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tIn this paper, we present a statisti
al framework for the re
ognition of multiple obje
ts in an im-age, whi
h is a generalization of the Bayesian de
ision rule. The approa
h takes into a

ount theinterdependen
e of several operations in
luding re
ognition and transformation of the obje
ts andsegmentation. We present �rst experimental results on single obje
ts and on arti�
ially generateds
enes. Although the 
omputational 
omplexity of the approa
h is high, the additional e�ort seemsjusti�ed and there is potential for redu
tion of 
omplexity.1 Introdu
tionIn the past years, statisti
al methods have been su

essfully applied to the task of obje
t re
ognitionin images. In most 
ases, the methods used are either spe
ialized on the re
ognition of single obje
tsin a known position or on determining the position of a known obje
t in the image. In this paper, wepresent a statisti
al framework that in
ludes the approa
hes mentioned above as spe
ial 
ases andis designed for the re
ognition of multiple obje
ts in an image. This task is strongly related to there
ognition of obje
ts in the presen
e of varying ba
kground. Usually, this type of re
ognition is per-formed in 
ombination with a separate segmentation step, whi
h is inherently error-prone. To 
arryout s
ene re
ognition, an automati
 system is fa
ed with the interdependen
e of several operations,in
luding segmentation, obje
t dete
tion and re
ognition and transformations of the obje
ts. There-fore, the main 
on
ept of the approa
h presented here is to generalize the 
lassi
al Bayes' de
ision ruleto more 
omplex obje
t re
ognition tasks, i.e. to 
hoose among all possible obje
t and ba
kground
on�gurations the one that maximizes the probability that the image was produ
ed by this 
on�g-uration. Thus, a meaningful segmentation of the image is impli
itly determined. The need for su
ha holisti
 approa
h to image re
ognition (i.e. the ne
essity to explain the whole image, integratingsegmentation and re
ognition) has been re
ognized before [1℄. It is also known that weaknesses ofmany 
urrent re
ognition systems are the relian
e on a separate segmentation step and the removal of
ontext information. These problems are illustrated in Fig. 1 and further problems in
lude re
ogni-tion of partially o

luded and very 
lose obje
ts in an image. In spite of the in
reased 
omputational
omplexity of the holisti
 approa
h, the su

ess of the holisti
 paradigm in spee
h re
ognition, whereinterdependen
e between time alignment, word boundaries and synta
ti
 
onstraints exist, shows thatthe additional e�ort may well be justi�ed [2℄. From the domain of automati
 spee
h re
ognition, thereare also various methods known to redu
e the ne
essary amount of 
omputations.2 Classi�
ation of Single and Multiple Obje
tsIn this se
tion, starting from the 
lassi
al Bayes' rule, we introdu
e the framework for multiple obje
tre
ognition. In all the 
ases 
onsidered, it is important to model the variability of the image obje
ts.
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=Figure 1: Problems with interdependen
e in re
ognition: (a) Only a small part of the original obje
tis explained, possibly resulting in a mis
lassi�
ation (COIL-20 data). (b) E�e
t of small lo
alizationerrors on the 
lassi�
ation result (USPS data).



Although not presented in detail here, the methods used in the experiments to deal with variabilityare invariant distan
e measures and virtual training and test data [3, 4, 5, 6℄.To 
lassify an observation x 2 IRD we use the Bayesian de
ision rulex 7�! r(x) = argmaxk fp(k)p(xjk)g ; (1)where p(k) is the prior probability of 
lass k and p(xjk) is the 
lass-
onditional probability for theobservation x given 
lass k [3℄. For multiple obje
t re
ognition, we extend the elementary de
isionrule into the following dire
tions:� We assume that the s
ene x 
ontains an unknown number M of obje
ts belonging to the 
lassesk1; :::; kM =: kM1 . Referen
e models p(xj�k) exist for ea
h of the 
lasses k = 1; : : : ;K, �0representing ba
kground.� We take de
isions about obje
t boundaries, i.e. the original s
ene is impli
itly partitioned intoM + 1 regions IM0 , where Im 
ontains the m-th obje
t and I0 represents the ba
kground.� The referen
e models may be subje
t to transformations (rotation, s
ale, translation, et
.). Thatis, given transformation parameters #M1 , the m-th referen
e is mapped to �km ! ~�(�km ; #m).The idea is now to 
onsider all unknown parameters, i.e. M;kM1 ; #M1 and IM0 and to sear
h thehypothesis whi
h best explains the given s
ene. Note that this means that any pixel in the s
enemust be assigned either to an obje
t or to the ba
kground 
lass. The resulting de
ision rule is:r(fxijg) = argmaxM;kM1 ;#M1 ;IM0 (p(kM1 ) Q(i;j)2I0 p0(xij j�0) MQm=1 pkm(xIm j~�(�km ; #m))) (2)where fxijg denotes the s
ene to be 
lassi�ed and xIm is the feature ve
tor extra
ted from regionIm. To model the referen
es pkm(xIm j~�(�km ; #m)), Gaussian kernel or mixture densities 
an be used,where invarian
e aspe
ts 
an be dire
tly in
orporated into the model using probabilisti
 modellingof variability [3℄. In (2), p(kM1 ) is shorthand for a prior over the 
ombination of obje
ts in the s
ene,whi
h may depend on the transformation parameters (e.g. a head above a body is more likely thanvi
e versa). The 
onsideration of all the 
omponents of the presented de
ision rule is a long-term goal.In the experiments performed so far, we have started with the 
onsideration of the interdependen
ebetween segmentation and re
ognition.Dis
ussion of related work: On
e the maximizing arguments in (2) have been determined, it isstraightforward to 
onstru
t a parse tree as a des
ription of the image from the impli
it segmentationinformation, whi
h is done using a neural net based approa
h in [1℄. Spe
ial attention to the subje
tof o

lusion is payed in [7℄, but in this work mainly obje
t 
ontours are 
onsidered for re
ognition,not the obje
ts themselves. Some 
onsiderations with respe
t to a statisti
al model for multipleimages 
an also be found in [8℄. Here, the author 
on
entrates on determining the unknown (3D)transformation parameters in the re
ognition pro
ess as well as improving feature extra
tion. Itis shown that lo
alization 
an be improved by expli
it modelling of the ba
kground, although noglobal optimization is performed in the experiments. Note that the presented framework imposesno restri
tion on the type of feature extra
tion used. In the experiments presented in the following,we make use of appearan
e based pattern re
ognition, i.e. ea
h pixel of an image is interpreted as afeature.3 Single Obje
t Re
ognition ExperimentsFirst, we present results for the statisti
al approa
h restri
ted to M = 1, i.e. it is known thatea
h image 
ontains exa
tly one obje
t. If we impose the further restri
tion I0 = ; (no ba
kgroundpresent), we arrive at the 
lassi
al Bayesian de
ision rule in
luding an expli
it model of variability.As previous experiments have shown, this approa
h a
hieves state-of-the-art results in re
ognitiontasks as opti
al 
hara
ter re
ognition (experiments on the well known USPS and MNIST databasesyielding error rates of 2.2% and 1.0% respe
tively [3, 4℄).Tasks in whi
h this restri
tion is not appropriate, i.e. tasks whi
h require a possibly non-emptyba
kground region 
an also be 
hara
terized as re
ognition of a single obje
t in
luding lo
alization.To illustrate this 
ase, we present results obtained on two image databases, starting with the 
olle
tionof radiographs from the IRMA proje
t (Image Retrieval in Medi
al Appli
ations [9℄). The database
onsists of medi
al radiograph images taken from daily routine, whi
h are se
ondary digital. The sizes



Figure 2: Example radiographs taken from the IRMA database, s
aled to 
ommon height, left toright: abdomen, limbs, breast, skull, 
hest and spine.of the anonymized images range from about 200�200 pixels to about 2,500�2,500 pixels. The 
orpus
onsists of 110 abdomen, 706 limbs, 103 breast, 110 skull, 410 
hest and 178 spine radiographs,summing up to a total of 1,617 images (
p. Fig. 2). To speed up the 
lassi�
ation pro
ess, theoriginal images are s
aled down to a 
ommon height of 32 pixels (keeping the original aspe
t ratio).Sin
e there are only 1,617 images available, we make use of a leaving-one-out approa
h. That is,to 
lassify an image we use the remaining 1,616 images as referen
es in a Gaussian kernel densitypkm(xIm j~�(�km ; #m)) with 
lass spe
i�
 diagonal 
ovarian
e matri
es. The prior probabilities p(k)are modeled using relative frequen
ies. The ba
kground model used so far is simple, assuming a
onstant ba
kground grayvalue. Furthermore, a penalty term is introdu
ed, whi
h is based on thedi�erent sizes of observation and referen
e image (preferring images of roughly the same size). Theobtained IRMA results are summarized in Table 1 and 
ompared to other available results.The se
ond database used in the experiments is the well-known Columbia University Obje
t ImageLibrary (COIL-20), whi
h 
onsists of images taken from 20 di�erent 3D-obje
ts viewed from varyingpositions. Ea
h image 
ontains a single obje
t (whi
h is subje
t to di�erent illumination 
onditions).There are 1,440 referen
e images of size 128�128 pixels available (
alled pro
essed data), as well as 360test images of size 448�416 pixels (
alled unpro
essed data). To guarantee that training and test setare suÆ
iently di�erent, only images with odd rotation angle are used as referen
es and only imageswith even rotation angle as test s
enes. Thus, a number of 720 referen
e images and 180 test imagesremains. It should be noted that by doing so, an observation to be 
lassi�ed always di�ers from theoptimal referen
e by �ve degrees. This is 
ontrary to the experiments 
ondu
ted in [5℄, where thetest s
enes (whi
h are unavailable) di�ered by 2.5 degrees in the worst 
ase. Thus, the experiments
ondu
ted throughout this work 
an be regarded to be a harder 
lassi�
ation task. To speed up there
ognition pro
ess, the referen
e images were s
aled down to 24�24 pixels. On the COIL-20 data,an error rate of 0% was thus obtained using 40 logarithmi
 s
ale levels for the s
ale transformationand pruning te
hniques based on the given, bla
k ba
kground in the images. It should be noted thatother resear
h groups split the COIL-20 pro
essed data into a training and a test set. Using thissplitting, the problem 
an be treated as a single obje
t re
ognition problem without lo
alization (astraining and test images are of the same size) and even a simple 1-nearest neighbor 
lassi�er yieldsan error rate of 0%.4 Multiple Obje
t Re
ognition ExperimentsIn this se
tion, we present �rst results for the re
ognition of multiple obje
ts in an image using thepresented statisti
al approa
h. The main diÆ
ulty here is that there is no widely used databaseavailable that is suited for this task, whi
h makes it diÆ
ult to 
ompare obtained results. Therefore,we 
onstru
ted arti�
ial data by randomly positioning multiple digits of the �rst 100 test images of theUSPS 
orpus in varying size (16�16 to 32�32) and position inside an image of size 96�96 using bla
kba
kground. Note that e.g. in [1℄ arti�
ial data based on handwritten digits was used as well. Threeexamples of test s
enes and re
ognized referen
es are shown in Fig. 3(a). The resulting re
ognitionobtained an error rate of 6%, whi
h is the same as for a 1-NN 
lassi�er on the original 100 testimages despite the additional un
ertainty about position and s
ale of the digits. The algorithm usedkernel densities for the 
lass spe
i�
 densities, a uniform distribution for p(kM1 ) and 10 logarithmi
s
ale levels for the s
ale transformation. Furthermore, knowledge about the 
onstant ba
kground wasTable 1: Summary of results for the IRMA database (error rate [%℄).method ER [%℄kernel densities, Mahalanobis distan
e 14.0+ invarian
e (tangent distan
e, lo
al threshold, image distortion [3℄) 8.2square images, 1-nearest-neighbor 18.2
oo

urren
e matri
es 29.0
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Recognition results (b)
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Recognition resultsFigure 3: Examples of multi-obje
t re
ognition. (a) Using knowledge about minimum distan
e and(b) straightforward implementation of (2) with the ability to re
ognize very 
lose obje
ts.used, i.e. the ba
kground model is assumed to be a Gaussian distribution with zero mean and unitvarian
e. Note that by simply relying on lo
al de
isions, the error rate signi�
antly deteriorates toover 40% (even to 73% for a 1-NN) due to problems as the one illustrated in Figure 1(b).To over
ome the problems with very 
lose obje
ts, a key experiment was 
ondu
ted using a straight-forward implementation of (2) using hypothesis generation. Here, the original US Postal Servi
e digitswere randomly pla
ed in a 32�32 pixels sized s
ene (with no s
ale variations). In order to redu
ethe 
omputational 
omplexity, a single density model was used for the referen
es, while ba
kgroundand prior models were not 
hanged. Examples of the resulting re
ognitions are shown in Figure 3(b).Note that now adja
ent obje
ts 
an be handled, too.5 Con
lusionIn this paper, we presented a statisti
al framework for the multi-obje
t re
ognition, whi
h is a validgeneralization of the 
lassi
al Bayes' de
ision rule. This holisti
 approa
h allows to integrate seg-mentation and 
lassi�
ation so that the segmentation of an image 
an be obtained in a statisti
allyreasonable way. First results on standard databases for single obje
ts and on arti�
ially 
reated datafor multiple obje
ts seem very promising. The 
omputational 
omplexity of the approa
h is highin 
omparison to other heuristi
 methods, but is justi�ed by the in
reased re
ognition performan
e.Furthermore, there exist te
hniques to redu
e the 
omputational 
ost (like e.g. beam sear
h) thathave not yet been fully in
orporated. Current work in
ludes improving the ba
kground model, whi
hshould be expli
itly learned, and extension of the approa
h to the training phase, i.e. learning of theobje
t model from a s
ene.Referen
es[1℄ G. Hinton, Z. Ghahramani, and Y. Teh. Learning to Parse Images. In S. Solla, T. Leen, and K. M�uller,editors, Advan
es in Neural Information Pro
essing Systems 12. MIT Press, pages 463{469, 2000.[2℄ H. Ney and S. Ortmanns. Progress in Dynami
 Programming Sear
h for LVCSR. Pro
eedings of theIEEE, 88(8):1224{1240, August 2000.[3℄ J. Dahmen, D. Keysers, H. Ney, and M. O. G�uld. Statisti
al Image Obje
t Re
ognition using MixtureDensities. Journal of Mathemati
al Imaging and Vision, 14(3):285{296, May 2001.[4℄ D. Keysers, J. Dahmen, T. Theiner, and H. Ney. Experiments with an Extended Tangent Distan
e. InPro
eedings 15th International Conferen
e on Pattern Re
ognition, volume 2, Bar
elona, Spain, pages38{42, September 2000.[5℄ H. Murase and S. Nayar. Visual Learning and Re
ognition of 3-D Obje
ts from Appearan
e. InternationalJournal of Computer Vision, 14(1):5{24, January 1995.[6℄ P. Simard, Y. Le Cun, and J. Denker. EÆ
ient Pattern Re
ognition Using a New Transformation Distan
e.In S. Hanson, J. Cowan, and C. Giles, editors, Advan
es in Neural Information Pro
essing Systems 5.Morgan Kaufmann, pages 50{58, 1993.[7℄ K. Mardia, W. Qian, D. Shah, and K. de Souza. Deformable Template Re
ognition of Multiple O

ludedObje
ts. IEEE Trans. Pattern Analysis Ma
hine Intelligen
e, 19(9):1035{1042, September 1997.[8℄ J. P�osl. Ers
heinungsbasierte statistis
he Objekterkennung. PhD thesis, Universit�at Erlangen N�urnberg,Erlangen, 1998. Shaker Verlag, Aa
hen.[9℄ T. Lehmann, B. Wein, J. Dahmen, J. Bredno, F. Vogelsang, and M. Kohnen. Content-Based ImageRetrieval in Medi
al Appli
ations: A Novel Multi-Step Approa
h. In Pro
eedings SPIE, volume 3972(32),pages 312{320, February 2000.


