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Abstract
A key step for the effective use of local image features
(i.e., highly distinctive and robust features) for recognition
or image matching is the appropriate grouping of feature
matches. Spatial constraints are important in this grouping because, during a recognition process, they allow for
the reduction of the number of hypotheses that must be verified and also reduce the number of false positives present in
each of these hypotheses. A common choice for this grouping task is to use the Hough transform on the global spatial transformation parameters of the hypothesized matches.
Here, instead, we use semi-local spatial constraints which
allow for a greater range of shape deformations. A comparison with Hough transform shows that our method is
more robust to both rigid and non-rigid deformations. Its
functionality is demonstrated in an exemplar-based object
recognition system that deals well with severe non-rigid deformations. We also show the efficacy of our flexible spatial
grouping for long range motion problems.

1.. Introduction
The complexity of the image descriptor (also called indexing primitive) used for image representation in an object recognition system has a great impact on the design of
a recognition system (for a thorough discussion, see [7]).
Complex global/semi-local image descriptors (e.g., generalized cylinders [3], geons [2], superquadrics [17], among
others) reduce the complexity of the model by decreasing
the number of descriptors necessary for the representation.
This allows for a sparsely populated database of model features, which causes a reduction in the complexity of the
search and verification steps. However, these image descriptors are difficult to extract and sensitive to partial occlusion. Alternatively, simple local image descriptors (e.g., 2D
points [13]) are easy to extract, robust to rigid deformations and partial occlusion, but sensitive to background clutter and non-rigid deformation. Unfortunately, their low distinctiveness typically results in an overpopulated database
of model descriptors due to the large number of descriptors necessary to form a model. Therefore, systems based on
simple local descriptors have complex search and verifica-

tion steps, where the latter step depends strongly on global
pose determination.
In this context, there is a recent surge of interest in more
complex local descriptors that aim at finding a good balance between detectability, robustness to image deformation, and distinctiveness. The goal is to increase the robustness to background clutter and to reduce the complexity of
the search and verification steps. For example, in the literature we find descriptors based on: principal components
analysis of image patches [8, 16], Gabor filter responses
[12], wavelet coefficients [23], differential invariants [22],
local phase features [4], and histograms of local filter responses [14, 20].
Nevertheless, as the size of the database of object models grows, the false detection rates for correspondences between test image features and database features also increases. As a result, pose determination is still a necessary step for the grouping and verification stages in systems
based on complex local image descriptors. The use of pose
in the grouping stage stems from the fact that the search for
similar descriptors in the database of models usually returns
a relatively large set of correspondences where the number
of inliers tends to be small. The critical point here is certainly the explosion of the number of hypotheses generated
due to the large size of the set of possible correspondences.
Furthermore, the detection of multiple instances of an object depends on the pose determination (i.e., each different
instance will be grouped separately based on its pose). Finally, the verification step also uses pose in order to reduce
the number of false positive detections. The overall system
therefore relies on both correspondences and spatial structure to accept a hypothesis.
Pose can be represented using global and semi-local
models. Global pose determination is based on some underlying transform (e.g., rigid, affine, etc.), where, usually,
the positions estimated for the correspondences are relaxed
a bit so that the system can accept small deformations from
the chosen class of transforms (see [1, 8, 12, 14, 26]). These
methods impose a limitation on the type of objects suitable
for recognition. Specifically, objects that can suffer a greater
range of deformations are not suitable.
An alternative approach to global pose determination is
based on semi-local pose determination, which is capable

of dealing with a larger range of deformations. Thus, it provides an appropriate framework for both rigid and flexible
objects. In [21, 22], the authors use semi-local geometric
constraints, but its use is limited to the verification stage.
Semi-local constraints are explored in an iterative grouping
stage in [24], but the system relies upon global constraints
for the final verification.
In this paper, we present new methods for feature grouping and verification based on semi-local spatial constraints.
Hence, we do not use global constraints in any step of our
recognition system. The method involves two components,
namely pairwise constraints and geometric predictions. The
first component represents pairwise geometric constraints
amongst neighboring features. The second component generates predictions of the location, scale, and orientation
of each feature, based on these pairwise constraints. This
method not only enables the grouping of image descriptors
that underwent severe non-rigid deformation, but it also allows for the verification of multiple instances of the same
object in an image. A comparison with the Hough transform, which is a classical grouping method based on global
spatial coherence, shows that our method provides groups
that are considerably more robust to rigid and non-rigid deformation, and typically returns groups with a greater percentage of inliers. An exemplar-based recognition system
was developed to demonstrate the efficacy of the semi-local
spatial constraints proposed here, and the results show impressive results with respect to extreme non-rigid deformations, in addition to robustness to illumination changes, partial occlusion, and rigid deformation. This approach has applications in other areas, such as long range motion problems, which is also demonstrated below.

2.. Semi-local Spatial Constraints
Here we introduce the specific semi-local constraints we
use and then, in section 2.2, show how these constraints can
be used to make geometric predictions. The pairwise relations are used to form groups of features from the correspondences set, and geometric predictions are used to eliminate remaining outliers from those groups (see section 3),
and also to verify the correctness of the hypothesis provided
by each group (see section 4).

2.1. Pairwise Relations
Suppose that the local image descriptors are extracted
from interest points 
detected in an image  according to a local image feature method. In particular, each
local
image descriptor forms a feature vector     
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Figure 1. Example of position prediction. Given
the features from the model MONQPSR and their correspondences M2N T P R , for UWVXM2Y0Z\[Z\]R , we want to estimate the position of NT ^ . Its probable location (represented by a dotted ellipsoid) is based on a Gaussian distribution computed using the position of
the correspondences in the test and model images
and the pairwise variances _ab9
` c N P ZNdfe estimated in
the learning stage.
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3.. Grouping Based on Pairwise Relations
Given a set of test image features, the set of correspondences formed from the search for matching features in the
database (e.g., using nearest neighbor) usually generates a
large hypothesis space for the recognition system. Typical
grouping and verification stages rely on the global spatial
configuration of features to constrain this hypothesis space.
An example of such a grouping method is RANSAC [25],
which estimates the global spatial deformation of features.
This is a poor choice for our purposes here due to the extremely low ratio between inliers and outliers in the correspondences set, as also noted in [15]. This issue is rarely
addressed in object recognition systems which use complex
local features, with the exception of [15], where Lowe selects the generalized Hough transform for the task. The key
problem is that the Hough space which is used is a similarity transform space (i.e., a global spatial constraint) with
large bin sizes selected to accommodate other spatial deformations. Due to the large bin sizes, Hough clustering for
local features usually produces a large number of groups,
where each group has a low number of true inliers (especially given a non-rigid deformation). Here, we propose a
new grouping approach that is more robust to a broader
class of deformations, which aims at reducing the number
of groups, where each group has a higher number of in-
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Figure 2. Grouping based on pairwise relations.
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represented by the submatrix  (see Fig. 2).
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? 7 de
scribed in [15], where bin sizes are set
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follows:
for
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rotation, factor of 2 for scale, and V times the maximum model diameter for translation, and each hypothesis
is hashed into the 2 closest bins in each dimension in order to reduce bin boundary effects. For both cases, the minimum number of correspondences to form a group is set at
 of the total number of features extracted from the model.
The comparisons are presented in Fig. 3, where the
model image is presented either on top or left of the image, while the bottom/right image shows the test image.
The table titled ‘Pairwise Clustering’ shows the results for
our method, and the ‘Hough Transform’ table presents the
result for the same image pair using the Hough clustering method. We show the correspondences formed by each
grouping method as lines between the model and test images. For all the cases, we only show the group that clustered the highest number of features.
Fig. (3-a) shows the robustness of our method to deformations produced by articulated objects. Note that the
Hough transform only matches a piece of the object whose
deformation is close to a similarity transformation. Fig. (3b) shows an example with the articulated model ‘hedvig’
(see Fig. 6). Notice that while the Hough transform can
only deal with roughly rigid transform (upper part of the
Hedvig’s body), our method is capable of clustering Hedvig’s foot in the same group as the upper part of her body.
We also show in Fig. (3-c) the robustness of our method
to non-rigid deformation with the model ‘kevin’ (Fig. 6).
Here, the Hough transform is unable to correctly cluster the
face’s features in the group with the highest number of features.
In order to show the efficacy of our approach with respect to rigid deformation, we considered the long range
motion problem using the Wadham and Merton college sequences downloaded from the U. Oxford’s Visual Geometry Group’s web page. In this problem, we considered the
groups formed by our approach and Hough transform to
compute the F matrix [10]. We use RANSAC [25] in order to estimate F, and apply the following error measure to
calculate the number of inliers: a feature is considered an inlier if its location is within 4 pixels of the epipolar line computed with the F matrix.
Fig. 4 illustrates an example of the epipolar lines computed from the image pair Wadham 1 and 5 using both clustering methods. In Fig. 5, we present the proportion of inliers in terms of the set size produced by each grouping

Pairwise Clustering

Hough Transform

Pairwise Clustering

(a)
Hough Transform

(b)
Figure 4. Epipolar lines computed from the algorithm described in [10] using the initial set of correspondences given by each clustering method
(i.e., pairwise clustering and Hough).

(c)
Figure 3. Comparison between our grouping

method. The curves were obtained by varying all the parameters of our grouping method and varying the bin sizes
of the Hough transform. Notice that for sets of equal size,
the use of pairwise clustering for rejecting outliers generally
provides a higher inlier ratio than Hough transform, which
indicates a better robustness to rigid deformations.
Finally, it is worth noting that the time complexity of
our clustering algorithm is U  , where  is the maximum
number of correspondences between features in the test image with features in a single model, and for Hough clustering, the complexity is U+=  6  . For the examples shown
above, we had +=  6 "  , and both grouping algorithms
exhibited comparable running times.

4.. Verification
In order to assess the hypothesis that a particular object is
present in an image, we propose a verification stage based
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method (left column) and Hough clustering (right
column). The lines represent the feature correspondences that were grouped together by each
method. (a) Note that while almost all features between the model (top) and the deformed model
(bottom) can be clustered in the same group using our method, Hough clustering can only group
features that suffered a roughly rigid deformation.
(b) Our method is able to cluster the foot features
of the model (left) in the same group as the upper
body features. Since Hough transform assumes a
roughly rigid deformation, it fails to place the foot
features in the same group as the upper body features. (c) While our method is capable of clustering the features in the same group, Hough clustering fails.
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Figure 5. Proportion of inliers from the sets (of
varying size) provided by each of the clustering
methods.

on a probabilistic framework that uses not only the correspondences in terms of phase correlation, but also the semilocal spatial constraints. The object recognition method can
be divided into the training and testing modes. Assume that
there is a pool of images 0  N~NJJJJ that is divided into 2
sets, namely the model and random image sets. The model
images set is    N~NJJJJ  , while the random images set
is 0    d ~@JJJJ  . During the training mode, we take each
model image and learn the following feature distributions:
a)  on  6 D   72@   , i.e., the probability of observing phase
correlation 6 Y   7  given that the feature 7 is a true match
for the feature Y ; b)  off  6   7 , Y  , i.e., the probability of
observing phase correlation 6 D   72 given that the feature
 7 is a false match for the feature  ; and c) feature position,
main orientation, and scale uncertainties. We also learn the
feature detectability  det D  , which is the probability that
an interest point is detected in the test image at the same
object neighborhood location  of feature Y .  on ,  det , and
the uncertainties are learned using a set of image deforma-

tions as described in [6], while  off is learned using the random images set.
From the training
- mode, we build the database of models, namely  1 ~  , where the model features are formed
by
- the filtered set of features  9 (see [6]), for example
  0  B Y21  3  9 . In
B we take a
; the testing mode,
test image , where 3v
    V]VV  : (i.e., is not in the
pool of images
stage), extract its lo- B used in the learning
B
0Y 1  :3L , search for similar local
cal features
features in the databaseG ofB features, thus forming the set of
 . Given the correspondences, we
correspondences  1 ~
perform the grouping procedure forming the set of clusters
G B
 I ¢    1  ~ . Each cluster is a hypothesis that a particular object is present in the image, so our goal is to determine
if
- any of the clusters I  represents an instance of the object
 . From the computation of the affinity matrix (4), we
know that all the features clustered
in the same group match

features
from
the
same
object
.
We only process groups
G B
I   . with a minimum number of correspondences. Let
us first define the set ofG pairings for all model features
B
- 7 3  from- group
I   . , as    I  L¢   7,21  7 3
B
x  r 3
s.t. D r¢-   7 3 I  . Therefore, we want to
define the posterior L U1  ¢X , where represents the
geometric configuration of features (i.e., their position  ,
scale  , and main orientation  ), which can be defined as
(using Bayes rule):
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In the last term, we assume uniform distribution
of position, main orientation, and scale given a
background feature.
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Finally, we accept a hypothesis if L U1  ¢XxP
V* ,
and the maximum distance between test image features is
bigger than a threshold , i.e., assuming  is the position
&  3
I  , we require
of test image
feature  with D   }
-

L{,+0  r

b fYh D) ^ /h .f
\*)Nc d \*.1c 0

P RO4 (this is done to avoid a large

number of features all in a small area of the image).

5.. Results
We considered the problem of exemplar-based recognition using a database of 15 objects shown in Fig. 6, and
we use the same parameter values as described in section 3.
Also,
that a specific model is present
? ?}?%expectation
? ;
- the prior
L
   V
, and the maximum distance
between test
?
V , where  is
image features must be at least Rf4 
the maximum model diameter. Our database has roughly
10,000 features, which were extracted from the objects in
Fig. 6 during the learning stage. Our tests (Fig. 7) were conceived to demonstrate the ability of our system to deal with
non-rigid/rigid deformations, partial occlusion, and brightness changes. Finally, we also show an experiment on the
long range motion problem, where the model ‘fleet’ is being filmed by a hand held camera. Given the image on the
top-left corner of Fig. 8, we try to find the model throughout the sequence. In this case, we used the match correspondences to estimate the parameters of the affine transform of
the model silhouette [5], but note that these parameters are
used only for display and not for verification.

6.. Conclusions
We presented novel methods for feature clustering and
verification based on semi-local spatial constraints. The use
of spatial constraints is necessary to reduce the number of
object matching hypotheses to investigate and also to increase the number of inliers in each hypothesis. Although
less restrictive than global spatial constraints, semi-local
spatial constraints are shown to be adequate for systems

(a)

Figure 6. Model database. From top to bottom,

(b)

left to right: baking soda, kevin, plastic toy [11],
snake of cans, rice snaps [11], nestle shreddies
[11], hedvig, tiger, tetley tea box, fleet, dudek,
torso, vaseline [19], tissue box, and wooden toy
[19].

based on complex local features. Moreover, semi-local constraints are able to cope with a broader range of deformations.
The feature clustering method proposed here is shown to
be consistently better than the Hough transform when dealing with rigid and non-rigid deformations. The functionality of this method is shown with an exemplar-based recognition and long range motion tasks, which illustrate its robustness in terms of a wide range of image deformations. It
is interesting to note that this system might also be adapted
to categorization problems given the false positive detected
in Fig. (7-e), which will be considered for future research.

(c)

(d)
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