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Abstract. We address the problem of object recognition in computer vision. We
propose an invariant representation of the model and scene in the form of Attribu-
ted Relational Graph with focus on region based measurements rather than purely
interest points. This approach enhances the stability of scene image representation
in the presence of noise and significant scaling. Improved solution is achieved by
employing a multiple region representation at each node of theARG.The matching
of scene and model ARGs is accomplished using probabilistic relaxation that has
been modified to cope with multiple scene representation. The preliminary results
obtained in experiments with real data are encouraging.
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1 Introduction

The recognition of objects in cluttered scenes is one of the most challenging problems in
computer vision. The problem is inherently difficult not only because of the omnipresent
noise but also due to a host of other factors which are intrinsic to the process of object
sensing using imaging techniques. These factors include geometric transformation of
the measurements as a result of changing view point, geometric distortion due to the
imperfection of the imaging optics, occlusion and clutter, 3D nature of objects and last
but not least, the lack of object specificity. In this paper we shall not be concerned with
the last issue which raises the question how generic classes of objects, for example a
chair, should be represented so that any member of a class can be easily recognised even
if it has never been seen by the vision system before. This is the subject of research in the
domain of syntactic, structural and functional object modelling [1]. We shall not even
be addressing explicitly the 3D nature of objects. Instead we shall take the view that
objects can be represented as a union of planar surfaces. This "orange peel" modelling
is fully appropriate for a large family of objects which are essentially polyhedral and
provides an adequate approximation in a significant number of practical situations where
the deviation from planarity of an object face can be absorbed into other geometric
distortions the system would have to be able to cope with. Thus the focus of the paper is
on recognition of faces of specific objects, which can be viewed to be dominantly planar,
subject to the combined effect of noise, viewing transformation changes, geometric
distortion, occlusion and scene clutter.
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In a model based object recognition there are two major interrelated problems, na-
mely that of object representation and the closely related problem of object matching.
A number representation techniques have been proposed in the computer vision lite-
rature which can be broadly classified into two categories: feature based, and holistic
(appearance based). We shall not be dismissive of the appearance based techniques as
they clear possess positive merits and no doubt can play a complementary role in object
recognition. However, our motivation for focusing on feature based techniques is their
natural propensity to cope better with occlusion and local distortion.

The matching process endeavours to establish a correspondence between the features
of an observed object and a hypothesised model. This invariably involves the determi-
nation of the object pose. The various object recognition techniques proposed in the
literature differ in the way the models are invoked and verified. The techniques range
from the alignment methods [5] [4] where the hypothesised interpretation of image data
and the viewing transformation is based on the correspondence of a minimal set of fea-
tures. The candidate interpretation and pose is then verified in regard to other image
and model features. As there can be a large number of combinations of candidate mo-
del and pose hypotheses the method is relatively time consuming. The other end of the
methodological spectrum is occupied by geometric hashing[7] [6] or hough transform
methods [9] where all the scene features are used jointly to index into a model database.
Once a model is invoked its pose and verification can be accomplished by means of mo-
del back projection. This approach is likely to require a smaller number of hypothesis
verifications. However its success is largely dependent on the ability reliably to extract
distinctive features.

In an earlier work [10] it was argued that an effective object recognition method
should be based on the extraction of relatively simple features as only such features
can be reliably detected in complex images. The distinctiveness of such features can be
enhanced by relational measurements. However, these should be of low order to mini-
mise the combinatorial computational complexities of both the feature extraction and
model matching, and to maximise the probability of the features being observable. It
was also argued that the processes of model invocation and pose estimation should be
combined into a single, unified matching mechanism. As a suitable tool to achieve the
latter objective the evidence combination method of relaxation labelling was advoca-
ted. The method uses an attributed relational graph for scene and model representation
employing only unary and binary relations which are made invariant to any pertinent
geometric transformation group.

The actual implementation of the method used as features interest points on occluding
and surface texture boundaries. The method was shown to work well in experiments
involving both synthetic 2D and real 3D objects in cluttered backgrounds. However, it
was found that its ability to recognise objects deteriorates for complex scenes containing
many objects when the size of each object becomes inevitably small. In such situations
the extraction of interest points becomes very unreliable and as a result the recognition
performance degrades. It was noted that in contrast, under scaling, regions remain stable
over a large range of scales. In this paper we propose the use of region based features
for attributed relational graph representation of scene and model objects. Apart from
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its desirable stability under scaling, the proposed representation can naturally exploit
powerful cues such as region colour in the recognition process.

The paper is organised as follows. In the following Section we described the propo-
sed representation. The relaxation algorithm adopted for the attributed relational graph
matching is described in Section 3. The experiments carried out and the results obtained
are presented in Section 4 . Section 5 draws the paper to conclusion.

2 Representation

In this section we address the problem of affine invariant representation of both scene
and model based on regional features. For this purpose we regard an image of the scene
or model as a set of regions. Then for each region we provide a basis matrix which allows
us to transform the region to a normalised space in which the corresponding regions of
model and scene are identical. Eventually we construct an Attribute Relational Graph in
which normalised regions are considered as graph nodes and binary relations between
region pairs constitute graph links.

It has been shown in [11] that a matrix B which possesses the following properties
can be used to transform a region to an invariant space:

1. B is a non-singular matrix.
2. Matrices B and B′ associated with corresponding regions R,R′ respectively are

related as B′ = BT where T is a transformation matrix which maps R to R′ .In
other word R′ = RT .

Such a matrix is called basis matrix.
Using the basis matrix, B, barycentric coordinates of an arbitrary point P of region R
can be defined as :

CB(P ) = PB−1 (1)

The defined coordinate system is transformation group invariant since an arbitrary point
P of region R and the corresponding point P ′ of region R′ have the same barycentric
coordinates:

CB′(P ′) = CBT (PT ) = (PT )(BT )−1 = CB(P ) (2)

The barycentric coordinates can be used as unary relations of region R. Similarly, a
binary relation matrix Aij associated with a pair of regions Ri and Rj can be defined as
Aij = BiB

−1
j . Considering A′

ij as binary relation matrix related to R′
i and R′

j( corre-
sponding regions of Ri and Rj in the scene ), we can readily show that:

A′
ij = B′

iB
′−1
j = (BiT )(BjT )−1 = BiTT−1B−1

j = Aij (3)

Thus the binary relation matrices are transformation group invariant as well.
For affine invariance it can be shown that the following matrix has the properties of basis
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matrix which transforms an arbitrary region R to a normalised region with unit area[11]:

B = Kn


 1 0 0

−u1,1/u0,2 k 0
0 0 1




−1

×

 cx −x0 y0 − cy 0

cy −y0 cx −x0 0
x2

0 +y2
0 −y0cy −x0cx x0cy −y0cx kn




−1

(4)

where points C(cx, cy) and P0(x0,y0) are two reference points of region R, kn is the
distance of the two reference points, k = kn/(Area of region) and u1,1,u0,2 are the
second order moments of the modified region R.

In the proposed method we regard the centroid of a region as a one of the required
reference points. The way the second reference point is selected is different for scene and
model. In the case of the model the highest curvature point on the boundary of the region
is chosen as the second reference point, while in the scene for each region a number of
points of high curvature are picked and consequently a number of representations for
each scene region are provided. The selection of more than one point on the boundary is
motivated by the fact that an affine transformation may change the ranking and distort
the position of high curvature points.
Given a set of regions and their boundaries we construct the associated bases using the
above reference points. Each region and the corresponding bases constitute a node in
the image representation graphs. Unary attributes of the graph can be defined as the
barycentic coordinates of some representative points measurable in both scene and mo-
del images. In addition, other auxiliary attributes such as region colour can be defined
for this purpose. As well as binary geometric relations Aij , as we could define chromatic
relations by considering the respective colours of the two regions.
Now we represent the model graph as Ğ = {Ω, X̆ ,Ă} where Ω = {ω1,ω2, · · · ,ωM}
denotes the set of nodes (normalised regions) and X̆ = {x̆1, x̆2, · · · , x̆M} is a set of un-
ary measurement vectors where for each node ωi we have a vector of measurements
x̆i including colour, second order moments of the normalised region and the barycen-
tric coordinates of a number of judiciously selected points on the region boundary.
Ă = {Ăij |(i, j)i, j ∈ {0,1, · · · ,N}, i 6= j} represents a set of binary measurement vec-
tors associated with the node pairs so that each measurement vector Ăij associated with
a pair of nodes ωi and ωj contains the binary relation matrix and the size ratio of the
two regions.

Similarly, the graph ,G = {a,X ,A}, represents the scene image.The only thing that
makes a significant difference in scene representation is that more than one bases are
provided for each scene region. The multiple representation for each scene node is
defined in terms of a set of unary measurement the vectors xk

i where index k indicates
that the vector is associated with the kth representation of the ith node. Also each pair
of the regions ai and aj and the associated bases Bk

i ,Bl
j define binary relation Akl

ij . The
multiple unary measurement vectors xk

i and binary relation Akl
ij constitute the combined

unary and binary relation representation




x1
i

x2
i
...

xL
i


 and




A11
ij A12

ij · · · · · · A1L
ij

A21
ij A22

ij A2L
ij
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...
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3 Matching

The graph matching problem has been approached in many different ways in the com-
puter vision literature. Many attempts to reduce the inherent complexity of the graph
matching problem have been reported. Among the proposed methods the relaxation la-
belling is recognised as one of the most effective methods. The technique was introduced
by Rosenfeld Hummer and Zucker[2]. The method uses contextual information to update
the probability distribution of labels of each node of graph in an iterative manner. The
major criticism of the early relaxation algorithm was that its foundations and design me-
thodology were very heuristic. However the subsequent work of Hummer and Zucker[2]
and Kittler and Hancock [8] overcame these major points of criticism. In particular [8]
provided theoretical underpinning of probabilistic relaxation using a Bayesian frame-
work. This work was further extended by Christmas et al[12] by incorporating binary
relation measurements into the relaxation process. The introduction of measurements
throughout the relaxation process made the relaxation labelling approach more efficient.
We have adopted the relaxation labelling technique of [8] and [12] and adapted it to
our problem of matching a scene graph with multiple representations. The problem
considered contrasts with previous application of relaxation methods where a unique
representation exists at each node of the scene graph. Similarly to [12] we add a null
label to the label set to reduce the probability of incorrect labelling. The essential dif-
ference in our matching problem is that the product support function derived in [12] is
not applicable due to the scene clutter driving the total support to zero, thus masking
the coherent support even from consistently labelled objects. For this reason we have
adopted the benevolent sum support function to measure the supporting evidence from
the neighbouring objects as in [8].
We formulate the matching problem as one of assignment of a proper label from the label
set Ω = {ω0, · · · ,ωM} to each object of a = {a1, · · · ,aN} where label ω0 is the null
label assigned to the objects for which no other label is appropriate. Let p(θk

i = ωθk
i
)

denote the probability of label ωθk
i

being the correct interpretation of object ai using

the kth representation where k ∈ {1, · · · ,L} and L is the number of representations for
object ai . In the iterative process we consider all possible assignments for object ai

and the related probabilities using their previous values and supports provided by other
objects. As mentioned before we combine the iteration rules in [12] and [8] to derive a
new iteration formula defined as:

p(n+1)(θk
i = ωθk

i
) =

p(n)(θk
i = ωθk

i
)Q(n)(θk

i = ωθk
i
)∑

ωλ∈Ω p(n)(θk
i = ωλ)Q(n)(θk

i = ωλ)
(5)

,

Q(n)(θk
i = ωα) = p(n)(θk

i = ωα)
∑
j∈Ni

∑
ωβ∈Ω

p(n)(θ
lj
j = ωβ)p(Aklj

ij |θk
i = ωα,θ

lj
j = ωβ)

(6)
where function Q quantifies the support that assignment (θk

i = ωα) receives at the nth
iteration step from the other objects in the scene and lj is the lth representation currently
active at node aj .
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As can be seen from the support function, we involve only one of the available repre-
sentations for each neighbouring object at a time in the support evaluation and it is
shown as index lj . We shall refer to it as the most likely representation. Although at
the beginning of the algorithm the most likely representation for each object is selected
randomly, after updating object label probabilities for all the graph nodes we find the
most likely representation for each object by computing the representation entropy. The
representation with the minimum entropy of labelling assignment identifies the most
likely representation.
In the first step of the process the probabilities are initialised based on the unary mea-
surements extracted. Denote by p(0)(θk

i = ωθk
i
) the initial label probabilities evaluated

using the unary attributes as:

p(0)(θk
i = ωθk

i
) = p(θk

i = ωθk
i
|xi) (7)

Applying the Bayes theorem we have :

p(0)(θk
i = ωθk

i
) =

p(xk
i |θk

i = ωθk
i
)p(θk

i = ωθk
i
)∑

ωα∈Ω p(xk
i |θk

i = ωα)p(θk
i = ωα)

(8)

Let ζ be the proportion of scene nodes that will assume the null label. Then the prior
label probabilities will be given as :

p(θk
i = ωλ) =

{
ζ λ = 0 (null label)
1−ζ
M λ 6= 0

(9)

where M is the number of labels (model nodes).
Assuming that the distribution function of errors in unary measurements is Gaussian and
statically independent we can express the distribution function as :

p(xk
i |θk

i = ωα) = Nxk
i
(x̆α,Σu) (10)

where Σu is a diagonal covariance matrix for measurement vector xk
i which depends

on the noise level in the extracted unary measurements. In support function Q the term

p(Aklj
ij |θk

i = ωα,θ
lj
j = ωβ) behaves as a compatibility coefficient in other relaxation

methods. In fact it is the density function for the binary measurement Aklj
ij given the

matches θk
i = ωα and θ

lj
j = ωβ where index lj refers to the current most likely represen-

tation for object aj . To define the binary distribution function we centre it on the model
binary measurement ˘Aαβ and assume that deviations from this mean are modelled by a
Gaussian. Thus we have:

p(Aklj
ij |θk

i = ωα,x
lj
j = ωβ) = N

Aklj
ij

(Ăαβ ,Σb) (11)

where Σb is the covariance matrix of the binary measurement vector Aklj
ij .

The iterative process will be terminated in one of the following circumstances:
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1. In the last iteration , none of the probabilities changes by more than threshold ε.
2. The number of iterations reaches some specified limit

It seems reasonable that the representation of each object to be considered is the most
likely representation. With this strategy we will assign to each object the most unambi-
guous labelling at any point in the iterative updating process.

4 Experimental Results

In this section, we provide some preliminary results to demonstrate the potential of the
proposed method. We start by demonstrating one of the key advantages of our method
with respect to the previous work[10], which derives from the adopted representation.
As discussed in Section 2 dealing with representation, we normalise each region using
two reference points chosen on the region. In our method the region centroid and a high
curvature point on the region boundary are selected as reference points in contrast with
the previous work[10] in which both reference points were picked from among points
of high curvature.

(a) (b) (c)

Fig. 1. A sample region at different scales

To illustrate our motivation for this choice consider figure 1 where a region and its
scaled instances are presented. It should be noted that for clarity small objects are not
shown in real size. For comparison the points of high curvature and the region centroids
corresponding to the regions are shown in figure 2. As can be seen under scaling interest
points may disappear or their relative position changed and this will affect the reference
bases computed for each object . This instability will further be aggravated by noise,
imaging transformation and change in orientation. In contrast the position of the centroid
is considerably stable. This is why we use the region centroid as one of the reference
points in our representation.
To give an intuitive feeling for the effect of the region normalisation we consider two

corresponding regions, shown in figure 3a which have been obtained as a result of diffe-
rent affine transformations. The marked points on the regions are the extracted reference
points for each region. The result of normalisation are shown in figure 3b. As one can
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Fig. 2. Interest points and region centroids extracted for regions in Fig.1
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Fig. 3. normalised representation of sample region

see there is a negligible difference between the region boundaries, which is due to the
presence of error in the determination of the corresponding reference points.
We now proceed to demonstrate the recognition ability of the proposed method in a

realistic scenario involving real images. Shown in figure 4a the object to be recognised
is a cereal box. A relatively clear, close-up view of the object is used as the model image.
In figure 4b we show a number of regions in the model image used for object representa-
tion. We used the colour segmentation method proposed in [3] to extract image regions.
The matching method is applied to complex test images containing a number of other
objects. Two examples are shown in figure 5 and 6. As can be seen imaging viewpoint
on the scene is such that the object of interest in these test images is significantly smal-
ler than the model and the related regions are considerably deformed. Also the scene
images and the model image are taken in different illumination conditions. Figures 5b
and 6b show the regions in the test images which have been correctly interpreted. They
are presented as black and gray regions. Although there are relatively a large number
of regions in the scene images (75 and 56 regions in figures 5b and 6b respectively),
the method is able to recognise about 80% of the model regions correctly while all the
irrelevant regions in the test images take the null label.
In our implementation we chose three bases for each scene region to provide a relatively
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(a) (b)

Fig. 4. The model image and a number of constituent regions

reliable representation. Note that the improved robustness resulting from the use of a
multiple representation for each region was inevitably achieved at the expense of increa-
sed complexity of the method. As mentioned in the representation section we use region
colour as one of the unary measurements associated with each node in the ARG graph.
Since the test images are taken in different illumination conditions we use the YUV
colour system with emphasis on the chromaticity components U and V which contain
pure colour information. The intensity component Y is ignored in the matching stage.
Interestingly the iterative process converges fast. After five steps the difference bet-
ween the corresponding label probabilities in two successive steps is negligible(less
than .0001). It should be also mentioned that the matching algorithm is insensitive to
parameters Σu and Σb which have been determined experimentally.

5 Conclusions

We addressed the problem of object recognition in computer vision. An invariant repre-
sentation of the model and scene in the form of Attributed Relational Graph with focus
on region based measurements rather than purely interest points has been proposed.
This approach enhances the stability of scene image representation in the presence of
noise and significant scaling. The robustness of the representation is further enhanced
by employing a multiple region representation at each node of the ARG.
The matching of scene and model ARGs is accomplished using probabilistic relaxa-
tion that has been modified to cope with multiple scene representation. The preliminary
results obtained in experiments with real data are encouraging.
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(a) (b)

Fig. 5. Test image1 and related regions

(a) (b)

Fig. 6. Test image2 and related regions
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