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This paper introduces an energy-based model (EBM) for region labeling that takes advantage of both con-
text and semantics present in segmented images.The proposed method refines the output of multiclass
classification methods that are based on the one-vs-all (OVA) formulation. Intuitively, the EBM maxi-
mizes the semantic cohesion among labels assigned to neighboring regions; that is, a tradeoff between
label-association information and the predictions from the base classifier. Additionally, we study the suit-
ability of OVA classification for the region labeling task. We report experimental results of our methods in
12 heterogeneous data sets that have been used for the evaluation of different tasks besides region label-
ing. On the one hand, our results reveal that the OVA approach offers an important potential of improve-
ment in terms of labeling performance that can be exploited by refinement techniques similar to ours. On
the other hand, experimental results show that our EBM improves the labeling provided by the base clas-
sifier. The EBM is highly efficient and it can be applied without modifications to different data sets. The
heterogeneity of the considered databases shows the generality of our approach and its robustness to dif-
ferent scenarios. Our results are superior to other techniques that have been tested in the same collec-
tions. Furthermore, results on image retrieval show that the labels generated with our EBM can be
helpful for annotation-based image retrieval.

� 2011 Elsevier Inc. All rights reserved.
1. Introduction

Region labeling (RL) is the task of assigning textual descriptors
to regions in segmented images with to goal of allowing images to
be searched by using keywords. This task is a special case of auto-
matic image annotation (AIA) [1], which has been recognized as
one of the ‘‘hot topics’’ in the new age of multimedia information
retrieval [2]. The latter is motivated by the availability of large
repositories of images without any textual description associated
to them, which limits the way the images can be searched for; as
the only way to access such collections is by means of content-
based image retrieval (CBIR, i.e., the task of retrieving images by
using their visual content) techniques. Whereas CBIR is a mature
field in computer vision, CBIR methods still need of a significative
amount of user interaction (in terms of specifying query images,
sketches and through category browsing and relevance feedback),
which is not a desired property for any automatic image retrieval
system.

Labels generated with RL methods can also be helpful to im-
prove the performance of text-based image retrieval (TBIR, i.e., im-
age search through text that has been manually assigned to
images) methods, in collections where images are accompanied
ll rights reserved.

e).
by textual descriptors [3]. This is due to the fact that labels used
in AIA correspond to visual information in the image, while manu-
ally assigned annotations often refer to high-level semantic infor-
mation of the image, see Fig. 1; in consequence, both text and
labels can be considered complimentary [3]. Thus, RL has an
important impact into the multimedia image retrieval domain
and therefore the development of effective RL techniques is a cru-
cial task.

There are several factors that make RL a highly challenging
problem, including: the selection of the appropriate set of visual
attributes (e.g., color, texture or shape attributes) for effectively
describing regions; the visual homonymy (i.e., similar regions asso-
ciated to different objects, like sky and ocean) and visual synonymy
(i.e., different regions associated to a single object, like different re-
gions of beds) issues; and the uncertainty of the boundaries of re-
gions (i.e., regions that include parts of different objects) due to
inaccurate image segmentation. The combination of these and
other factors make of RL a highly noisy and subjective task for
which robust methods are required.

This paper introduces an RL method that faces the problem as
one of single-label multiclass classification, where a one-vs-all
(OVA) classifier is built with as many classes as labels are in the
vocabulary. The output of the OVA classifier is then refined by an
energy-based model (EBM) that takes into account spatial and
semantics information. The proposed EBM is a Markov random
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1 hereafter we will use the term regions for referring to both, the regions
themselves and the feature vectors representing the regions

Fig. 1. Illustration of the complementariness of manually assigned text (a) and labels generated with RL methods (b). The images are taken from the SAIAPR TC-12 benchmark
[4].
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field (MRF) in essence, however, opposed to straightforward ran-
dom field modeling, the energy-based modeling framework allows
us to predefine the energy function without a learning phase;
relaxing the strict probability modeling and avoiding intractable
partition functions associated with MRFs.

The EBM can be seen as a postprocessing step for correcting the
errors of the initial OVA classifier. Intuitively, our approach aims at
maximizing the semantic cohesion of labels assigned to neighboring
regions in an image; that is, a tradeoff between: (1) the evidence
we have about a specific label is the correct descriptor for a region
(i.e., the output of the OVA classifier) and (2) the relationship
among labels assigned to neighboring regions (i.e., label co-occur-
rence statistics). The configuration of region-label assignments
that maximizes this tradeoff is the predicted labeling for the image.
We present experimental results in a wide variety of image collec-
tions, which include both manually and automatically segmented
images. The performance of our EBM is superior to that of current
methods that have used the same collections. Furthermore, we
show how the labels generated by our RL strategy can be effec-
tively used to search for images under the ABIR framework [5].

The main contributions of this paper are the following:

� We face the RL problem as one of OVA multiclass classification
and succeed in improving the performance of other techniques.
We present a study on the benefits offered by OVA classification
to RL. Our study motivates the development of labeling refine-
ment techniques, similar to ours, that can exploit the large
potential of labeling performance provided by OVA.
� We introduce an EBM that refines the output of the OVA classi-

fier for RL. Experimental results give evidence of the efficiency
and effectiveness of the EBM. Compared to similar techniques,
our method is easier to implement and shows better perfor-
mance in a variety of collections. Further, our results show that
labels generated by the EBM can be helpful for keyword-based
image retrieval.
� We conduct an extensive experimentation for evaluating the

performance of both OVA and OVA + EBM. Our study considers
a suite of data sets that comprise an important diversity in
terms of number of labels, number of regions, labeling granular-
ity, image resolution and segmentation methods.

The rest of this paper is organized as follows. The next section
reviews related work on RL. Section 3 describes the OVA approach
to RL. Section 4 introduces the EBM for labeling refinement. Section
5 presents the databases used for experimentation. Section 6 re-
port experimental results of our methods. Section 7 summarizes
the conclusions derived from this work and outlines future work
directions.
2. Related work

This section reviews related work on image annotation with re-
gion labeling (RL) techniques. Whereas the annotation task has
been also faced with image-level methods (e.g., the machine trans-
lation approach [1] or the cross-media relevance model [6]) we do
not consider such techniques in our review as they are designated
to solve a different problem (i.e., assigning labels to the images as a
whole); for complete surveys on the latter subject we refer the
reader to [2,7,8].

The RL task has been mainly approached with supervised learn-
ing techniques, where the usual setting is as follows. Training
images are segmented (either manually or by using automatic
techniques) and each region is manually associated with a label ta-
ken from a predefined set of keywords (i.e., the annotation vocab-
ulary); visual features are extracted from the regions1. The pairs of
feature vectors and labels form the training set for a usual multiclass
classification task, with as many classes as labels in the vocabulary.
This scheme has been adopted, for example, in [9–19].

Different multiclass classification formulations have been
adopted for RL, including all-vs-all (AVA), single-machine and
OVA approaches. Vogel et al. adopted an AVA approach for RL in
support of CBIR [17]. Such method resulted very effective; how-
ever, this approach is impractical for collections with a large num-
ber of labels as a total of C�ðC�1Þ

2 classifiers should be build for a
problem with C classes. Single-machine approaches to RL have been
adopted in [9,15,18,19]; the underlying idea is to use multiclass
models for the classification task. Winn et al. used Gaussian and
KNN classifiers for RL after learning a universal visual dictionary
(UVD). Shotton et al. used boosting classifiers coupled with a con-
ditional random field model in their TextonBoost framework for
image segmentation and for RL. Escalante et al. and Hernandez
et al. proposed Markov random fields for RL based on KNN classi-
fiers [9,15]. Whereas satisfactory performance has been reported
with this sort of methods, some single-machine techniques are
highly complex (because a single model is used for C labels) while
others obtain limited classification performance, thus other formu-
lations are preferred. OVA approaches have been adopted for RL as
well [10–14], where C binary classifiers are build (one per label)
and the outputs of binary classifiers are combined to obtain a mul-
ticlass predictions. Acceptable performance has been reported with
those techniques, besides OVA is more efficient than AVA and sim-
pler than single-machine techniques.

Because of the difficulty of the RL task, postprocessing tech-
niques have been adopted with the goal of refining the outputs
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of multiclass classifiers [9–15]. The underlying idea of these meth-
ods is to perform an initial labeling by multiclass classifiers and then
apply different strategies to improve the labeling provided by the pre-
ceding classification. To the best of our knowledge, the first method
of this type was proposed by Escalante et al. [9], where a random
field model was used to combine the outputs of a classifier with
co-occurrence information estimated from an external collection.
Hernandez and Sucar [15] proposed a very similar model that
incorporated spatial instead of co-occurrence information. Both
models resulted very effective for improving the initial classifica-
tion, however the performance of the initial classifier was very lim-
ited. In the rest of this section we review closely related methods
for RL, next, in Section 2.1, we highlight the differences of the
method proposed in this paper and our previous work [9].

Carsten et al. proposed a fuzzy constraint satisfaction (FCSP) ap-
proach [13] and a binary integer programming (BIP) formulation
[12] for improving the initial labeling provided by a classifier based
on visual features. Both methods use spatial constraint templates
obtained from labeled images. Results with FCSP and BIP in the
SCEF collection show that their methods can improve the initial
labeling provided by the classifier [12,13]. The improvements are
more significative for the BIP formulation, which is also much more
efficient than the FSCS approach. However, obtaining the back-
ground knowledge required for this method (i.e., spatial proto-
types) can be expensive and the BIP formulation is moderately
complex.

Papadopoulos et al. faced the RL refinement problem as a global
optimization problem and used a genetic algorithm (GA) for solv-
ing such problem [10,14]. The fitness function of the GA takes as
input a confidence value from (OVA) support vector machine clas-
sifiers and a set of spatial constraints. Their results show improve-
ments over the initial RL by using the GA. Nonetheless, the
extraction of the spatial information is an expensive process and
the method is inefficient: it took an average of 24.46 s for refining
the labeling for a single image, whereas less than 0.5 s are required
for the EBM we propose.

The work by Galleguillos et al. is also closely related to ours in
that they consider a conditional random field (CRF) that takes as
input the confidence of classifiers over labels and label co-occur-
rence statistics [11]. They calculate multiple segmentations for
each image, each candidate segment is considered a node in the
CRF. Each segment is classified by using a bag-of-features probabi-
listic classifier. Then the probabilities for the labels, co-occurrence
information and spatial information are feed into a CRF that selects
a single label for each candidate segment in the image. In the learn-
ing phase of their model they resort to importance sampling to
deal with the intractable partition function of their CRF model
(which we avoid with the EBM formulation).

Finally, we would like to mention that nowadays there is a re-
search trend on the development of models that can take advan-
tage of context through adaptive strategies for diverse computer
vision tasks (i.e., models that are similar to ours) [20–24]. For
example, Llorente et al. developed a Markov random field model
for image retrieval using word association information [20]; Jiang
et al. proposed a graph diffusion formulation that incorporates
contextual information for video annotation [21]; Lee and Grau-
man proposed a graph based approach to object recognition that
incorporates appearance and object-object relationships to dis-
cover new object categories [22]; Llorente et al. explored the use
of contextual models based on co-occurrence statistics for image
annotation at the image-level [23]; Yao et al. developed a random
field model that incorporates human poses and object association
information for recognition of human-object interaction activities
(sports) [24]. This sample of successful contextual methods are evi-
dence that the use of context is beneficial for computer vision and
image understanding.
2.1. Discussion

Compared to the above described works, the method we pro-
pose is more generic, easier to implement and efficient, besides it
compares favorably in performance, see Section 6. Below we sum-
marize the benefits of our approach over related methods:

� By adopting the OVA formulation we avoid the inefficiency of
AVA and the limited-performance/high-complexity of some sin-
gle-machine approaches.
� The proposed EBM requires information that is relatively easy

to obtain (i.e., label co-occurrence counts), therefore, our
method does not need resources that are only available for par-
ticular collections nor information that is difficult to obtain.
� By adopting an EBM, instead of a straight random field method,

we avoid computing intractable partition functions and,
instead, we focus on inference only, which can be performed
with high efficiency.
� The generality of the approach allows us applying the method

for any collection of images and using any learning algorithm
for the multiclass classifier.

The work described in this paper is built upon our previous
work [9], however, we have gone several steps further, in particu-
lar: (i) we adopt the RL problem as one of OVA multiclass classifi-
cation and improved significantly the initial annotation
performance; (ii) we carry out a study on the benefits of OVA clas-
sification for RL; (iii) we improve, while keeping it simple, the
refinement model; (iv) we perform an extensive evaluation of
the proposed technique on a number of benchmark collections
for RL, previously we only presented results on two data sets; (v)
we compare the performance of our proposal with state-of-the-
art techniques that face the RL problem; (vi) we present results
on image retrieval by using the keywords generated by our meth-
od, showing the usefulness of our region-labeling approach.
3. Region labeling as OVA multiclass classification

In RL we are given a training set with N images D = {I1,. . .,IN},
where each image is of the following form Ii ¼ fðri

1; l
i
1Þ;

ðri
2; l

i
2Þ; . . . ; ðri

Ni
; li

Ni
Þg, with ðri

j; l
i
jÞ being the jth region-label pair of

image Ii and Ni is the number of regions in image Ii. Regions ri
j

are d–dimensional vectors (i.e., ri
j 2 Rd) of visual features and labels

li
j 2W ¼ f1; . . . ; jV jg, where each number in W is associated with a

single semantic descriptor in the considered annotation vocabulary
V = {w1, w2,. . .,wjVj}. This way, an RL model is meant to learn the
mapping between regions and labels by using the training set D;
the performance of the trained model is evaluated on a separate
test set DT.

A natural solution to this problem is approaching it as one of
multiclass classification. Several options exists for facing such clas-
sification problem, including: OVA, AVA, error-correcting output
codes and single-machine approaches. A recent study by Rifkin
et al. has shown that OVA (i.e., the simplest approach), is as effec-
tive as other strategies that are more complex [25]; this result
motivates the use of the OVA formulation in this work. Addition-
ally, the OVA strategy can be naturally combined with the pro-
posed EBM technique, which is able to improve the initial
labeling provided by OVA classification.

Fig. 2 illustrates the OVA formulation we consider for RL.
jVj-binary classifiers are built, where each one is able to discrimi-
nate among examples of class li (positive class) and the rest lj:j–i

(negative class); and where each classifier is independent to each
other. When a new region rT needs to be classified it is passed
through the jVj-classifiers; each classifier i provides a value fi(rT)



Fig. 2. Illustration of the OVA approach to RL. jVj (independent) binary classifiers are built, each one is able to classify regions of label i against the rest j:j – i. A test region rT is
assigned the label corresponding to the classifier of the highest confidence fi(rT).
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reflecting the confidence it has about that the correct label for rT is
wi. In a standard setting, as shown in Fig. 2, the label for rT is set by
assigning the class of the classifier that obtained the highest confi-
dence value lT⁄ = argmaxifi (rT).

Despite that very effective binary classification algorithms have
been developed so far [28], the application of the OVA approach to
RL still remains a challenge, mainly because of the lack of corre-
spondence between low-level features (e.g., color and texture fea-
tures) and high-level semantics, an issue known as the semantic
gap [2].

Nevertheless, there is an ‘‘obvious’’ fact about OVA classification
that here we attempt to exploit for bridging the semantic gap:
‘‘classification performance of OVA classifiers increases if we look for
the correct label in the set of the top–k more confident labels instead
of the most confident one’’ [9,29]. Thus if we rank the labels for rT

in descending order of fi(rT), the probability of finding the correct
class within the top–k labels will increase as we increase k. We call
the set of the top–k labels for a test region its k–candidate labels.
However, assigning a set of k–labels to each region may cause con-
fusion and deteriorate retrieval performance. Hence, we must
adopt additional strategies for assigning a single label to each re-
gion, this is the goal of the EBM we propose.

One should note that we have not made any restriction in the
form or family of the learning algorithms that can be considered
for the binary classifiers in the OVA formulation. Thus, in principle,
any learning algorithm can be used for the OVA classifier, even dif-
ferent classification methods can be considered for different labels.
4. Energy-based model for region labeling

EBMs are structured prediction models that capture dependen-
cies between the variables of the model by associating a scalar en-
ergy to each configuration [30]. EBMs are defined in a way that
correct configurations of the variables obtain low energy values
while incorrect configurations are associated high values. Inference
consists of fixing the value of the observed variables and finding
configurations for the remaining variables that minimize the en-
ergy. Energy-based modeling provides a common theoretical
framework for several related models, including Markov and con-
ditional random fields. However, unlike Markov and conditional
random fields, EBMs do not require computing intractable parti-
tion functions and they are not restricted to a strict probabilistic
modeling. Hence EBMs offer more modeling flexibility and they
can be more efficient than alternative probabilistic models.

In this paper we propose an EBM with a predefined energy func-
tion to select the correct label for each region in an image, given: (i)
the set of candidate labels for the regions in the image together
with their respective confidence weights, and (ii) an estimate of
the semantic association among the considered labels. We now de-
scribe the EBM as it is applied to each image Ii with Ni regions.

For each region rj 2 Ii we consider the set Qj of its k–candidate
labels, Q j ¼ fl

1
j ; l

2
j ; . . . ; lk

j g; together with the confidence weight for
each label, Zj ¼< z1

j ; z
2
j ; . . . ; zk

j >. Let a(rj) = lx denote the assignment
of an arbitrary label lx to a region rj and let Ai ¼ faðr1Þ ¼
lx; . . . ; aðrNi

Þ ¼ lyg be a labeling for Ii (i.e., a possible annotation for
all of the regions in the image), where each region can be only as-
signed labels from its set of candidate labels. More formally, a(rj) is
a random variable associated with the region rj that can take values
lx 2 Qj (i.e., a(ri) is a label). We will use the shorthand aj to denote
a(rj) when it is clear from context. The goal of the EBM is to select a
labeling A�i for Ii such that all of the regions are associated with
their correct label. One should note that this is not an easy task,
since for each image kNi different labelings can be generated.
Therefore, only a subset of the possible labelings can be explored
for most values of k and Ni.

In order to find the labeling configuration A⁄ for each image Ii,
we need a way to characterize the ‘‘goodness’’ of any configuration
so that we can compare labelings and select the best one. Accord-
ingly, we define the following energy function:

EðAÞ ¼ �
X
aj2A

k� cðajÞ þ
X
aj2A

X
ah2gaj

wðaj; ahÞ � cðahÞ

0
@

1
A ð1Þ

where c(aj) is a potential depending on the candidate labels as-
signed to region a(rj) and wðaj1 ; aj2 Þ is a smoothing term that ac-
counts for the association between labels aj1 and aj2 assigned to
neighboring regions rj1 ; rj2 ; gaj

is the set of neighbors of aj accord-
ing to a fixed neighborhood system; k is a factor that weights the
contribution of the observation potential.

This energy function assigns low energy values to labelings that
are semantically coherent (in terms of the prediction of the classi-
fier and the association among neighboring labels) and high values



Fig. 3. Illustration of the EBM for RL. Unshaded nodes represent the assignment of labels to regions, while shaded nodes denote the confidence that the OVA classifier has in
the candidate labels. We consider dependencies between every pair of regions.
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to incorrect configurations. This way, the RL problem is reduced to
finding the configuration A⁄ that minimizes Eq. (1). One should
note that we have included the value of c(ah) in the association po-
tential, this is because we want to give an importance to the asso-
ciation term w proportional to the confidence on the neighboring
labels.

Fig. 3 illustrates the proposed EBM, it shows candidate labels
and their weights for a single region. Unshaded nodes denote
assignments (i.e., a(rj) = lx); while shaded nodes represent the
weights assigned to candidate labels (the observed variable);
dashed lines represent the dependency between assignments to
neighboring regions according to the next-to relationship.

Potentials c and w should be chosen carefully so that the config-
uration A⁄ that minimizes Eq. (1) is the correct annotation for the
image. Usually, potentials and energy function are learnt from
the data by minimizing the negative log-likelihood of the energy
function or a similar expression [29,11,19,26,27,30]. However,
the model proposed in this work uses as input the outputs of gen-
eric OVA classifiers and simple label co-occurrence statistics; thus,
learning in the EBM model is performed offline through the OVA
classifier and label occurrence counts. Hence, the generality and
easiness of implementation of the proposed approach, which can
be used with any OVA classifier and for any image collection, al-
lows us to define the energy function a priori in a very simple
way and affording efficient inference for the model. Learning the
energy function in the EBM would not make sense as we have
available a priori all of the information we need for the model; this
is the main difference of the EBM with related models for RL
[29,11,19,26,27], which work with specific classifiers only, needing
much more information and relying on expensive training pro-
cesses. The rest of this section describes the way we defined both
potentials.
2 The ratio
bPði;jÞbPðiÞbPðjÞ is widely used in statistics and information theory, e.g., in the

mutual information: IðX;YÞ ¼
P

X;Y Pðx; yÞ log Pðx;yÞ
PðxÞPðyÞ

� �
. However, in this work we do

not considered probabilities and instead used (un-normalized) raw counts of word

co-occurrence, thus the ratio
#ðaj1

;aj2
Þ

#ðj1 Þ#ðj2 Þ
is just an indicator of association between labels.

3 In previous work we have investigated the use of different corpora for computing
A [9], (including other image collections and corpus created from the Web), although,
as expected, we have found that better results can be obtained with the EBM if co-
occurrence statistics are calculated for the collection of images to be annotated.
4.1. Observation potential

Recall that in OVA-based RL every candidate label lg
j 2 Q j for

each region rj is accompanied with a relevance weight zg
j , which ac-

counts for the confidence that classifier g has that the region be-
longs to its class. Therefore, it is a natural choice to define:

cðaðrjÞ ¼ lgÞ ¼ zg
i ð2Þ

because we consider classifiers that return outputs in [ � 1,1] and to
ensure the sum of weights over candidate labels equals one, we
scale and normalize zg
j as follows: zg

j ¼
bðzg

j
ÞPk

ki¼1
bðzg

k
iÞ
, where b(x) is the

logistic function bðxÞ ¼ 1
1þexpð�xÞ. This way the confidence weights

will lie in [0,1] and the weights over the candidate labels will
sum to one.
4.2. Association potential

The association potential wðaj1 ; aj2 Þ accounts for the relationship
between labels aj1 and aj2 assigned to regions rj1 and rj2 , respec-
tively. Because in RL the considered labels are tied with semantic
concepts, we consider for w an estimate of the semantic associa-
tion among concepts. Consider the following label association
matrix2:

Aðj1; j2Þ ¼
#ðaj1 ; aj2 Þ

#ðaj1 Þ#ðaj2 Þ
ð3Þ

where #(aj) is the number of images in the training set in which la-
bel aj occurs and #ðaj1 ; aj2 Þ is the number of images in the training
set in which both aj1 and aj2 co-occur3. For specific labels aj1 and aj2 ,
the higher A(j1,j2) the more both labels are related. One should note
that the values of A lie in a scale that may be incompatible with the
values obtained from the observation potential. For avoiding the po-
tential effects of this difference in scale, we sort the rows of matrix A
(in descending order) and replace the non-zero values of A with
equally-spaced values in [0.9, 0.05], where the intervals depend on
jVj; notice that this process implicity smooths the matrix A.

In Eq. (1) the contribution of wðaj1 ; aj2 Þ is weighted by the con-
fidence value of the neighboring candidate label under consider-
ation cðaj2 Þ; this in order to weight the importance of the
association value according to the support of candidate labels of
neighboring regions. Intuitively, we will be more confident on
the significance of wðaj1 ; aj2 Þ if the confidence weight of aj2 is high;



Table 1
Statistics for the image collections considered for experimentation. We show the total number of images (Imgs.), the number of images used for training (Tr.) and testing (Te.), the
total number of labels (Lb.) and regions (Regs.), the average number of regions per label (RxL), the average number of regions per image (RxI), the type of segmentation (Seg.), the
references where the collection has been used (Ref., the slash separates the work where the collection was used first from other representative works that have used the
collection); ⁄ two versions of the SCEF data set were used, see text.

Collection Imgs Tr. Te. Lb. Regs RxL RxI Seg. Refs.

COREL-AN 205 137 68 22 2,008 91.28 9. 79 Ncuts [29]/[9,15]
COREL-AG 205 137 68 24 4920 205 24 Grid [29,9]
COREL-BN 299 199 100 44 3068 69.72 10.2 Ncuts [29,9]
COREL-BG 299 199 100 39 7176 163.9 24 Grid [29,9]
COREL-CN 504 336 168 56 5076 90.64 10.16 Ncuts [29]/[9]
COREL-CG 504 336 168 56 12,096 216 24 Grid [29]/[9]
SCEF⁄ 923 400 523 10 6244 567.63 6.77 KM [12]/[10,14]
SAIAPR TC-12 20,000 CV CV 255 99,317 390 4.97 Man [4]/[35,4]
MSRC-1 240 120 120 10 790 79 3.31 Man [18]/[19]
MSRC-2 591 335 256 22 2062 85.92 3.49 Man [19]/[11]
VOGEL 700 CV CV 10 70,000 7000 100 Grid [17]/[17]
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on the other hand, if the confidence on aj2 is low, the significance of
wðaj1 ; aj2 Þ should have a minor impact in the energy function.

Under the proposed EBM, the problem of labeling refinement is
reduced to that of finding the configuration that minimizes Eq. (1).
This can be achieved by adopting usual inference techniques for
random fields [31]; in this work we use one of the simplest infer-
ence methods: iterated conditioned modes (ICM) [32]. We have
also tried simulated annealing [33] and graph cuts [34], though
we did not found a significant difference in performance but an
important increase in computational time.

One should note that the EBM can be easily extended to incor-
porate further information from the relation among regions (e.g.,
spatial relationships) or any other external knowledge. This could
be done by defining suitable potentials over the nodes of the
EBM; we will explore this research direction in future work. Nev-
ertheless, adding more information into the EBM could make the
model more complex, which would lessen the simplicity benefit
of the proposed EBM.

4.3. Parameter tuning in the EBM

From the Eq. (1) we can see that there is a single tunable param-
eter for the energy function, namely k. In our experiments we tune
this parameter by trial and error on a validation data set. The value
of this parameter depends on the collection under consideration,
although generally it is greater than one, see Section 6. A parame-
ter that is implicit in the EBM is k, the number of candidate labels
per region. This value depends on the number of labels in the
vocabulary and the performance of the OVA classifier. In our exper-
iments we set this parameter by trial an error as well.

We consider two neighborhood systems for the EBM: a fully
connected system (assuming every region in an image is connected
to each other) and a next-to system (where only neighboring re-
gions are considered to be connected). In preliminary experiments,
we found that better results are obtained with the fully connected
configuration, thus we use such setting for all of the experiments
reported in Section 6.
5. Image databases and experimentation settings

For evaluating the performance of our methods we considered a
suite of image collections that have been used by other research-
ers. We consider the CorelR subsets4 provided by Carbonetto et al.
[29], the Spatial Context Evaluation Framework5 (SCEF) considered
by Carsten et al. [12,13] and Papadopulos et al. [10,14], the seg-
4 http://www.cs.ubc.ca/ � pcarbo/corel.tar.gz
5 http://mklab.iti.gr/project/scef
mented and annotated IAPR TC-12 benchmark6 introduced by Esca-
lante et al. [4], the MicrosoftR object recognition data sets7 due to
Winn et al. [18] and Shotton et al. [19], and the database of natural
scenes of Vogel et al. [17]. All of the data sets in MatlabR format and
MatlabR code implementing the EBM are available from the website
of the first author.

Table 1 describes the considered collections. All of these collec-
tions have been segmented and each of the resultant regions were
manually labeled using different annotation vocabularies. There is
a wide variety of collection sizes, vocabulary lengths, number of re-
gions per image and number of regions per label. Thus, these dat-
abases form a suite of heterogeneous RL data sets that will be
helpful for showing the generality of our EBM and its robustness
to different settings.

Different segmentation methods have been used for the differ-
ent collections, including grid segmentation (Grid), normalized cuts
[36] (Ncuts), manual segmentation (Man) and the K-means-with-
connectivity-constraint pixel classification algorithm due to Mez-
aris et al. (KM) [37]. The diversity of segmentation algorithms used
for different data sets will provide evidence about the robustness
of our approach to different automatic segmentation algorithms.

For all collections, we considered the same data splits for train-
ing and testing as used in the references that have considered the
same collections (column 10 in Table 1); 10-fold cross validation
(CV) has been used for VOGEL and SAIAPR TC-12 collections. A total
of 23,462 different images have been considered in our experi-
ments comprising about 212,995 different regions. The resolution
of the images varies from 192 � 128 for the CorelR subsets [29],
to 720 � 480 for the VOGEL data set [17]. The content of the images
is very diverse, comprising photos of animals, landscapes, and nat-
ural scenes as well as pictures of people under different situations,
rooms, buildings and man-made objects among many other
contents.

Fig. 4 shows sample images from the considered databases. The
collections represent a sample of real world images (in particular
those from the SAIAPR TC-12 and SCEF collections) that will be
helpful for assessing the performance of the EBM in a realistic
scenario. The segmentation quality varies notably, being MSRC-X
the collections with the better segmentation, this is obvious as
these collections are labeled at a pixel-level [18,19]; images from
the VOGEL collection have been segmented into 100 square
regions, which makes the segmentation more accurate than that
of COREL-XG databases that have been segmented into 24 patches.
For the SCEF collection some objects are not considered for classi-
6 http://imageclef.org/SIAPRdata
7 http://research.microsoft.com/en- us/projects/objectclassrecognition/



Fig. 4. Sample images from the considered collections. We show the original image followed by its corresponding segmentation mask (showing the average color of each
region) for three different images.

Table 2
Summary of the visual features considered for each image collection.

Collection # Features Description

COREL-XY 16 Area, and RGB/CIE-Lab color features
SCEF-I 433 MPEG-7 descriptors
SCEF-II 4 Wavelet-based features
SAIAPR TC-12 27 Area, and RGB/CIE-Lab color features
MSRC-X 27 Area, and RGB/CIE-Lab color features
VOGEL 207 Edge and HSI-color histogram, texture features
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fication, as these are not represented by the 10 labels the authors
predefined (see for example the ‘bus’ in the third row of images).

For each data set in Table 1 we considered the visual features
that have been used in the corresponding reference. Table 2 sum-
marizes the visual features we considered, for further details we
refer the reader to the corresponding references.

5.1. The SAIAPR TC-12 benchmark

Despite all of the collections we consider can be helpful to eval-
uate the performance of RL techniques, the SAIAPR TC-12 collec-
tion is a benchmark specifically designed for RL; therefore, it is
worth giving more information about this database [4].

The SAIAPR TC-12 benchmark consists of 20,000 images that
have been previously used for the evaluation of CBIR, TBIR and
multimedia image retrieval methods [35]. It has been manually
segmented and labeled as an effort to increase the scope of the
benchmark by evaluating RL methods as well. For the annotation
process it was defined a conceptual hierarchy that facilitated the
manual labeling process. The hierarchy can also be helpful to eval-
uate the soft RL performance [4]. Sample images from the SAIAPR
TC-12 collection are shown in Fig. 1 and row 4 of Fig. 4. Images
from this benchmark comprise a wide variety of concepts includ-
ing: landscapes, sports, roadways, landmarks, buildings, historical
places and people under different situations, among many other.
Hence, most of the concepts covered by the other collections
shown in Table 1 are contained in the SAIAPR TC-12 collection.
5.2. Experimentation settings

For our experiments we have used the same evaluation meth-
odology adopted by other authors that have used the same image
collections. For each database, we used the training set for training
an OVA multiclass classifier; co-occurrence statistics were com-
puted from the training set as well. We used the trained OVA clas-
sifier for predicting outputs and obtaining confidence values for
the regions in the test set; the top–k labels (according to their con-
fidence values) were kept for each test region. Then, the candidate
labels, with associated weights for each region, and the co-occur-
rence matrix were feeded into the EBM, which used ICM for finding
the best labeling for each image in the test set. The output of the
EBM is then evaluated.

We considered the accuracy as indicator of RL performance, de-
fined as the percentage of regions that were labeled with the cor-
rect class. In addition to RL performance we report the average
processing time it took labeling an image with the EBM; all of
our experiments were performed on a Laptop with a Core DUO pro-
cessor (1.8 GHz) and 2 GB in RAM.

When comparing the performance of the EBM with that of re-
lated works, we resort to results published by the researchers in
their respective papers. We have tried to reproduce exactly the set-
tings under which related works were applied, in such a way that
the comparisons are both fair and meaningful.
6. Experimental results

We have divided the results into four sections evaluating differ-
ent aspects of the OVA RL approach and the EBM we propose. First,
we assessed the performance of different binary classifiers in the
OVA-based approach to RL. Next, we evaluated the improvement
over OVA classification offered by the EBM. Next, we compared
the RL performance of OVA and OVA + EBM to that of other ap-
proaches that have used the same image collections. Finally, we
evaluated the retrieval performance on keyword-based search
using the labels generated with the EBM.



Table 3
Classifiers used in the experiments with default parameters.

Classifier Description Parameters

Zarbi A simple linear classifier –
Naive Naive Bayes classifier –
Klogistic Kernel logistic regression –
Neural Feedforward Neural

Network
Units = 10, Shrinkage = 0.1,
Epochs = 50

Kridge Kernel ridge regression Kernel = Poly, Degree = 1,
Shrinkage = 0.001

RF Random Forest Depth = 1, Shrinkage = 0.3,
Units = 100

Logitboost Logit-boosting with trees Depth = 1, Shrinkage = 0.3,
Units = 50

PSMS Particle swarm model
selection

FMS = 1

Table 4
Average and standard deviation of RL accuracy for different classifiers, under the OVA
formulation, on the SAIAPR TC-12 and SCEF-II collections.

Classifier SAIAPR TC-12 SCEF-II

Baseline-I 5:75� 0:00% 18:84� 0:00%

Baseline-II 1:09� 0:00% 10:00� 0:00%

Zarbi 7:56� 0:36% 59:03� 0:00%

Naive 9:45� 0:04% 13:64� 0:00%

Klogistic 29:62� 0:28% 67:30� 0:00%

Neural 20:38� 1:14% 48:33� 0:00%

Kridge 22:74� 0:39% 56:00� 0:00%

RF 36:13� 0:71% 81:45� 0:00%

Logitboost 27:31� 0:46% 79:48� 0:00%

PSMS 14:38� 2:75% 76:97� 2:88%
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6.1. OVA for region labeling

The goal of the experiments described in this subsection is to
evaluate the performance of the OVA labeling approach depicted
in Fig. 2. For these experiments we considered the SAIAPR TC-12
and SCEF collections, as these are the ones with more realistic
images and allowed us to evaluate RL performance with a different
number of examples/labels. For the SAIAPR TC-12 collection we
considered those labels for which there are at least 200 regions la-
beled with the concept; this comprises 90 labels and about 91,139
regions out of the 99,317 (i.e., 91.7%). Regarding the SCEF collec-
tion, we considered the SCEF-II data set as we have obtained better
results with this version than with SCEF-I.

We considered some of the classifiers available in the CLOP8

machine learning toolbox [38], which are described in Table 3. Rows
2-4 show non-parametric classifiers or classifiers that perform mod-
el selection internally; rows 5-8 describe parametric classifiers with
default parameters; row 12 shows PSMS, a heuristic search strategy
that automatically selects methods9 for preprocessing, feature selec-
tion and classification from the CLOP package, as described by Esca-
lante et al. [39]. One should note that we disregarded some of the
classifiers available in CLOP as they are computationally expensive
to use them with the SAIAPR TC-12 benchmark (e.g., gkridge); also,
note that despite we do not explicitly considered the popular sup-
port vector machine (SVM) classifier, the CLOP implementations of
both kridge and SVM are equivalent when using default parameters.

Table 4 shows the RL accuracy obtained by the different classi-
fiers averaged over 10 trials for the SCEF-II data set and over a 10-
fold CV run for the SAIAPR TC-12 benchmark. Rows 2 and 3 in Ta-
ble 4 show the performance of two baselines: predicting the
majority class, regardless of the region (Baseline-I) and making
predictions at random (Baseline-II).

With exception of the Naive classifier in SCEF-II, all of the con-
sidered methods outperformed the baselines in the two collec-
tions. Consistently, the best classifier for both databases was
random forest (RF). The worst performance for the SAIAPR TC12
collection was that obtained by the Zarbi classifier, while the Naive
method gave the worst result on the SCEF-II collection.

Whereas the performance of RF on the SCEF-II collection was, to
some extent, satisfactory, its accuracy on the SAIAPR TC-12 collec-
tion seemed poor as to support ABIR applications. This is not sur-
prising because: 1) the size of the SAIAPR TC-12 collection is
more than 20 times larger than that of the SCEF-II collection; 2)
the number of considered labels is about 9-times larger; and 3)
the images are more much diverse in the SAIAPR TC-12 benchmark.
Thus, despite modest, the performance achieved by RF is rather a
strong baseline. Moreover, even with this labeling performance
we can obtain reasonably good results on ABIR (See Section 6.4).

Figs. 5 and 6 show the soft RL performance of the methods con-
sidered in Table 3; for each method, it is shown the accuracy ob-
tained by looking for the correct label at the top–k labels, when
sorted by its confidence value, see Section 3. This figure clearly
illustrates the potential benefits offered by OVA classification for
RL. For the SCEF-II data set, we could achieve up to 97% accuracy
if we consider the two most confident labels; while for the SAIAPR
TC-12 collection we could obtain above 65% of accuracy if we con-
sider the top–5 labels. Therefore, we could almost duplicate the
initial accuracy if we would select the correct label for each region
from its set of top–k candidate labels.

Nevertheless, despite the potential advantage brought into play
by the OVA formulation, selecting the correct label from a set of k
8 http://clopinet.com/CLOP/
9 PSMS selects a specific full model for each binary classification problem; where a

full model is the combination of methods for preprocessing, feature selection and
classification, see [39,16] for details.
candidate labels is not an easy task. For example, Table 5 shows the
performance we would obtain by randomly selecting a single label
for each test region from its corresponding set of k candidate la-
bels, as obtained by the RF classifier, for the SCEF-II and SAIAPR
TC-12 data sets.

From this table we can see that randomly selecting labels is a
rather unreliable way for RL and thus effective techniques are re-
quired for solving this problem. As expected, the accuracy of the
random selection strategy decreases as k increases, thus as k in-
creases potential accuracy increases but the problem of selecting
the correct label out of k candidates is more complicated.
6.1.1. On random forest for region labeling
The effectiveness of RF to RL can be due to the fact that random

forest has been proved to be particulary very effective for classifi-
cation problems in highly imbalanced data sets [41,42]. The OVA
formulation is naturally a severely-imbalanced classification task:
when there are the same number of examples per class (i.e., a bal-
anced multiclass classification data set), for each class there are N

jV j
positive examples and ðjV j � 1Þ � N

jV j negative ones, with jVj the
number of classes and N the number of examples; for instance,
for jVj = 90 and N = 91,139, we would have 1,012 positive examples
and 90,127 negative ones for each label.

What is more, RF is advantageous over the other classifiers in RL
because it is an ensemble method [40]: it well known that ensem-
ble methods offer better generalization performance than individ-
ual techniques, furthermore they are more robust to outliers and
noisy data in general; the latter is important for RL because it is
a highly subjective task (even for humans) and therefore RL is nat-
urally prone to noise. Thus it is not surprising that RF achieved bet-
ter performance than the other methods we considered in OVA
multiclass classification. Additionally, one should note that the
random forest implementation that we considered (that from the
CLOP toolbox) has proved to be a effective technique in a recent
prediction-performance challenge [41,43].

http://clopinet.com/CLOP/
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Table 5
RL performance we would obtain by randomly picking a single label for each region
from k–candidates, according to the candidate labels generated by a RF classifier for
the SAIAPR TC-12 and SCEF-II collections, see Figs. 5 and 6; recall jVj is the number of
labels in the annotation vocabulary.

k SAIAPR TC-12 (%) SCEF-II (%)

1 36.91 81.45
2 24.88 48.62
3 18.96 32.82
4 15.41 24.68
5 13.02 19.80
10 7.44 10.00
jVj 1.12 10.00

10 BER ¼ EþþE�
2 , where E+ and E� are the positive and negative error rates.
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6.1.2. Random forest vs PSMS
The labeling performance of RF resulted even superior to that of

classifiers selected with PSMS (another technique that has proved
to be very effective for model selection [39,43]). However, we
would like to emphasize that the performance of binary classifiers
selected with PSMS was significatively better (one-by-one) than
the respective binary RF-classifiers. Fig. 7 compares the individual
performance of the jVj–binary classifiers selected with PSMS to the
RF classifiers for the SCEF-II data set; we show the balanced error
rate10 (BER), which is an adequate quantity given the high class-
imbalance inherent in OVA classification.

From Fig. 7, it is evident that PSMS-based classifiers outper-
formed RF ones. The average BER for the SCEF-II data set was of
15.38% and 7.97% for the RF and PSMS classifiers, respectively;
whereas, for the SAIAPR TC-12 the respective BER was of 47.19%
and 29.11%, the corresponding figure is not shown for clarity. In
average, the difference in BER between RF and PSMS classifiers
was of 7.41% and 18.08% for the SCEF-II and SAIAPR TC-12 collec-
tions, respectively.
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Therefore, better binary classifiers were selected by PSMS; how-
ever, when combining the outputs of such classifiers the multiclass
performance was rather poor. This is due to the fact that outputs of
classifiers selected with PSMS lie in different scales as each classi-
fier may use different methods for preprocessing, feature selection
and classification. Thus, the outputs of the different classifiers are
not comparable and the combination of such outputs, under
OVA, does not make sense, which resulted in lower multiclass clas-
sification performance. On the other hand, for RF the jVj classifiers
may be different from each other only in terms of the hyperparam-
eters and features considered for the splits. Hence, the outputs of
the different RF classifiers are ‘more comparable’ and therefore
the multiclass performance of RF was better.

Nevertheless, PSMS provides a potential benefit, in terms of the
highly accurate individual classifiers one can obtain, which we
would like to explore as future work. Finally, one should note that
the multiclass classification performance of PSMS was related to
the number of classes: the difference in performance, shown in Ta-
ble 4, between PSMS and RF was larger for the SAIAPR TC-12
benchmark (90 labels) than for the SCEF-II (10 labels) collection.

6.2. Labeling refinement with the EBM

In this section we report experimental results with the EBM
method described in Section 4. The goal of these experiments is
to show how the EBM improves the labeling provided by an OVA
classifier. For the rest of our experiments we consider an RF classi-
Table 6
Comparison of RL accuracy between OVA-RF (column 4) and OVA � RF + EBM (column 5) in
2), the average processing time required to process a single image with the EBM (column 3)
of the difference in performance (column 7), and the performance we would obtain by ra

Collection k time (s) OVA � RF

COREL-AN 3 0.36 57:90� 0:07%

COREL-AG 3 0.87 56:56� 0:23%

COREL-BN 3 0.35 46:65� 0:09%

COREL-BG 3 0.86 46:08� 0:12%

COREL-CN 3 0.35 54:13� 0:61%

COREL-CG 3 0.88 52:28� 0:15%

SCEF-I 7.5 0.42 59:99� 0:05%

SCEF-II 3 0.41 81:55� 0:01%

SAIAPR TC-12 3 0.16 34:38� 0:27%

MSRC-I 3 0.22 86:60� 3:06%

MSRC-2 3 0.21 70:60� 0:61%

VOGEL 1 3.58 70:78� 5:91%
fier as this was the method that obtained the best RL performance
in the previous section. We compare the RL performance of the RF
classifier (OVA-RF) to that obtained after applying the EBM (OVA-
RF + EBM); additionally, we show the performance one would ob-
tain by randomly selecting labels. The parameters of the EBM have
been fixed by trial and error, see Section 4.3.

Table 6 shows the performance of OVA-RF and OVA-RF+EBM for
the data sets described in Section 5; results are averaged over 10
trials. For this experiment we fixed k = 3 and ran ICM for 50 itera-
tions, different values of k were used for the different collections.
Column 7 (S) in Table 6 indicates whether the difference in perfor-
mance is statistically significant according to a Wilcoxon signed-
rank test, which is the test recommended for the comparison of
classifiers across multiple data sets [44]. In the following we will
refer to this statistical test with 95% of confidence when mention-
ing statistical significance.

The EBM method improved the performance of the initial OVA-
RF classifier for all of the considered data sets; all of the differences
were statistically significant; showing that the proposed method is
able to improve the performance of the base classifier. The
improvements vary across the data sets, the largest improvement
was for the MSRC-2 data set (+7.69%), whereas the smaller
improvements were for the SCEF-I (+0.61%) and SAIAPR TC-12
(+0.67%) collections. For all of the data sets, the EBM achieved
much more better performance than the baseline (column 8 in Ta-
ble 6), which proves that the EBM is significantly better than
selecting labels at random. The value of k differs from a data set
the considered data sets. We show the values of k for the different data sets (column
, the relative improvement when using the EBM (column 6), the statistical significance
ndomly picking labels (column 8).

OVA � RF + EBM Impr. S Baseline

58:97� 0:00% 1.85% + 27.11%
57:23� 0:00% 1.18% + 27.46%
48:74� 0:00% 3.38% + 22.59%
46:87� 0:00% 1.71% + 23.51%
55:59� 0:00% 1.46% + 24.73%
52:71� 0:00% 2.69% + 25.42%
60:35� 0:10% 0.61% + 25.49%
82:92� 0:01% 1.68% + 32.16%
34:61� 0:38% 0.67% + 18.51%
88:82� 4:77% 2.56% + 32.74%
76:03� 0:39% 7.69% + 30.35%
72:54� 6:46% 2.49% + 30.32%
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to other, although for most collections k = 3 gave the best results.
This result reflects the fact that the confidence values of the RF
classifier resulted more helpful than the co-occurrence statistics.

Column 3 in Table 6 shows that the processing time required to
process a single test image was rather small, giving evidence of the
high efficiency of the EBM. Since ICM is a local optimization proce-
dure the processing time of EBM depends on the number of regions
per image. In average, for the SAIAPR TC-12 collection were re-
quired about 0.16 seconds per image; while for the VOGEL collec-
tion were needed about 3.6 seconds per image, which is not
surprising as for the latter collection each image has been seg-
mented into 100 regions. For comparison, on the SCEF collection,
Papadopulos et al. report that 24.46 seconds were required to pro-
cess a single image [10], while Carsten et al. report that the re-
quired time for the BIP and FCSP methods (see Section 2) is of
1.1 and 40 seconds respectively. EBM is much more efficient than
the genetic algorithm of Papadopulos et al. (by a factor of 58) and
the FCSP method due to Carsten et al. (by a factor of 96) and it is
more than twice as efficient than the BIP technique.

The EBM seems to be robust to different segmentation algorithms,
as the improvements were varied across collections that were seg-
mented with different methods. For example, different improve-
ments were obtained for grid-segmented collections and different
performance was achieved for collections segmented with the same
method (e.g., the MSRC-X) data sets. This suggests our method does
not depends on the segmentation algorithm used and hence it is
not too sensitive to the inaccuracy of region boundaries.

The diverse improvements reported in Table 6 motivate further
analysis on the characteristics of the data sets with large/small
improvements. For that reason we consider a nearest-neighbor-
based-estimator (HNNE) for illustrating the difficulty of the multi-
class classification problem for different data sets. We define HNNE
plots as follows. x and y axis represent the regions in the data set,
where regions with similar classes are put together. For each re-
gion ri we plot a square at the intersection of the region (x–axis)
with its 1-nearest-neighbor (y–axis), according to the Euclidean
distance. This type of plots are helpful for visualizing the difficulty
of the task according to the considered features; in particular, they
can give us insight about overlap of regions with different labels in
the data set. Thus, a large accumulation of dots across the diagonal
boxes means that the classification problem is not complicated be-
cause most regions are similar to other regions of the same class.
Accordingly, a large amount of points outside these boxes means
that the data set is difficult as the points outside the boxes repre-
sent regions that are similar to regions of different classes. Figs. 8–
10 show HNNE plots for the SCEF-II, SCFE-I, and MSRC2 collections,
respectively.

It is clear from Fig. 8 that the SCEF-II collection shows very little
overlap among regions of different classes, resulting in a high
labeling accuracy and a reasonable improvement due to EBM of
+ 1.68%. On the other hand, as shown in Fig. 9, the SCEF-I collection
shows a high overlap among classes, which is reflected in low RL
performance and a very small improvement due to EBM (+0.61%).
This result gives evidence that EBM can improve the labeling when
initial classifiers are more reliable, which is not surprising as the
confidence of classifiers contributes to both potentials of the en-
ergy function in Eq. (1). One should note that the difference in
accuracy between the SCEF-I and SCEF-II data sets was of more
than 22%; recall that the difference between SCEF-I and SCEF-II is
the set of features considered for representing the regions (see Ta-
ble 2). Hence, the MPEG-7 descriptors are not useful for describing
regions in the SCEF collection, whereas the 4-dimensional Wave-
let-based features are powerful descriptors, despite the their low
dimensionality.

The overlap of regions with different classes in MSRC-2 seems
to lie somewhere between that of the SCEF-I and SCEF-II data sets,
see Fig. 10. For this collection EBM achieved the largest improve-
ment (+7.69%), therefore, we can roughly conclude that the EBM
is more helpful when there is a tradeoff between the difficulty of
the task and the reliability of the OVA classifier. It is interesting
to point out that the number of classes of the data sets is not
clearly related with the performance of the EBM method, with
exception of the SAIAPR TC-12 collection discussed below.
6.2.1. OVA-RF+EBM in the SAIAPR TC-12 benchmark
The small improvement in the SAIAPR TC-12 can be due to sev-

eral factors, though mostly to the number of classes and the diver-
sity of images. In order to get further insights on the latter aspect,
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Fig. 10. Visualization of the difficulty of the RL problem for the MSRC-2 data set.
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we evaluated the hierarchical error for both OVA-RF and OVA-
RF+EBM. Specifically, we measured the percentage of test regions
that were annotated with a related label (i.e., the parent, the child
or the brother) of the correct one, according to the conceptual hier-
archy defined in [4]. This measure indicates how close was the
labeling provided by an RL method to the correct one in terms of
the annotation hierarchy.

We found that before applying the EBM method, about 50.25%
of the test regions were assigned a related label, after applying
the EBM 49.59% of the labels were assigned a related one, thus
there was no improvement/loss in terms of visual-semantics. If
we just consider those labels that can be improved by the EBM
(i.e., those test regions for which the correct label was in its set
of top–k candidate labels), then 82.9% and 83.24% of these regions
were annotated with a related label, for OVA-RF and OVA-RF+EBM
respectively. Hence, only about 17% of the test regions, that can be
improved, have been assigned a unrelated label; which complicated
the job of the EBM because it was attempting to refine the labeling
at a very fine granularity. For example, the EBM was trying to cor-
rect regions whose correct label is woman and the predicted output
is man; despite being wrong, the confidence of classifiers and, what
is more, the co-occurrence statistics are very similar for both
labelings.

Fig. 11 shows sample test-set images as annotated with OVA-RF
(middle column) and OVA-RF+EBM (rightmost column). We can
see that the labeling provided by OVA-RF and OVA-RF+EBM is very
similar (semantically) to that of the ground-truth data (leftmost
column). EBM improves the initial labeling of the OVA-RF method
for some images while it makes it wrong for others. However, we
can see that for most of the labels that were changed the new-la-
bels are related to the ground-truth label (either semantically or
visually). For example, in the first row both methods misclassify
the woman region by assigning the label man; in the second row,
the child-girl region is labeled with child-boy by the EBM; in row
3 the wrong annotation man is substituted by trees, that despite
being closely related to the true label (tree) it is judged as wrong.

6.3. Comparison with related methods

In this section we compare the RL performance of OVA-RF and
OVA-RF+EBM to other methods that have used the databases de-
scribed in Table 1. The goal of these experiments is to show that
the performance obtained by our methods is comparable and even
better to other approaches that are more complex (in terms of the
information they need and the way they face the labeling problem)
and more difficult to implement. For each subset we consider for
comparison the result of the method that, to the best of our knowl-
edge, has reported highest accuracy on the respective data set. One
should note that the results reported in this section should be con-
sidered illustrative, in the sense that different refinement methods
should be used with the same OVA-RF classifier in order to pre-
cisely determine what method performs better than other. A
straightforward comparison between the EBM and other labeling
refinement methods is presented in [45].

For the CorelR data sets we considered the results reported by
Hernandez and Sucar [15] for the COREL-AN subset and those re-
sults of Escalante et al. [16] for the rest. For the SCEF-I and SCEF-
II collections we considered the best results reported on a recent
comparison of region-labeling refinement methods [14]. For the
MSRC-1 collection we considered the best results reported by
Winn et al. [18]. For the MSRC-2 data set we considered the re-
gion-labeling results reported by Shotton et al. [19]. Finally, for
the VOGEL collection we considered the results published by Vogel
et al. [17]. We do not report a comparison for the SAIAPR TC-12 col-
lection because this is the first time this collection is used. Table 7
shows the results of the comparison.

As we can see the performance of the OVA-RF approach was
quite competitive itself, outperforming the state-of-the-art results



Fig. 11. Sample test set images. Left: ground truth labeling, middle: OVA-RF annotation and right: OVA � RF + EBM labeling.
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in 8 out of the 11 data sets, however, the difference was not statis-
tically significant. The EBM outperformed the considered methods
in 9 out of 11 data sets, this global difference was statistically sig-
nificant (recall the difference between OVA-RF and OVA-RF+EBM
was statistically significant as well, see Section 6.2). The average
improvement of the EBM over the OVA-RF method was of 8.6%,
Table 7
Comparison of RL accuracy of our methods against related works. The second column
shows the performance reported in related works, together with the corresponding
reference. The third and fourth show the RL accuracy obtained by OVA � RF and
OVA � RF + EBM, respectively. Further, in columns 3 and 4 we show between
parentheses the relative improvement obtained by OVA � RF and OVA � RF + EBM
over the reference accuracy (column 2).

Collection Reference OVA � RF OVA � RF + EBM

COREL-AN 45.64% [15] 57.90% (26.86%) 58.97% (29.21%)
COREL-AG 50.50% [16] 56.56% (12.00%) 57.23% (13.33)%
COREL-BN 39.50% [16] 46.65% (18.10%) 48.74% (23.39%)
COREL-BG 43.00% [16] 46.08% (7.16%) 46.87%(9.00%)
COREL-CN 42.50% [16] 54.13% (27.36%) 55.59% (30.1%)
COREL-CG 47.50% [16] 52.28% (10.06%) 52.71% (10.97%)
SCEF-I 60.94% [14] 59.99% (�1.55%) 60.35% (�0.96%)
SCEF-II 78.73% [14] 81.55% (3.58%) 82.92% (5.32%)
MSRC-I 93.94% [18] 86.60% (�7.81%) 88.82% (�5.45%)
MSRC-2 70.50% [19] 70.60% (0.14%) 76.03% (7.84%)
VOGEL 71.70% [17] 70.78% (�1.28%) 72.54% (1.17%)
whereas the average improvement of the EBM over the considered
related methods was of 11.26%.

The UVD-based method of Winn et al. outperformed the EBM by
about 5.45% in the MSRC-1 collection, while the method due to
Papadopulos et al. sightly outperformed EBM by 0.96%. The differ-
ence with Winn et al.’s method can be considered significative,
nevertheless one should note that Winn et al. developed a method
that learn features for the collection and task, resulting in a more
computationally-expensive learning process and a more compli-
cated implementation. In this respect, Shotton et al. have reported
results on Winn et al.’s method over the MSRC-2 collection, the re-
ported performance is of 67.6%; compared to our result in MSRC-2,
the EBM outperformed Winn et al.’s method by more than 10%;
thus giving evidence of the specificity of the UVD-based method
for the MSRC-1 collection and its degraded performance when con-
sidering more classes.

We would like to emphasize that each of the methods consid-
ered for comparison have been proposed specifically for certain
collections and the authors of such works have not tested their
methods in other collections. On the other hand, the EBM method
has been used similarly for all of the data sets we considered, with
minor variations in the k parameter, no further ad-hoc information
or methodologies were adopted, thus proving the generality of our
approach.
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6.4. Annotation based image retrieval

In this section we report results on ABIR using the annotations
provided by OVA-RF and OVA-RF+EBM for the SAIAPR TC-12
benchmark. The goal of these experiments is to show how the la-
bels as generated by the EBM can be helpful for image retrieval
by using keywords, regardless of the apparent low region-labeling
performance reported in Section 6.2.

We evaluated the retrieval performance, under ABIR, when
using labels generated with OVA-RF and OVA-RF+EBM by means
of a 10-fold CV loop. Specifically, we repeated 10 trials (each using
90% of data for training and 10% for testing, where the data splits
were different in each iteration) of the following process. The train-
ing subset was used for training an RF classifier; next the trained
classifier was tested in the corresponding testing subset (OVA-
RF); the output of the RF classifier was refined with the EBM
(OVA-RF+EBM); then we retrieved images from the test set (as
described below) using the labels generated with OVA-RF and
OVA-RF+EBM; finally, we evaluated the retrieval performance;
we report results averaged over the 10 testing sets.

The specific retrieval setting we adopted is as follows. For each
of the 90 labels considered for the SAIAPR TC-12 collection, we
used the label as query and retrieved those images (from the test-
ing set) containing regions that were labeled (with either OVA-RF
or OVA-RF+EBM) with such query-label. Then we evaluated the re-
trieval performance for that query by considering as relevant those
retrieved images that, according to the ground-truth data, contain
regions labeled with the corresponding label. We report precision,
recall and the f1 measure averaged over all of the queries (labels).
Precision (P) is defined as the fraction of retrieved images that
were indeed relevant; recall (R) is defined as the proportion of rel-
evant retrieved images to the total of relevant images; the f1 mea-
sure is defined as f1 ¼ 2�P�R

PþR . Table 8 reports averaged results of this
experiment.

The best retrieval results were obtained when we used labels
generated with the EBM; the difference was greater in recall, which
Table 8
Results on ABIR for OVA-RF and OVA-RF+EBM.

Method Precision Recall f1

OVA � RF 0.2995 0.3640 0.3286
OVA � RF + EBM 0.3049 0.3847 0.3402
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Fig. 12. Average per-label precision on ABIR f
means that more regions in images were labeled with the correct
labels. Figs. 12 and 13 show the per-label average precision and re-
call, respectively, for images labeled with OVA-RF+EBM. We can
see that for most labels both precision and recall are acceptable.
As expected, precision and recall were greater for labels with many
examples in the SAIAPR TC-12 collection [4].

Makadia et al. have reported ABIR results by using a KNN-based
retrieval method, over 291 labels, on the IAPR TC-12 collection
[46]. Despite such results are not directly comparable, they can
serve to give us an idea of the meaning of the results shown in
Table 8. The best average precision reported therein is of 0.28
while the best recall is 0.29, these results are much lower than
ours; giving evidence on the usefulness of labels generated by
OVA-RF+EBM for ABIR. One should note that the labels considered
by Makadia et al. have been manually assigned, which alleviated
for the authors the annotation uncertainty inherent in our OVA-
RF+EBM method. Fig. 14 shows sample images retrieved for some
selected labels; the three leftmost images show relevant retrieved
images whereas the three rightmost images are non-relevant re-
trieved images. We can see, that even some (judged) irrelevant
images are closely related to the relevant ones. We are currently
exploring more elaborated techniques for performing ABIR.

6.5. Discussion

We have presented experimental results that show the useful-
ness of OVA-RF and OVA-RF+EBM for RL; this subsection summa-
rizes our main findings.

� We provided evidence suggesting that OVA, and in particular
OVA-RF, offer a tremendous potential of improvement that
can be exploited by techniques similar to ours for the task of
RL. The random forest (RF) classifier was particularly well suited
for OVA multiclass classification as it has shown satisfactory
performance on highly imbalanced data sets. The PSMS method
outperformed RF when the binary classifiers were compared
one-to-one, although the different scales made difficult to apply
EBM with PSMS-based classifiers.
� We showed that the proposed EBM is able to improve the initial

labeling performance provided by OVA-RF; the improvements
over 12 data sets were statistically significant. Our results sug-
gest that the EBM does not depend on the segmentation method
or the number of classes, what is more, the EBM was success-
fully applied to all databases, regardless of the diversity of
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or images labeled with OVA � RF + EBM.
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Fig. 13. Average per-label recall on ABIR for images labeled with OVA � RF + EBM.

Fig. 14. Sample relevant (columns 1–3) and non-relevant (columns 4–6) retrieved images for a few labels under ABIR with labels generated with OVA � RF + EBM.
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content, resolution, features and number of regions per image,
giving evidence of the generality of the method and its robust-
ness to varied settings.
� We compared the proposed EBM with related techniques (some

of which have been specifically designed for a particular data
set), the EBM showed comparable and even superior perfor-
mance in 9 out 11 databases (this difference was statistically
significant). This result gives evidence that our method, despite
being generic and requiring little information, can outperform
more specialized strategies on region-level AIA.
� Finally, our results on ABIR showed that labels generated by the

OVA-RF+EBM method can be useful as to support keyword-
based image search. Given the low labeling performance on
the SAIAPR TC-12 collection, this is a very interesting result.
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Our results are superior to that reported by other researchers
that have used manually labeled images for ABIR on the same
collection.

7. Conclusions

We have introduced an energy-based model for generic region
labeling. The proposed method refines the output of multiclass
classification methods based on the one-vs-all formulation. Intui-
tively, the EBM maximizes the semantic cohesion among labels as-
signed to neighboring regions in images; taking into account
statistics about the association between labels together with the
predictions of the base classifier. Additionally, we presented an
analysis on the suitability of OVA classification for the task of RL.

For our experiments we considered 12 data sets that show a
considerable diversity in terms of number of regions, number of la-
bels, labeling granularity, segmentation methods, resolution of
images and domains. Our results revealed interesting facts about
OVA and the EBM for RL. On the one hand, we provided evidence
that shows that the OVA approach offers an important potential
of improvement, in terms of labeling performance, that can be
exploited by refinement techniques similar to ours. In this respect,
a random forest classifier proved to be particularly well suited for
RL under OVA. On the other hand, experimental results show that
our EBM can effectively improve the labeling provided by the base
classifier, the difference in performance is statistically significant.
The EBM is highly efficient and it can be applied without modifica-
tions to different data sets. The heterogeneity of the considered
databases show the generality of our approach and its robustness
to different scenarios. Furthermore, results on image retrieval,
show that the labels, as generated with our EBM, can be helpful
for annotation-based image retrieval. We compared the perfor-
mance of our methods to that of other techniques that have used
the same collections. The results show that OVA is a very compet-
itive method, although the best results were obtained with the
EBM, which outperformed significantly the considered techniques.

Several future work directions arose through the development
of our research. We are working on a new energy function that
can take advantage of the PSMS based classifiers, as they are better
than RF ones when compared one-to-one. We are developing a
new strategy for retrieving images based on the labels assigned
by our method. We are also working on a comparison of different
visual features for the task of RL in support of image retrieval.
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