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Abstract.  This report presents a new technique for visual matching
of images for the purpose of object recognition and shape mathing by
employing a multi-hypothesis approach. The approach is based on an
analogy between multi-robot localization and object recog nition. The
algorithm is recursive with each individual step verifying fragments of
di erent objects while guiding the focus towards discrimin ative regions
and the sequence of resulting steps producing the overall reognition
result. The method provides a novel framework to utilize the compli-
mentary techniques developed in the eld of multi-robotics to improve
the solutions to conventional recognition problems. Exper imental results
on standard image databases validate our approach and demorstrate its
e cacy.

1 Recognition Vs Multi-Robot Localization

Object recognition is an important task in computer vision. Di erent schemes
have been proposed in the past for performing the recognitio task, ranging from
nearest neighbor search and Hough-based grouping [10] to ¢huse of vocabulary
trees [11]. Although these approaches have helped us gain tate of maturity in
this eld, they are limited in their ability to discriminate among objects with high
appearance similarity. Most approaches use feature desgtors to distinguish
between objects, which only describe a small amount of infanation that could
be used for discrimination. For instance, SIFT-based featues are not detected
at edges and other salient regions, which are crucial in thedenti cation of the
objects. Another drawback of these approaches is that the irage is processed in
a sequence of steps avoiding the use of feedback informatioReedback helps in
guiding the focus towards distinguishable regions enablig discrimination even in
presence of high appearance similarity. While there has nobeen much research
to tackle these problems in the recognition community, thele has been signi cant
amount of work in the recent past in the area of multi-robotics, addressing similar
issues in the context of robot localization [6, 14]. In this @per, the complimentary
techniques developed in this eld are adapted to tackle the &ove problems.
The motivation behind our approach is based on the realizatbn that recogni-
tion and multi-robot localization attempt to solve similar problems. Analogous to
the way a swarm of robots explore their surroundings and nd amatch between
their local map (deduced from their sensor data) to the glob&dmap provided to
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Fig.1. Schematic description of the approach

them; in object recognition, a swarm of “points of focus' exfpore an image and
nd its corresponding match in the image database based on tk local features
extracted by them. The additional complexity here is introduced by the projec-
tive distortions of the input image rather than simple rigid transformations.

Our approach utilizes the recent advances in the eld of colaborative multi-
robot localization [6] and exploration [3] to perform the recognition task. An
initial set of feature correspondences is rst generated. ie method anchors on
them and gradually explores the surrounding areas, trying b construct more
and more matching features. As the extent of matched featurs increases, so
does information available to judge their individual correctness. Overtime, the
con dence of the correct model image increases. In additioncoordination be-
tween di erent focus points is introduced by way of sharing the knowledge of
their relative poses. In similar images, this implies that particles can quickly
discover a disambiguating region. This aspect is exploitedo direct the focus
towards such regions to yield a high recognition accuracy irspite of similarities
in appearance. Fig. 1 illustrates our approach.

2 Cooperative CONDENSATION-based Techniques

CONDENSATION-based techniques belong to the general clasef Monte Carlo
Iters [14] that have been recently used in computer vision br target-tracking [8],
vision-based localization [5] etc. In the context of localzation, CONDENSA-
TION is used to estimate the posex (position and orientation) of a robot at the
current time-step t, given the knowledge about the initial state and all measure
ments Z; = z;;i =1 :::t up to the current time. This is done by approximating
the density (or belief) p(x;|Z') with a set of random particles drawn from it.
Initially, the particles are spread uniformly in the enviro nment and as the robot
explores its surroundings and acquires new measurementde particles converge
to the actual pose. This process is carried out iteratively h two phases, namely
prediction and update. For a detailed review, the reader may refer to [5, 14].
However in certain cases, the samples cannot converge to tlearrect density
if only a single belief is maintained to sample the PDF. Spectally, in case of
localization in a large unknown environment, a single robottakes long time to
localize itself accurately as it requires to explore large arts of its surroundings
to gain su cient measurements. Further in presence of symmdries or ambigui-
ties in the environment, localization is not possible withaut additional a priori



information. To circumvent this problem, the idea of multip le robots simulta-
neously localizing in an environment was proposed in [6]. Usg several robots
introduces a redundancy in the framework, which not only males it more fault-
tolerant but also helps to accomplish the task faster. In this case, a single belief
over all robot locations i.e., L = Ly XLy x:::x L, is computationally de-
manding. To circumvent this problem, a factorial representation is employed for
updating the beliefs, which assumes that the overall distrbution is the product

Apart from a prediction and update phase, there is now additionally adetection
phase.
Detection Phase When one robot determines the location of another relative
to its own, information from one belief function is transfered to another and
both robots re ne their internal beliefs based on each othels estimate using an
observation (or detection) model as

z

Beln(x() = Belp(x() p(Xn = X¢|Xm = X(;Tm):Belm (x)dx: @)

Here p(Xn = X¢|Xm = xf;rm) speci es the conditional probability of how the
weights of the particles of robotn should be updated when robotm has detected
it at a relative pose rp, . In addition to the motion model, a motion strategy also
has to be de ned that describes how the robots should exploréheir environment.
Rather than independent motion of each robot, coordinated notion would better
explore the environment avoiding overlaps between their pths and facilitating
larger areas to be explored in a shorter time [2, 3].

Cooperative strategies have gained recent popularity in coputer vision [16]
and related areas [2]. In [16], cooperation was utilized formutual calibration'
where panoramic cameras on two cooperative moving platformare dynamically
calibrated by looking at each other. As summarized in [2], coperation is not
just that di erent techniques are needed to tackle di erent aspects of a complex
task; rather complementary techniques can assist each othgthus extending the
total e ectiveness.

3 Cooperative CONDENSATION-based Recognition

A single robot cannot localize itself accurately in presene of symmetries in the
environment; similarly, a single point of focus cannot disciminate between simi-
lar objects in the database (See Fig. 2). Thus multiple “cooprating' points of foci
are employed to accomplish the recognition task. We refer tadhe resulting ap-
proach as Cooperative CONDENSATION-based Recognition. Inthe same way
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Fig. 2. Each sub- gure shows similar class of objects in our dataset . Discrimination among these
objects is di cult without employing cooperative strategi es



as multi-robot localization uses a set of particles to appraimate a probability
distribution for the robots' positions in an environment, m ultiple particles are
propagated to localize the pose opoints of focus in an image, which iteratively
converge to the correct model image. The di erent mechanisrs involved in per-
forming the recognition task are explained below.

Representation A “point of focus' is described simply using its poseP in the

input image, while its corresponding particles are represeted using their pose
P, the index of the model imagei and the a ne mapping A relating the input

to the model imagei.e., (PO;A; i). As the input image can be deformed by an
a ne transformation, the a ne mapping is necessary in this ¢ ontext (unlike in

the case of localization). Localization now implies identfying the correct model
imagei and nding the corresponding pose within it for di erent foc us points
iteratively (See Fig. 3).

Prediction and Update Phase In analogy with the formal Itering problem,
the algorithm proceeds in two phases. In the rst phase, whena focus point
undergoes a movement, the motion model is used to predict theew pose of the
particles x; from the set of particles computed in the previous iteration The
particles' motion is dependent on the a ne transformation r elating its pose to
the focus point. In the second phase, a measurememt is obtained by applying
a feature extractor around the particle and the measurementmodel p(z;|x:) is
used to obtain the posterior belief. The new set of particlesare now obtained by
re-sampling this weighted set (See Fig. 3(b) and Fig. 3(c)).

Detection In the task of localization, additional sensors are employd by a
robot to detect the presence of other robots in its vicinity [6]. However, in the
current context, as the relative pose of the focus points is leady maintained
in their state information, no separate detection processs required. By directly
using the knowledge of the points' state, the relative pose btween them can be
deduced. Nevertheless, in case of an unsegmented image, aus point should be
constrained to detect only other points that are exploring the same object in the
test image. To ensure this “visibility' constraint, a coarse edge segmentation is
performed to extract high-level boundaries of various objets and a focus point
is allowed to detect other points that lie within the same cortour.

Detection Phase When a focus pointn is detected by themth focus point and
the relative pose between them ig, the beliefs can be updated using the incre-
mental update equation as in (1). Here the detection modeD denotes themth
particle's belief about the detectednth particle's pose. We use a normal distri-
bution centered aroundr as our detection model. The same process is applied to
constrain the mth particle's pose based on the belief of theath particle. Notice
that (1) requires multiplication of two sample sets. Since amples in Bel,(x;)
and Belp, (xf) are drawn randomly, it is not straightforward to establish corre-
spondence between individual samples in both the distribuibns. The fusion of
such an observation is done by transforming the detection mdel into a density
tree and the density values obtained from this tree are then raltiplied into the
weights of the samples of the detected point [14]. Fig. 3(c) dmonstrates the



e ect of a detection phase, where the reduction in uncertaiy of the particles'
pose can be observed.
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Fig. 3. Graphical illustration of one complete iteration of the alg orithm using two focus points. The
rst gure in each row shows the test image, while the rest fou r display the candidate images. (a)
Sampling of particles (b) Measurement update (c) Motion upd ate (d) Detection update (e) Result
after third iteration. In spite of similarities, discrimin ation is accomplished in very few iterations.

Observe in (d) that uncertainty of focus point (in breast reg ion) is reduced by its detection by the

localized focus point (in head region).

Re-sampling After each iteration, all particles that are connected to a focus
point are re-sampled based on their posterior beliefs, no mter which model
image they belong to. Consequently, a wrong model image loseall its parti-
cles, which get clustered in the correct candidate image. Rdher, re-sampling
is also performed on the focus points. Notice that as the algithm progresses,
the number of particles attached to a focus point exploring a incorrect image
region decrease. The re-sampling process ensures that symbints are eliminated
and the weights of other focus points are renormalized, thuglirecting the focus
towards the regions of interest. This equips the method to tzkle unsegmented
images.

Coordinated Motion Strategy A key question when employing multiple foci
is to move them in an optimal manner to explore the entire imag and facilitate
faster and improved discrimination. The problem here is to rot only devise an
e cient motion strategy for a single focus point but also coordinate the actions of
multiple points. The idea is to "actively' choose di erent actions for the individual
foci so that they simultaneously explore di erent areas of the input image [3]. To



achieve this, we maintain a global map not only to keep track & explored areas
but also to plan and coordinate paths of di erent foci. Occupancy grids [14]
are employed to integrate information from across multiplefocus points. In this

context, the cells of the grid correspond to the pixels in theimage. The explored
area by each point is tracked and the possible target locatins are identi ed

using a frontier cell approach [14]. Instead of moving all péticles to the target

points that have the minimum travel cost, the "utility' of un explored positions
is also considered. It provides information about the area hat is expected to be
“visible' when a focus point reaches a target point. If a foca point has already
moved to a particular frontier cell, the utility of that cell (and other cells in
its vicinity) can be expected to be lower for other focus poiits. Based on this
information-theoretic measure, di erent target position s are alloted for the focus
points, thus avoiding multiple foci to cluster in a small region.

Algorithm 1 Determining the Optimal Action for each focus point
Determine the set of frontier cells
Compute for each focus pointi the costV;' for reaching each frontier cell
Set the utility U; of all frontier cells to 1
while there is one focus point left without a target point do
Determine a focus pointi and a frontier cell t which satisfy: (i;t) =

.0
arg max o0 (Upo — Vb))
Reduce the utility of eag:h target point t* in the visibility area according
to Upo « Upo —P(|[t —t]])
end while
end

The cost of reaching the frontier cells is directly proportional to the distance
between the current and the target cell. It is computed usinga variant of the
value iteration scheme [14]. The utility of a cell depends orthe probability that
the cell is visible from a target cell that is assigned to anoher focus point.
If a target point t’ is selected for a particular focus point, the utility of the
adjacent frontier cells at distanced from t* is reduced according to a probability
distribution P(d). In our experiments, we setP(d) as 10— W’ where
maxRange is the maximum possible distance between two foci. Thus evgrfocus
point is assigned to a target location that has the best tradeo between the
utility of the location and cost of reaching it. Algo. 1 summarizes the devised
motion strategy. Observe in Fig. 3(b,c), that the focus poirt exploring the breast
region of the bird could have chosen a target point towards tle neck region.
This would have made both the focus point cluster together, hus delaying the
discrimination of the objects. By introducing the modi ed s trategy, the focus
point was directed towards the tail region facilitating faster discrimination. It
must be noted that the above devised strategy is inspired frm the exploration
algorithms in the robotics domain. Simpler strategies may ke formulated in the
current context as the motion of focus points is less constrimed than that of
robots.



4 Experimental Results and Analysis

In this section, we present su cient analysis to demonstrate the advantages of
our approach and also compare it to the state of the art methoad. The approach
was implemented and tested on standard image databases. THmsic implemen-
tation of the algorithm can be summarized into the following steps.

1. Initialize focus points in the test image and its correspading particles in
the model image
2. For each focus pointV, perform the following steps
3. Obtain the optimal action for V using Algo. 1 and moveV accordingly
4. For each corresponding particlem associated withV, perform the following
steps
{ Predict its new pose using the Motion Model
{ Update its weight using the Measurement Model
5. Perform a detection and update the weights using the Detetion Model
6. Re-sample the particles based on their posterior beliefs

We report our results on the Amsterdam Library of Object Images [7] (ALOI)
and the Columbia Object Image Library [1] (COIL). A combinat ion of images
(for each object) were chosen as the model images, while ar@r set of images
were selected as test cases. Before analyzing our resultse wescribe the a ne
mapping, the measurement model and the motion model employein the exper-
iments.

A ne Mapping For every particle, the a ne mapping relating the particle' s
pose in the model image to its focus point in the input image isestimated. This
mapping represents the hypotheses that the pixels in the moel image (around
the particle) have to be transformed in order to make the inpu and model image
match each other. It is computed by describing two equilateal triangles, one in
the input image and the other in the model image, where the trangle is de ned
such that the centroid coincides with the location of the patticle and one of
its vertices coincides with its orientation (See Fig. 4(a)) The transformation is
computed such that the vertices of the triangle in the test image map to those
in the model image. Depending on the pose of the focus point ahthe particles,
di erent hypothesis arise. The reason behind computing an ane rather than a
projective mapping is that the local image deformations canbe reasonably well
approximated by a ne transformations.

Fig. 4. Measurement Model: (a) Rectangle shows the region in which t he histogram of oriented
gradients is computed while the triangle displays the ane m apping. The focus point (red) in the
input image (Fig.b) has the particles (blue) associated wit h it in the model image (Fig.c)



Measurement Model  The weight of a particle is updated by evaluating the
similarity of the measurement acquired by it with that of its corresponding fo-
cus point. The measurement is obtained by computing the hisbgram of oriented
gradients (a robust region descriptor invariant to pose andillumination varia-
tions) [4] in a rectangular region around the particles. Theweight of the particle
is set based on the di erence in the histograms, subject to te a ne transfor-
mation (See Fig. 4(b,c)).

Motion Model When a focus point performs a movement in the input image,
all its particles will also perform a corresponding movemetin the model image,
subject to the a ne transformation. More speci cally, give n the translation and
rotation of the focus point, the transformation is modi ed b y the particle's cur-
rent estimate of the a ne transformation and then applied to it.

To handle the large size of the object database, we retrievethe top few
candidate images to the given input image from the database sing the approach
described in [11] and applied our algorithm on the retrievedimages. This step
limited the number of images to be considered by the algoritm. A set of 500
particles were used for each new point of focus and the numbef foci were varied
to analyze the performance of the algorithm. The particles vere sampled at the
initial interest point matches computed using PCA-SIFT [9] as these locations
have a high probability of being correct. More precisely, a 6cus point is placed
at each key-point in the input image and is connected to the paticles sampled
at possible matches in the model images. On the ALOI, a recogtion accuracy
of 94% was acheived, while an accuracy of 98% was acheived dretCOIL. Fig. 3
shows one particular instance of our approach on binary imags as an application
towards shape matching and recognition. Some sample imagex this dataset
were shown in Fig. 2. In this case, the measurement model wamplemented by
letting the particles perform a range scan, measuring the ditance to the rst
edge for each scan line. Notice that although the test image &as a ne distorted,
the algorithm could still converge to the correct model imagg.
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Fig. 5. Each sub- gure shows objects that are largely similar in app earance yet with some distin-
guishable regions in our dataset. Cooperative techniques a re required to achieve accurate recognition
result within few iterations.

For comparison, we considered the recognition algorithm bsed on SIFT-
based features (as described in [10]). These algorithms exct local invariant
features from both the input and the model images and then math them using



nearest-neighbor techniques. In this case, the considerathtaset was a subset of
objects selected from the ALOI and COIL database that have hgh similarities
in their appearance and thus provide a challenging test caséSee Fig. 5). Using
this method, a recognition rate of 65% was obtained. The wealperformance
was due to the large viewpoint and scale changes apart from #h deformations
and highly visually-similar elements in the images of the skected imageset. This
had resulted in the images having very few keypoint-matchesin addition, the
SIFT-based method uses only three keypoint-matches to fornthe minimal valid
cluster making it more likely of nding a matching group in a wrong model
image. By applying our algorithm, we acheived a recognitionaccuracy of 90%.
Higher discriminative power was achieved not only due to thericher source of
information used (keypoint descriptors + original image data) but also because
the decision about the object identity was based on the infomation densely
distributed over the entire visible portion of the object in the test image. This
suggests that our approach broadens the range of solvablegegnition cases and is
worth exploring. It must be emphasized that without cooperation, the particles
could not localize themselves accurately and the correct nmah to the input
image could not be found. By exploiting the information of the relative pose,
the ambiguities could be easily resolved resulting in high @cognition accuracy.
The utility of the coordinated exploration strategy was also evaluated. With
a simple motion model (e.g., moving forward and re ecting atthe image bound-
aries) and uncoordinated movements, the focus points got astered in a small
region and explored the same image parts. This resulted in aohger time for
localization of the particles, delaying the recognition task. By the use of the
frontier-based exploration strategy along with coordinated movements, the fo-
cus points could optimally explore the entire input image in few iterations. This
facilitated faster discrimination accelerating the recoqition task (See Fig. 6).

15

10

Time taken

B “ 6 B 1o
Number of Focus Points

Fig. 6. Average time needed by a team of foci to explore the test image and identify the correct
match. Observe that the introduction of coordinated moveme nts accelerates the recognition process

5 Conclusions

In this paper, a novel framework for visual matching of image based on an anal-
ogy between the tasks of recognition and multi-robot localkation has been devel-
oped. As an application of this framework, an object recogrtion algorithm that
was able to discriminate among objects in spite of high appeance similarities
was presented. The proposed approach falls under the genérelass of methods



employing a multi-hypothesis framework to perform the recanition task [12,

13,15]. A related work to the current method was discussed rmently in [15],

where a Monte Carlo technique to perform the recognition tak was proposed.
Though the algorithm was demonstrated to be comparable to tle state-of-the-
art methods in its accuracy, it was not e cient in its perform ance due to its
high time- and resource-consumption. Further discriminaton in presence of ap-
pearance similarities could not be achieved. Our approach emonstrates higher
(and faster) discriminative power due to the richer source @& information used

(key-point descriptors + original image data) and because he decision about
the object identity is based on the information densely distibuted over the en-

tire visible portion of the object in the image. More importantly, the approach

provides a means to apply the established techniques devaled in the eld of

probabilistic robotics to improve the solutions to the recognition problems. We

believe this framework would open new avenues in the area ofcognition and
retrieval.
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