpo
ing the knowledge and experience of professional photdgnap
into our computational framework. Therefore, our appropok-
sesses several inherent advantages: 1) As driven by theetbar
photo composition rules, our approach tends to optimizepladial
arrangement and the layout of the photo elements accorditiget
learned omni-range contexts, however, the previous msthoty
adopt simples rules such as the view rectangle should enthes

we develop an ef cient sampling based mode seeking method to important regions and objects in the photo, which conveyisfo-

infer the MAP (Maximum A Posterior) which is equivalent tare
ommending a region enclosure from the input view that can sat
isfy users' preferences. This proposed framework is easipfe-
mented as a camera built-in component which offers the users
fully automatic and post-processing free professionakvvieding
function.

This paper is organized as follows. Section 2 discussesethe r
lated work. The proposed learning pipeline is introduce&®ét-
tion 3 and the automatic view nding algorithm is presented i
Section 4. Sections 5 gives the experimental results ingeym
qualitative evaluations as well as user studies. Sectiamn6lades
the paper with future work discussion.

2. RELATED WORK

One possible research direction related to our work is inmage
targeting, in the sense that this task also aims to provideusier
with a representative image sub-regiae.( view rectangle) from a
large input image. Early researchers in this domain oftdizeit
the visual attention model for the interesting region reocmn-

mation about the art of photography; 2) Since our approaettly
transfers the photo composition rules from the trainingtpbionto
the novel image input, the underlying photographers' eigpees
and knowledge can be properly utilized; 3) In the cases wiien v
sual attention model fails,e., the image has little texture regions
or the image has spurious texture regions, our approachecatillb
applied.

Another related application is calléditomatic Portraif1], where
the human portrait is re ned by automatic softwaregy, adjust-
ment of the contrast, saturation, removal of the wrinkles &his
application relies on training a perfect face model fronrgéaaum-
ber of face images. However, the usage of this applicatidimis
ited and cannot be applied on general automatic profedsiteva
nding scenarios.

3. PIPELINE OF LEARNING TO PHOTO-
GRAPH

In this section, we will give a detailed introduction to oaain-

dation [12, 24]. These methods are based on developing a nero ing pipeline, which includes the professional photo dasabzon-

morphic model that simulates which elements of a visualsecea
likely to attract the attention of human observers. Givemaw
image, the model computes a saliency map, which topograibhic
encodes for conspicuity (araliency at every location in the vi-
sual input by convolving the image with a series of specitdr$
and encoding the responses at each pixel location. Theimtge
region which has the maximum saliency value is selectededas
on this algorithm, Banerjeet al.[3] proposed a joint optical-digital
framework for automating selected photographic compmsitilles
to improve the composition of pictures taken by amateur qivat-
phers. The framework applied photographic compositioastib
the user-intended picture to generate additional altenpiatures of
the same scene and then provide the alternate pictures tséne
for evaluation. Besides, by extending the visual attentiwihod
to video sequence, Met al.[17] built up a comprehensive scheme
to model and mine the capture intention of camcorder users.
Other methods in this area consider the minimum information
loss criterion for image region recommendation. Sethual. [21]
presented a non-photorealistic algorithm for re-targgelamge im-
ages to small size displays so that important objects inrttages
are still recognizable. They segment an image into regioles-
tify important regions, resize the remaining image, andhsert

struction, image decomposition and representation, asasehe
proposed omni-range photo context modeling. An diagrans-ill
tration of the learning pipeline is given in Figure 2.

3.1 Database Construction

In order to mine the underlyingomposition ruleshat constitute
professional photos, a large training photo database vgthghoto
qualities is required due to the large variations of the plumn-
tents. There are billions of images on the Internet througime
image sharing websites, however, photos with professiquali-
ties are not trivial to obtain. For example, the online phsitaring
websiteFlickr has been widely used in the multi-media research
domain for web-scale problemdFlickr has collected more than
10% images (photos) which are uploaded by different photogra-
phers, however, the qualities of these photos differ from tornan-
other. Therefore, how to Iter out the noises and select thetps
with high qualities becomes a very dif cult problem. Foraialy,
recent enabled statistical functions Fifckr, such as statistics of
user views, user comments and user favors, make the highyqual
photo selection task realizable. Speci cally, we can reabdy as-
sume that those photos which are favored by more users gosses
the higher qualities. Under this guideline, we developedfangre
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Figure 2: An illustration of our proposed learning pipeline. The database images are rst segmented into atomic patchesd we
cluster the image database into several sub-topics. Then griarange context is mined for each pair of patch prototype. h this
example, the joint spatial distribution of the visual word pair A and B is illustrated in terms of two marginal distributi ons for each of
A and B, respectively, since théD joint distribution cannot be visualized. When a new view input is presented, the mined omni-range

context is utilized to automatically search for a professiaal sub-view from the input view.

which can automatically crawl the images which are favorgd b
more thanl0 users fronFlickr, which results in a large photo pool
consisting of more thaB0; 000 training images. Note that more
professional photos are available if crawling continues.

3.2 Rules Mining from Professional Photos

Our ultimate goal is to develop a system that can autométical
produce professional photos from wide- eld camera inpeéts},
zoomed-out or panoramic photos or identify which view isfese
sional among a continuous view sequence. Although in a mewe g
eral setting, all photography elements should be congidsueh
as lighting, exposure, view point, etc, in this work, we ofdgus
on a self-contained task of automatic nding a professionalv
enclosure. Nevertheless, we believe that as a very rshgite
to learn professional photography composition rules frattine
photo collections, the proposed method will serve as a basesk
work for enabling further investigation towards more coitgted
considerations. As a photo could be regarded as a spatlgg+
ment of atomic objects and regions as well as their intevasti
nding an optimal view enclosure is equivalent to enforcitige
layout of these objects/regions and their relationshigsltow the
composition rulesearned from the database photos. Therefore in
this subsection, we will give a detailed description of tharhing
framework which focuses on the spatial context modeling. par

3.2.1 Image Decomposition

Prior to spatial context modeling, we start by segmentirgy th
photos into multiple homogeneous atomic patches, basethen t
assumption that each object/region of a photo presentistens
color and texture appearances. We choose to use the grapt-ba
segmentation algorithm as in [8], which incrementally nesrgmaller-
size patches with similar appearances and with small mimmu
spanning tree weights. This method is of nearly linear compu
tational complexity in the number of neighboring pixels. fdo
speci cally, in this work, we use a modi ed version of [8] tdotain
coherent patches. The segmentation process is as folldrss. &l
the images are resized into the resolutio5@® 333 pixels and
each pixel is initialized as one atomic patch. Then, we useokor
features to describe the appearance of the initial imagdhpatand
apply the algorithm as in [8] for merging the smaller patcims
larger ones. The merge process is stopped if the patch demges
than a prede ned thresholdg., 1000in this work. Thus, for each
input image, we obtain abo®0 to 70 atomic patches in average.
Here based on Intel Xeon X5450 workstation with 3.0GHz CPU
and 32GB memory, it takes less th@8 second to segment one
image.

3.2.2 Patch Representation

Based on the image decomposition results, we can obtain the
feature representations for those atomic patches. Heresw¢he
color and texture features for representing each atomehpdthe
reason for using these two types of features is that colotexidre
are complementary to each other in measuring image patgepro
ties and also it is quite ef cient to extract these two typéfeatures
from image patches.

1. Color Feature

We propose to uséolor Momen{23] to describe patch color
features. Color moment is widely used for image represen-
tation in classi cation tasks [20] and content based image
retrieval (CBIR) tasks [19]. In particular, color momentss
three central moments of an image's color distributioe.,,
mean, standard deviation and skewness for representing the
color distributions in an image. Therefore, for a color imag
which is intrinsically represented 8 color channels, mo-
ments are calculated for each of these channels. An image
therefore is characterized Bymomentsj.e., 3 moments for
each of the3 color channels.

2. Texture Feature

We propose to use the well-knowtOG [5] feature for mod-
eling the texture information of the image patches. HOG fea-
ture is obtained by evaluating normalized local histograms
of image gradient orientations in a dense grid. In practice
this is implemented by dividing the image patch idto 4
small spatial regions, for each region accumulating a local
histogram of8 gradient directions over the pixels. Finally,
the histogram entries are combined to form28D vector

for representation. HOG feature has a great advantage as in-
variance to local geometric and photometric transfornmatio
i.e, translations or rotations, therefore is widely used in hu-
man and object detection [5] applications.

After color and texture feature extraction, we hav@-a128 di-
mensional feature vector to describe each image patch.der to
nd representative patches.g, patch prototypes) from millions of
image patches, as well as to enable further processing, Marme
the clustering on the Color Moment + HOG image patch desaript
set to construct a visual vocabulary Kymeans method [13]. Each
clustering center is denoted as a visual word or patch pro¢cand
each image patch can be mapped to its corresponding pretotyp
by nearest center assignment. Based on our current congmaiat
platform, it takes about one hour to nish the clustering. this
work, the size of the visual vocabulah is set to bel00Q i.e.,
1000visual words.



3.2.3 Face Context Representation

Most photos contain human subjects and for a professiormal ph
tographer, how to arrange the location for a human subjetttén
scene is essential an art. The situation gets even more ioateuol
when poses of the human faces can vary, in which case thegshoto
rapher need pay more attention to the dedicate relatiohstigeen
the human and the other elements in the photo. Fortunatety, o
proposed learning framework can naturally take the faceestdn
into account, and require no extra algorithmic manipuratiBirst,
we use the frontal face detector as well as the multi-vieve @&-
tector (which can differentiate left and right face pro Jdmsed on
Adaboost [25] to extract face instances from the photosnTéach
type of face is associated with an augmented visual wordt i€ha
assuming we have generatht visual words for ordinary image
patches, then for the frontal face region, we represent visasl
wordVw +1 , the left pro le asViv +2 and the right pro le ad/u +3 .

In the subsequent spatial context modeling for each visoatas
well as each visual word pair, these three augmented visosy
are treated equally as the ordinary visual words. In thisseh not
only the co-occurrence properties between the face andatie b
ground image region are encoded, but the relationshipsdastw
different types of faces.g., different poses) are modeled as well.

3.2.4 Sub-topic Grouping
Due to the large variations of the training photos, it woutd b

disadvantageous to learn a single model from the whole image

set. Rather, there exist a set of implicit sub-topics from itin-

age dataset and within each image sub-topic, the image azhara

teristics and the corresponding spatial context inforomagiossess
some commonalities. Therefore, the learned photogragdkg oan
be more informative within each image sub-topic. As thentrai
ing image labels are unavailable, we use the clustering odetit
segregate the images into several groups according to thgeim
similarities. More speci cally, each image is rst repreged as a
histogram vector by counting the occurrences of each patuop
type (visual word), as in the Bag-of-Words [6] method. Thee,

apply K -means method [13] to cluster the whole image database

into 100 sub-topics, based on the bag-of-words representations.

3.2.5 Omni-range Context Modeling

From a learning view point, automatic nding aptimal view
enclosure from the input view is equivalent to anchoring ewi

are not nearby) also play even more important roles for assgs
photo qualities. For example, considering the case of "m&s10n
the beach", normally the sun and the sands are concurrervieow
they are often separated by the sea. In this case, modekngpth
occurrence of the visual word "sun" and "sands" is more atuci
than local contexts. Therefore, for our photo context ngrtask,
we desire a spatial context modeling method which couldrissc
the co-occurrence relationships between all pairs of inpagehes,
no matter how far away they are separated. To achieve such a pu
pose, we propose ammni-rangecontext modeling method which
can deal with spatial contexts with arbitrary inter-dist@s

Omni-range context modeling is based on the Gaussian Mixtur
Models (GMM), which is described as follows. Note that in the
following we assume that we only deal with one image subetopi
First, we introduce how to use GMM model to represent the-pair
wise spatial distributions for each concurrent pair of siswords
(prototypes). Namely, for training each pair of visual waice., V;
andV;, we collect all the image coordinate pairs of the concurrent
patch pairs within the same image sub-topic that two sidebhef
pair correspond to the patch prototyygeandV; , respectively. The
two coordinates within a pair are concatenated in#Davector
x = (x*;x2")T wherex; andx, denote th€D coordinates of
both patches.

The distribution of the variable is given by the generative model
(i.e., GMM):

p(XJ Vi ;Vj): WL’J N (X] LvJ : Lx] )’

k=1

@)

where v,v, = fwy ; 7 Py gow!, [ and | arethe
weight, mean and covariance matrix of tkilh Gaussian compo-
nent, respectively, anld is the total number of Gaussian compo-
nents.

The density is a weighted linear combination kof uni-modal
Gaussian densities, namely,

i 1 1
N(xj i, Iys ——=—e 20
(xj ¢ k) 2 )%] L;J J%

[N isj

2
We obtain a maximum likelihood parameter set for the GMM by
using the Expectation-Maximization (EM) algorithm as ih [The

rectangle i(e., whose translation, rotation, and scaling parameters log-likelihood function we need to maximize is given by:

are to be decided) on the input view and let the objects/rsgio
within the rectangle present in a way which is consistenh e
spatial context models of the corresponding prototypesioét
from the training process.

There are two complementary aspects of spatial context imode
ing. First, each patch prototype (visual word) is assodiatih a
spatial probabilistic distribution model, which illustes the prob-
ability of the patch prototype over different image locaso Sec-
ond, for pairs of patch prototypes (visual words), theinjapatial
probabilistic distribution model.¢., often known as co-occurrence
property) should be considered more delicately. Spatiatesa,
e.g, co-occurrence, is widely used in image classi cation [13}-
ject recognition [26] as well as face recognition [18] owtngts ca-
pability in discriminatively modeling spatial relatioripk between
image local features. The state-of-the-art methods fatiadpaon-
text modeling [15, 18] only consider co-occurrence praperbe-
tween neighboring image features, however, the capalofithis
scheme for modeling photo contexts is limited due to the tfzat:
unlike conventional tasks that local spatial context isqadge for
discriminative representation, far contexite(image patches that

X" "

Q( Vi Vj ) =In p(Dj Vi Vj )= In Ik;l )i
) @3)
whereN " denotes the total number of patch pairs with two patches
corresponding t&/; andV,; respectively in the speci c image sub-
topic; D represents the total set of observation data. The parameter
setis v, = fwy; ¥ 7, gandK =5 based on the
number of each patch pair in this work.

In the E-step, we compute the class assignment probability:

W N (x

i5j
k)
EOZI wioN (X L;JO; L;JO)
.
Pr(kjxi);
1=1

oW N

Pr(kjx) 4)

N, ®)

and then the M-step updates the mean vectors and covariaace m



trices, namely

A =5 Pr(kixi)xi; (6)
Nk 1=1
]
s 22T erwaea e T
k=1
P i .
B (k
Wi = ptp Pr) ®)
k=r 1= Pr(kixi)

In the meanwhile, we also model the prior distributiofVi; V)
of each visual word pai¥;; V; in this image sub-topic to be pro-
portional to the number of co-occurrences of such pairs.omes
cases, there are very few patch pairs from the sub-topictires-
spond toV; andV,, then, we set the prigu(Vi;V;) and the joint
likelihood distributionp(xj v;;v;) to be some uniform distribu-
tion with a relatively small constant probability value whiwill
not affect the results of the parameter set.

Similarly, the spatial distribution for single visual woo@n be
modeled in the same way by GMM. Namely, we denote ( x;y)T
as a2D image coordinate for the patches which correspond to a
speci ¢ visual wordV; that extracted from all training images in
one sub-topic. Then, we use EM algorithm to estimate the Gaus
sian mixture model parameters for representing this pritibat
distribution, namely,
k):

pOxj v)=  WiN(Xj & 9)

k=1
We also model the prior distributigo(V;) of each visual word/;

in this image sub-topic to be proportional to the number auoe

rences of such visual word. In the cases of insuf cient tirain

samples corresponding ¥, we also set the priop(Vi) and the

likelihood distributionp(xj v;) to be some uniform distribution
with a relatively small constant probability value.

The advantages of the proposed omni-range context modeling

method are that: 1) both single patch spatial distributidorima-
tion as well as the spatial co-occurrence relationship, Spatial
context in other words) for pairs of prototype patches arel-mo
eled, which constitute two important and complementaryeetyp
for image spatial context modeling; 2) using the Gaussiatiure
models, the co-occurrence relationships between all mdiis-
age patches with arbitrary spatial distance can be wellribest
within a uni ed probabilistic distribution framework, wblh ap-
parently overcomes the theocratical limitations of thevjanes lo-
cal spatial context modeling methods [15, 18]g, far context
cannot be modeled by those methods, 3) GMM is a generative
model, thus evaluating the likelihood functions for novairples
is quite straightforward; and 4) note that this learningrfeavork
is a uni ed framework because it makes no difference betwhen
ordinary visual words (extracted from image patches) ard3th
face visual wordsi.e., the relationship between a face visual word
Vm +j;j =1;2;3and anon-face visualwoM (i M, M isthe
number of ordinary patch based visual words) can be encogled b
vi v +; » and the relationship between two different face visual
words, e.g, frontal Vu +1 and left pro le Vi 12 , can be encoded

by VM +1 VM +2 *

4. AUTOMATIC VIEW FINDING BASED ON
OMNI-RANGE CONTEXTS

Based on the omni-range context modeling, in this sectian, w
will give a detailed introduction to our probabilistic foutation

of photo quality assessment metric as well as a samplingdbase
optimization method for optimal view nding. To begin witliye
assume that the input image is denoted aSimilar to the training
phase, the input photo is decomposed into patches. Therolbe C
Moment + HOG features are extracted from each patch. By using
nearest neighbor algorithm, we can assign each of thesardésat
to its corresponding visual word (prototype). The imagehisnt
represented by a histogram vector by counting the occugseot
these visual words and we can nd the image sub-topic whieh th
input photo belongs to by assigning it to the nearest neigintthe
training image database.

Assuming that the image is already assigned to its image sub-
topic and the parameter set learned from the training imigesss
speci ¢ image sub-topic is denoted as, which is composed of
the GMM parameters (both single visual word spatial distitn
models and the visual word pair joint spatial distributiondals)
and visual word (pair) prior distributions as:

=f Vii Va2 Y ViVas ViVas
p(V1);p(V2);  ;p(Vi;V2);p(V1;Vs);, @

Our objective is to nd a maximum value of the posterior proba
bility p( jl; ) for the parameter set of a view rectangle to be
pursued, where = (s; ;t) ands, andt = (tx;ty)T refer to
the scaling, rotation and the translation parameters oftédicted
view rectangle.

Using Bayesian rule, we can instead transfer Maximum A
Posterior(MAP) problem into the following joint probabilitp( ;1;
maximizing problem, by recognizing that the evidence tptim )
is a constant and could be ignored in the maximizing operatie-
noted as:

(10)

)

QC) = p(; ) (11
= p(il; Hed; ) (12)
IopC il ) (13)

We can further expand this term into several factors by s#eely
applying the Bayesian rule, denoted as:

) p(l; j )p(C );
p( )p(lti 5 dp( ):

On the one hand, the prior probabilipf ) can be further de-
composed into three factors &is

P( )= p(s)p( )p(t):

Here we assume the independence(@), p( ) andp(t), which
represent the prior distribution for the scaling, rotatéoml transla-
tion in the following form, respectively:

(14)
(15)

p( sl

(16)

p(s) = N(sjso; s); 7
p() = NCjo ) (18)
p(t) = N(tjto; ) (19)

HereN (xj; ) denotes a Gaussian distribution which centers on

and has the covariance as The parameterso, s, o,
to and : are set by the empirical values trained from the image
database.

On the other hand, the likelihood probability teqpalj ; )
can be evaluated based on the previous obtained omni-ramge c
text model, which essentially measures the consistengydeet the
patch spatial contexts extracted from the sub-view andehmed

!Note that we have dropped the other pri¢r ) since it is a con-
stant.



omni-range context model in its corresponding sub-groughef
database photos. Speci cally, if we denote the patch seaetad

from the enclosed image region v = fmi;my; ;mng,
then the likelihood® (1j ; ) could be decomposed as:
- w . Y .
p(tj 5 )=p(N) p(mij; )  p(mcmaj 5 ); (20)
1=1 k<h
W .
=p(N)  p(V(M))p(Xij vm))
1=1
PV (Mn); V(M) P(Xni Xk] v (my)v (me)): (21)

h<k

Here, we denot&/ (m,) as the visual word that the image patch
m;, is assigned to, and, denotes image coordinate of the patch
with respect to the view rectangle de ned by the parameter se
Note that this likelihood probability is crucial in this wiobecause

it transfers the professional photographers' knowledgeims of
the omni-range contexts of the photos to the quality evaloadf
the target viewP (N ) denotes the prior distribution of the number
of patches inside the view rectangle, which is given in a Giauns
distribution as:

P(N) = N(NjNo; n): (22)

Here the mean valul and the variancen are empirically set
from training images and this prior serves as the constithiatt
ensures the size of the view rectangle not getting eithestoall
or too large.

We can see that the posterior probability is complicatedreasd
no explicit analytical form, therefore, in order to derive toptimal

Figure 3: The illustration of the segregated photo sub-topis.

each pyramid level and then retain the best results in tefrttseo
photo quality assessment met€)¢ ).

5. EXPERIMENTS

5.1 Data Collection

We rst use text queries to crawl massive images from thenenli
photo sharing websitElickr. In this work, we focus our interest
topic on landscape photosg, by using the text terntandscape
to query images), by considering that there are large nusnbler
professional photos available for this popular topic. Teura the
quality of the automatically crawled photos, we only keepsth
photos that are highly rankede., the images are favored by more
than10 users.

For constructing the training image database, we have echawl
about 80; 000 color photos about landscape. All the photos are
resized to the size 00 333 pixels and contain various types
of landscape scenes such as mountain, grass, river, bezedm,o
sands, forest, sun rise, sun set etc. Also, many of thes@ghot
contains human subjects. As mentioned in the previousosgdtr
these training images, we rst perform the image decomosit
task and calculate the Color Moment + HOG feature repretenta
for each patch. Then, we use K-means algorithm to clusteheall
patch features intd000 visual words (patch prototypes). Also,
we use face detectors to detect three poses of face instahtes
are assigned with visual wordioo1 , Vicoz, Vioos, respectively.
Eachimage is then represented 083D histogram vector by the
bag-of-words method and we also cluster the whole photdodata
into 100 sub-topics by K-means algorithm. An illustration of the

parameter set of the model, we adopt the commonly used Markov Segregated image sub-groups is shown in Figure 3.

Chain Monte Carlo (MCMC) [9] based sampling method to seek
the mode (maximum) of the target distributi@Q{ ). Namely, in
each sampling step, we x other parameters according to tidi

values and then randomly sample a new value for the current pa

rameter according to some proposal probability. For ircgaim
the step of updating, we x s andt for the current time and
sample the new value ofaccording tgp( js ;t ). The sampling
procedure iterates until convergende,, the estimated posterior
probability becomes stable. Given that the parameter spawdy
4D, the convergence of the sampling procedure is quite fastri9]
our current computational platform, it takes less ti@ah second
to converge and it can be therefore very ef ciently impleteeh
into camera systems for real-time applications. Finaliig, param-
eter set, which yields the highest value and representspti@al
view rectangle is retained as our solution. Note that, fhiedng
more robust results, we can re-scale the testing image iffiéoeht
resolutionse.g, (0:5; 0:75; 1:25; 1:5; 2:0), and perform the whole
processing from image segmentation to probabilistic eriee in

From Figure 3 we can observe that the database images are of
reasonably professional. Also, the segregated imagesvisaklly
similar within each sub-topice.g, we can easily obtain the con-
cept of the example sub-topics such as sunset, mountaich bea
eld.

5.2 Omni-range Context Visualization

For each visual word-pair within a speci ¢ sub-topic, we can
learn a GMM to describe the omni-range contexts betweerethes
two visual words. In Figure 4, three exemplar distributiais
p(xj v;) forthree different visual words with high priors((Vi)'s)
are displayed. Also three exemplar marginal distributimi®xj v, v, )
are also visualized in Figure 4, from which we can observetttea
concurrent patch prototype-pairs are quite consistertt titman
experience in terms of both contents and positions. For plam
the rst patch-pair on far context in the second row rightreer
sponds to the co-occurrence of sky over beautiful owers amgn
popular scenes, and the second patch-pair on far conteneseagts
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Figure 4: Visualization of the spatial distributions for in dividual visual words ( rst row) and the omni-range contexts between patch
prototype-pairs (second row). The columns 1,3,5 display #himages, each of which is overlaid with a patch pair and the nrginal

distributions for their corresponding patch prototypes from the omni-range context model are displayed in columns 2,8. Note that
although the component number of GMM is set as ve, for some sh- gures, only less than ve components are observable as #

weights for other components are too small.

the popular scene of sky over trees. The spatial constraints
these patch prototype-pairs constitute the basic conipogitiles
for professional photos.

5.3 User Studies

We then utilize the trained omni-range context model as al|
the sampling based probabilistic inference method to perfau-
tomatic professional photo view ndingy For evaluation, we have
collected76 wide- eld photos from the Internet.g, zoomed-out,

panoramic photos. Then we perform our automatic view nding

algorithm as described in Section 4 for each of the input esag
In order to demonstrate the effectiveness of our method, lse a
apply the view nding (image re-targeting) algorithm basmdthe
visual attention model as in [12]. Due to the fact that theieks

a systematic evaluation function for measuring the qualftyhe
resulting photos in terms of the users' satisfactory levedrf both
methods, we conduct user studies for comparing the resolts f
both methods. First, the cropped sub-photos by both metas
presented to the human subjects in pairs, where the ordénmgwi
each pair are shuf ed, e, the resulting photo from either method
can appear either at the left or the right in a random way. Then

human subject is required to give a judgement to each pair ind

cating whether the left image Much better Better, Same Worse
Much Worsehan the right one. In this experimeBt) human sub-
jects with almost equal gender distribution and with agesjireg

from 23 to 35 years old have helped to conduct the study. The

statistics of the user studies results is illustrated iruFéds. Also,
we show in Figure 6 several examples of the comparison eesult
terms of the resulting images and the user feedback.
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Figure 5: The statistics from the user studies.50 human sub-
jects are asked to give their judgements to th@6 result image
pairs from our method and the visual attention model based im
age re-targeting method. We then summarize the users' feed-
back in term of the average number of human subjects voting
for the corresponding feedback typesi.e., whether the result of
our method Much better, Better, Same Worse Much worsethan
the result of the visual attention model based method. The er
ror bars denote the standard deviations of the feedback fo60
human subjects.

the left) are quite similar with the image re-targeting noetbased
on visual attention model (shown on the right). This is beeau
that in these photos, the regions with rich texture coineiith the
regions that are favored by users. However, for other cases (
(c), (d), (e), (f)) when the photo is of poor texture or has som
spurious highly textured regions, the visual attention etdhsed
method will fail. This is validated in the examples (d), (€),

In Figure 5, the blue bars show the average number of human where our method tend to inCOprfate the moon, the tree and th

subjects voting for each types of feedback. And the standewvi
ations of the feedback f&0 human subjects are shown in red thin

bars. We can observe that the sub-views found by our metheod ar

more satisfying than the conventional attention model tharpage
re-targeting method, from a statistical view point. Alsbe trel-
ative large standard deviations demonstrate the fact thagh's
assessment is subjective.

The rst 2 examplesi(e., (@) and (b)) illustrated in Figure 6 show
that in some cases, the resulting photos from our methodvsba

2Note that in this work we ignore the view rectangle rotatien p

rameter since all the testing photos are already well aligned hori-

zontally.

sun at some proper positions in the photo since this composit
rule is learned from the professional photo database byngitiie
omni-range context between these objects with the othéonsg
of the photos. In contrast, the image re-targeting methadda
on visual attention model attempt to enclose those sputi@lidy
textured regionse.g, the mountain areas, the rock etc, however,
these regions and the object layout of the resulting viewareges
are not favored by human subjects. (g) and (h) show two exam-

ples where humans are present in the photos. We can see that ou

approach properly captures the composition rule for thig dae.,
when a person faces to the right, then there should be mogimar
in the right side of the human face. However, attention mbdskd
method is not able to model such important rule and nallyymet-



turns the region that has the human in the middle. These dgamp
well demonstrates that since our method can properly entrazle
underlying professional photography rules mined from tredgs-
sional photo database, it can provide the users with moishgay
results than the traditional visual attention model basethod.

An additional experiment is performed to further validate t
correctness of our proposed photo evaluation metric fofegro
sional view nding in Section 4, as shown in Figure 7. By xing
the size, we slide the view rectangle along the horizontel &if the
input panoramic imagei.é., which simulates the case of camera
movement for seeking best view) and crop the sub-photo stepp
by equal distance. We then aSR human subjects to rank these
cropped sub-photos in terms of their satisfactory leveprhctice,
we set ve levels as/ery Good (5) Good (4) Moderate (3) Bad

(2), Very Bad (1) In the meantime, we evaluate the objective func-
tionQ( ) de ned in Section 4 for each cropped sub-photo and take

its logarithm. The corresponding user rankings as well asti
jective function values are shown in a vertically aligneddedor
better comparison. We can observe that the developed phate q
ity assessment metric is quite consistent with users' eyaos,
which further validates the effectiveness of our proposethod.

-1000[
-2000
-3000[

= w s o
L R

1 2 3 4 5 6 7 8 W

Figure 7: The photo quality assessment function values (irhe
logarithmic form) and the corresponding average users' rark-
ings for the sub-photos cropped by sliding a xed size view
rectangle along the horizontal direction. We can observe tat
trends of both evaluations are consistent.

6. CONCLUSIONS AND FUTURE WORK

In this work, we have proposed an omni-range context model fo

encoding professional photographers' knowledge and ceitipo
rules, mined from massive crawled professional photos foom
line sharing website. Based on the learned omni-range xisnte
we developed a photo quality evaluation metric for automatto-
fessional view nding. Extensive experiments as well as pogn
hensive user studies demonstrated the effectiveness pfapesed
method.

Our work is not meant to provide a full solution to the autoimat
camera view nding problem, but rather it aims to inspire mor
interests in this new and practically important and chajieg re-

search direction. In our future work we plan to develop a more

general and comprehensive professional photo qualitysassmt
model which considers not only omni-range contexts of thatqsh
but also other important photography elements such as exgos
contrast, etc. Also, we shall crawl more professional phatadif-
ferent types from those online photography forums.
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Figure 6: Examples of the comparison results. From (a) to (f) The upper rows show the original input photos. For (g) and (B,
the leftmost are the original input photos. The image resuk with red frames shown in the left of the bar gures correspord to the
results of our method, while the image results with blue franes shown in the right of the bar gures correspond to the resuls of the
visual attention model based image re-targeting method. Témiddle bar gures illustrate the statistics of the users' feedback which
indicate whether our results (left) are Much better, Better, Same Worse or Much Worsethan the results from the visual attention
model based image re-targeting method (right).



