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ABSTRACT
In this paper, we propose anintelligentphotography system, which
automatically and professionally generates/recommendsuser-favorite
photo(s) from a wide view or a continuous view sequence. This
task is quite challenging given that the evaluation of photoqual-
ity is under-determined and usually subjective. Motivatedby the
recent prevalence of online media, we present a solution by min-
ing the underlying knowledge and experience of the photographers
from massively crawled professional photos (about105 images,
which are highly ranked by users) of those popular photo sharing
websites,e.g. Flickr.com. Generallyfar contextsare critical in
characterizing the composition rules for professional photos, and
thus we present a method calledomni-range context modelingto
learn the patch/object spatial correlation distribution for the con-
current patch/object pair of arbitrary distance. The learned photo
omni-range contextpriors then serve asrules to guide the com-
position of professional photos. When a wide view is fed into
the system, these priors are utilized together with other cues (e.g.,
placements of faces at different poses, patch number, etc) to form
a posterior probability formulation for professional sub-view �nd-
ing. Moreover, this system can function as intelligent professional-
view guider based on real-time view quality assessment and the
embedded compass (for recording capture direction). Beyond the
salient areas targeted by most existing view recommendation algo-
rithms, the proposed system targets at professional photo composi-
tion. Qualitative experiments as well as comprehensive user studies
well demonstrate the validity and ef�ciency of the proposedomni-
range context learning method as well as the automatic view �nding
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 collec-
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 and prod-

ucts, digital cameras/video recorders have become popularowing
to the ever-decreasing price as well as the ease/feasibility for ma-
nipulation. In contrast to conventional chemical photography, dig-
ital imaging is a highly manipulative medium, therefore, taking 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 digital cameras.
By introducing new breed of built-in features such as automatic
focus (AF), face detection (FD) etc, digital cameras have become
moreintelligent.

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

Besides this type of simple applications, there is a potential de-
mand to equip the digital cameras with moreintelligentfunctional-
ities, e.g., from a wide input view or a continuous view sequence,
could the camera automatically �nd some rectangular part ofphoto,
which is called view enclosure, to possess professional photog-
raphy quality? For instance, it is always desirable to identify a
smaller size professional photo region from a larger (e.g., zoomed-



out) scene capture. Another case is that this automatic view�nding
function can guide the users to move the camera for identifying
which is the best scene in a continuous sequence view. An illus-
tration of this potential application is shown in Figure 1. This is
essentially a prominent application which could bring along vari-
ous advantages: 1) For a non-professional user, this recommended
view enclosure could be of reasonably high-quality and profes-
sional, thus could serve as a very good guidance. 2) Unlike other
post-processing based software packages,e.g., Photoshop, which
requires intensive manual manipulations, the proposed application
is a built-in software system that operates in a fully-automatic way.

To the best of our knowledge, automatic professional view �nd-
ing has not been well studied before, potentially due to its great
challenges. An essential issue is that there lacks an explicit or prac-
tical criterion which measures thegoodnessof 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 photography
elements such as: focus, view angle, view point, lighting, ex-
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 professional
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 professional
point of view, the photo composition rules that consider the
arrangements of the objects or regions within the photo (i.e.,
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 well
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 (e.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
method which �rst extracts the subject region from a photo,
and then formulates a number of high level semantic features
for photo quality classi�cation. Keet al. [14] designed a
high level sematic feature to match the people's perceptionof
photo quality. Information theory is also used for evaluating
the photo quality. Sheikhet al. [22] provided an information
�delity criterion for image quality assessment by modeling
the statistics of natural scenes. Another example isimage re-
targeting, where a certain region is recommended to the user
from the entire input image under the criterion that the target
region preserves the most important information about the in-
put image. Visual attention model is widely used by percep-
tion researchers,e.g., Sunet al. [24] presented a framework

for both generalized and personalized photo assessment by
integrating computational visual attention model with com-
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 professional
photographers for computer systems, given that the experi-
ences and styles of different photographers vary signi�cantly
and the knowledge model of the photographers is highly com-
plicated and un-structured.

3. Dif�culty in Context Modeling

The most important aspect that decides agoodphoto 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 regarded asSpatial Contextin
the multi-media and computer vision research domain. Spa-
tial context denotes the spatial distributions of the various
elements,e.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 spatial
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 always more
important to considerfar contexts, i.e., co-occurrence prop-
erties that involve image elements which are situated not near
to each other. This is easily understandable given the fact that
from a professional photographer's point of view, all pairsof
elements (i.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�c pattern, (e.g., the hu-
man is located around one of the lower corners of the photo,
while the mountain is located at the diagonal direction of the
human, with a certain distance), the photo looks professional.
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 photo sharing
websites shed some lights for us to solve these problems. Among
them, photo sharing websites such asFlickr provide millions of
photos which are taken by photographers. Those images that are
reviewed by many users can be considered as users' favors so that
they can be reasonably regarded as professional photos. From a sta-
tistical point of view, these images must convey some information
and common structures which determine how a professional im-
age should look like. Motivated by this observation, we develop a
learning framework that mines these Internet crawled professional
photos to discover the underlying structures and cues that consti-
tute a high quality photo and then further use these learned priors
for automatic view �nding. In particular, to address the issue far
context modeling, we develop anOmni-Range Contextmodeling



method which can directly handle the spatial contexts of arbitrary
distance ranges, including both local contexts and far contexts.

An image processing/learning pipeline is proposed to accom-
plish our purpose of learning an automatic view �nder from the
online sharing professional photos. The crawled online sharing
professional photo database images are �rst segmented intoatomic
patches according to the color and texture features and these patches
are clustered into a set of prototypes (visual words). In order to
learn the underlying photo omni-range context model withineach
pre-segregated image sub-topic, we use the Gaussian Mixture Mod-
els to estimate the joint spatial distributions for patch prototype
pairs (visual word pairs) as well as the spatial distribution for each
patch prototype. Representing the professional photographers' knowl-
edge about the spatial arrangement (i.e., composition rules) for
good photos, the above mined omni-range spatial context informa-
tion is modeled as a prior probability distribution. When a new
wide �eld input photo is presented, this prior information is uti-
lized together with a likelihood model that encodes other cues such
as the positions and the poses of face instances, to form a poste-
rior probability formulation for photo quality evaluation. Finally,
we develop an ef�cient sampling based mode seeking method to
infer the MAP (Maximum A Posterior) which is equivalent to rec-
ommending a region enclosure from the input view that can sat-
isfy users' preferences. This proposed framework is easilyimple-
mented as a camera built-in component which offers the usersa
fully automatic and post-processing free professional view �nding
function.

This paper is organized as follows. Section 2 discusses the re-
lated work. The proposed learning pipeline is introduced inSec-
tion 3 and the automatic view �nding algorithm is presented in
Section 4. Sections 5 gives the experimental results in terms of
qualitative evaluations as well as user studies. Section 6 concludes
the paper with future work discussion.

2. RELATED WORK
One possible research direction related to our work is imagere-

targeting, in the sense that this task also aims to provide the user
with a representative image sub-region (i.e., view rectangle) from a
large input image. Early researchers in this domain often utilize
the visual attention model for the interesting region recommen-
dation [12, 24]. These methods are based on developing a nero-
morphic model that simulates which elements of a visual scene are
likely to attract the attention of human observers. Given annew
image, the model computes a saliency map, which topographically
encodes for conspicuity (orsaliency) at every location in the vi-
sual input by convolving the image with a series of special �lters
and encoding the responses at each pixel location. Then, theimage
region which has the maximum saliency value is selected. Based
on this algorithm, Banerjeeet al.[3] proposed a joint optical-digital
framework for automating selected photographic composition rules
to improve the composition of pictures taken by amateur photogra-
phers. The framework applied photographic composition rules to
the user-intended picture to generate additional alternate pictures of
the same scene and then provide the alternate pictures to theuser
for evaluation. Besides, by extending the visual attentionmethod
to video sequence, Meiet 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. Setluret al. [21]
presented a non-photorealistic algorithm for re-targeting large im-
ages to small size displays so that important objects in the images
are still recognizable. They segment an image into regions,iden-
tify important regions, resize the remaining image, and re-insert

the important regions. Avidanet al. [2] proposed an image oper-
ator called seam carving that can change the size of an image by
gracefully carving-out or inserting pixels in different parts of the
image. By applying the operator in both directions the new image
can be re-targeted to a new size. Recently, Guoet al. [10] for-
mulated image re-targeting as a mesh parametrization problem that
aims to �nd a homomorphous mesh with the desired size of the
target display. Their method also achieves emphasizing important
objects while retaining the surrounding context.

Our approach, however, is motivated by a distinctive philoso-
phy. In stead of using simple phycological (visual attention) or
computational model (image loss), our approach is directlydriven
by the photography concern, namely, we are aiming at incorporat-
ing the knowledge and experience of professional photographers
into our computational framework. Therefore, our approachpos-
sesses several inherent advantages: 1) As driven by the learned
photo composition rules, our approach tends to optimize thespatial
arrangement and the layout of the photo elements according to the
learned omni-range contexts, however, the previous methods only
adopt simples rules such as the view rectangle should enclose the
important regions and objects in the photo, which conveys noinfor-
mation about the art of photography; 2) Since our approach directly
transfers the photo composition rules from the training photos onto
the novel image input, the underlying photographers' experiences
and knowledge can be properly utilized; 3) In the cases when vi-
sual attention model fails,i.e., the image has little texture regions
or the image has spurious texture regions, our approach can be still
applied.

Another related application is calledAutomatic Portrait[1], where
the human portrait is re�ned by automatic softwares,e.g., adjust-
ment of the contrast, saturation, removal of the wrinkles etc. This
application relies on training a perfect face model from a large num-
ber of face images. However, the usage of this application islim-
ited and cannot be applied on general automatic professional view
�nding scenarios.

3. PIPELINE OF LEARNING TO PHOTO-
GRAPH

In this section, we will give a detailed introduction to our learn-
ing pipeline, which includes the professional photo database con-
struction, image decomposition and representation, as well as the
proposed omni-range photo context modeling. An diagram illus-
tration of the learning pipeline is given in Figure 2.

3.1 Database Construction
In order to mine the underlyingcomposition rulesthat constitute

professional photos, a large training photo database with high photo
qualities is required due to the large variations of the photo con-
tents. There are billions of images on the Internet through online
image sharing websites, however, photos with professionalquali-
ties are not trivial to obtain. For example, the online photosharing
websiteFlickr has been widely used in the multi-media research
domain for web-scale problems.Flickr has collected more than
1010 images (photos) which are uploaded by different photogra-
phers, however, the qualities of these photos differ from one to an-
other. Therefore, how to �lter out the noises and select the photos
with high qualities becomes a very dif�cult problem. Fortunately,
recent enabled statistical functions ofFlickr, such as statistics of
user views, user comments and user favors, make the high quality
photo selection task realizable. Speci�cally, we can reasonably as-
sume that those photos which are favored by more users possess
the higher qualities. Under this guideline, we developed a software
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Figure 2: An illustration of our proposed learning pipeline. The database images are �rst segmented into atomic patchesand we
cluster the image database into several sub-topics. Then omni-range context is mined for each pair of patch prototype. In 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 the4D joint distribution cannot be visualized. When a new view input is presented, the mined omni-range
context is utilized to automatically search for a professional sub-view from the input view.

which can automatically crawl the images which are favored by
more than10 users fromFlickr, which results in a large photo pool
consisting of more than80; 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 automatically

produce professional photos from wide-�eld camera inputs,e.g.,
zoomed-out or panoramic photos or identify which view is profes-
sional among a continuous view sequence. Although in a more gen-
eral setting, all photography elements should be considered such
as lighting, exposure, view point, etc, in this work, we onlyfocus
on a self-contained task of automatic �nding a professionalview
enclosure. Nevertheless, we believe that as a very �rst attempt
to learn professional photography composition rules from online
photo collections, the proposed method will serve as a base frame-
work for enabling further investigation towards more complicated
considerations. As a photo could be regarded as a spatial arrange-
ment of atomic objects and regions as well as their interactions,
�nding an optimal view enclosure is equivalent to enforcingthe
layout of these objects/regions and their relationships tofollow the
composition ruleslearned from the database photos. Therefore in
this subsection, we will give a detailed description of the learning
framework which focuses on the spatial context modeling part.

3.2.1 Image Decomposition
Prior to spatial context modeling, we start by segmenting the

photos into multiple homogeneous atomic patches, based on the
assumption that each object/region of a photo presents consistent
color and texture appearances. We choose to use the graph-based
segmentation algorithm as in [8], which incrementally merges smaller-
size patches with similar appearances and with small minimum
spanning tree weights. This method is of nearly linear compu-
tational complexity in the number of neighboring pixels. More
speci�cally, in this work, we use a modi�ed version of [8] to obtain
coherent patches. The segmentation process is as follows. First, all
the images are resized into the resolution of500 � 333 pixels and
each pixel is initialized as one atomic patch. Then, we use the color
features to describe the appearance of the initial image patches and
apply the algorithm as in [8] for merging the smaller patchesinto
larger ones. The merge process is stopped if the patch size islarger
than a prede�ned threshold,i.e., 1000 in this work. Thus, for each
input image, we obtain about50 to 70 atomic patches in average.
Here based on Intel Xeon X5450 workstation with 3.0GHz CPU
and 32GB memory, it takes less than0:8 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. Here we use the
color and texture features for representing each atomic patch. The
reason for using these two types of features is that color andtexture
are complementary to each other in measuring image patch proper-
ties and also it is quite ef�cient to extract these two types of features
from image patches.

1. Color Feature

We propose to useColor Moment[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 moment uses
three central moments of an image's color distribution,i.e.,
mean, standard deviation and skewness for representing the
color distributions in an image. Therefore, for a color image
which is intrinsically represented by3 color channels, mo-
ments are calculated for each of these channels. An image
therefore is characterized by9 moments,i.e., 3 moments for
each of the3 color channels.

2. Texture Feature

We propose to use the well-knownHOG[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 into4 � 4
small spatial regions, for each region accumulating a local
histogram of8 gradient directions over the pixels. Finally,
the histogram entries are combined to form a128D vector
for representation. HOG feature has a great advantage as in-
variance to local geometric and photometric transformations,
i.e., translations or rotations, therefore is widely used in hu-
man and object detection [5] applications.

After color and texture feature extraction, we have a9 + 128 di-
mensional feature vector to describe each image patch. In order to
�nd representative patches (e.g., patch prototypes) from millions of
image patches, as well as to enable further processing, we perform
the clustering on the Color Moment + HOG image patch descriptor
set to construct a visual vocabulary byK -means method [13]. Each
clustering center is denoted as a visual word or patch prototype and
each image patch can be mapped to its corresponding prototype
by nearest center assignment. Based on our current computational
platform, it takes about one hour to �nish the clustering. Inthis
work, the size of the visual vocabularyM is set to be1000, i.e.,
1000visual words.



3.2.3 Face Context Representation
Most photos contain human subjects and for a professional pho-

tographer, how to arrange the location for a human subject inthe
scene is essential an art. The situation gets even more complicated
when poses of the human faces can vary, in which case the photog-
rapher need pay more attention to the dedicate relationshipbetween
the human and the other elements in the photo. Fortunately, our
proposed learning framework can naturally take the face context
into account, and require no extra algorithmic manipulation. First,
we use the frontal face detector as well as the multi-view face de-
tector (which can differentiate left and right face pro�les) based on
Adaboost [25] to extract face instances from the photos. Then, each
type of face is associated with an augmented visual word. That is,
assuming we have generatedM visual words for ordinary image
patches, then for the frontal face region, we represent it asvisual
wordVM +1 , the left pro�le asVM +2 and the right pro�le asVM +3 .
In the subsequent spatial context modeling for each visual word as
well as each visual word pair, these three augmented visual words
are treated equally as the ordinary visual words. In this scheme, not
only the co-occurrence properties between the face and the back-
ground image region are encoded, but the relationships between
different types of faces (i.e., different poses) are modeled as well.

3.2.4 Sub-topic Grouping
Due to the large variations of the training photos, it would be

disadvantageous to learn a single model from the whole image
set. Rather, there exist a set of implicit sub-topics from the im-
age dataset and within each image sub-topic, the image charac-
teristics and the corresponding spatial context information possess
some commonalities. Therefore, the learned photography rules can
be more informative within each image sub-topic. As the train-
ing image labels are unavailable, we use the clustering method to
segregate the images into several groups according to the image
similarities. More speci�cally, each image is �rst represented as a
histogram vector by counting the occurrences of each patch proto-
type (visual word), as in the Bag-of-Words [6] method. Then,we
apply K -means method [13] to cluster the whole image database
into 100sub-topics, based on the bag-of-words representations.

3.2.5 Omni-range Context Modeling
From a learning view point, automatic �nding anoptimal view

enclosure from the input view is equivalent to anchoring a view
rectangle (i.e., whose translation, rotation, and scaling parameters
are to be decided) on the input view and let the objects/regions
within the rectangle present in a way which is consistent with the
spatial context models of the corresponding prototypes obtained
from the training process.

There are two complementary aspects of spatial context model-
ing. First, each patch prototype (visual word) is associated with a
spatial probabilistic distribution model, which illustrates the prob-
ability of the patch prototype over different image locations. Sec-
ond, for pairs of patch prototypes (visual words), their joint spatial
probabilistic distribution model (i.e., often known as co-occurrence
property) should be considered more delicately. Spatial context,
e.g., co-occurrence, is widely used in image classi�cation [15], ob-
ject recognition [26] as well as face recognition [18] owingto its ca-
pability in discriminatively modeling spatial relationships between
image local features. The state-of-the-art methods for spatial con-
text modeling [15, 18] only consider co-occurrence properties be-
tween neighboring image features, however, the capabilityof this
scheme for modeling photo contexts is limited due to the factthat:
unlike conventional tasks that local spatial context is adequate for
discriminative representation, far contexts (i.e., image patches that

are not nearby) also play even more important roles for assessing
photo qualities. For example, considering the case of "sun rises on
the beach", normally the sun and the sands are concurrent however
they are often separated by the sea. In this case, modeling the co-
occurrence of the visual word "sun" and "sands" is more crucial
than local contexts. Therefore, for our photo context mining task,
we desire a spatial context modeling method which could describe
the co-occurrence relationships between all pairs of imagepatches,
no matter how far away they are separated. To achieve such a pur-
pose, we propose anomni-rangecontext modeling method which
can deal with spatial contexts with arbitrary inter-distances.

Omni-range context modeling is based on the Gaussian Mixture
Models (GMM), which is described as follows. Note that in the
following we assume that we only deal with one image sub-topic.
First, we introduce how to use GMM model to represent the pair-
wise spatial distributions for each concurrent pair of visual words
(prototypes). Namely, for training each pair of visual words,i.e., Vi

andVj , we collect all the image coordinate pairs of the concurrent
patch pairs within the same image sub-topic that two sides ofthe
pair correspond to the patch prototypeVi andVj , respectively. The
two coordinates within a pair are concatenated into a4D vector
x = ( x 1T ; x 2T )T , wherex 1 andx 2 denote the2D coordinates of
both patches.

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

p(x j� V i ;V j ) =
KX

k =1

wi;j
k N (x j� i;j

k ; � i;j
k ); (1)

where� V i ;V j = f wi;j
1 ; � i;j

1 ; � i;j
1 ; � � � g, wi;j

k , � i;j
k and� i;j

k are the
weight, mean and covariance matrix of thekth Gaussian compo-
nent, respectively, andK is the total number of Gaussian compo-
nents.

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

N (x j� i;j
k ; � i;j

k ) =
1

(2� )
d
2 j� i;j

k j
1
2

e� 1
2 ( x � � i;j

k ) T � i;j
k

� 1
( x � � i;j

k ) :

(2)
We obtain a maximum likelihood parameter set for the GMM by

using the Expectation-Maximization (EM) algorithm as in [7]. The
log-likelihood function we need to maximize is given by:

Q(� V i ;V j ) = ln p(Dj � V i ;V j ) =
N i;jX

i =1

ln
KX

k =1

wi;j
k N (x j� i;j

k ; � i;j
k );

(3)
whereN i;j denotes the total number of patch pairs with two patches
corresponding toVi andVj respectively in the speci�c image sub-
topic;D represents the total set of observation data. The parameter
set is� V i ;V j = f wi;j

1 ; � i;j
1 ; � i;j

1 ; � � � g andK = 5 based on the
number of each patch pair in this work.

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

P r (kjx l ) =
wi;j

k N (x l j�
i;j
k ; � i;j

k )
P K

k 0=1 wk 0N (x l j�
i;j
k 0 ; � i;j

k 0 )
; (4)

N i;j
k =

N i;jX

l =1

P r (kjx l ); (5)

and then the M-step updates the mean vectors and covariance ma-



trices, namely

^� k
i;j =

1

N i;j
k

N i;j
X

l =1

P r (kjx l )x l ; (6)

^� k
i;j

=
1

N i;j
k

N i;j
X

l =1

P r (kjx l )( x l � ^� i;j
k )( x l � ^� i;j

k )T ; (7)

ŵk
i;j =

P N i;j

l =1 P r (kjx l )
P K

k =1

P N i;j

l =1 P r (kjx l )
(8)

In the meanwhile, we also model the prior distributionp(Vi ; Vj )
of each visual word pairVi ; Vj in this image sub-topic to be pro-
portional to the number of co-occurrences of such pairs. In some
cases, there are very few patch pairs from the sub-topic thatcorre-
spond toVi andVj , then, we set the priorp(Vi ; Vj ) and the joint
likelihood distributionp(x j� V i ;V j ) to be some uniform distribu-
tion with a relatively small constant probability value which will
not affect the results of the parameter set.

Similarly, the spatial distribution for single visual wordcan be
modeled in the same way by GMM. Namely, we denotex = ( x; y )T

as a2D image coordinate for the patches which correspond to a
speci�c visual wordVi 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 probabilistic
distribution, namely,

p(x j� V i ) =
KX

k =1

wi
k N (x j� i

k ; � i
k ): (9)

We also model the prior distributionp(Vi ) of each visual wordVi

in this image sub-topic to be proportional to the number of occur-
rences of such visual word. In the cases of insuf�cient training
samples corresponding toVi , we also set the priorp(Vi ) and the
likelihood distributionp(x j� V i ) 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 distribution informa-
tion as well as the spatial co-occurrence relationship (i.e., spatial
context in other words) for pairs of prototype patches are mod-
eled, which constitute two important and complementary aspects
for image spatial context modeling; 2) using the Gaussian mixture
models, the co-occurrence relationships between all pairsof im-
age patches with arbitrary spatial distance can be well described
within a uni�ed probabilistic distribution framework, which ap-
parently overcomes the theocratical limitations of the previous lo-
cal spatial context modeling methods [15, 18],e.g., far context
cannot be modeled by those methods, 3) GMM is a generative
model, thus evaluating the likelihood functions for novel samples
is quite straightforward; and 4) note that this learning framework
is a uni�ed framework because it makes no difference betweenthe
ordinary visual words (extracted from image patches) and the 3
face visual words,i.e., the relationship between a face visual word
VM + j ; j = 1 ; 2; 3 and a non-face visual wordVi (i � M , M is the
number of ordinary patch based visual words) can be encoded by
� V i ;V M + j ; and the relationship between two different face visual
words,e.g., frontal VM +1 and left pro�le VM +2 , can be encoded
by � VM +1 ;V M +2 .

4. AUTOMATIC VIEW FINDING BASED ON
OMNI-RANGE CONTEXTS

Based on the omni-range context modeling, in this section, we
will give a detailed introduction to our probabilistic formulation

of photo quality assessment metric as well as a sampling based
optimization method for optimal view �nding. To begin with,we
assume that the input image is denoted asI . Similar to the training
phase, the input photo is decomposed into patches. Then the Color
Moment + HOG features are extracted from each patch. By using
nearest neighbor algorithm, we can assign each of these features
to its corresponding visual word (prototype). The image is then
represented by a histogram vector by counting the occurrences of
these visual words and we can �nd the image sub-topic which the
input photo belongs to by assigning it to the nearest neighbor in the
training image database.

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


 = f � V1 ; � V2 ; � � � ; � V1 ;V 2 ; � V1 ;V 3 ; � � �

p(V1); p(V2); � � � ; p(V1 ; V2); p(V1 ; V3); � � � g: (10)

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

Using Bayesian rule, we can instead transfer thisMaximum A
Posterior(MAP) problem into the following joint probabilityp(� ; I ; 
 )
maximizing problem, by recognizing that the evidence termp(I; 
 )
is a constant and could be ignored in the maximizing operation, de-
noted as:

Q(� ) = p(� ; I ; 
 ); (11)

= p(� jI ; 
 )p(I; 
 ); (12)

/ p(� jI ; 
 ): (13)

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

p(� ; I ; 
 ) = p(I; 
 j� )p(� ); (14)

= p(� )p(I j� ; 
 )p(
 ): (15)

On the one hand, the prior probabilityp(� ) can be further de-
composed into three factors as1:

P (� ) = p(s)p(� )p(t ): (16)

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

p(s) = N (sjs0 ; � s ); (17)

p(� ) = N (� j� 0 ; � � ); (18)

p(t ) = N (t jt 0 ; � t ) (19)

HereN (x j�; �) denotes a Gaussian distribution which centers on
� and has the covariance as� . The parameterss0 , � s , � 0 , � � ,
t 0 and� t are set by the empirical values trained from the image
database.

On the other hand, the likelihood probability termp(I j� ; 
 )
can be evaluated based on the previous obtained omni-range con-
text model, which essentially measures the consistency between the
patch spatial contexts extracted from the sub-view and the learned

1Note that we have dropped the other priorp(
 ) since it is a con-
stant.
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Figure 3: The illustration of the segregated photo sub-topics.

omni-range context model in its corresponding sub-group ofthe
database photos. Speci�cally, if we denote the patch set extracted
from the enclosed image region areM = f m1 ; m2 ; � � � ; mN g,
then the likelihoodP(I j� ; 
 ) could be decomposed as:

p(I j� ; 
 ) = p(N )
NY

l =1

p(m l j� ; 
 )
Y

k<h

p(mk ; mh j� ; 
 ); (20)

= p(N )
NY

l =1

p(V (m l )) p(x l j� V ( m l ) )

�
Y

h<k

p(V (mh ); V (mk )) p(x h ; x k j� V ( m h ) ;V ( m k ) ): (21)

Here, we denoteV (m l ) as the visual word that the image patch
m l is assigned to, andx l denotes image coordinate of the patchm l

with respect to the view rectangle de�ned by the parameter set � .
Note that this likelihood probability is crucial in this work because
it transfers the professional photographers' knowledge interms of
the omni-range contexts of the photos to the quality evaluation of
the target view.P (N ) denotes the prior distribution of the number
of patches inside the view rectangle, which is given in a Gaussian
distribution as:

p(N ) = N (N jN0 ; � N ): (22)

Here the mean valueN0 and the variance� N are empirically set
from training images and this prior serves as the constraintthat
ensures the size of the view rectangle not getting either toosmall
or too large.

We can see that the posterior probability is complicated andhas
no explicit analytical form, therefore, in order to derive the optimal
parameter set of the model, we adopt the commonly used Markov
Chain Monte Carlo (MCMC) [9] based sampling method to seek
the mode (maximum) of the target distributionQ(� ). Namely, in
each sampling step, we �x other parameters according to their old
values and then randomly sample a new value for the current pa-
rameter according to some proposal probability. For instance, in
the step of updating� , we �x s and t for the current time� and
sample the new value of� according top(� js� ; t � ). The sampling
procedure iterates until convergence,i.e., the estimated posterior
probability becomes stable. Given that the parameter spaceis only
4D , the convergence of the sampling procedure is quite fast [9]. In
our current computational platform, it takes less than0:1 second
to converge and it can be therefore very ef�ciently implemented
into camera systems for real-time applications. Finally, the param-
eter set, which yields the highest value and represents the optimal
view rectangle is retained as our solution. Note that, for achieving
more robust results, we can re-scale the testing image into different
resolutionse.g., (0:5; 0:75; 1:25; 1:5; 2:0), and perform the whole
processing from image segmentation to probabilistic inference in

each pyramid level and then retain the best results in terms of the
photo quality assessment metricQ(� ).

5. EXPERIMENTS

5.1 Data Collection
We �rst use text queries to crawl massive images from the online

photo sharing websiteFlickr. In this work, we focus our interest
topic on landscape photos (i.e., by using the text termlandscape
to query images), by considering that there are large numbers of
professional photos available for this popular topic. To ensure the
quality of the automatically crawled photos, we only keep those
photos that are highly ranked,i.e., the images are favored by more
than10 users.

For constructing the training image database, we have crawled
about80; 000 color photos about landscape. All the photos are
resized to the size of500 � 333 pixels and contain various types
of landscape scenes such as mountain, grass, river, beach, ocean,
sands, forest, sun rise, sun set etc. Also, many of these photos
contains human subjects. As mentioned in the previous section, for
these training images, we �rst perform the image decomposition
task and calculate the Color Moment + HOG feature representation
for each patch. Then, we use K-means algorithm to cluster allthe
patch features into1000 visual words (patch prototypes). Also,
we use face detectors to detect three poses of face instanceswhich
are assigned with visual wordV1001 , V1002 , V1003 , respectively.
Each image is then represented by a1003D histogram vector by the
bag-of-words method and we also cluster the whole photo database
into 100 sub-topics by K-means algorithm. An illustration of the
segregated image sub-groups is shown in Figure 3.

From Figure 3 we can observe that the database images are of
reasonably professional. Also, the segregated images lookvisually
similar within each sub-topic,e.g., we can easily obtain the con-
cept of the example sub-topics such as sunset, mountain, beach and
�eld.

5.2 Omni-range Context Visualization
For each visual word-pair within a speci�c sub-topic, we can

learn a GMM to describe the omni-range contexts between these
two visual words. In Figure 4, three exemplar distributionsof
p(x j� V i ) for three different visual words with high priors (p(Vi )'s)
are displayed. Also three exemplar marginal distributionsof p(x j� V i ;V j )
are also visualized in Figure 4, from which we can observe that the
concurrent patch prototype-pairs are quite consistent with human
experience in terms of both contents and positions. For example,
the �rst patch-pair on far context in the second row right corre-
sponds to the co-occurrence of sky over beautiful �owers in many
popular scenes, and the second patch-pair on far context represents



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 the images, each of which is overlaid with a patch pair and the marginal
distributions for their corresponding patch prototypes fr om the omni-range context model are displayed in columns 2,4,6. Note that
although the component number of GMM is set as �ve, for some sub-�gures, only less than �ve components are observable as the
weights for other components are too small.

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

5.3 User Studies
We then utilize the trained omni-range context model as wellas

the sampling based probabilistic inference method to perform au-
tomatic professional photo view �nding2. For evaluation, we have
collected76 wide-�eld photos from the Internet,e.g., zoomed-out,
panoramic photos. Then we perform our automatic view �nding
algorithm as described in Section 4 for each of the input images.
In order to demonstrate the effectiveness of our method, we also
apply the view �nding (image re-targeting) algorithm basedon the
visual attention model as in [12]. Due to the fact that there lacks
a systematic evaluation function for measuring the qualityof the
resulting photos in terms of the users' satisfactory level from both
methods, we conduct user studies for comparing the results from
both methods. First, the cropped sub-photos by both methodsare
presented to the human subjects in pairs, where the orders within
each pair are shuf�ed,i.e., the resulting photo from either method
can appear either at the left or the right in a random way. Thenthe
human subject is required to give a judgement to each pair indi-
cating whether the left image isMuch better, Better, Same, Worse,
Much Worsethan the right one. In this experiment,50 human sub-
jects with almost equal gender distribution and with ages ranging
from 23 to 35 years old have helped to conduct the study. The
statistics of the user studies results is illustrated in Figure 5. Also,
we show in Figure 6 several examples of the comparison results in
terms of the resulting images and the user feedback.

In Figure 5, the blue bars show the average number of human
subjects voting for each types of feedback. And the standarddevi-
ations of the feedback for50 human subjects are shown in red thin
bars. We can observe that the sub-views found by our method are
more satisfying than the conventional attention model based image
re-targeting method, from a statistical view point. Also, the rel-
ative large standard deviations demonstrate the fact that human's
assessment is subjective.

The �rst 2 examples (i.e., (a) and (b)) illustrated in Figure 6 show
that in some cases, the resulting photos from our method (shown on

2Note that in this work we ignore the view rectangle rotation pa-
rameter� since all the testing photos are already well aligned hori-
zontally.
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Figure 5: The statistics from the user studies.50 human sub-
jects are asked to give their judgements to the76 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 types,i.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 for50
human subjects.

the left) are quite similar with the image re-targeting method based
on visual attention model (shown on the right). This is because
that in these photos, the regions with rich texture coincidewith the
regions that are favored by users. However, for other cases (i.e.,
(c), (d), (e), (f)) when the photo is of poor texture or has some
spurious highly textured regions, the visual attention model based
method will fail. This is validated in the examples (d), (e),(f),
where our method tend to incorporate the moon, the tree and the
sun at some proper positions in the photo since this composition
rule is learned from the professional photo database by mining the
omni-range context between these objects with the other regions
of the photos. In contrast, the image re-targeting method based
on visual attention model attempt to enclose those spurioushighly
textured regions,e.g., the mountain areas, the rock etc, however,
these regions and the object layout of the resulting view rectangles
are not favored by human subjects. (g) and (h) show two exam-
ples where humans are present in the photos. We can see that our
approach properly captures the composition rule for this case,i.e.,
when a person faces to the right, then there should be more margins
in the right side of the human face. However, attention modelbased
method is not able to model such important rule and �nally only re-



turns the region that has the human in the middle. These examples
well demonstrates that since our method can properly encodethe
underlying professional photography rules mined from the profes-
sional photo database, it can provide the users with more satisfying
results than the traditional visual attention model based method.

An additional experiment is performed to further validate the
correctness of our proposed photo evaluation metric for profes-
sional view �nding in Section 4, as shown in Figure 7. By �xing
the size, we slide the view rectangle along the horizontal line of the
input panoramic image (i.e., which simulates the case of camera
movement for seeking best view) and crop the sub-photo stepped
by equal distance. We then ask50 human subjects to rank these
cropped sub-photos in terms of their satisfactory level. Inpractice,
we set �ve levels asVery Good (5), Good (4), Moderate (3), Bad
(2), Very Bad (1). In the meantime, we evaluate the objective func-
tion Q(� ) de�ned in Section 4 for each cropped sub-photo and take
its logarithm. The corresponding user rankings as well as the ob-
jective function values are shown in a vertically aligned mode for
better comparison. We can observe that the developed photo qual-
ity assessment metric is quite consistent with users' evaluations,
which further validates the effectiveness of our proposed method.
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Figure 7: The photo quality assessment function values (in the
logarithmic form) and the corresponding average users' rank-
ings for the sub-photos cropped by sliding a �xed size view
rectangle along the horizontal direction. We can observe that
trends of both evaluations are consistent.

6. CONCLUSIONS AND FUTURE WORK
In this work, we have proposed an omni-range context model for

encoding professional photographers' knowledge and composition
rules, mined from massive crawled professional photos fromon-
line sharing website. Based on the learned omni-range contexts,
we developed a photo quality evaluation metric for automatic pro-
fessional view �nding. Extensive experiments as well as compre-
hensive user studies demonstrated the effectiveness of theproposed
method.

Our work is not meant to provide a full solution to the automatic
camera view �nding problem, but rather it aims to inspire more
interests in this new and practically important and challenging re-
search direction. In our future work we plan to develop a more
general and comprehensive professional photo quality assessment
model which considers not only omni-range contexts of the photos
but also other important photography elements such as exposure,
contrast, etc. Also, we shall crawl more professional photos of dif-
ferent types from those online photography forums.
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(h)
Figure 6: Examples of the comparison results. From (a) to (f), The upper rows show the original input photos. For (g) and (h),
the leftmost are the original input photos. The image results with red frames shown in the left of the bar �gures correspond to the
results of our method, while the image results with blue frames shown in the right of the bar �gures correspond to the results of the
visual attention model based image re-targeting method. The middle 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).


