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Abstract. We presert a probabilistic framework for recognizing objects
in images of cluttered scenes.Hundreds of objects may be considered
and searded in parallel. Each object is learned from a single training

image and modeled by the visual appearance of a set of features, and
their position with respectto a common referenceframe. The recognition
processcomputes identit y and position of objects in the sceneby "nding

the best interpretation of the scenein terms of learned objects. Features
detected in an input image are either paired with database features, or
marked as clutters. Each hypothesis is scored using a generative model
of the image which is de ned using the learned objects and a model for
clutter. While the spaceof possible hypothesesis enormously large, one
may nd the best hypothesisexciently { we explore someheuristics to do
so. Our algorithm compares favorably with state-of-the-art recognition
systems.

1 Intro duction

In the computer vision literature there is broad agreemen that objects and
object categoriesshould be represerned as collectionsof parts (or features)which
appear in a given mutual position or shape (eg side-ly-side eyes, a nose below
them etc). Each feature contains local information describingthe image cortent
[2,3]. Thereis, however, disagreemeh asto the besttradeo®in this designspace.
On onehand, one may wish to represen the appearanceand position of parts in
a careful probabilistic framework, which allows to generateprincipled learning
and detection algorithms. One example of this approad is the “constellation
model' [4] which has been successfullyapplied to unsupervised learning and
recognition of object categoriesamongstclutter [5, 6]. This approach is penalized
by a large number of parametersthat are neededto represent appearanceand
shape and by algorithmic complexity { as a result there is a practical limit

to the size of the models that one can use, typically limiting the number of
object parts below 10. On the other hand, one nds in the literature models
containing hundreds of features. In this casethe authors dramatically simplify

the way appearanceand position are modeled as well as the algorithms usedto
learn and match models to images.A represenativ e of this approad is David
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Lowe's algorithm [7,8] which can recognizesimultaneously and quickly multiple
individual objects (as opposedto categories).

We are interested in exploring whether probabilistically rigorous modeling
may be extended to yield practical data structures and algorithms for mod-
elsthat contain hundreds of features. To this end, we modify the constellation
model [6,9] to incorporate a number of attractiv e features preserted by Lowe:
using a KD-tree for exciently asseiating featuresby appearanceaswell ascom-
puting feature positions with respect to a common referenceframe rather than
with respect to ead other. Additionally , we pool represenational parameters
amongst features. As a result, it is possibleto learn models quickly basedon
a single example; additionally, the system gains the robustnessassaiated with
using a large number of features while also o®eringan expressiwe probabilistic
model for verifying object presence.One additional cortribution is exploring
excient algorithms for assaiating models with imagesthat are basedon this
probabilistic model and the A* seart technique [10,11].

In section 2 we review the feature matching and constellation model ap-
proachesupon which this paper builds. Section 3 details the probabilistic frame-
work usedin our recognition system. Section4 describesthe algorithm for incre-
mentally constructing a high probability hypothesiswithout exploring the ertire
hypothesis space.In section 5, we discussthe task of learning. In section 6, we
compare our systemsperformance against that of a pure feature matching ap-
proadh. Finally, in section 7, we presen conclusionsand discussareasfor further
researd.

2 Related Research

A feature-basedrecognition approac recertly developed by Lowe [7,8] consists
of four stages:feature detection, extraction of feature correspondencesposepa-
rameter estimation, and veri cation. Featuresare computed over multiple scales,
at positions that are extrema of a di®erence-of-Gaussiariunction. An orienta-
tion is assignedto a feature using the histogram of local image gradients. Each
feature's appearanceis represered by a vector constructed from the local image
region, sampledrelative to the feature orientation. A k-d tree structure, mod-
i ed with backtracking for seard etciency [12], is the certral componert of
a databaseusedto perform excient appearance-basedeature matching. Each
match between sceneand model features suggestsa position, orientation, and
scalefor the model within the scene.Recognition is achieved by grouping sim-
ilar model posesusing a Hough transform and then explicitly solving for the
transformation from model to scenecoordinates.

The constellation model [4{6, 9] alsorelies on matching image parts, but typ-
ically useson the order of 5 features, whereasLowe useshundreds of features.
Rather than restricting featuresto arigid position, the constellation model uses
a joint probability density on part positions. In addition, a probabilistic model
for feature appearanceis used,permitting the quality of matchesto be measured.
One drawback of the constellation model is the high number of training samples
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required, although recent work by Fei Fei et al [13] proved that learning can be
exciently achievedwith few examples.Another disadvantage of the constellation
model lies in the large computation time required in order to learn feature con-
“gurations, limiting it to useof a relatively small number of parts for eact object
category In our adaptation of the constellation approac for individual object
recognition, this limitation disappears,at a slight costto the model's generality.

3 Probabilistic Framew ork

We model individual objects as constellations of features. Features are gener-
ated by applying Lowe's feature detector [7,8] to ead training image. Each
feature has a position, orientation, and scalewithin the object model aswell as
a feature vector describingits appearance We learn probabilistic modelsfor fore-
ground and badkground feature appearance.The collection of models extracted
from training images,together with a k-d tree of model features seartable by
appearance,forms the datalase

Features are generated from a sceneusing the same procedure applied to
training images.If a model is presen, eadh of its features has a chance of ap-
pearing as a scenefeature. We also expect spurious background detections in
the scene.A hypothesis assignseadt scenefeature to either the badckground or
a model feature. It also speci es the poseof eadh model presert in the scene.A
hypothesis may indicate the presenceof multiple instancesof the same object,
ead in a di®erent pose.

The task of the recognition algorithm is to "'nd the hypothesis that best
explains the scene.The solution is the hypothesis with maximum probability
conditioned on both the obsened scenefeatures and the database.

3.1 Hyp othesis Valuation

Let O denote the set of obsened scenefeatures, D the database,and H a hy-

pothesis. We de ne the valuation of H by v(H) = p(HjO; D). Using Bayesrule,

p(OjH;D)p(H|D)
p(OjD)

The desiredoutput of the recognition algorithm is the hypothesisH maximizing
this valuation. In particular,

V(H) = p(HjO;D) =

@)

U . .
p(OjH; D)p(H|D)
H = argmax -
H92H p(OjD)

whereH denotesthe set of all hypothesesand we dropped the constart p(OjD).

In order to evaluate these probabilities, we expand a hypothesisinto seweral
componerts. The hypothesis states which objects are in the sceneand where
those objects are detected in the scene.Let m denote the number of object
detections predicted by hypothesis H. Then, for i = 1.::m, H speci es the

= argmax (p(OjH; D)p(H|D))  (2)
H2H
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model, M; 2 D, of the i"" detected object, as well a set of parameters, Z;,
describingthat model's posein the scene.

In addition to stating the position of detected objects, hypothesis H at-
tributes their appearanceto featuresfound in the scene.ln particular, H breaks
the set of scenefeatures, O, into m + 1 disjoint sets,Qq::: O, where Qg is the
set of features attributed to the badkground and for i = 1:::m, O; is the set
of features attributed to model M;. To specify the exact pairing betweenscene
featuresin O; and model featuresin M;, we intro ducetwo auxiliary variables, d;
and h;. The binary vector d; indicates which featuresof M; are detected (value
1) and which featuresare missing (value 0). Vector h; alsocortains an ertry for
ead featurej of M;. If j is detected (d;j = 1), then h; indicates the elemert of
O; to which j corresponds. In other words, h;j maps indices of detected model
featuresto indices of their corresponding scenefeatures.

For notational convenience we de ne the singlevector h to contain the ertire
correspondencemap betweenscenefeaturesand model features(or badkground).
h is simply the concatenationof all the h;'s. Also, n denotesthe nhumber of back-

ablescontain all detection, pose,and feature correspondenceinformation.
Using this decomposition, we now return to the computation of the valuation
of a hypothesis. From equation (2) we can rede ne the hypothesisvaluation as

VAH) = p(OjH; D) ¢p(H|D) ®3)

3.2 Pose and App earance Density

The term p(OjH; D) characterizesthe probability density in location, scale,ori-
entation, and appearancefor the features detected in the sceneimage. Condi-
tioning on the pose of models present in hypothesis H, we can assumethat
featuresattributed by H to di®erert model objects are mutually independert:

p(OjH; D) =p(Ojh; n;fdig;fZig;fM;g; D)
. Y . 4)
=p(Ogjn; D) ¢ p(Gijhi;di; Zi;M;; D)
i=1

{ p(Ogjn; D) is the probability that the n background detections would occur
at the exact positions and with the exact appearancesspeci ed in Og. We
assumeead point in the (location, orientation, scale) spaceexamined by
the feature generator has an equal chanceof producing a spurious detection.
Assuming that clutter detections are independert from ead other,

1 1 s N Y
Dy Lol D
P(Qojn; D) =+ ¢ ¢X20 Pog (XJD) ®)
0

where A is the number of pixels in the Gaussianpyramid used for feature
detection, or equivalertly, the size of the (location, scale) space,and there
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is a range of 2%in possible values for orientation. pyg (XjD) is the density
describing the appearanceof badkground features.

{ p(Ojjhi;di;Zi;M;;D) is the probability that the detections of the model
features indicated by the hypothesis would occur with the exact poseand
appearancespeci ed in O;. Conditioning on model pose,we will assumein-
dependencebetweenmodel features. This is a key assumption distinguishing
our model from the constellation model [4{6]. Thus,

Y
p(Oijhi;di;Zi;M;i; D) = Ppose (Xjhi; di; Zi; Mi; D) ¢prg (Xjhi; di; Mi; D)

x20 i
(6)
where pyose and prg are the poseand appearanceprobabilities, respectively,
for the foreground features.

The discussionon learning in section5 describesthe technique usedfor estimat-
ing probability densitiespyg , Ppose, and prg .

3.3 Hyp othesis Prior

The term p(H D) is the prior on the hypothesis. We expand this term as
p(HjD) = p(h;n;fdig;fZig;fMigjD)
= p(hin;fdig:fZig:TMig; D) ¢p(njf dig;f Zig; TMig; D)
- Y]
¢ p(dijzi;Mi;D) ¢p(fZig;fMigjD)
i=1
{ p(hjn;fdig;fZig;fM;g; D) is the probability of a speci c set of feature as-
signmeris. As h is simply a vector of indices mapping model features to
scenefeatures, and we have no information on scenefeature appearanceor

position at this stage, all mappingsthat predict n badkground features and
are consistert with the detection vectorsfd;g Qfehequally Iil|<ely. Hence,
<

i 1
N! [ h, n,fdig
p(hjn; fdig;fZig;fM;g;D) = p(hjn;fdig) =  (Ni N¢g)! consisten t
) 0 otherwise

(8)

whereN is the total number of featuresin the sceneimageand Ntg = N j n
is the number of foreground features predicted by the hypothesis.

{ p(njfdig;fZ;g;fM;g; D) is the probability of obtaining n badground fea-
tures. Background features are spurious responsesto the feature detector
that do not match with any known object. We assumea Poisson distri-
bution for the number of background features [9]. Since sceneimages may
have di®erert sizes,the expected number of badkground detections is pro-
portional to the area A examined by the feature detector. If |, denotesthe
mean number of badkground features per unit area, then

(A)"
n!

p(njfdig;fZig;fMi0; D) = Ppoisson (Nj,; A) = el A 9
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{ p(dijzi;M;;D) is the probability of detecting the indicated model features
from model M;. Let p; denote the probability that feature j of model M;
is detected in the scene.The probability that it is missingis (1 p; ). We
breakp(d;jZi;M;; D) into aterm for detectedfeaturesand a term for missing
featuresto obtain

_ Y Y
p(dijZi;M;; D) = pij ¢ @i pij) (10)
j detected j missing
(dj =1) (dj =0)

{ p(fZijg;TM;gjD) is the prior on detecting objects fM;g in posesfZ;g. We
model this prior by a uniform density over frame transformations and com-
binations of model objects in the scene.Thus, this term is dropped in the
implemenrtation preseried here.

4 Hyp othesis Search

The recognition processconsists of nding the hypothesis H that maximizes
vi(H). Unfortunately, dueto the sizeof the hypothesisspaceH, it is not possible
to evaluate vq(H) for eady H 2 H. Early work by Grimson (e.g. [14]) shoved the
exponertial growth of the seard tree and the needfor hypothesespruning. Here,
we usethe A* seart technique [10,11] to incremertally construct a reasonable
hypothesiswhile only examining a small fraction of the hypothesisspace.

In constructing incremertally a solution, we intro ducethe notion of a partial
hypothesisto refer to a partial speci cation of a hypothesis.In particular, a par-
tial hypothesisspeci es a set of modelsf Mg and their corresponding posesf Z;g
aswell as a pairing betweenscenefeatures and model features. Unpaired scene
featuresare either marked asbadkground or unassignedwhereasare either miss-
ing or unassigned.The partial hypothesisdoesnot dictate how the unassigned
sceneor model features are to be treated. A completion of a partial hypothesis
is a hypothesisthat makesthe sameassignmets asthe partial hypothesis, but
in which there are no unassignedscenefeatures. A completion may introduce
new models, make pairings betweenunassignedsceneand model features, mark
unassignedscenefeatures as background, or mark unassignedmodel featuresas
missing.

41 A*

We can organizethe set of all partial hypothesesinto a tree. The root of the tree
is the partial hypothesis containing no models and in which all scenefeatures
are unassigned.The leaves of the tree are all complete hypotheses,(i.e. H).
Descendinga branch of the tree correspondsto incremertally making decisions
about feature assignmers in order to further specify a partial hypothesis.

We prioritize the exploration of the tree by computing a valuation for eat
partial hypothesis.Partial hypothesesare entered into a priorit y queueaccording
to this valuation. At ead step of the seart procedure, the highest valuation
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partial hypothesisis dequeuedand split into two new partial hypotheses.In one
of thesenew hypotheses,a certain feature assignmet is made. In the other new
hypothesis, that feature assignmen is expresslyforbidden from occuring. This
binary splitting ensuresthat a seard of the hypothesistree visits eadh partial
hypothesisat most once.

4.2 Partial Hyp othesis Valuation

To produce an e®ectie seart strategy, the valuation of a partial hypothesis
should re°ect the valuation of its best possible completion. If thesetwo quan-
tities were equal, the searh would immediately descendthe tree to the best
complete hypothesis. Howewer, it is impossibleto compute the valuation of the
best possible completion before actually "nding this completion, which is the
task of the seard in the rst place. Therefore, we will de ne the valuation of a
partial hypothesisusing a heuristic.

The heuristic we use can be thought of as the \optimistic worst-case sce-
nario”. It is the valuation of the partial hypothesis's completion in which all
unassignedscenefeatures are marked as badckground and all unassignedmodel
featuresare dropped from the model. Unassignedmodel featuresare courted as
neither detected nor missing. They do not ernter into probability computations.

Note that this choice of heuristic is coheren with the expressionfor the valu-
ation of a complete hypothesis. As the algorithm makesassignmerts in a partial
hypothesis, its valuation approactesthe valuations of its possible completions.
Furthermore, this valuation is likely to serve asa decen guide for the seart pro-
cedure. It is a measureof the minimum performanceo®eredby a branch under
the assumptionthat further assignmeis along that branch will do no harm.

4.3 Initialization

A list of potential database feature matches is created for ead scenefeature
basedon appearance.The empty partial hypothesisis split into two basedon
the best appearancematch. One subbranch acceptsthis match, the other rejects
it and forbids it.

4.4 Search Step

The partial hypothesisH with the highest valuation is dequeued.If H cortains
a model in which there are unassignedfeatures, the algorithm picks one of these
unassignedmodel features. A similar splitting to that in the initialization step
is performed: one subbranc adds the match to the hypothesis, and the other
forbids it as far as this hypothesisis concerned.In order to save computation
time, we greedily follow only the branch that results in a better valuation. This
is reasonablefor rigid models in which the poseconstraints should allow very
few possibilities for a correct match in the scene.

If there are no unassignedmodel featuresin H, we pick the unassignedscene
feature with the best appearancebasedmatch and split the hypothesison this
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assignmei: onesubbrand acceptsthe match and addsthe corresponding model
to the hypothesis,the other rejectsthe match, and addsno information regarding
this model.

In both of the above casesthe resulting partial hypothesisor hypothesesare
enqueuedand the processis repeated.

4.5 Termination

The seard processcorresponding to one object terminates when no more unas-
signedfeatures are available in this object. The scenefeatures paired with this
object are removed, and the seard iterates with the remaining scenefeatures.
If all model objects have beenconsideredwithout fully explaining the scene the
unassignedscenefeatures are consideredas badkground detections.

a) b)
Scene image Database

- ~h Q
uﬂ Model M,

& A '“‘\&; ? Model M,

Scene image Database

latest assignment

; Model M,

$

-

- =

}‘ T 7T~ ientative pairing

% Model M,

Fig. 1. Sketch of hypothesisbuild: a) Initialization: The best appearancematch in the
databaseis identi ed for eadh scenefeature. Each such match is entered in the queue
as a partial hypothesis. b) Searct for a new match in the partial hypothesis which has
highest valuation: we look for an unassignedfeature in the samemodel image M;. This
feature is mapped to its best appearance match in the scene,if this new pairing is
coherert with the posepredicted by the hypothesis - otherwise, the match is rejected.
The poseis then updated basedon the new match.

5 Learning

Se\eral componerts of the probabilistic framework given above must be inferred
from training examples.Since our system requires only a single training image
per object, we cannot estimate separateappearanceand posedensitiesfor eah
feature in an object model. We therefore utilize the ertire feature databasein
estimating global probability densitieswhich can be applied to all features.Note
that only training imagesare usedhere, not the test set.
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5.1 Background Features

To estimate the badkground appearancedensity, we assumethat a typical badk-
ground feature looks like a feature found in the database.The badground, like
the database, is composed of objects. It just happens that these objects are
not in the database.A probability density for the appearance of features in
the databasedescribesthe appearanceof badground detectionsin a scene.We
model this density with a full covariance gaussiandensity. Letting * 3 and § pq
denote the mean and covariance of the databasefeature appearancevectors,

1 1 i P i it
Pbg (X]D) = Wel L(Xapp i Yvg )" 8 bg1(xapp i Thg) (11)
bg

wherexqpp is the appearancevector of feature x and d the dimension of appear-
ancevectors.

A typical model generates500to 1000features, resulting for a databasewith
100o0bjects in a total of 50,000to 100,000training examplesfor the background
appearancedensity. As our experiments used 128-dimensionalappearancevec-
tors, this wasa suxcient number of examplesfor estimating the gaussiandensity.

The mean number of background detections per unit area, ,, is program-
mer speci ed in our current implemertation. When running Lowe's detection
method on our training and test sets, 80% of the detections were assignedto
the badkground, therefore we chosethis samefraction for | . This parameter has
only weakly e®ectson the total probability asthe terms for poseand appearance
dominate.

5.2 Foreground Features

The foreground appearancedensity must describe how closely a scenefeature
resenbles the model feature to which it is matched. This density is dizcult to
estimate asin principle, it involvesestablishing hundreds of thousandsof ground
truth matchesby hand. A possibleshortcut is looking at statistics coming from
planar scenesseenfrom di®erert viewpoints [15], or synthetic deformations of
an image [3].

Here we followed a di®ereri approac: we approximate a good match for a
feature by its closestmatch in appearancein the database. The di®erencein
appearance between correctly matched foreground features is modeled with a
gaussiandensity with full covariance matrix, and the covariance matrix §y4 is
estimated from the di®erencein appearancebetween database features paired
in such a manner. This yields

l PR . T il .
xjh;:di:M;:D) = e 7(Xapp i Yapp )" 81y (Xapp i Yapp ) 12
Prg (Xjhi; di;Mi; D) @ 5] 12)

wherey = h! L(x) is the model feature paired with scenefeature x.
Unlik e badkground feature posewhich are modeled with a uniform distribu-
tion in equation (5), foreground features are expectedto lie in a poseconsisten
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with that of their corresponding model. In particular, model poseZ; predicts a
scenelocation, orientation, and scalefor ead feature of M;. If the hypothesis
matches scenefeature x to model feature y, and Z; mapsy to z, we write

Ppose (Xjhi;di; Zi;Mi; D) = Gioc(Xjz) ¢Gy(Xjz) ¢Gs(xjz)¢ (13)

where Gjo ¢, Gy, and Gs are Gaussiandensitiesfor location, orientation, and log
scale,respectively, with meansgiven by the poseof z. The covariance parameters
of these densities are currently speci ed by hand, with values of 20 pixels for
location, half an octave for log-scaleand 60 degreesfor orientation (orientation
was quite unreliable).

We determine the model pose Z; by solving for the similarity transform
that minimizes, in the least-squaressense,the distance between obsened and
predicted locations of foreground model features. Z; is updated whene\er a pre-
viously unassignedfeature of M; is matched.

The probability p; of detecting individual featuresis setto the samevalue
acrossfeatures and models. A reasonablechoice is the fraction of features that
aretypically neededto produceareliable poseestimate. This value was obtained
by running Lowe's detection method on our training and test sets:in average
20% of a model featureswere found in a test image containing this model. This
value of 20% was usedfor pj .

a)
= matched keypoints
. predicted
parts positions
predicted
frame position

set of all
scene features

Fig. 2. Example of result for a textured object included in a complex scene(only one
detection shown here). According to this hypothesis, the box displayed in the model
image is transformed into the box shown in the sceneimage. a) Initial object b) Result
of Lowe's algorithm. Since the stu®ed bear is a textured object, detection of similar
features can occur in many locations, leading to incorrect pairings. As a result, the
frame transformation, estimated only from the features positions, is inaccurate. c)
Result of the probabilistic seard.
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6 Exp erimen tal Results

In the absenceof \standard" training and test sets of images cortaining both
objects and clutter, we compare the performance of our probabilistic seard
method to that of Lowe's algorithm on a training set consisting of 100 images
of toys and common kitc hen items, with a single image per object. The test set
contained images of single objects, as well as complicated scenesthat include
seweral objects, ranging from 1 to 9 objects. It included 80 test images, with
a total of 254 objects to be detected (each object was consideredas one de-
tection). Sometest imagesdidn't cortain any learned object. In that caseall
feature detections are expected to be assignedto the badkground. We used a
resolution of 480£ 320 for training imagesand test images of single objects,
and 800£ 533 for complex scenes.All images were taken in a kitchen, with
an o®-the-shelfdigital camera, and no precautions were taken with respect to
lighting conditions, viewpoint angle and badground. In particular, the lighting
conditions varied signi cantly between training and test images, and viewing
anglesvaried between0 and 180 degrees(picture of the back of an object taken
as test while the corresponding model was a picture of the front of the object).
No image was manually segmered, and the proportion of features generated
by an object in a model or test image, ranged from 10%to 80% (80% for a sin-
gle object occupying most of the image). The databaseis available online from
http://www.vision.caltec h.edu/html-Tes/arc hive.html.

Our algorithm achieved a detection performance similar to Lowe's system,
with a detection rate of 85%. Figure 3 shavs ROC curves for both methods.
The threshold used is the accuracy of the best hypothesis at the end of the
seart. Sinceour method veri es the coherenceof each match by scoring partial
hypothesis, our false alarm rate was lower than that of Lowe's method.

In order to measurethe accuracy of the posetransformations estimated by
eah method, the training and test imageswere manually marked with ground
truth information. An ellipsewas tted, and a canonical orientation was chosen,
for eat object. We measuredthe accuracy of the transformation with the dis-
tance in pixels, betweenthe predicted positions of the ellipsesin a scene,and
the ground truth previously recorded. The error was averagedacrosspoints reg-
ularly spacedon the ellipse and acrosstest images.We obtained a mean error of
45 pixels for our method, and 56 pixels for Lowe's algorithm.

Our approac requires to examine and evaluate a number of partial and
complete hypothesesthat is much higher than with Lowe's method. As a result,
the probabilistic algorithm is the slower of the two methods. Our unoptimized
code for Lowe's method takesin average?2 secondson a Pertium 4 running at
2.4GHzto identify objectsin a 800£ 533image, while our probabilistic algorithm
requires on average 10 secondsfor the sameimage.

In practice, the A* seard achievesonly little pruning, typically 10-20%of the
branches are eliminated. Therefore, the valuation heuristic was coupled with a
stopping criterion (depth-rst completion of the partial hypothesisthat performs
best after 4000 iterations). The main computational bene't of the A* method
in this paper, is to introduce a framework for evaluating partial hypothesesin a
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way that is coherent with the valuation of complete hypotheses,and a ranking
of hypothesesthat leadsto excient seard.

Fig. 3. ROC based on the accuracy of the poseestimated by the best hypothesis. It
measureshow much the hypothesis' prediction of the object position, di®ersfrom the
ground truth. This quantit y can be measuredfor both recognition systems.

7 Discussion and conclusion

We have preserted a new probabilistic model and etcient seart strategy for
recognizingmultiple objectsin images.Our model providesa uni ed view of two
previous lines of researd: it may be thought as a probabilistic interpretation of
David Lowe's work [7,8] or, corversely as a special case of the constellation
model [4] where many of the parameters are pooled amongst models, rather
than learned individually .

Our experiments indicate that the system we propose achieves the same
detection rate as Lowe's algorithm with signi cantly lower false alarm rates.
The localization error of detected objects is also smaller. The price to be paid
is a slower processingtime, although this may not be a signi cant issue since
our code is currently not optimized for speed. The front-end of both systems
was identical (feature detection, feature represeration, feature matching) and
therefore all measurabledi®erencesare to be ascribed to the probabilistic model
and to the matching algorithm.

It is clearthat the heuristic we chosefor ranking partial hypothesess suscep-
tible ofimprovemert. In choosingit we followed intuition rather than a principled
approad. This is obviously an areafor further investigation. Developing better
techniquesfor estimating the probabilit y density function of appearanceand pose
error of both foreground and badground features is another issuedeserving of
further attention.
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Fig. 4. Other example of recognition in a complex environment. a) and b) presert
one match obtained by our probabilistic seard, c) and d) are the best result from
Lowe's voting approach. Since Lowe's method does not evaluate geometric and ap-
pearancequality of hypotheses,numerous incorrect correspondencesare accepted. As
a result, the estimated frame position is inaccurate. The probabilistic searc accepts
only matchesthat are geometrically coherert, and leadsto accurate pose parameters.
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