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Abstract

Scene object recognition is an essential requirement for intelligent mobile
robots. In addition to geometric or appearance features, modern recogni-
tion systems strive to incorporate contextual information, normally modelled
through Probabilistic Graphical Models (PGMs) or Semantic Knowledge
(SK). However, these approaches, separately, show some weaknesses that
limit their application, e.g., the exponential complexity of the probabilistic
inference over PGMs or the inability of SK to handle uncertainty. This pa-
per presents a hybrid PGM-SK system for object recognition that integrates
both techniques reducing their individual limitations and gaining in prob-
abilistic inference efficiency, performance robustness, uncertainty handling,
and providing coherent results according to domain knowledge codified by a
human expert. We support this claim with an extensive experimental eval-
uation according to both recognition success and time requirements in real
scenarios from two datasets (NYU2 and UMA-offices). The yielded figures
support the suitability of the hybrid PGM-SK recognition system, and its
applicability to mobile robotic agents.

Keywords: object recognition, semantic knowledge, probabilistic graphical
models, mobile robotics, expert systems, autonomous agents.

∗Corresponding author
Email addresses: jotaraul@uma.es (José-Raúl Ruiz-Sarmiento),
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1. Introduction

Mobile robots aiming to perform in human environments need both to
conveniently represent information about its surroundings (i.e. managing a
knowledge base) and to reason about it. In this paper we focus on the robot
ability for scene object recognition which becomes crucial for the intelligent
performance of the robot. In order to cope with such capability, a robotic
agent must account for a knowledge base and an inference system able to
manage the inherent contextual relations found in human environments, em-
ulating thus, the decision-making capability of human beings. For instance,
a black, thin and elongated object with buttons could be identified as a re-
mote control or as a calculator. The exploitation of additional, contextual
information helps to disambiguate the recognition (Oliva and Torralba, 2007;
Divvala et al., 2009): if one finds the object near to a notebook and a pen,
the calculator option is the most plausible, while if it is on a sofa or close
to a TV-set, the remote control option should be the expected result. Be-
ing a valuable source of information, modern recognition systems strive to
incorporate contextual information through different methodologies in order
to boost their success.

A well-known framework to model contextual relations is Probabilistic
Graphical Models (PGMs) (Koller and Friedman, 2009), which provide a
mathematical grounded mechanism to manage the inherent uncertainty of the
robot’s perception. In short, PGMs encode a knowledge base of the domain
by learning a set of weights associated to the appearance/geometry of object
classes, as well as to their usual relations with other object classes. Once this
knowledge base is created, the learnt weights feed a probabilistic inference
process, aiming at finding the most likely class-labelling for the perceived
objects. A major drawback arises when the knowledge inherent in the domain
at hand is complex, i.e., when the system has to deal with a high number
of: i) possible object classes, ii) objects in the scene, and/or iii) features
used to describe the objects and their context. In these cases, the inference
process is computationally expensive, even intractable, due to its exponential
nature. As an illustrative example, let us consider a scene with 8 objects to be
recognized, which can belong to 10 different object classes. The application
of exact probabilistic inference requires the computation of the likelihood
of the 108 possible objects’ labellings in order to find the most probable
one. Approximate methods can be applied to cut down such complexity,
like Iterated Conditional Modes (ICM) (Besag, 1986), Graph Cuts (Boykov
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et al., 2001), or Loopy Belief Propagation (LBP) (Murphy et al., 1999), but
at the expense of compromising the system performance.

An alternative to PGMs is the use of Semantic Knowledge (SK) in the
form of ontologies (Uschold and Gruninger, 1996), which codifies the do-
main knowledge of a human expert through definitions of: concepts, like
for instance Calculator, Notebook, etc., class attributes like Calculator

hasVolume small, and contextual relations, like Calculator isNear

Notebook. These definitions can be used by an expert system for object
recognition employing logical reasoners, for instance Pellet (Sirin et al., 2007),
and their results can be directly exploited for further high-level robotic mod-
ules, like a task planner (Galindo et al., 2008a,b). An advantage of this
approach is that semantic knowledge is common-sense, compact, and human-
readable, facilitating in this way the information exchange between humans
and robots. This methodology, though, entails some drawbacks: it is dif-
ficult to fill the gap between the low level sensor information and the SK
base without introducing additional ad-hoc processes, and it is not suited to
handle uncertainty.

In this work we present a hybrid PGM-SK system for object recognition
that exploits the advantages of both techniques, while mitigating their indi-
vidual drawbacks. Concretely, we exploit the synergy between Conditional
Random Fields (CRFs) (a particular type of PGM), and SK encoded in an
ontology. In this combination, the CRF provides the recognition system
with the ability to manage uncertainty and fully exploit contextual relations
through probabilistic inference, while SK offers a comprehensive representa-
tion of expert knowledge that contributes:

1. A reduction of the CRF inference complexity. The SK is used to gen-
erate hypotheses about the most probable belonging classes of the ob-
jects according to their features. For example, an horizontal surface
with a medium height from the floor could be hypothesized as belong-
ing to the Chair seat, Table or Counter classes, but not to Wall or
Computer screen. These hypotheses are then taken by the CRF as
the only possible candidates. This leads to a considerable reduction in
the number of combinations, decreasing the inference complexity, even
enabling, in some cases, exact inference.

2. Prior information about the frequency of occurrence of the different
object classes. Ontologies may encode different types of information,
as for example, the occurrence frequency of object classes in a given
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domain. This information reveals that, for example, it is more likely to
encounter a computer than a couch in an office environment, while it is
quite unlikely to find an ironing table. A modification to the usual CRF
formulation is proposed in this paper to exploit this prior information
from the ontology.

3. A ready-to-use representation for high-level reasoning tasks. Interest-
ingly from the AI point of view is the capability of the presented system
to enable the direct exploitation of the gathered semantic informa-
tion by high-level reasoning procedures, as reported in Galindo et al.
(2008a,b); Galindo and Saffiotti (2013).

In this paper we extend our previous work (Ruiz-Sarmiento, J.R. et al.,
2014), where this idea was initially explored as a proof-of-concepts, by in-
cluding a thorough validation aimed to: i) demonstrate the suitability of
our approach within a wider set of realistic environments and ii) conduct a
deeper analysis of its performance under different situations. Concretely, we
contribute:

1. Tests with an additional state-of-the-art dataset, NYU2 (Silberman
et al., 2012), in addition to the initially resorted UMA-offices one. Such
a dataset consists of 1,449 densely labelled RGB-D images gathered
from a wide range of commercial and residential buildings employing
a Kinect sensor. Contrarily to the UMA-offices dataset, scenes from
NYU2 are limited to one-shot Kinect observations. This supposes an
additional challenge since contextual information is confined to the nar-
row field-of-view of such cameras (57o horizontal by 43o vertical). Ad-
ditionally, not only the planar patches employed in UMA-offices are
considered, but regions with arbitrary geometries.

2. An analysis of the feasibility of the exact inference. In our previous
work, preliminary results were obtained with the UMA-offices dataset,
where the inference complexity reduction always enabled exact infer-
ence. This is not the case for the NYU2 dataset, where a higher number
of classes and objects per scene are normally present. Thus, we have
analysed when the complexity reduction is enough to enable exact in-
ference conditioned to time consumption requirements.

3. A study of two approximate probabilistic inference methods, namely
ICM and Graph Cuts, which can be applied whenever exact inference
is not possible. Concretely, we have studied the benefits of using SK
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for generating hypotheses in the performance of these state-of-the-art
approximate approaches.

It is worth to mention that although the datasets considered in this work
consist of colored point clouds, our system can be also adapted to other scene
representations like RGB images.

Next section relates our approach with previous works in the field. Section
3 describes the application of PGMs for object recognition, while section 4
presents the proposed recognition system detailing how SK and PGMs are
combined. Section 5 presents a thorough evaluation of such a system and its
suitability for mobile robotic applications. Finally, section 6 highlights some
conclusions and future work.

2. Related work

Scene object recognition is a widely studied topic in computer vision and
robotics. Local object recognition systems, i.e. those only relying on the
features of the objects like their geometry or appearance, have traditionally
focused the research efforts due to their acceptable performance. Objects’
characterization widely differs in the literature, resulting in a broad range
of available approaches. For example, the work in Viola and Jones (2001)
uses an integral image representation to encode the objects’ appearance.
Other popular options are SIFT features (Lowe, 2004), employed in works
like Chang et al. (2012), which show a relative invariance to translation,
scale, rotation, illumination, or partial occlusion of objects, and SURF fea-
tures, which are faster to retrieve and, as claimed in (Knopp et al., 2010),
even more robust against those image transformations than SIFT features.
A different, type of feature is such of Local Binary Pattern (LBP), which is
fast to compute and describe the texture of a given portion of an image (Dor-
naika et al., 2014). Some recognition approaches have been built based on
these primary features, like Mixture Models (Bourouis et al., 2014). Another
example of these approaches is The Bag of Words (BoW) one (Nister and
Stewenius, 2006), which works with sparse vectors of occurrence counts of
codewords/features (Hoo et al., 2015). There also exist works that study the
automatic learning of low level features, e.g. using neuronal networks, as is
the case of Bai et al. (2015).

Despite the success of local recognition systems for certain applications,
their integration into mobile robots can lead to ambiguous recognitions, i.e.
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they are prone to fail in identifying classes with similar features, as analysed
in Oliva and Torralba (2007); Divvala et al. (2009); Galleguillos and Belongie
(2010); Ruiz-Sarmiento, J.R. et al. (2015c). This is mainly due to only rely on
features of the objects themselves, disregarding valuable contextual informa-
tion that is also available. Therefore, a significant, growing body of current
research aiming to overcome this issue is considering contextual informa-
tion of the scene objects in addition to their usually employed individual
features, and a number of applications dealing with this source of informa-
tion have came out, e.g. Wong et al. (2015) or Ruiz-Sarmiento, J.R. et al.
(2015b). Some works have attempted to exploit this information by provid-
ing ad-hoc or preliminary solutions, like in Mekhalfi et al. (2015), where the
co-occurrence of objects appearing in distinct types of rooms are implicitly
modelled. However, these works lack a consistent theoretical background,
compromising among others their comparison, generalization, reusability, or
scalability. Moreover, their output consists of a set of objects’ labels, which
do not carry any semantic information profitable by high-level AI robotic
components. Well grounded alternatives for modelling/exploiting contextual
relations are Probabilistic Graphical Models and Semantic Knowledge, which
are combined in the recognition system presented here with the goal of mit-
igating the aforementioned drawbacks and boosting their virtues.

2.1. Recognition systems based on Probabilistic Graphical Models

Probabilistic Graphical Models (PGMs) are suitable mathematical tools
to model and exploit contextual relations between scene objects. The first
works introducing PGMs relied on intensity RGB images, like Quattoni et al.
(2004) that extends the Conditional Random Fields (CRFs) framework for
the recognition of parts of objects by incorporating hidden variables, or Xiang
et al. (2010), which presents a novel discriminative CRF for tackling the
Automatic Image Annotation problem. Both methods do not require any
segmentation step since they respectively work with i) local scale-invariant
features of intensity images, and ii) the information in the images as a whole.
However, their potential for exploiting the geometric properties of objects and
relations is limited by the use of intensity images.

The arrival of RGB-D sensors, like Kinect, opened a new horizon for a
more suitable modelling of contextual information. For example, 3D point
clouds are used in Xiong and Huber (2010) to extract and classify planar
patches into four-coarse classes: clutter, wall, floor and ceiling, through
a CRF formulation and the approximate inference algorithm ICM (Besag,
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1986). The work presented in Anand et al. (2013) relies on a model isomor-
phic to a Markov Random Field (MRF) to recognize 17 object classes in both
office and home environments. In this case, the inference problem is tack-
led by a Graph Cuts method (Boykov et al., 2001). The same approximate
algorithm is chosen in Valentin et al. (2013), where a mesh representation
of RGB-D depth measurements is built, and whose mesh faces are classified
by a CRF, and in Sengupta and Sturgess (2015), which resorts to a octree
representation of the scene. In Wolf et al. (2015) a densely connected CRF
is defined over a set of voxels extracted from RGB-D information, and the
inference process is driven by a mean field approximation approach. These
works have in common the utilization of approximate methods to reduce the
PGMs’ inference complexity, hence compromising the overall performance of
the recognition system. Particularly related to us is the work in Ali et al.
(2014), where the authors derive an object-to-object contextual MRF model
based on Flickr labels co-occurrence. The authors cut down the exponential
search space by considering the results from a previous classifier, conditioning
the robustness of the whole system to its performance.

In comparison with those methods, the CRF employed in this work is
part of a more sophisticated recognition system, completed by a ontology
encoding expert knowledge. This combination reduces the burden of the
probabilistic inference, increasing the situations/scenes where the desired ex-
act inference is applicable, as well as to increase the success of approximate
methods when it is not. Moreover, the works found in the literature bet on
a certain approximate inference approach, without further comparisons with
other methods. Such study is performed in this paper, involving two widely
used approaches: ICM and Graph Cuts. Finally, involving expert knowledge
in the system ensures the coherence of the recognition results according to
the knowledge base encoded into the ontology, and makes them profitable
by high-level reasoning tasks Galindo et al. (2008a,b); Galindo and Saffiotti
(2013).

2.2. Semantic Knowledge for contextual object recognition

A different trend in the literature resorts to Semantic Knowledge (SK)
for both recognizing objects and exploiting their contextual information. For
example, the work described in Günther et al. (2013) codifies contextual in-
formation in an ontology, combined with a set of rules defined with the
Semantic Web Rule Language, to generate objects’ candidate classes. These
hypotheses are subsequently validated through a matching process with CAD
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models. Another example is Nüchter and Hertzberg (2008), which defines
a constraint network in Prolog to classify the main structural surfaces of
buildings, i.e. walls, floors, ceiling and doors, using contextual relations like
orthogonal, parallel, above, etc. In Galindo et al. (2008a), data codified into
an ontology about scene objects and their relations are used to infer new
high-level information. The work introduced in Durand et al. (2007) recog-
nizes segmented regions that have been previously characterized through a
set of features in RGB images. These features are defined in an ontology,
and their usual values for the different object types are learnt by symbolic
supervised machine learning tools. In this case, a specific procedure matches
characterized regions with semantically defined concepts, but although the
authors propose the use of contextual relations, they are neither defined nor
exploited. An ontology is also used in Eric Maillot and Thonnat (2008) for
the recognition of isolated objects and their subparts, which manually estab-
lishes the association between geometric features and numeric values. This
ontology is populated through machine learning techniques like Perceptrons
and Support Vector Machines.

A common characteristic of these approaches based on SK is that they
show limitations in quantifying the uncertainty of their results, and in ex-
ploiting the encoded contextual relations. The proposed approach faces these
issues through collaboration with a CRF, which provides the robotic agent
with a recognition system endowed with a probabilistic inference mechanism,
able to manage uncertainty and adequately exploit contextual relations.

3. Scene object recognition through Conditional Random Fields

From a probabilistic stance, the object recognition process can be for-
mulated as follows. Let us have a scene with x = [x1, .., xn] observed ob-
jects (see figure 1-a), each one characterized by a vector of features fxiu =
[fxiu1 , .., fxium ] (e.g. height, area, etc.), and L = {l1, .., lk} the set of classes to
which the objects can belong to.. Let y = [y1, y2, .., yn] | yi : Lk → {0, 1}k be
a vector of discrete random variables corresponding to the class assignment
to x. Thus, the recognition process consists of maximizing the joint proba-
bility distribution P (y,x), i.e., to find the most probable classes assignation
to y, also maximizing a number of probability distributions over the features
extracted from x. Such a joint distribution has a high dimensionality, so its
exhaustive definition is prohibitive. Probabilistic Graphical Models (PGMs)
permits to break down such a definition into smaller pieces exploiting the
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Figure 1: a) Planar patches x extracted from a scene within the UMA-offices dataset,
delimited by yellow lines. b) The CRF built for that scene, where each yi is associated
with its respective xi, and conditioned by its extracted features fxiu (fxixjp stands for
the pairwise or contextual features). Blue shapes represent an example of the scope of
an unary factor, while green ones identify the scope for a pairwise factor. c)Recognition
result obtained through probabilistic reasoning over the CRF.

concept of independence. To further simplify the problem, we employ a par-
ticular type of PGM called Conditional Random Field (CRF) (Koller and
Friedman, 2009), which factorizes the distribution P (y|x), instead of encod-
ing the probability distribution P (y,x). This avoids the definition of the
probability distributions over the object features extracted from x, which
usually exhibits complex dependencies.

In general, a CRF is represented through a graph H = {V,E}, built upon
two elements: a set of nodes V , and a set of edges E. Nodes V represent
random variables, and edges E link nodes that keep some kind of relation,
i.e., they are dependent. Typically, for modelling contextual information in
visual object recognition, the nodes correspond to the random variables y,
and two nodes yi and yj are connected if their associated objects xi and
xj are close in the scene (see figure 1-b). The rationale of this is that the

9

Draft Version. Final version published in Expert Systems with Applications.



recognition of an object condition the recognition of nearby objects, but not
those far away.

According to the Hammersley-Clifford theorem (Koller and Friedman,
2009), the distribution P (y|x) can be factorized over H as a product of
factors, being a factor a function that represents a probability distribution
over a part of H. In this work we use two kinds of factors: local and pairwise.
Local factors refer to nodes, and express how probable is that an observed
object xi belongs to a certain class from L according to its extracted features.
On the other hand, pairwise factors are associated to pairs of nodes, and
codify the compatibility of the classes assigned to a given pair.

Concretely, we define an unary factor, denoted by U(·), as a linear clas-
sification model:

U(yi, xi,ω) =
∑
l∈L

δ(yi = l)ωlf(xi) (1)

where f(xi) is the function in charge of computing the features fxiu for the
object xi, ωl = [ω1,l, .., ωfm,l] is a vector of weights for each class l ∈ L
obtained during the training phase, and δ(yi = l) is the Kronecker delta
function, which takes value 1 when yi = l and 0 otherwise. Table 1-top
shows the unary features used in this work. Note that we consider different
features according to the characteristics of the segmented regions in each
dataset, i.e., planar patches in the UMA-offices, and arbitrary-shaped regions
in the NYU2 dataset.

On the other hand, a pairwise factor I(·) is defined as:

I(yi, yj, xi, xj,θ) =
∑
l1∈L

∑
l2∈L

δ(yi = l1)δ(yj = l2)θl1,l2g(xi, xj) (2)

where the function g(xi, xj) computes a set of pairwise features fxixjp =
[fxixjp1 , .., fxixjpq ] capturing the relation between objects xi and xj (see the
considered relations in table 1-bottom), and θl1,l2 = [θ1,l1,l2 , ...θq,l1,l2 ] is a
vector of weights for each pair of classes in L.

The CRF training consist of the estimation of the vectors of weights ω and
θ, which in this work is performed through the optimization of the so-called
pseudo-likelihood function (Koller and Friedman, 2009).

For convenience, the factorization of P (y|x) over the graphH is expressed
by means of log-linear models as:
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Table 1: Unary and pairwise features used to characterize regions and their relations for
the two datasets used: UMA-offices and NYU2.

id Unary features for UMA-
office

fxiu1 Centroid height from the floor.
fxiu2 Orientation w.r.t. the horizon-

tal.
fxiu3 Area of its bounding box

(b.b.).
fxiu4 Elongation.

id Unary features for NYU2
fxiu1 Centroid height from the floor.
fxiu2 Orientation w.r.t. the horizon-

tal.
fxiu3 Area of its b.b. biggest face.
fxiu4 Minimum height of its b.b.
fxiu5 Maximum height of its b.b.
fxiu6 Volume of its b.b.
fxiu7 Planarity.
fxiu8 Linearity.
fxiu9 Hue variation.

id Pairwise features for both datasets
fxixjp1 Perpendicularity.
fxixjp2 on/under relation.
fxixjp3 Vertical distance of centroids.
fxixjp4 Ratio between areas.
fxixjp5 Ratio between elongations.

P (y|x,ω,θ) =
1

Z(x,ω,θ)
e−ε(y,x,ω,θ) (3)

where Z(·) is the normalizing partition function so
∑

ξ(y) p(y|x,ω,θ) = 1,

being ξ(y) an assignation to the variables in y, and ε(·) the so-called energy
function defined as:

ε(y,x,ω,θ) =
∑
i∈V

U(yi, xi,ω) +
∑

(i,j)∈E

I(yi, yj, xi, xj,θ) (4)

Given an observation of the scene, the CRF graph H = {V,E} is built ac-
cording to the observed objects x and their proximity (objects at a distance
below a given threshold are linked together), which sets the conditional de-
pendencies between the random variables in y. Thus, the object recognition
problem is that of finding the assignation to y that maximizes the posterior,
that is:

ŷ = argmax
y
P (y|x,ω,θ) = argmax

y

1

Z(x,ω,θ)
e−ε(y,x,ω,θ) (5)

Given that the partition function does not depend on the assignments to
y, such expression can be simplified by:

11

Draft Version. Final version published in Expert Systems with Applications.



ŷ = argmax
y

e−ε(y,x,ω,θ) (6)

This equation is known as the Maximum a Posteriori (MAP) or Most
Probable Explanation (MPE) problem, and it can be solved by exact or ap-
proximate inference methods. The next section describes how the exact in-
ference method works and its limitations. Next, two widely used approaches
for approximate inference are described as an alternative to the former.

3.1. Exact inference

Exact inference refers to a brute force technique where all the possible
assignations to the variables in y are checked in order to find the labelling ŷ
that maximizes equation 6. This method obviously ensures that the maxi-
mum to such an equation is always found, as opposite to approximate meth-
ods that may yield a local maximum, or maximize a simplified version of the
equation. Unfortunately, in real, complex scenarios this approach is unfea-
sible, because the number of assignations to be checked grows exponentially
with the number of nodes in V (i.e., the number of objects to be recognized).
For example, a scene with 10 objects that can belong to 14 different classes
sum up a total of 1410 possible assignations. Thereby, the use of exact in-
ference has been traditionally limited to simple, toy-problems or situations
with undemanding time constraints, which is not the usual case in mobile
robotic applications.

The presented hybrid PGM-SK approach is able to reduce the burden of
the exact inference by exploiting Semantic Knowledge to generate hypothesis
(see section 4.2). Additionally, in section 5, we have conducted an analysis of
the conditions in which such a complexity reduction comes up with a feasible
exact inference execution.

3.2. Approximate inference

When the problem at hand is complex, approximate probabilistic infer-
ence approaches can be employed instead of exact inference, which becomes
intractable. The next subsections introduce two approximate methods inten-
sively resorted by state-of-the-art recognition systems: Iterated Conditional
Modes and Graph Cuts.
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3.2.1. Iterated Conditional Modes

A widely employed method is the Iterated Conditional Modes (ICM, Be-
sag (1986)), which maximizes local conditional probabilities instead of the
whole P (y|x). Briefly, ICM initializes the assignations to the variables in y to
some initial object classes (usually to those that maximize the unary factors),
and iterate over the variables following a pre-established order, changing such
an initial labelling for the one that maximizes the following local conditional
probability:

ŷi = argmax
yi

P (yi|yNH(yi), xi, xNH(yi)) (7)

where yNH(yi)
and xNH(yi) are sub-vectors of the original y and x vectors,

and contain the random variables and observations of the neighbour nodes
of yi in the graph H. This algorithm ends when convergence is achieved, i.e.,
an iteration is completed without changing the state of any node, or when
a given limit of iterations is reached. Thereby, termination is guaranteed by
such an iterations upper limit, although the method usually needs only a few
of them to converge. Figure 1-c) shows the most probable classes assignation
computed by ICM for the scene objects in figure 1-a).

3.2.2. Graph Cuts

Techniques based on Graph Cuts (Boykov et al., 2001), as for instance the
α-expansion method, are well-known options for approximate inference. In a
nutshell, this method simplifies the MAP task to instances of the minimum
cut problem, which outcomes are used to expand1 each of the labels α in L
until no expansion exists that produces a higher likelihood value.

Let Vα be the set of nodes assigned to the class α, and Vᾱ the nodes
assigned to other classes. Thereby, this method relies on graph cuts in each
iteration to compute the minimum cut of the graph Hc = (Vc, Ec), where
Vc = {Vᾱ, s, t}, and Ec = {eij | (yi 6= α) ∩ (yj 6= α)} ∪ {esk, ekt,∀k ∈ Vᾱ}2.
Notice that for this computation two new nodes are added to Vc, which are
usually called source (s) and sink (t). On the other hand, the set of edges
Eα in the graph is compound of two groups: the edges in H between nodes
that have not been assigned to class α, and the edges linking each of these

1An expansion is defined as a change in an object label from ᾱ ∈ L−α to α.
2As previously mentioned nodes correspond to random variables. In this equation yi

and yj are the random variables associated to the nodes vi and vj , respectively.
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nodes to both the source and sink nodes. The nodes connected to the source
in the minimum cut produce an α-expansion to label α, while those linked
to the sink keep their previous label. This process is repeated until no α-
expansion can increment the likelihood, i.e. convergence is achieved, or until
a maximum number of iterations is reached. As in the case of ICM, the
execution of this method usually stops after a few iterations, and most of the
class changes are done in the early steps.

4. Exploitation of Semantic Knowledge

The recognition system proposed in this work follows a bottom-up method-
ology (see figure 2). During the robot operation, 3D observations gathered
from a Kinect-like sensor are segmented3, and their constituent regions are
characterized through the set of features shown in table 1. This information is
exploited by the ontology to hypothesize the most probable class assignments
for each region by means of logical inference4. These hypotheses dramati-
cally reduce the number of potential classes to be considered by the CRF.
Additionally, a modification to the usual CRF formulation has been carried
out in order to also take advantage of prior information about the frequency
of occurrence of the different object classes. Finally, the object recognition
results are provided by probabilistic reasoning over a CRF, managing (i) a
number of characterized regions from the scene, (ii) hypotheses about the
most probable classes of each region, and (iii) prior information about the
occurrence of classes.

The next section describes the codification of Semantic Knowledge through
ontologies, while section 4.2 presents the use of a given ontology to provide
hypotheses, and section 4.3 introduces our approach to integrate prior infor-
mation in the traditional CRF formulation.

4.1. Ontology definition through expert elicitation

In this work we have opted for ontologies as a suitable and widely used
semantic knowledge representation. An ontology is commonly defined as a
representation of a conceptualization related to a knowledge domain, which

3In the case of the UMA-offices dataset, previously to their segmentation, such ob-
servations are registered together using the method presented in Fernandez-Moral et al.
(2013).

4In this work we use Pellet (Sirin et al., 2007) as logical reasoner.
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Figure 2: Overview of the proposed system for object recognition. Boxes are processes,
while ovals represent generated/consumed data by the processes. Gray shapes identifies
the components that directly make use of semantic knowledge.

accounts for a number of classes arranged hierarchically, relations among
them, and instances of such classes, also called individuals (Uschold and
Gruninger, 1996). One way to define ontologies is through expert elicita-
tion, where experts in a certain knowledge domain codify their elements
and relations. For example, with the appropriate tool any person having
an acceptable background could model an office environment by defining
the type of objects that usually appears in it (classes), e.g. Table, Chair,
Computer screen, etc., and establishing their contextual properties (rela-
tions), e.g. Table hasOrientation Horizontal. Relations can also set as-
sociations between classes, e.g. Chair isNear Table, which expresses that
chairs are normally placed near tables. Knowledge about the objects from a
particular scenario and their properties can be stated in the ontology through
instances, e.g. table-1, chair-1, and instantiations of relations, “table-1
isNear chair-1”. Figure 3-right shows part of the ontology used to val-
idate our work within the UMA-offices dataset, while figure 3-left depicts,
as an illustrative example, the definition of the class Table top through a
number of relations using the Protégè software (Gonçalves et al., 2015). This
software codifies the resultant ontology into the OWL language (Bechhofer
et al., 2004).

The relations that characterize a class can be seen as properties, which
are useful to describe the typical shape, size or relative position of its in-
stances. For example, the relation “Object has area MetricMeasurement”
is used to codify the instances of the class Object that have an area of
MetricMeasurement. The subclasses of MetricMeasurement discretizes
real values into intervals, and have the form MM AroudXX, which means that
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Figure 3: Left, definition of the class Table top. Right, part of the ontology defined by
expert elicitation.

the measure is in the interval of the value XX. However, not all the instances of
a class have the same appearance in the real world. To quantify that variabil-
ity, properties describing the geometry of a class are annotated into the on-
tology with a discrete value from the set RA = {null, veryLow, low,medium,
high, veryHigh}. For example, the definition by an expert of the class
Table top in figure 3-left, encodes that tables often share a common height
around 0.70m, although their area can largely vary around their averaged
value, 1m2.

4.2. Hypotheses generation

As previously commented, one of the drawbacks of PGMs is the high
computational complexity of the inference process even for a relative small
number of objects in the scene and considered classes. The common solution
is to rely on approximate inference methods, but jeopardizing the recognition
results. Semantic information is used in this work to mitigate this effect by
hypothesizing about the potential classes of the observed objects, reducing
the complexity of the problem at hand. This hypotheses generation process
is as follows.

Given the set L = {l1, . . . , lk} of the considered k classes of the do-
main, and a region xi to be recognized, a new instance derived from the
Object class is created into the ontology, e.g. object-1, annotating its
unary features f(xi) = fxiui based on the relations shown in figure 3-left.
For example, if a region has a centroid height of 0.73 meters from the floor,
the relation “object-1 hasCentroidHeight MM Around07” is added to the
ontology. Once the instance is properly characterized, a logical reasoner,
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Planar patch Feature extraction Instance creation Logical inference 

fx1u={ 
    fx1u1=0.62, 
    fx1u2=1, 
    fx1u3=1.2, 
    fx1u4=1.11 
   } 

Hx1={ 
    wall, 
    Computer_screen, 
    chair_backRest 
   } 

<Object rdf:ID="object-1"> 
  <has_orientation> 
    <Vertical rdf:ID="Vertical_instance"/> 
  </has_orientation> 
  <has_elongation> 
    <MM_Around05 rdf:ID="MM_Around11_instance"/> 
  </has_elongation> 
  <has_area> 
    <MM_Around01 rdf:ID="MM_Around12_instance"/> 
  </has_area> 
  <has_centroidHeight rdf:resource="#MM_Around06_instance"/> 
</Object> 

1 2 3 

x1 

Figure 4: Example of hypotheses generation for a given region. New instances are inserted
into the ontology using the OWL language.

Pellet (Sirin et al., 2007) in our implementation, infers a set of classes,
Hxi ⊆ L, which include such a relation in their definitions. This process
is performed for all the n observed objects, obtaining a set of hypothetical
classes H = {Hx1 , Hx2 , ..., Hxn} that contributes in reducing the complexity
of the inference process, as shown in section 5. Figure 4 shows an example of
hypotheses generation for a Chair backRest. It is important to underscore
that the execution time of such a classification process is negligible in com-
parison to the time saved during the exact inference process (it takes just
a few milliseconds in our tests). This is due to the size of the considered
ontology, where the codified object properties are used to quickly accept or
reject the hypotheses. An analysis of the cost of this process for larger and
more complex ontologies is out of the scope of this paper5, however, in each
particular application this analysis should be conducted in order to measure
the benefits of the utilization of the presented system.

According to the ontology definition shown in the previous section, the
scene objects are hypothesized as belonging to concepts that strictly ful-
fil the defined geometric constrains. For example, a table with a centroid
height of 0.6cm would not be hypothesized as a Table top since the con-
cept definition states Table top hasCentroidHeight MM Around07 (see fig-
ure 3-left). Thereby, in order to cope with the variability that objects may
exhibit, after the expert elicitation process, the range of the geometric prop-
erties is modified according to their annotations6. As an illustrative exam-

5The computational cost of a classification process through logical inference heavily
depends on the particularities of the ontology at hand, so it is difficult to quantify in
general. See Kang et al. (2012) for further information.

6Notice that these annotations could have been introduced as additional relations,
e.g., has area variability. However, given that the logic reasoner is not going to take
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ple, let us consider the Table top definition that encodes a “low” height
variation from the average centroid height value (i.e. 70cm). This seman-
tic information is used to spread out the definition, widening the interval
from 60cm to 80cm, codified as: “has centroidHeight some MM Around06,

MM Around07 or MM Around08”. Note that this process is automatically
done by the system only once after the expert elicitation.

It is worth to mention that an additional advantage of using such hy-
potheses as class candidates is that the recognition results provided by the
probabilistic reasoning over the CRF will be coherent with the information in
the ontology, and consequently, with the semantic knowledge that the expert
encoded about the domain.

4.3. Frequency of occurrence as prior

As commented in section 3, unary factors U(·) in a CRF give informa-
tion about the compatibility of a certain object xi w.r.t a set of classes Hi

according to its appearance and geometry, which can be viewed as a way
to model the probability distribution P (yi|xi). On the other hand, pairwise
factors codify their compatibility based on relational (contextual) features,
and encode the distribution P (yi, yj|xi, xj). In this section we propose the
addition of information about the frequency of occurrence of objects to the
CRF formulation as a prior probability, which helps in disambiguating the
recognition results in certain situations. Thus, unary factors are given by the
product of two probabilities, i.e:

U(yi, xi,ω) ≈ P (yi|xi,ω)P (yi) (8)

Prior information is codified into the ontology through the relation
has frequencyOfOccurrence, which takes values from the set RA. In or-
der to adapt the probability distribution P (yi) to the linear classification
model in equation 1, it is replaced by the function fo(yi) : RA → [0..1], which
can be considered as a non-normalized version of the former probability. For
example, if the class Chair back is defined in the office domain with the rela-
tion “Chair back has frequencyOfOccurrence veryHigh”, and Computer

screen with “Computer screen has frequencyOfOccurrence medium”, the

advantage of them, and aiming to have a representation as clear as possible, we opted for
annotations.
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fo function can be defined to produce fo(Chair back) = 0.9 and
fo(Computer screen) = 0.5. Thus, we define an unary factor as follows:

U(yi, xi,ω) =
∑
l∈L

δ(yi = l)ωlf(xi)fo(yi) (9)

Conversely to the hypotheses generation case, here the function fo(·) is
independent of the scene, so it can be computed once and stored in a look-up
table, hence speeding up the recognition process.

5. Evaluation of the proposed system

The proposed system has been thoroughly evaluated using two substan-
tially different datasets: UMA-offices and NYU2. In both cases we have
analysed the effects on the recognition success of: i) the inclusion of object
contextual information together with the geometric and appearance features
of objects, ii) the generation of hypotheses about the most promising ob-
ject belonging classes, and iii) the addition of prior information about the
frequency of occurrence of the different object classes. Additionally, for the
second dataset, we have also studied the performance of the two approx-
imate inference methods described above: Iterated Conditional Modes and
Graph Cuts. The success of our approach has been measured using the micro
precision/recall metrics.

5.1. Evaluation with UMA-offices

The UMA-offices dataset is compound of 25 office scenes, which where
gathered using the mobile robot Rhodon. This robot is endowed with a
Kinect-like sensor mounted on a Pan-Tilt unit, which permits the robot to
perceive the world from a human-like point of view (see figure 5). In this
dataset, planar patches extracted from registered RGB-D images where man-
ually labelled as belonging to 7 different object classes LUMA−offices={Floor,
Wall, Table top, Table side, Chair bakRest, Chair seat,
Computer screen}.

The planar patches extracted from the scene fed a CRF, which is trained
following the approach in Ruiz-Sarmiento, J.R. et al. (2015a), and are also
employed to generate hypotheses about their most probable classes, as de-
scribed in section 4.2.
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Figure 5: Left, mobile robot Rhodon gathering 3D data from an office. Right, two sample
office scenes from the UMA-Offices dataset.

Table 2: Results of the tests conducted with the UMA-offices and NYU2 datasets.

Variant used UMA-offices NYU2

(1) No context 79.23 53.85
(2) Context 84.07 59.12
(3) Context + Hypotheses 93.45 61.25
(4) Context + Hypotheses + Prior 94.31 65.10
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Figure 6: Confusion matrix of the actual object classes and the recognition results.

5.1.1. System performance

The second column of table 2 shows the results obtained using 4 different
recognition variants on the 25 considered scenarios. The first variant only
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uses appearance and geometric object features, which are modelled through
unary factors (recalls equation 1), achieving a micro p./r. of ∼ 79%. Contex-
tual relations are integrated in the second variant by the addition of pairwise
factors (recalls equation 2), increasing that percentage by ∼ 5%. The third
variant incorporates the generation of hypotheses, reaching a micro p./r. of
∼ 93.5%, and the last one also uses prior information, obtaining ∼ 94.3%
of success. These results proves that contextual information improves the
recognition of objects in a scene, and that the use of semantic information
prevents the CRF from providing non-coherent results, increasing thus the
recognition success. Prior information also adds a sense of coherence to the
system operation by yielding the frequency of occurrence of the different ob-
ject classes in an office environment, which is reflected as an improvement in
the results.

Figure 6 shows the confusion matrix obtained using the last variant, where
the rows represent the actual class of the objects, and the columns the class
to which they have been assigned. We can notice that erroneous recognitions
correspond to the classes Wall, Table side and Chair back, given that, with
the considered features, it is sometimes difficult to differentiate them.

It is worth to mention that the recognition system also yields the prob-
ability associated to the results as a measure of uncertainty. Thus, results
with high uncertainty could motivate the execution of further actions by the
robot, like gathering additional data from the scene, in order to reduce such
uncertainty.

5.1.2. Complexity reduction

The above improvements are to a great extend due to the generation
of hypotheses which allow the execution of probabilistic exact inference, i.e.,
checking all the possible class assignations for the scene objects. To illustrate
this, let us consider the scenario shown in figure 7-top, entailing 11 objects.
Given that we have considered 7 object classes, probabilistic reasoning by
exact inference consists of computing equation 3 a total of 711 times. Such
a computation would take several hours, which is unfeasible for a mobile
robot aimed to operate within real environments. However, relying on the
generated hypotheses as candidate classes, the number of combinations is
reduced, in this example, to 1536, which can be computed in a few millisec-
onds. Figure 7-bottom shows the objects from 7-top recognized through an
exact inference process.
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Computer screen Table_top Chair Floor Wall Table_side 

Figure 7: Recognition result in one of the studied scenarios from UMA-offices. Top, 3D
data from an office environment. Bottom, planar patches detected and recognized using
our approach.

5.2. Evaluation with NYU2

The NYUv2 dataset (Silberman et al., 2012) is a large collection of RGB-
D images from different indoor scenarios within commercial and residen-
tial buildings. From them, we have selected the office scenes, which sum
up a total of 61, and have considered a total of 14 different object classes
LNY U2 = {Cabinet,Ceiling, Chair, Computer, Desk, Floor, Keyboard,
Light, Monitor, Mouse, Printer, Sofa, Table, Wall}. As in the tests with
the UMA-offices dataset, the CRF weights were trained through synthetic
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samples following the methodology presented in Ruiz-Sarmiento, J.R. et al.
(2015a).

5.2.1. System performance

The third column of table 2 shows the results yielded according to the
different variants. These results are given by an exact inference process when
feasible, and by the ICM approximate method when it is not (see the follow-
ing sections for further detail). Without exploiting contextual information,
the CRF reached a success of ∼ 53.8%, while with its integration it augments
to ∼ 59.1%. These numbers are quite similar to the ones provided in Lin
et al. (2013) (a 58.92% with the second configuration), which are outper-
formed by the following variants: a ∼ 2% of increment is obtained with the
inclusion of the hypotheses generation step, and the final 65.1% is achieved
by also considering prior information about the frequency of occurrence of the
different object classes. Figure 8 shows some examples of office scenes with
the recognition results produced by the presented approach. These numbers
support our claim that the inclusion of contextual information, hypotheses,
and prior knowledge, significatively increment the system performance when
compared to a method that only relies on features of the objects.

Note the drop in performance experimented with respect to the results
obtained for the UMA-offices dataset which are mainly due to the following
factors:

• A limited contextual information. The NYU2 dataset only includes
isolated, one-shot RGB-D observations, and thus the contextual infor-
mation is more limited than in the UMA-offices dataset, where several
observations were registered together and a largest portion of the scene
was processed.

• A higher intraclass geometric variability. The labelling provided by the
NYU2 dataset contains a high number of spurious measures that, even
after removing most of them through different filters, negatively affect
the objects’ geometric characterization. Thereby, objects of the same
class exhibit quite different geometric features.

• The number of considered classes. Tests with the NYU2 dataset con-
sider twice the number of classes (from 7 to 14). Additionally, the
average number of objects per scene is considerably higher (from ∼ 6.8
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Figure 8: Some scenes from the NYU2 dataset (left column) and the results yielded by
our recognition system (right column).

to ∼ 12.3). These factors compromise the application of the exact
inference, resulting in a performance reduction.
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5.2.2. Complexity reduction

The reduction of the probabilistic inference complexity is critical for im-
proving the system performance within the NUY2 dataset, due to the afore-
mentioned increment in the number of both considered classes and average
number of objects per scene with respect to the UMA-offices dataset. In
the best case, the complexity reduction enables exact inference, although
this highly depends on: i) the number of possible belonging classes, ii) the
number of objects to be recognized, and iii) time constraints.

An analysis has been carried out considering 14 object classes (| LNUY 2 |),
and the exact inference feasibility is studied depending on the number of ob-
jects in the scene. Table 3 shows the results of this analysis7. The difference
between the first and the second row illustrates the achieved reduction in
the number of possible labellings to be considered by exact inference. This
clearly speeds up such a process, as shown by the difference between the third
and fourth rows. An additional discussion could arise about the assumable
time constraints for the object recognition system. In our experiments, an
execution time of 3,7 seconds is permitted, but this figure could change de-
pending on the tasks to be carried out by the robot. In conclusion, it is clear
that without considering the hypotheses generation, exact inference quickly
becomes unfeasible, but thanks to the proposed approach, its execution can
be assumable, in our tests, for scenes containing up to 7 objects.

A remaining question is if the use of exact inference after the hypotheses
generation step really increases the performance of approximate inference
methods. To check this, we have performed both exact inference and ap-
proximate inference over a subset of the office scenes into the NYU2 dataset,
employing the fourth variant in table 2. Such a subset was compound by
the scenes where exact inference was possible, concretely 27 out of the initial
61. The gathered results were clear: a ∼ 65.06% of success was yield using
exact inference, while the best number reported by the ICM and Graph Cuts
methods was ∼ 61.57%.

5.2.3. Approximate inference

Despite the possibility of carrying out exact inference under some cir-
cumstances, there are still cases where approximate probabilistic inference is

7Execution times higher than one hour was extrapolated by the estimation of the
number of tests to be performed and the time needed for one test, i.e., 1.8e-5 seconds in
the computer onboard the robot.
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Table 3: Number of tests and time consumption (in seconds) necessary to check all the
possible combinations of classes of the objects into a scene demanded by an exact inference
process. Such numbers are conditioned by the amount of objects into the NYU2 scene,
and were taken considering 14 object classes.

#objects 2 3 4 5 6 7 8 9

#tests 196 2,744 3,841e1 5,378e2 7,529e3 1,054e5 1,475e6 2,066e7
reduced #tests 9 68 509 3,774 2,798e1 2,074e2 1,538e3 1,140e4

time 3.5e-3 0.049 0.691 9.680 135.5 1,897 2,656e1 3,718e2
reduced time 1.6e-4 1.2e-3 9.1e-3 0.067 0.503 3.734 27.69 205.31

Table 4: Results yielded by the ICM and α-expansions approximate inference methods
for the 61 office scenes from the NYU2 dataset. Two different configurations have been
tested.

Variant used ICM α-expansion

(1) Context + Prior 63.22 62.03
(2) Context + Hypotheses + Prior 64.53 63.61

needed. In section 3.2.1 we briefly described the ICM algorithm, which can be
defined as an iterative process for maximizing local conditional probabilities.
On the other hand, section 3.2.2 introduced the α-expansion method, an it-
erative methodology that executes Graph Cuts in each step. These methods8

and have been widely used for object recognition purposes, so it is relevant
to assess the influence of the generation of hypotheses in their performance.

To this end, we have collected the results of both methods over the 61
NYU2 office scenes, with and without the hypotheses generation feature.
Table 4 exposes the output of this study. It reveals that both methods benefit
from the inclusion of hypotheses, increasing a ∼ 1.3% the performance of the
ICM method, and a ∼ 1.5% the success of the α-expansions one. Both
methods reach a good performance, but as shown in table 2, even a higher
success is achieved (65.10%) when executing exact inference on the 27 office
scenes, and ICM over the 34 remaining ones.

8We have relied on the ICM and α-expansion methonds’ implementations within the
Undirected Probabilistic Graphical Models in C++ (UPGMpp) library (Ruiz-Sarmiento,
J.R. et al., 2015c)
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6. Conclusions

The presented work has addressed the scene object recognition prob-
lem for mobile robotic agents by combining Probabilistic Graphical Models
(PGMs) and Semantic Knowledge (SK) into a hybrid system. The proposed
solution provides robustness against ambiguous scenarios, uncertainty han-
dling, an improvement in the inference performance, and it produces coher-
ent results according to the expert knowledge encoded in an ontology which
can be exploited for other high-level Artificial Intelligent tasks. Robustness
against objects showing similar features is achieved by the use of Conditional
Random Fields (CRF), a particular type of PGM, that leverage contextual
information between objects. Moreover, a modification to the usual CRF
formulation has been presented in order to exploit prior information about
the likelihood of finding an object of a certain class, which comes from the
SK-base of the domain codified by an expert into an ontology. To reduce the
probabilistic inference burden, the encoded ontology is used to hypothesize
about the most promising belonging classes of the scene objects, cutting down
the candidate options. This ensures, in addition, that the system outcome
is consistent with such expert knowledge. Finally, the recognition results
provided by the inference process can be instantiated within the ontology,
which supposes a ready-to-use knowledge representation exploitable by other
high-level tasks within the mobile robotic agent.

The claimed virtues of our recognition system have been thoroughly val-
idated considering two substantially different datasets: NYU2 and UMA-
offices. The evaluation provides the performance of a local object recognition
system as a baseline, revealing the progressive increment in the performance
and robustness as long as additional information is exploited: contextual in-
formation, hypotheses of objects’ classes, and prior information about object
category occurrences. Moreover, an analysis of the complexity reduction of
the probabilistic inference process has been carried out by considering the
most promising object belonging classes, including the feasibility of exact
inference for the considered datasets. The yielded results are promising, al-
lowing the system to rely on exact inference in a wider variety of scenarios.
It has been also studied the performance of two state-of-the-art approximate
inference methods: Iterated Conditional Modes and Graph Cuts, which have
shown to also benefit from the hypotheses generation. The obtained results
reveal the suitability of our approach for highly-demanding applications, as
is the case of mobile robot object recognition.
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One source of weakness in the proposed system, which is common to
other methods exploiting objects’ relations, is the case of scenes where the
profitable contextual information is reduced. In these situations the sys-
tem performance can be compromised, although it would be higher than the
expected one from a local recognition system thanks to the utilization of
both, the hypothesis generation, and the prior information about the typ-
ical occurrence of object classes. One way to face this situation could be
the integration of additional information by means of a more conscientious
inspection of the scene by the robotic agent, e.g. active perception. Other
challenge are scenarios where objects may not fit into their usual description,
for instance recognizing a computer screen which is placed on the floor. In
this case, any logical reasoner will not yield the class Computer screen as
result, given that its properties largely differs from the expected ones, i.e. it
is found on the floor and not on a table, close to a keyboard. Our next goal
is to increase the robustness of the presented system to deal with this issue.
A solution could be to consider the result of the logical inference as a score
in the CRF formulation, at the cost of compromising the exact inference op-
tion, or the periodic revision of the recognition results by an expert/human
operator, which could recognize limitations in the encoded SK and fit them
for a given domain.

An additional aspect to be explored is the inclusion of information about
the room where the objects are found, aiming to build a holistic model that
permits the system to recognize both objects and rooms’ types taking into
account their usual relationships.
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