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This paper proposes a method for event recognition in photo albums which aims at predicting the event
categories of groups of photos. We propose a probabilistic graphical model (PGM) for event prediction
based on high-level visual features consisting of objects and scenes, which are extracted directly from
images. For better discrimination between different event categories, we develop a scheme to integrate
feature relevance in our model which yields a more powerful inference when album images exhibit a
large number of objects and scenes. It allows also to mitigate the influence of non-informative images
usually contained in the albums. The performance of the proposed method is validated using extensive
experiments on the recently-proposed PEC dataset containing over 61 000 images. Our method obtained
the highest accuracy which outperforms previous work.
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1. Introduction

The proliferation of digital cameras has contributed to produce
an increasing amount of personal photos with an exponential rate.
Therefore, the need for efficient and advanced methodologies
regarding personal photo collections management emerges as a
challenging and imperative issue. In the last decades, a number
of research works have focused on the development of techniques
for effective organization of personal photo collections [3]. These
works process image visual content to infer high-level semantics
as perceived by humans [41]. Researchers have incorporated
semantic cues, such as faces [5,32] and person identification [33]
to help photo collections management. Moreover, contextual cues
such as time-stamps and GPS information have been also used for
the same objective [15,21,31,46,49].

In real-world scenarios, people usually take photos that are
related to particular events (e.g., birthdays, sport events, etc.), and
the photos are arranged later on into albums. Events can also be
considered as an important semantic clue for recalling photos con-
tent [60]. Therefore, automatic event recognition in personal photo
collections plays an important role for intelligent photo manage-
ment and advanced retrieval. It is also important for applications
such as semantic image indexing and summarization [15,18] and
security enforcement [33]. Several methods have been proposed
to deal with event recognition on single images or group of photos.
For example, methods based on bag-of-features models have been
used to predict event categories [10,17]. Recently, features based
on deep Convolutional Neural Networks (CNNs) [22]) have been
successfully used with classifiers such as neural networks [52]
and nearest neighbor [38] for event prediction. In addition to visual
features, contextual information (e.g., time-stamps, GPS, etc.) has
been also used to enhance event recognition [8,23,39,45,55]. The
major limitation of the above methods, however, is that they heav-
ily rely on classifiers based on low-level features. Since these fea-
tures have no explicit semantic meaning and can be shared by
several events, event recognition becomes less efficient and
interpretable.

To address this issue, several works propose to use high-level
semantically meaningful features for event recognition. To recog-
nize events, [6] use correlation between scene categories (e.g.,
mountains, urban areas, etc.) and events. Although scene informa-
tion can provide some good clues about events, it is insufficient to
discriminate events sharing the same scene categories. For exam-
ple, Wedding and a Birthday events can be associated to the same
scene types, but can contain different objects. Therefore, fore-
ground objects are important for event recognition. For instance,
a Hiking event can be intuitively derived from a ‘snowy mountain’
scene, whereas a Wedding event is usually characterized by the
presence of white-dressed ‘bride’. To integrate object information,
another line of works has been proposed recently for event
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Fig. 1. Graphical representation of our model. Boxes denote replication of the corresponding random variables: there are N images in an album A, with Mi observed objects
and Li observed scenes in image Ii . The variables e; o and s represent the event, object and scene classes, respectively. The latent variables for generating object and scene are z
and t, respectively.
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recognition. For example, [47] propose a statistical method select-
ing representative objects for event categories. For each object cat-
egory, a detector is built and its response used to predict event
categories using SVM. Another work from the same authors [48]
propose to mine frequent object pattern to determine the most dis-
criminative ones. A photo album is then expressed as frequencies
of this discriminative pattern, which they called Compositional
Object Pattern Frequency. However, since this work does not use
scene information, classes containing similar objects but different
scenes can be confused. For instance, City-tour and Motor-show
events can contain the ‘car’ object but the ‘car’ appears in different
contexts. In other words, it is difficult to generate accurate event
semantics based only on object representation. Contextual infor-
mation is often required to understand the role and dynamics of
objects in the events [26].

Although several approaches have been proposed to use either
scene categorization or object detection for event recognition, the
possibility of jointly using these two tasks to recognize events
has not been well investigated. In [26], a statistical model integrat-
ing scene and object information for event recognition on single
images is proposed. Recently, [50] propose using features derived
from CNNs [22] to perform event recognition in groups of images.
In the same vein, [28] employ CNNs features to extract scene and
object information. Then, event categories in images are predicted
using discriminant analysis. It remains, however, that these meth-
ods are more adapted on detecting events on single images which
provide less rich and complete information about events compared
to entire albums. On the one hand, photos constituting albums are
usually taken at times-tamps reflecting important moments of the
events [3] and, therefore, can be more informative about the
events. On the other hand, different photos can give a more
exhaustive set of objects/scenes involved in the events.

In this paper, we propose a combined object/scene-based
approach for event recognition in personal photo albums. More
specifically, a probabilistic graphical model (PGM) is proposed to
infer event categories by leveraging high-level information about
objects and scenes in sets of images. Given an album of images,
we use CNNs first to extract object and scene information in each
image of the album which constitute our high-level features for
event recognition. We propose a PGM to model relationships
between events and object/scene categories. In the same model,
we propose to integrate object/scene relevance to boost event
recognition. Finally, to infer event categories of new albums, we
combine features of their images in a penalized-likelihood function
and use the maximum a posteriori probability (MAP) to estimate
their event categories.

Contrary to recent work for event recognition in albums [3,8],
our approach relies only on visual information, although using
time or localization can be included in later versions of this work
to improve performance. Moreover, we combine object/scene cues
and incorporate their discriminative power (i.e., relevance) for
more efficient event recognition. For instance, a ‘stage’ object
may help to determine the event Concert, but not the event skiing.
Similarly, a ‘Christmas tree’ can tell much about a the event Christ-
mas than other objects. Therefore, including object/scene relevance
can be a very useful tool to yield more accurate and interpretable
event recognition. Our key contributions in this paper can be sum-
marized as follows:

(1) We propose a probabilistic graphical model (PGM) for event
recognition in photo albums by combining scene and object
cues. Since Rand [35], several works have discussed how
event perception occurs in the human vision system (HVS)
[4,13,29]. The advent of Bayesian methods has offered a
new an attractive tool to explore the potential of modeling
visual inference in a closer way to the HVS. Therefore, using
PGMs is a promising tool to explore for event recognition on
sets of images.

(2) We introduce a feature relevance (FR) scheme incorporating
the predictive power of each object/scene for event recogni-
tion. Using FR is motivated by several findings of psycholog-
ical studies in human cognition, where real-world scene
understanding at large extent relies on analyzing objects
and their contexts [7,12,43,56]. Most often, people can
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directly infer their understanding about scene and events
after seeing some objects occurring at specific contexts
[2,11,30]. This logic is taken to support the consideration
of using FR for boosting event recognition.

(3) We propose a MAP approach using Bayesian inference to
predict event categories for new albums. We have per-
formed extensive evaluation of the proposed approach on
the well-known PEC dataset, where detailed results are pre-
sented for event prediction. Obtained results have demon-
strated the performance or the proposed approach and has
confirmed the potential of Bayesian methods for visual
recognition.

The remainder of this paper is organized as follows. Section 2
describes our graphical model for event recognition in photo
albums. Section 3 provides details of parameter estimation of our
model. Section 4 describes how to label a new albums. Section 5
presents experimental results validating our approach. We end
the paper with a conclusion and future work perspectives.
2. A generative model for event recognition in photo albums

The goal of our method is to label albums with event categories
based on the analysis of their images in terms of objects and
scenes. We argue that event categories in albums can be character-
ized at a great extent by the objects and scenes composing their
images [23,30]. Therefore, we use objects and scenes as building
blocks for album classification. For this goal, we propose a genera-
tive model for learning and representing relationships and depen-
dencies between events, scenes and objects. Generative models
provide a powerful tool to combine several related variables and
use Bayesian inference for prediction. In what follows, we provide
the details of the proposed graphical model for album generation
as well as the probabilistic feature relevance scheme used to
enhance discrimination between different event categories.
2.1. Model structure and album generation

The structure of our generative model corresponds to a directed
Bayesian network (DBN) and is depicted in Fig. 1. DBNs are suitable
for representing causal relationships and dependencies between
variables, learning from incomplete data and combining data and
domain knowledge. They are also efficient for handling uncertain-
ties originating from incomplete knowledge of dependencies in
real-world situations [20]. In the Album box of Fig. 1, gray nodes
are observed variables in both training and testing phases. Nodes
with no shading are not observed in the testing phase. In the outer
box, nodes with dotted lines are calculated variables. Finally, the
green nodes and the rounded green boxes are the parameters
and hyper-parameters of the model, respectively.

Album generation in our model starts by selecting an event cat-
egory label, say a Round-trip event. In our case, we suppose an
album is a set of (unordered) images which are independent from
each other given the event category. Moreover, to facilitate our
modeling, we assume objects and scenes are independent in each
image given the event category. Finally, we suppose that an event
category can exhibit multiple object and scene latent topics which
represent semantic contexts in which the object and the scene will
appear in the event, respectively. For example, in a Round trip
event, we can consider ‘scholar road trip’ and ‘non-scholar road
trip’ object topics, and ‘littoral road trip’ and ‘mountain road trip’
as scene topics. Selecting a ‘scholar road trip’ object topic will priv-
ilege objects that occur frequently in this theme (e.g., scholar bus,
etc.). Likewise, selecting a ‘littoral road trip’ scene topic will favor
scenes that occur frequently in this topic (e.g. beach, sea, etc.).
To generate an image album for a particular event category, we
first generate scene and object topics from mixtures of available
topics. Then, given the generated topics, we generate the object
and scene instances that are contained in the image. More for-
mally, let an album A of a particular event containing a set of N
images denoted by A ¼ fI1; . . . ; INg, where Ii is the i-th image of
the album. To better understand our model, we go through the
generative process of each album for the event category.

Let Ne be the number of event categories and let No and Ns be
the numbers of different object and scene classes, respectively.
Moreover, let e 2 f1;2; . . . ;Neg be a discrete random variable repre-
senting the event category. A category label e is generated accord-
ing to the distribution e � pðejgÞ, where g is Ne-dimensional
parameter vector of a Multinoulli distribution. We suppose that
an album belongs to only one event category, and therefore, we
generate one event e. For each image Ii 2 A, contained scene and
object instances can be generated as follows.

Suppose a scene occurrence follows a Multinoulli distribution
and is represented by an Ns-dimensional vector s, with compo-
nents sðkÞ 2 f0;1g; k 2 f1;2; . . . ;Nsg, and only one component is
equal to one. The image Ii can contain Li scene instances
Li 2 f1; . . . ; Lmaxg, which are represented using a set of random vec-
tors si ¼ fsilgl¼1;...;Li

. A scene instance sil in the i-th album image is
generated using the following steps:

(1) Choose a scene topic til, where til follows a Multinoulli distri-
bution MutðwðeÞÞ with Nt-dimensional parameter vector wðeÞ.
Nt is the number of topics in the scene latent space and

tðvÞil ¼ 1 indicates that the v-th topic is selected. The vector

wðeÞ has a Dirichlet prior with hyper-parameter n.
(2) Once the scene topic v 2 f1; . . . ;Ntg is selected, a scene

instance sil is generated according to a Multinoulli distribu-
tion MutðcðvÞÞ with Ns-dimensional parameter vector cðvÞ.
The variable sil is an Ns-dimensional vector, where sðkÞil ¼ 1
indicates that the scene instance belongs to the k-th scene
class. Finally, the parameters cðvÞ has a Dirichlet prior with
hyper-parameter d.

Similarly to scenes, object occurrence follows a Multinoulli dis-
tribution and is represented by an No-dimensional vector o, with
components oðqÞ 2 f0;1g; q 2 f1;2; . . . ;Nog, and only one compo-
nent is equal to one. The image Ii can contain Mi object instances
Mi 2 f1; . . . ;Mmaxg, which are represented using a set of random
vectors oi ¼ foimgm¼1;...;Mi

. An object instance oim in the i-th album
image is generated using the following steps:

(1) Choose an object topic zim, where zim follows a Multinoulli
distribution Mutð/ðeÞÞwith Nz-dimensional parameter vector
/ðeÞ. Nz is the number of topics in the object latent space and

zðuÞim ¼ 1 indicates that the u-th topic is selected. The vector

/ðeÞ has a Dirichlet prior with hyper-parameter j.
(2) Once the object topic u 2 f1; . . . ;Nzg is selected, an object

instance oim is generated according to a Multinoulli distribu-
tion MutðpðuÞÞ with Ns-dimensional parameter vector pðuÞ.

The variable oim is an No-dimensional vector, where oðqÞ
im ¼ 1

indicates that the object instance belongs to the q-th class.
Finally, the parameters pðuÞ has a Dirichlet prior with
hyper-parameter l.

In order to consider object/scene relevance for event recogni-
tion, we introduce new variables rðo;eÞ and rðs;eÞ to encode the dis-
crimination power of each object o and scene s with regard to
each event e. Once all scenes and objects are generated for all
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considered events, we can formulate the relevance parameters rðo;eÞ

and rðs;eÞ as follows:

(1) Let rðo;eÞ be binary discrete random variable, where rðo;eÞ ¼ 1 if
the object o is relevant to event category e and rðo;eÞ ¼ 0,
otherwise. Then, the probability pðrðo;eÞ ¼ 1je; oÞ ¼ ho;e (i.e.,
the object o is relevant to the event e) is a Bernoulli distribu-
tion Berðho;eÞ with parameter ho;e. The parameter ho;e has a
Beta prior with hyper-parameters a and b.

(2) Let rðs;eÞ be binary discrete random variable, where rðs;eÞ ¼ 1 if
the scene s is relevant to event category e and rðs;eÞ ¼ 0,
otherwise. Then, the probability pðrðs;eÞ ¼ 1je; sÞ ¼ xs;e (i.e.,
the scene s is relevant to the event e) is a Bernoulli distribu-
tion Berðxs;eÞ with parameter xs;e. The parameter xs;e has a
Beta prior with hyper-parameters a0 and b0.

Putting all the above steps together in a set of model variables
X ¼ fe; z; t;o; s; ro; rsg, where e 2 f1; . . . ;Neg;o ¼ foi¼1:Ng;
s¼fsi¼1:Ng;z¼fzi¼1:Ng;t¼fti¼1:Ng;ro¼fro;ejo¼1:No ;e¼1:Neg;rs¼ frs;ejs¼1:Ns ;

e¼1 :Neg, the joint probability of album generation given an event
e can be expressed as follows:

p Xjg; /ðeÞ;wðeÞ;pðuÞ; cðvÞ; ho;e;xs;e

n o� �
¼ pðejgÞ

YN
i¼1

Li;o � Li;s ð1Þ

where Li;o and Li;o are the likelihoods associated with objects and
scenes contained the i-the image. These are given as follows:

Li;o ¼
YMi

m¼1

p zimj/ðeÞ; e
� �

p oimjzim;pðuÞ� �
pðrðo;eÞjoim; ho;e; eÞ ð2Þ

Li;s ¼
YLi
l¼1

p tiljwðeÞ; e
� �

p siljtil; cðvÞ
� �

p rðs;eÞjsil;xs;e; e
� � ð3Þ
2.2. Probabilistic feature relevance for event recognition

In this section, we define the criteria to consider a feature,
whether a scene or an object, is relevant for the discrimination of
event categories. In other words, we go through the learning pro-
cess to estimate the parameters fho;e;xs;eg, respectively. A feature
is relevant for an event category if it contributes well to is discrim-
ination. More formally, for each event category e 2 f1; . . . ;Neg, we
define binary variables rðx;eÞ, with x 2 fo; sg and o 2 f1; . . . ;Nog and
s 2 f1; . . . ;Nsg. The variable rðx;eÞ takes value 1 if the feature x is rel-
evant to event category e and takes value 0, otherwise. Therefore,
the discrete variable rðx;eÞ as a Bernoulli distribution.

Feature relevance can be determined by a measure of depen-
dence between a random variable and class category. Among these
measures, mutual information (MI) quantifies information embod-
ied in a given input feature for predicting a target class variable
[34]. In fact, a relevant object/scene can reduce uncertainty and
bring knowledge about an event category. For example, viewing
‘Christmas tree’ or ‘ocean liner’ objects, respectively, is more infor-
mative for the Christmas and Cruise events than other objects. In
our case, given a sample of albums drawn from multiple events,
we can compute the MI for each object/scene with respect to each
event category, using the following formula:

MIðx; eÞ ¼
X

x2f0;1g

X
a¼e;a–e

pðx; aÞ log pðx; aÞ
pðxÞpðaÞ

� �
; ð4Þ

where pðx; aÞ;pðxÞ and pðaÞ are estimated empirically in a training
dataset. When the mutual information between an input feature
and the target class e is small, the input feature is not relevant for
the target class, regardless of the classification algorithm. By
opposite, higher values of MI mean that the input feature is relevant
for the target class variable.

Note that to recognize events, people often count on represen-
tative/discriminative objects (e.g., ‘graduation dress’ to identify
graduation event, etc.), whereas absence of objects is not very
informative about the event (i.e, absence of ‘boat’ does not mean
necessarily a graduation event). To include this aspect in determin-
ing feature relevance for event recognition, we use correlation
analysis between objects/scenes and event categories. The correla-
tion coefficient qðx; eÞ 2 ½�1;þ1� measures the strength of this
relationship, qðx; eÞ > 0 (resp. qðx; eÞ < 0) indicates positive (resp.
negative) correlation relationship between an object/scene and
an event category. It follows that higher values of qðx; eÞ and MI
indicate a strong relevance for the object/scene in predicting the
event category. Therefore, we propose the following lenient func-
tion to approximate the observation of the variable rðx;eÞ in a given
sample of albums:

rðx;eÞ � 1� exp½�MIðx; eÞHðqðx; eÞÞ�; ð5Þ

where Hð:Þ is the Heaviside function that considers only cases of
positive correlation values to assign higher relevance values. Using
the above formula, positive correlation values and high values for
MI yield rðx;eÞ ! 1. For negative correlation values and/or low MI
values, rðx;eÞ ! 0.
2.3. From images to high-level features

Recognizing events in sets of images relies on concepts with
high-level semantics constituted mainly of objects and their con-
text represented by scenes. Therefore, event understanding is inti-
mately linked to two other computer vision problems: object
detection and scene recognition. In our work, these two tasks are
addressed in two separated phases and their results are combined
by our PGM. There is a large body of research work in the areas of
object detection and scene recognition [1,2,24,57]. Recently, con-
volutional neural networks (CNNs) have emerged as an efficient
tool and has achieved great success in solving visual recognition
problems [36], more particularly for objects [14,27,58] and scenes
[59].

There are mainly two types of CNNs applied for object/scene
recognition: deep convolutional networks such as AlexNet [22],
and the very deep convolutional networks such as GoogLeNet
[44] and VGGNet [40]. Deep learning models have been widely
used in object recognition and obtained good results on the most
challenging datasets [51]. Some recent works have proposed very
large networks with deep structures in order to achieve better
results for object detection and scene recognition [40]. Motivated
by these promising results, Wang et al. [50] have used the GoogLe-
Net for event recognition in single images. Among others, they pro-
duced a good performance on the cultural event recognition
dataset in ‘‘Looking At People” in a CVPR workshop. Therefore,
we have adopted the GoogLeNet architecture to build our object
and scene CNNs. The details about the network architecture are
provided in its original paper [44].
3. Estimation of model parameters

3.1. Estimation of event, object and scene parameters

In this section, we describe the learning strategy for the param-
eters f/ðeÞ;wðeÞ;pðuÞ; cðvÞ;xs;e; ho;eg of our model as depicted in Fig. 1.
For convenience, we assume equal prior probabilities for event cat-
egories, which is to be a uniform distribution, where pðeÞ ¼ 1=Ne.
We suppose also that objects and scenes are independent given
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the event. Therefore, the object parameters f/ðeÞ;pðuÞg and the
scene parameters fwðeÞ; cðvÞg can be learned separately.

Starting by the object branch, the Nz-dimensional parameter
vector /ðeÞ has Dirichlet distribution prior with the hyper-
parameter j. It governs the distribution of topics zim given an event
category e. The Bayesian estimation of the entries of the vector /ðeÞ

is given as follows [37]:

/ðeÞ
u ¼ p zðuÞim ¼ 1je

� �
¼ nu;e þ juPNz

j¼1nj;e þ Nz � ju

ð6Þ

where nu;e is the number of occurrences of object topic zðuÞim in the
event category e and ju is the u-th entry of the vector j.

The parameter pðuÞ governs the distribution of an object o given

that an object topic zðuÞim ¼ 1. We first suppose a Dirichlet prior with
hyper-parameter l for the parameter vector pðuÞ. The Bayesian
estimation for pðuÞ is given as follows:

pðuÞ
q ¼ p oðqÞim ¼ 1 zðuÞim ¼ 1

���� �
¼ n0

q;u þ luPNo
j¼1n

0
j;u þ No � lu

; ð7Þ

where n0
q;u is the count of occurrences of object class oðqÞim given the

topic zðuÞim and lu is the u-th entry of the vector l.
Similarly to objects, in the scene branch wee have the parame-

ter vector wðeÞ with has a Dirichlet prior with hyper-parameter n. It
governs the distribution of scene topic t given the event e, which
can be computed as:

wðeÞ
v ¼ p tðvÞil ¼ 1

���e� �
¼ mv;e þ nvPNt

j¼1mj;e þ Nt � nv
ð8Þ

wheremv;e is the number of occurrences of the scene topic tðvÞil given
the event e and nu is the v-th entry of the vector n.

The parameter cðvÞ governs the distribution of scenes s given

that a scene topic tðvÞil ¼ 1. We first suppose a Dirichlet prior with
hyper-parameter d for the parameter vector cðvÞ. The Bayesian esti-
mation for cðvÞ is given as follows:

cðvÞk ¼ p sðkÞil ¼ 1
���tðvÞil ¼ 1

� �
¼ m0

k;v þ dvPNs
j¼1m

0
j;v þ Ns � dv

ð9Þ

where m0
k;v is the count of scene type sðkÞil when the scene topic tðvÞil is

realized and dv is the v-th entry of the vector d. Finally, according to
[37], the intuitive choice for the entries hyper-parameters
fj;l; n; dg, respectively, is the uniform prior.

3.2. Estimation of relevance parameters

The goal of this phase is to estimate the parameters ho;e and xs;e

of the Bernoulli distributions Berðho;eÞ and Berðxs;eÞ expressing
object and scene relevances with regard to event category e. With-
out loss of generality, we develop the formulation for object rele-
vance estimation. The same steps can be followed for estimating
scene relevance. The Bernoulli distribution for the variable rðo;eÞ is
formulated as follows:

pðrðo;eÞÞ ¼ hr
ðo;eÞ
o;e ð1� ho;eÞð1�rðo;eÞÞ

: ð10Þ

Next, we assume that we have made T samples in multiple datasets,
where each sample contains several albums taken in different
events. The aim is the estimate through multiple samples the rele-
vance probability of each object and scene with respect to an event
category. In other words, to estimate ho;e, we make several indepen-
dent draws of the variable rðo;eÞ according to Eq. (5) and we use
Bayesian estimation for the parameter in light of its Beta prior. More
formally, let D ¼ rðo;eÞ1 ; . . . ; rðo;eÞT

n o
be T iid observations for the vari-

able rðo;eÞ. It can readily be shown that the maximum likelihood esti-
mation for ho;e can be given as follows:

ĥo;e ¼ argmax
fho;eg

pðDjho;eÞ ð11Þ

where pðDjho;eÞ is the likelihood of the parameters given by the fol-
lowing factorization:

pðDjho;eÞ ¼
YT
i¼1

p rðo;eÞi

n ���ho;e
� �

¼
YT
i¼1

h
rðo;eÞ
i
o;e ð1� ho;eÞ1�rðo;eÞ

i

¼ hN1
o;eð1� ho;eÞN2; ð12Þ

where N1 ¼ PT
i r

ðo;eÞ
i and N2 ¼ T � N1 gives the number of samples

where the object is found relevant for the event category. To con-
sider a Bayesian estimation for the parameter ho;e, we suppose a
Beta distribution prior for ho;e with hype-parameter a and b. This
conjugate prior gives us analytic convenience. The MAP estimation
for ho;e is then given as follows:

ĥo;e ¼ argmax
fho;eg

½Betaðaþ N1 � 1;bþ N2 � 1Þ� ¼ aþ N1 � 1
aþ bþ T � 2

ð13Þ
4. Event prediction for new albums

Event recognition from album is considered as an inference
problem in the probabilistic graphical model. The aim to estimate
the values of target (unobserved) nodes from the values of
observed nodes. Given a new album A ¼ fI1; I2; . . . ; INg, the goal is
to find its event category e. For this purpose, we compute the max-
imum posterior probability (MAP) according to each event cate-
gory e 2 f1;2; . . . ;Neg and we assign the label ê to A where:

ê ¼ argmax
e

pðejA; rs; ro;HÞ ð14Þ

where H ¼ ðg; /ðeÞ;wðeÞ;pðuÞ; cðvÞ;xs;e; ho;e
n o

Þ denotes the set of

parameters used in our PGM. Without loss of generality, we assume
the images in A are independent and that the probability of an
event category depends only on the parameters the event class.
By writing the album in terms on images, Eq. (14) becomes:

pðejA; rs; ro;HÞ ¼ pðejI1; I2; . . . ; IN; rs; ro;HÞ

/
YN
i¼1

pðejIi; rs; ro;H; eÞ ð15Þ

The basic units of an image Ii are scenes and objects, where
Ii ¼ foi; sig. Thus, we can expand the right term of Eq. (15), and
express the probability of an image given its object and scene
components:

pðejA; rs; ro;HÞ /
YN
i¼1

pðejoi; si; rs; ro;HÞ ð16Þ

Furthermore, we assume that the objects and scenes of each image
are detected separately in independent phases. We assume also that
objects oi ¼ foim; where m 2 f1; . . . ;Migg and scenes
si ¼ fsil; where l 2 f1; . . . ; Ligg of an image Ii are generated indepen-
dently one of each other. Finally, we assume rs and ro are indepen-
dent. Therefore, we obtain:

p ejA; rs; ro;Hð Þ /
YN
i¼1

p ejoi; rs; ro;Hð Þp ejsi; rs; ro;Hð Þ

¼
YN
i¼1

YMi

m¼1

p ejoim; rðo;eÞ;H
� �YLi

l¼1

p ejsil; rðs;eÞ;H
� � ð17Þ



Fig. 2. Confusion matrix for the 14 events using only objects. The overall accuracy is 54.28%. Each column corresponds to ground-truth label of one event class. Each row
corresponds to class labels predicted by algorithm. All the numbers are percentage numbers.

Fig. 3. Confusion matrix for the 14 events using only scenes. The overall accuracy is 41.42%.

S. Bacha et al. / J. Vis. Commun. Image R. 40 (2016) 546–558 551
Next, note that the first term in Eq. (17), which represent the like-
lihood of album at the object level, can be marginalized over all
object topic values, as follows:

p ejoim;rðo;eÞ;H
� �/p oim;rðo;eÞ;Hje� �

pðejgÞ
¼p rðo;eÞjoim;e;H

� �
pðoimje;HÞpðejgÞ

¼p rðo;eÞjoim;e;H
� �X

zim

pðoimjzim;e;HÞpðzimje;HÞpðejgÞ

ð18Þ
The expansion of individual terms in Eq. (18) depends on the struc-
ture of our model depicted in Fig. 1. The term pðrðo;eÞjoim; e;HÞ is the
probability that object oim is relevant to event class e. The probabil-
ity of co-occurrence of object oim in event e is represented by
pðoim; e;HÞ ¼ pðoimje;HÞpðejgÞ, where pðejgÞ is the prior probability
of event e. Similarly to the first term in Eq. (17), the second term
of the same equation can be marginalized over all scene topic val-
ues, as follows:



Fig. 5. Confusion matrix for the 14 events by combining scene and object cues and using relevance feature. The average accuracy is 74.29%.

Fig. 4. Confusion matrix for the 14 events by combining scene and object cues but without using relevance feature. The average accuracy is 70%.
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p ejsil; rðs;eÞ;H
� � / p sil; rðs;eÞ;Hje� �

pðejgÞ
¼ p rðs;eÞjsil; e;H

� �
pðsilje;HÞpðejgÞ

¼ p rðs;eÞjsil; e;H
� �X

til

pðsiljtil; e;HÞpðtilje;HÞpðejgÞ

ð19Þ
where pðrðs;eÞjsil; e;HÞ is the probability that scene sil is relevant to
event class e. The probability of co-occurrence of scene sil in event
e is represented by pðsil; e;HÞ ¼ pðsilje;HÞpðejgÞ, where pðejgÞ is the
prior probability of event e.
5. Experimental results

We conducted several experiments for validating the proposed
approach. We first describe the datasets used for validation as well
as parameter setting for the implementation of our method. We
then separately validate the different modules composing our
method, namely modules using objects and scenes for event recog-
nition, as well as the impact of using feature relevance. Finally, we
evaluate the performance of the proposed approach by comparing
it with recently-proposed methods in the literature.



Fig. 6. Influence of the number of nonrepresentative images in albums on the event prediction accuracy. For each event, the first bar represents the percentage of images that
do not contain key objects for the event, whereas the second bar represents the prediction accuracy for album events.

Fig. 7. An example from the PEC dataset illustrating the sporadic user-taking behavior in a Birthday event.
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In the experiments, we evaluate our method on the Personal
Event Collections (PEC) available on the Computer Vision labora-
tory website.1 Because of the lack of datasets for standard evaluation
and comparison for personal photo collections that contain event-
related information, Bossard et al. [3] have proposed a Personal
Event Collections (PEC) dataset. This dataset contains 807 collections
from Flicker composed of 61,000 images that cover 14 event classes
1 https://www.vision.ee.ethz.ch/datasets_extra/pec/.
of interest, namely: Birthday, Children’s birthday, Christmas, Concert,
Cruise, Easter, Exhibition, Graduation, Halloween, Hiking, Road-trip,
Saint Patrick’s day, Skiing and Wedding. The annotation of events is
defined at the album level.
5.1. Parameters setting

The same experimental protocol suggested in PEC dataset is
employed for our evaluations, where 10 albums per class have

https://www.vision.ee.ethz.ch/datasets_extra/pec/


Fig. 10. A misclassified

Fig. 9. A misclassified Wedding event that does not contain any representative
image.

Fig. 8. Diversity of content inside an Exhibition event.
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been used for testing (140 albums in total). To learn the parameters
of the model, we randomly selected six albums for each event class
(84 albums in total) from the proposed training set. In order to
build our object net, we have constructed a new object dataset
composed of 68% objects taken from the ImageNet dataset,
whereas the remaining 32% of objects were added using a supple-
mentary dataset that we have constructed.

We use the Caffe toolbox [19] implementation to detect object/
scene instances. We consider GoogLeNet convolutional network
architecture for both scene and object nets. The GoogLeNet [44]
model pre-trained on the ImageNet dataset [9] is used to initialize
the object net. We perform model fine tuning on the new con-
structed object dataset. During the training phase, all images have
been resized to 256 � 256 pixels. The object net training is done
using a mini-batch stochastic descent with momentum value set
to 0:9. In order to avoid overfitting problem, a dropout procedure
[22] is applied to fully connected layers with dropout ratio set to
0:5, and the learning rate is adaptively reduced during the course
of training. For scene recognition, we use the GoogLeNet model
pre-trained on the Places205 dataset. The database Places205 con-
tains 205 scenes class and 2:5 million images [59]. In the testing
Christmas album.



Table 1
Comparison of our method with state-of-art methods using the PEC dataset. Shown numbers are average precision values obtained for each event category. Highest scores for
each category are put in bold.

Events O-PGM S-PGM OS-PGM R-OS-PGM Bossard et al. [3] Wu et al. [52] Tsai et al. [47] Kwon et al. [23]

Birthday 20% 30% 20% 30% 10% 12% 0% 0%
Children’s birthday 60% 0% 50% 60% 30% 57% 60% 10%
Christmas 60% 30% 70% 80% 70% 89% 60% 40%
Concert 80% 100% 100% 100% 100% 100% 80% 100%
Cruise 60% 70% 80% 80% 50% 82% 70% 40%
Easter 60% 0% 50% 60% 50% 44% 60% 20%
Exhibition 70% 70% 70% 70% 70% 75% 50% 50%
Graduation 80% 30% 80% 90% 40% 69% 70% 40%
Halloween 70% 00% 70% 70% 30% 82% 70% 10%
Hiking 10% 80% 80% 80% 80% 52% 40% 70%
Road trip 40% 50% 60% 60% 40% 91% 10% 30%
Saint Patrick’s day 60% 10% 60% 70% 30% 98% 40% 90%
Skiing 0% 100% 100% 100% 100% 100% 100% 60%
Wedding 90% 10% 90% 90% 80% 77% 90% 10%

Average accuracy 54.28% 41.42% 70% 74.28% 55.71% 73.43% 57.14% 41.71%

Average F1 measure 55.88% 41.72% 71.01% 74.82% 56.16% 57.68% 60.11% 38.62%

Fig. 11. ‘Boat’ detection performance in term of precision and recall.
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phase, for both scene and object nets, we resize images to
256 � 256 pixels before feeding them to the networks.

5.2. Evaluation of the object/scene cues for event recognition

In this section, we evaluate individually the contribution of
scene and object cues for event recognition. For this purpose, we
implemented two versions of Eq. (17). The first version (O+PGM)
contains only information about objects and discards scene terms
of Eq. (17). The second version (S+PGM) contains only information
about scenes and discards object terms of Eq. (17). We measure the
performance of event recognition using confusion matrices. Figs. 2
and 3 present the obtained matrices for the two versions of our
model, where columns correspond to event class predictions and
rows to ground truth labels, respectively. We can note that O
+PGM produce more reliable results (54:28%) than S+PGM
(41:42%).

In general, both objects and scenes constitute good cues for
event recognition when events can be characterized either by
key objects or key scenes. For example, a Wedding event is easily
recognized when white ‘wedding dress’ is found in an album. Note,
however, that some pairs of event classes can be easily confused,
e.g., Hiking and Road trip, which is likely due to high visual
similarity of these events. Moreover, some event misclassifications
are due to missed detection of key features. For example, we ana-
lyzed the number of missed detections for the object ‘boat’ in a
sample of 403 images taken from PEC albums in the Cruise event.
Fig. 11 shows the precision-recall curve for ‘boat’ detection. The
best obtained precision, recall and F-measure values are 0:72; 0:78
and 0:75, respectively. We noticed that the missed detections are
mainly due to our representation based on GoogLeNet. We believe
that using better CNN models, or combing multiple independently
CNNs as in [50], can lead to drastic improvements.

Note that there are a few very difficult classes, such as Birthday,
where most of their album photos do not contain relevant objects/
scenes. Our system has failed to categorize correctly these albums,
which are even difficult for humans. Fig. 6 shows the influence of
the number of representative images on the accuracy of labels pre-
diction. An image is representative if it contains key scene(s) and/or
key object(s) that characterize specific event classes. Overall, the
classification results increases gradually with the number of repre-
sentative images. Note that generally the lack of representative
photos is a direct consequence of the user-taking behavior. Some-
times, photo acquisition is sporadic when the user is not focused
on key objects/scenes. Fig. 7 shows an example of this sporadic
behavior for a Birthday event with photos not informative enough
for discriminating the event. The final problem consists in the
variability and cultural diversity of some classes content. Two



Fig. 13. Event prediction time as a function of album size.

Fig. 12. Misclassified Halloween albums. Each row shows some images from different Halloween albums.
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examples of this case are shown in Figs. 8 and 9 which represent an
Exhibition event with very diversified content and a Japanese wed-
ding event with bride and groom not wearing a ‘white wedding
dress’ and ‘suit’, respectively.

5.3. Evaluation of object/scene relevance for event recognition

To validate the advantage of using feature relevance for event
recognition, we further implemented two other versions of our
model. The first version, OS+PGM use combination of objects and
scenes whiteout using feature relevance. The second version, R
+OS+PGM reflects the complete model as proposed in Fig. 1. Figs.4
and 5 show the obtained confusion matrices for the 14 events
using the two versions of our model, respectively.

We can note that even without using feature relevance, the
majority of event classes have been correctly labeled by OS+PGM,
where the obtained average accuracy is 70%. Some event classes
have achieved very high accuracies, e.g, Concert and Skiing. This
is likely results from: (1) using excellent features that can charac-
terize specific classes, such as ‘snowy mountain’ scenes for Skiing,
(2) the important number of representative images in the album,
which is the case in Concert albums. The combination of objects
and scenes helps to distinguish between events with similar visual
content and produces more reliable results compared to the use of
scenes and objects separately. For example, in the Graduation
event, objects greatly improve classification accuracy. Indeed, the
key feature for the Graduation event is the presence of ‘mortar-
board’ and ‘academic gown’, regardless of the scene of the event
(indoor, outdoor or their combination). In the Cruise event, scenes
help to improve event categorization performance. In this event,
people tend to spend more time inside the ‘boat’, and most photos
contain ‘sea’ and ‘coast’ scenes.

The introduction of feature relevance in R+OS+PGM has
improved the results of object and scene combination by 4:28%.
This can be observed especially when the accuracy of some classes
has slightly dropped when combining scene and object cues. For
example, in Children’s birthday and Easter events, there is a differ-
ence between the obtained accuracies using individual cues and
their combination. Feature relevance has alleviated the problem
by enhancing the contribution of key features and decreasing the
contribution of noisy ones, which allowed for better album classifi-
cation. This also has a good effect in enhancing classification accu-
racy when the frequencies of key scenes and/or objects are low.

Not surprisingly, when good event categorization can not be
achieved using either scenes or objects, combination of both fea-
tures can not achieve correct results. Furthermore, we have noticed
that despite a feature is shared by multiple event classes, it can
help to select a subset of possible target classes from the 14 initial
ones. For example, the object ‘wine bottle’ can be present in mul-
tiple events such as Christmas, Birthday and Wedding, and absent
in Children’s birthday. The object ‘wine bottle’, therefore, shrinks
the set of predicted target events (containing the object) by
enhancing their maximum likelihood.
5.4. Comparison of our method with previous works

To investigate more thoroughly the effectiveness of the pro-
posed method, we compared it to the most recent methods pro-
posed in the literature [3,23,47,52]. Note that [52] have
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presented results using different configurations of their method. To
have a fair comparison, we used the best results obtained by these
configurations. In [23], authors have reported that the combination
of multiple features achieves the best results. Therefore, to com-
pare with our work, we have implemented their method combin-
ing spatial pyramid matching (SPM) [25] using SIFT+Color
features and Regularized Max Pooling (RMP) [16] using CNN fea-
tures. The vocabulary size used for both SIFT and Color codebooks
is 2000. For CNN features extraction, we used Caffe implementa-
tion with publicly available trained CNN described by Krizhevsky
et al. [22]. This gives a vector of 4096 dimensions. Both SPM and
RMP are based on Least-Squares Support Vector Machines (LSSVM
[42]). The evaluation has been carried on PEC dataset and obtained
results are reported in Table 1.

In terms of classification accuracy, our method achieves an aver-
age of 74:29%, exceeding the best average accuracies obtained by
[52,23,47,3] by 0:85%;32:57%;17:14% and 18:57%, respectively.
More specifically, our method outperforms the others in the events
Birthday, Children’s birthday, Easter, Graduation and Wedding. For
other event categories, we have achieved a close performance to
the compared methods. In terms of the F1 score, we have obtained
an average score of 74:82%, exceeding the best F1 scores obtained
by [52,23,47,3] by 17:17%;36:2%;14:71% and 18:66%, respectively.
This can be explained by the fact that the F1 score is a compromise
measure between the precision and recall, whereas the accuracy is
calculated only from recall information. In otherwords, the obtained
precision for our method is generally higher than those of the com-
pared ones. This confirms, among other things, that integration of
feature relevance and the combination of scene and object cues is
more suitable for event classification.

From the results obtained by [23], it is clear that the represen-
tation based on low-level features is not sufficient to achieve good
event recognition in personal photo collections. In this work, using
SPM with SIFT+Color features produces descriptors of 42K dimen-
sions, where K ¼ 2000 represents the number of histogram bins.
By adding the RMP with CNN features, the final features vectors
will have 88096dimensions. However, despite the large size of fea-
tures, the method has limited discriminative power for recognizing
event categories with various visual content. Our O-PGM model
and [47] have achieved a close classification performance except
for the event Skiing. This is due to the fact that the detection scores
of all objects of the Skiing event, such as ‘snowmobile’ and ‘ski
mask’, were under the confidence threshold. Therefore, no object
was considered for this class, which leads to 0% accuracy using
our object probabilistic model. However, all images with an empty
object vector are classified in the Skiing event using SVM, which
yields to 100% accuracy, but gives also a bad F1 score (34;48%
for Skiing category).

Finally, to reduce the number of used images, [52] propose to
pick randomly from each album a restricted number of images.
However, the random selection does not guarantee the presence
of representative photos among the chosen ones. Moreover, ran-
dom sampling can lead to over-representation of albums due to
redundancy of visual content between images. The introduction
of feature relevance allows to strengthen the contribution of dis-
criminative features and, therefore, reduce the effect of redundant
and non-representative images. Furthermore, our method yields
more semantically interpretable since relevant objects/scenes can
be used to characterize event information about albums. This can
be very useful for application such as automatic album annotation
and retrieval.

5.5. Computational time

We evaluated the computational time of our method. Since the
albums are represented using scenes and objects, we do not
consider the time of object detection and scene recognition phases
because they depends on the Caffe implementation [19]. We use
the 140 albums suggested for test in PEC dataset to obtain the pro-
cessing time. Our code has been written in Matlab, and it was run
on an Intel I7 Core and used 8 GB of RAM. Our model has a fast
inference time with an average of 0:5 s for the 140 albums. It is
clear that the average processing time per album depends on the
number of contained images. The computational cost of the pro-
posed method with album with number of photo from 24 to 500
is shown in Fig. 13. We can note that the computational cost is
approximately linear with regard to the number of images per
album. Finally, to speed-up computation, object/scene extraction
in images can be performed in parallel using multiple-core plat-
forms [53,54].
6. Conclusion and discussion

We have introduced a probabilistic graphical model for album
classification in social event categories. Our method takes advan-
tage of recent developments on object/scene recognition in images
to build high-level features for event recognition in photo albums.
Moreover, we introduced a probabilistic feature relevance scheme
that tunes the contribution of features according to their power of
event discrimination. This allows to boost event recognition accu-
racy and obtain more interpretable results. Experiments on the
challenging PEC dataset have showed that the proposed model out-
performs recent state-of-art methods for event recognition on sets
of images.

Despite the obtained performance, there are several ways of
improvement for the proposed method. Future extensions of this
work will investigate the integration of contextual information
for predicting difficult events characterized by the variability of
their content. In Fig. 12, we show an example of a misclassified
Halloween event, where it is difficult to find for this event category
a common representation based on objects and scenes. Finally,
event recognition in album images will be certainly influenced
by advances in object/scene recognition in images. In fact, we have
observed in our current implementation that missed object detec-
tions of key attributes increases album misclassification (see
Fig. 10 for example). We have analyzed, for example, the number
of missed detections for the object ‘boat’ in a sample of 403 images
taken from albums in the Cruise event. Fig. 11 shows the precision-
recall curve for ‘boat’ detection. The highest precision, recall and F-
measure values obtained are 0:72;0:78 and 0:75, respectively. The
missed detections are mainly due to our representation based on
GoogLeNet. Using better CNN models, or by combing multiple
independent CNNs, as proposed in [50], can lead to improvements
of our method.
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