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Abstract object classes have been further investigated. Conteartual

formation can be particularly useful when individual ckess
This paper proposes a conditional random field (CRF) exhibit large appearance variability.

model that encodes and exploits the spatial context of a re-We propose a probabilistic model which makes use of spa-
gion for region labelling. Potential functions for a region tial context for labelling regions in an image and apply it
depend on a combination of the labels of neighbouring re- to highly structured scenes of buildings. Our guiding hy-
gions as well as their relative location, and a set of typi- pothesis is that parts of buildings relate to each other in
cal neighbourhood configurations or prototypes. These are very similar ways irrespective of the period, the architec-
obtained by clustering neighbourhood configurations ob- ture, or the country. We try to capture the spatial constsain
tained from a set of annotated images. Inference is achieveddy clustering neighbourhood configurations obtained from
by minimising the cost function defined over the CRF modela set of hand- segmented images. These are subsequently
using standard Markov Chain Monte Carlo (MCMC) tech- used to evaluate the potential functions of a conditiona ra
nigue. We validate our approach on a dataset of hand seg-dom field (CRF) defined over the regions of an image. In
mented and labelled images of buildings and show that thesection 2 we present related work that utilise context for
model outperforms similar such models that utilise either classification. Section 3 describes our method for labgllin
only contextual information or only non-contextual mea- regions through the integration within a CRF model of con-
sures. textual and non-contextual (unary) information. In settio

4 we present our experiments and we conclude in section 5.

1. Introduction 2. Related Work

The problems of object classification and recognition  Context comes in different forms. At the pixel level it
have long been at the core of computer vision and patternmay take the form of a continuity constraint on the label
recognition research. Much research has concentrated omap, such that neighbouring pixels are more likely to carry
the exclusive use of relatively simple non-contextual fea- the same label. At higher levels, and more in the spirit of
tures for classification, with remarkable success. Exasple this work, context may encapsulate hierarchical relation-
include the work of Viola and Jones [22] for haar-wavelet ships between scene type and objects and the spatial and
based face recognition, and that of Dalal and Triggs [4] co-occurrence relationships between objects. Motivayed b
on human detection using gradient histograms. Much of the work of [15] on the gist of scenes, [19] and [20] pro-
the works that fall within the tradition of the visual word posed models that allow the scene type to inform subse-
paradigm [17] can also be classed as non-contextual (e.gquent object detection by suggesting the kinds of objects to
[3], [21]). In an attempt to achieve greater robustness expect as well as their scales and locations. Rabinovich et
against occlusion and geometric transformations, imagesal. [16] suggest to model the co-occurrence relationships
are represented as a large number of local and largely view-between labels as the pairwise potentials in a conditional
invariant features. The latter methods excel in particular random field with no consideration, however, of the spatial
when the task is the recognition and retrieval of specific ob- relationships. Galleguillos et al. [6] extended the work of
jectinstancegather than the identification of the instance [16] by parameterising the co-occurrence matrices over dif
class Contextual information in the computer vision sys- ferent spatial relationships.
tems was adopted by some early works in vision [5][1][18]. While [23] implicitly models spatial relationships by ale
Over the last few years, the role of contextual informationi  ing features outside the object to influence object detectio
particular for situations where there exist structuraagizg) the work in [13] and [2] focuses on an explicit modelling of
constraints and sparse co-occurrence relationships batwe spatial context between labels using Markov random field



models. In [11], the proposed model aims at capturing bility:
the 3D layout of a street scene using scale and location X* = arg m)?XP (X|R,Y), (1)

constraints, and uses this 3D information for more accu_whereR is a set of tvoical neiahbourhood configurations
rate object detection. More recently, [7] suggested a two : yp 9 . -Onfige
and comprises the labels and spatial relationships of re-

stage multi-class classification process in which the non-"". . _ .
contextual classification achieved in the first stage issubs gions that are W'thm sofn;e rafjps of a reglokr]].,yh -
quently refined through the use of prior distributions over l{yl’yQ%' YN |sa]}set_o. ezcrlptlor;\{ectoysw ichare
the relative distances between different labels. Li et®d] [ garnt rom a set ° training data and incorporate regions
consider the task of understanding an image at scene an&l_ze,.sfhape, Io_cat|on,_colour and texture features. E?Ch re
object level. Co-occurrence of objects and scene types argiont1s associated with a unary vectac The probability

formalised in a hierarchical generative model which speci- of P()t(.:x)tlylwltl ttI)1e ref?rrfed o asf(xt). By rgakl?g fthe ?S'
fies a joint distribution over scene classes, objects, regio sumption that In€ Set of uhary Teatuieand set ol proto-

image patches and annotation tags. Learning requires im_typesR are independent, the conditional probability in (1)

ages in which at least a few object regions have been la-c8" be written as:

belled with their corresponding tags. Spatial relatiopshi P(X|R,y) < P (y|x) P (X|R). (2)
between objects are not considered. Heitz et al. [10] dis- ) hod for | ina th f
tinguish between materials and objects. Object detectiond " Section 3.1 we present our method for learning the set o
(using a sliding window approach) are linked to region type prototypes and utilising them to estimate the joint probabi

detections (found through unsupervised clustering) byt a se ity distribution _OfP_(XlR)' In secti_on 3'2. we d(_ascribe our
of relationships, e.g. "detectianis about 100 pixels away method for estimating® (y|x) and finally in section 3.3 we
from region;” present the inference method for finding the labelling that

In [12], the authors construct a CRF with unary components maximises the joint distribution defined by equation (1).
from a random forest classifier and the interaction term re-
flecting the co-occurrence statistics of different lab&lse
CRF is defined on a set of regions with region neighbour- ~We assume that the set of random variablesonstitute
hood determined by spatial adjacency. Whilst regions arean MRF. Thus,

determined automatically through a clever, entropy-based

selection method, the cgntextugl information doers),ynot in- Plzilws—i) = P(zilzi) 3)
clude spatial relationships. In [9] and [8] relative locati  whereS is the set of indices defined over segmented regions
as well as labels of neighbourhood regions were used forand z;, denotes the regions which are within the neigh-
labelling building scenes. These models use a Markov Ran-bourhood of the focal region In this paper, we define the
dom Field (MRF) for labelling different parts of a scene Markov model over the random variables so that a region
without incorporating unary features. 7 not only depends on the labels of its neighbourhood re-
In this paper, we propose a conditional random field in order gions, but also on the relative spatial relationships wih i

to incorporate unary features and contextual information i neighbourhood regions. This differs from other MRF mod-
a single framework. In the proposed model, the interaction els used in computer vision, such as the Potts model which
term is of the CRF model is estimated using a set of typ- only considers the labels of the neighbourhood regions or
ical neighbourhood configurations which are from a set of pixels. For incorporating relative spatial relationshipthe
training data. A neighbourhood configuration represents aMRF model, we use the method proposed in [9] and [8]:
combination of the identity (labels) and the relative |omat 1

of the neighbouring regions. P(z; =N, R) = Zexp(—¢ N Ra)), - (4)

3.1. Prototype discovery and estimating® (x|R)

whereV; is the the neighbourhood configuraticor sim-

ply configurationof regioni, which comprises the labels
We start by providing the basic notation used in the pa- and spatial relationships of regions that are within some ra

per. Each segmented region, indexed iy associated with  diusr of region:; andZ is a normalising constant. Function

a random variable&X; which takes its value from a discrete ¢ (N;, R;) is the minimum distance between the neighbour-

set of class label€ = {i1, .-,y }. The set ofN seg- hood configurationV; and a set of prototypé&® that have

mented regions in an imadecorresponds to a random field  at their focal regions. Prototyp&® are a subset of config-

X ={Xy,---,Xn}. Any possible assignment of labels to urations which are learnt from a set of manually segmented

the random variables will be calleda@belling (denoted by  and labelled regions. In figure 1 a hand segmented image

X) which takes values from the sét= £~. The purpose of a building scene and its corresponding graphical model

of the proposed probabilistic framework is to estimate a la- which we employ in the proposed probabilistic model are

belling which maximises the following conditional proba- shown.

3. Methodology



pe. For the horizontal relationship, we define:

fri (DniyDe;) = cos ¢;. (6)

To represent the vertical and horizontal relations between
two regions, the averages over point-wise membership val-
ues: for = =S8 fo, andfy, = & S8 | f,, are com-
puted. To be computationally efficientwe consider ran-
domly chosen subset of pairs.

Containment Relationships: To express whether region
A'includes region3, the following function is used:

—1 ifregion A contains regior3
fer(A,B) =< +1 ifregion B contains regiom
0 otherwise

(7)
Functionf,, is set to zero when the relationships of the two
regions is neither “contains” nor “contained in”.

Width and Height Relationships: The width ratio is the
ratio between the width of regiod and that of region3.

(b) Similarly, the height ratio is the ratio between the height o
Figure 1. a) Original Image. b) Hand segmented regions aid th  '€gionA and that of regiorB. The width ratio is formulated
corresponding graphical model (representing the MRF) whie as:
employ in the proposed probabilistic framework.

_ 1—wA/wB if’LUB/'LUAZ1
fur(A, B) = { wp/wa —1  otherwise ®)

.1.1 Neigh h i ion: . . .
3 eighbourhood Configuration wherew represents the width of a region’s bounding box,

To determine the neighbourhood configuration of a region, and similarly for the height ratio. The formulation is in-
we follow the same process as the one described in [9]. Atended to make the values of the ratios fall in the range
pair of regions are considered neighbours if they are within [—1, 1].

a distance- from each other. After identifying a region’s A neighbourhood configuratiqwV;, consists of the label of
neighbourhood, spatial relationships between the focal re the focal region, the labels of the neighbours and the dpatia
gion and its neighbouring regions are estimated. We de-relationships between the focal region and its neighbgurin
fine five different relations between region pairs. These regions, i.e.fv,, far, fer, fwr, [nr- N OUr implementation,
are: relative vertical orientation, relative horizontekata- the neighbourhood configurations are encodeé by ma-
tion, containment relation and the ratio of their widths and trices with F' being the number of regions within a neigh-
heights. The procedure for estimating these relationskips bourhood. Each column of this matrix is associated with

described in the following. one of the neighbouring regions and it encodes the region’s
label (1 component) and its spatial relationships (5 compo-
Vertical and Horizontal Relationships: Let p.. andp,, nents) with respect to the focal region.

be points from a pair of regions, with subscripindicat-
ing the points which belong to the central (focal) region 3.1.2 Prototype Discovery
and subscript is indicating the points which belong to the
neighbouring regions. First, the angle between vector
Pn; — Pe; @nd the reference direction (horizontal axis) is
measured. The degree of aboveness (or belownegs) of
with respect tg.. is then computed as:

The aim of prototype discovery is to identify for each la-
bel, a small set of typical neighbourhood configurations, or
prototypes A prototype,R;, is a neighbourhood configu-
ration with labell at its focal region. In order to identify
the prototypes, the set of configurations, which have been
fo, (Dn,,De,) = sin ¢y, (5) extracted from thenanuallyannotated images, are first par-
titioned according to the label of their focal regions anid-su
wheref,, represents the vertical relationship of a point pair sequently each partition is clustered usingkhreedoidsl-
and reaches its maximum when is exactly above point  gorithm. This clustering algorithm is based on the pairewis



distances between the configurations’ respective matpix re a one-vs-all Adaboost classifier. We first computed a vector
resentations. The distance between any two configuration®f appearance features using low level descriptors. Fdr eac
is estimated using the pseudo-metric function described insegmented region we computed a vector of 63 dimensions,
[9]. yi, incorporating region size, location, shape and texture.
After applying thek-medoidsalgorithm to a set of neigh- These features are similar to a subset of those proposed in
bourhood configurations, the centroids are considered ag7] and consist of the mean, standard deviation, skewness
the prototypes. One example of an estimated prototype isand kurtosis statistics over each segmented region of:
shown in figure 2. For a training set in which a region may

be assigned td/ possible classes, a sRtof size M x k e RGB colour components2
prototypes is estimated. In this deprototypes are associ- e HSV colour components2
ated with each of the classes. e Texture features computed from 8 filter responses. The
filters were Gabor filters with 8 different orientations
Prototype R and a fixed scale. These were applied to the average of

Focal Region Window the RGB colour bands32.

Label Door || Facade [RUlgRly Others In addition, we compute the normalised size (the area of the
Vertical —09 | 09 |06 03 segmented region divided by the area of the image), convex-
Horizontal | 0.1 0.3 -0.8 0.9 ity, eccentricity, and the ratio of the width and height of th
Containment | 0 1 0 1 enclosing bounding box, for describing the size and shape
Width Ratio | 09 | 02 [ 1 0.9 of each region. Also, we append the location of each region
Height Ratio | 08 | 01 | 1 0% to the vector descriptor by includingandy offsets of the

centre of each region from the image centre. We normalise
Figure 2. Example of an estimated prototype. these offsets to have values betweenand]1.

We used hand segmented images to train a set of one-vs-all

Adaboost classifiers4;, for each class labél For train-

ing an Adaboost classifier of labklwe consider all of the
3.1.3 EstimatingP (x|R) regions in our training set with labélas positive examples
(+1) and the remaining regions as negative exampld3.(
For estimatingP(x;|y;), after computing the vector de-
scriptory; of a region, we use the trained Adaboost clas-
sifiers and estimat®(z;|y; ) using:

For estimating the joint probability of a labelling,

P (x|R), we first determine a coding (colouring) of the
set of regions. We use thgeedy colouringstrategy pro-
posed in [8]. Because of the assumption of Markovianity

(equation (3)), the likelihood over vertices with the same exp (Ar, (yi))
: " P (x; = li|y;) = — S — (1)
colour reduces to the product of the respective conditional ElY Vi u _
probabilities. For estimating (x|R) we use the pseudo- 2or=1 0P (A, ()
likelihood function introduced in [8]:
3.3. Inference
1 Te;l Given a new set of segmented regions, the aim is to
P (X|R) ~ NZlel H P (x;|N;, R) ;9 assign a label to each of the regions so that it max-
J ieC; imises the joint probability distribution described by agu

] ) ) ) tion (2), or minimises the cost function which is defined by
yvhereCj is the set of regions which are in the same colour- —log (P (x]y, R)). Having replaced (9) and (10) into the
Ing. right hand side of equation (2) and taking théog of the
3.2. Estimating P (y[x) ;v;(? sides, the cost function of a labellizgcan be written
In order to estimaté’(y|x) we know that vector descrip-

torsy; are conditionally independent from each other, given E(x) = Zij\il —log (P(ily:)) —

x;. Therefore P(y|x) can be written as: =
log (% 5516 [ Mice, P (il R)| 'CJ) . (12)
N
Plyx) = HP (yil:) - (10) and for inference, we are looking for a labelliry which
=t minimisesE(x), i.e.
Furthermore, from Bayes theorem we know that
P (yile;) o P(xily;). To estimateP(x;]y;) we use X" = argmin E (). (13)



Fac Chi Doo Dor Roo Sta Sky Veg Gro Balc Win Oth Fac Chi Doo Dor Roo Sta Sky Veg Gro Balc Win Oth
Facade | 2440 3 0 6 0 0 7 6 4 22 0 Facade | 213 1 12 2 3 0 4 24 13 0 9 11
Chimney |0 32 0 4 4 0 0 0O O 0 25 0 Chimney | 2 42 0 1 3 0 6 3 0 0 8 0
Door 3 0 530 0 O O 1 1 0 65 1 Door 2 3 570 0 1 0 3 4 0 37 17
Dormer |1 1 0 28 5 0 0 0 0 4 31 0 Dormer |0 9 0 44 2 0 6 0 0 0 9 0
Roof 4 1 0 2 1000 O 0 0 4 9 0O Roof 1 3 0 5 68 0 30 1 3 1 7 1
Stairs 2 0 3 0 0 12 0 2 0 2 15 0 Stairs 1 0 1 0 0 17 0 3 7 3 0 4
Sky 0 2 0 1 1 0 720 0 0 1 O Sky 13 0 0 7 0 611 1 0 2 1
Vegetaton| 11 2 1 0 5 0 1 1033 1 10 1 Vegetation| 21 4 10 0 4 7 5 27 15 11 9 25
Ground |6 0 2 0 0O O 0O 7 77 0 5 4 Ground | 4 0O 3 0O O 8 0 1 74 1 0 10
Balcony |1 3 0 6 7 0 0 3 5 12155 0 Balcony |2 2 2 5 12 0 0 18 4 128 17 11
Window |2 8 25 3 3 0 0 14 1 18 12732 Window | 15 56 97 19 9 10 22 42 24 41 100311
Others |1 0 0O O O 0O 0O 1 0 3 4 59 Others |3 0 7 0 0O 10 0 3 19 1 2 23
Table 1. Confusion matrix obtained from the Adaboost cfassi Table 2. Confusion matrix obtained from the “context firdtja

rithm proposed in [9].

We optimise stochastically using the MCMC technique. We

first assign random labels to each of the segmented regions —___ gjg ghi 2D°° g"r §°° OSta OSKV l\fg 6Gr° 4Ba'cl‘7"’i” 10”‘
by drawing labels from a uniform distribution. We then Chimney | 0 38 0 2 4 0 0 0 0 0 21 O
i Door 1 0 58 0 0 0 0 O 1 0 63 1
run the MCMC procedurt_a to sample and minimise the cost bomer 10 0 o0 42 2 0 0 0 0 3 230
function defined in equation 12. Roof 2 1 0 3 1070 0 0 0 0O 7 0
Stairs 0 0 4 0 0 17 0 4 1 2 8 0
Sky 0 2 0 1 0 0 72 0 0 0 2 0
4. Experiments Vegetaton| 10 3 3 0 7 0 1 96 4 2 10 2
Ground |4 0 3 0 O O O 7 79 0 5 3
. . . . Balcony 1 0 0 3 6 0 0 0 5 155 31 O
This section presents an experimental evaluation of the  wingow | 2 3 24 1 3 0 0 8 0 10 12962
proposed labelling technique. The proposed approach is  ©Oters {0 0 0 0 0 0 0 1 1 2 4 60

evalugtgd using manually segmenltetd IMages. We start byI'able 3. Confusion matrix obtained from the proposed CRF
describing the dataset used for training and testing. In sec 41

tion 4.2 we present our experimental results and compare

the proposed labelling framework with a unary based clas-

sifier and the “context first” classifier of [9].
(9] We also report the per-class accuracy of each of the clas-

4.1. Dataset sifiers (labelling algorithms) in figure 3. From this figure
o it can be seen that the “context first” approach outperforms
We used 372 annotated images of the 12-class datasethe other two approaches for labelling instances of “chim-
of the eTRIMS repositoryin our experimental evaluation. ney”,“dormer” and “stairs”. These are objects which tend to
These images were collected from different European citieshave a unique neighbourhood configuration in a scene. For
including London, Prague, Barcelona, Hamburg, Bonn andinstance, a region which is at the top of a building within the
Basel and thus encompass a variety of differentarchitactur roof and below the sky it is most probably a chimney. How-
styles. The object classes which we used in our experimentsver, for labelling regions which associate with objedts li
include, “window”, “door”, “facade”, “balcony”, “dormer,” “vegetation”, context cannot play a significant role, asthe

",

“stairs”, “chimney”, “roof”, “ground”, “sky”, “vegetatim” regions usually do not construct a discriminative neighbou
and class “others” which contains objects like “pedestfian  hood configuration in an image. The average per-class and
and “cars”. For training we employetl 0 annotated im-  overall accuracy of each of the three labelling approaches
ages and for testing we used the remairidgmages. The  are also listed in table 4. In general, we can see from the ta-

training data were used for learning both the neighbourhoodble that, at least for this application, the integration wéry

prototypes and parameters of the Adaboost classifiers. features and contextual features in a single framework out-
performs both the unary based classifier and the context-
4.2. Evaluation based classifier.
We compared the proposed method with both a multi- _
class Adaboost classifier, which was trained with the unary ! Context First| Adaboost| CRF model
features discussed in section 3.2 and the “context first” gvera Accuracy 06.5% 82.3% 85.8%
) : verage Per-Clasg 57.8% 68.1% 74.5%
model proposed in [9]. Tables 1,2 and 3 show the confusion | accuracy

matrices obtained from each of these classifiers. In alethre
matrices, objects “door” and “window” have been confused Table 4. Average per-class and overall accuracy of the thifiee-

most frequently. ent approaches.

Ihttps://www.ipb.uni-bonn.de/svn/etrims-img-dbs/
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Figure 3. The per-class accuracy of different labellingrapphes.

5. Conclusions

(7]

(8]

9]

[10]
[11]

[12]

[13]

We proposed a conditional random field model for la- [14]
belling parts of building scenes, like chimneys, windows,

doors, etc. The interaction term of the CRF model was

estimated using a set of typical neighbourhood configura-[15]

tions which were learnt from training data. We defined a
cost function based on MAP estimation that combines unary
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metric interactions for modelling spatial context in stured
scenesJournal of Signal Processing Systerf809.

D. Heesch, R. Tan, and M. Petrou. Context firstPhoc Int'l
Workshop on Structural and Syntactic Pattern Recognjtion
2008.

G. Heitz and D. Koller. Learning spatial context: Usistgff

to find things. INECCYV, 2008.

D. Hoiem, A. Efros, and M. Hebert. Putting objects inper
spective. INCVPR 2006.

S. Kluckner, T. Mauthner, P. Roth, and H. Bischof. Setitan
image classification using consistent regions and indalidu
context. INBMVC, 2009.

S. Kumar and M. Hebert. A hierarchical field framework fo
unified context-based classification. {BXCV, 2005.

L.-J. Li, R. Socher, and L. Fei-Fei. Towards total scene
derstanding: Classification, annotation and segmentation
an automatic framework. I8VPR 2009.

A. Oliva and A. Torralba. Modelling the shape of the
scene: a holistic representation of the spatial envellgi@y/,
42(3):145-175, 2001.

measurements and contextual information and which was[16] A. Rabinovich, A. Vedaldi, C. Galleguillos, E. Wieway
minimised effectively using MCMC. The proposed model
combines unary measurements and contextual informatiorn17]

in a unified framework and outperforms classifiers that used

only contextual information or only unary measurements.

This paper was more concerned with high level vision and
we did not apply our method to automatically segmented
images. To extend the current model and also for comparing

(18]

and S. Belongie. Objects in context. IRCV, 2007.

J. Sivic and A. Zisserman. Video data mining using camnfig
rations of viewpoint invariant regions. VPR 2004.

T. Strat and M. Fischler. Context-based vision: redsgn
ing objects using information from both 2d and 3d imagery.
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence 13(10):1050 —1065, 1991.

our I'eSU|tS W|th the Othef ConteXtua| mOde|S I|ke [6] Wh|Ch [19] A. Torralba. Contextual pr|m|ng for Object detecuddcv
spatial context has been used, in future we are aiming to ap-

ply our model to automatically segmented regions. As seg-[og] A. Torralba, K. Murphy, W. Freeman, and M. Rubin.

me

ntation is actually a significant problem in its own right,

ideally, segmentation and labelling should be integrated i
a system with feedback loops.
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