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Abstract In this paper we present a new approach for the localizatiohctas-

sification of 2-D objects that are situated in heterogendmaakground or are
partially occluded. We use an appearance-based approacmeadtel the local
features derived from wavelet multiresolution analysistatistical density func-
tions. In addition to the object model we define a new modetHerbackground
and a function that assigns the single feature vectorsrdititbe object or to the
background. Here, the background is modelled as unifortildigion, therefore
we need for all possible backgrounds only one density fonctExperimental
results show that this model is well suited for this recagnitask.
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1 Introduction

There are several approaches for object recognition. Shecapproaches that use the
results of a segmentation process like lines or verticdeisfrbm segmentation errors
and the loss of information, we use an appearance-basedaatypi. e. the image data,
e.g. the pixel intensities, are used directly without a fmes segmentation process.
One appearance-based approach is the “eigenspace” ingtdhy [5] that use princi-
pal component analysis and encode the data in so-calledrféigages”. Other authors
apply histograms; the most well-known approach are the tidioiensional receptive
field histograms” of [8] which contain the results of locatdiing, e. g. by Gaussian
derivative filters. [2] use a statistical approach for theognition and model the fea-
tures by Gaussian mixtures. We use and extend the stdtisiickel of [6]: local feature
vectors are calculated by the coefficients of the multingsmh analysis using Johnston-
Wavelets. The object features are modelled statisticallyamal distributions by para-
metric density functions. As we will show in the experimetits approach is very
insensitive to changes in the illumination.

For the recognition in real environments very often the cfsjeeside not in the ho-
mogeneous background of the training, but in cluttered gamknd and some parts of
the objects are occluded. For this purpose [4], who use tenspace approach, try
to find n object features in the image that are neither affected byp#ukground nor
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Figurel. left: Image covered by a grid, the object is enclosed by a tight dagyn(black line);
the respective old rectangular box is plotted in gray, beeat its form it enclose not only object
features but also background featuméght: For movements of the object inside the image plane
the object grid is transformed with the same internal rotati;: and internal translatiot,; as
the object

occluded. For this reason they generate pose hypotheseselrud then best fitting
features. In contrast other authors explicitly model thekiggound and assign the fea-
tures to the object or to the background. For example, [3h use vertices as features,
assume a uniform distribution for the position of the backmd features and model a
probabilistic weighted assignment. Whereas in [1] theuiesst are assigned neither to
the object nor to the background. Since medical radiograne classified, the back-
ground model has a constant gray value of zero. Also for oprageh a background
model was presented in [6] and [7]: the known background w&indgd as Gaussian
distribution and a weighted assignment was applied. Weqz®p new model for this
approach: the background is modelled as uniform distidoudiver the possible values
of the feature vectors, therefore we are independent ofutheit background. We de-
fine a assignment function that assigns each of the localrfeatctors either to the
object or to the background, depending whether the cakifzlue of the object den-
sity or of the background density is higher for this localtéea vector. The recognition
is performed hierarchically by a maximum likelihood estiioa, whereby an acceler-
ated algorithm is used for the global search.

In the following section we shortly outline the object moftglhomogeneous back-
ground and in section 3 we describe our new model for heteiemes background and
occlusions. In section 4 the experiments and the resultprasented. Finally we end
with a summary of the results and the future work in section 5.

2 Object Model for Homogenous Background

A grid with the sampling resolutions, wherebys is the index for the scale, is laid over
the square imagg as one can see in figure 1. These grid locations will be sunzetri
in the following asX; = {®m. s }m=0,... M—1, Tm,s € IR?. On each grid-point a local
feature vectore,(z,,, s) With two components is calculated by the coefficients of the
multiresolution analysis using discrete Johnston 8-TARel&ts and is interpreted as
random variable for the statistical model. Thereby the oamgess among others is the



noise of the image sampling process and changes in therlggbdinditions. To simplify
the notation, the index is omitted in the following.

For the object model a close boundary is laid around the alje@] only a rect-
angular box was implemented and it was positioned manualgontrast now the form
of the boundary is arbitrary so that it enclose the objecthmhetter (see left image of
figure 1). Besides it is calculated automatically duringttiaiing, wherefore only one
image of the object in front of a dark background is neces$auying the recognition
this trained form of the bounded regiohis used. We assume that the feature vectors
ca,m inside the bounded regiai C X belong to the object, and are statistically inde-
pendent from the feature vectarg, 4 , outside the bounded regiofi\ A. Therefore,
for the object model we only need to consider the (objectufeavectorsc 4 ,,, con-
catenated written as vectoy,. Now, the object can be described by the density function
p(ca|B, ¢, t) depending on the learned model parameteBsghe rotationp = ¢int
and the translatiof = t;,;.

Further we assume that the features are normally distdbute[6] a statistical
dependency between adjacent feature vectors in a row wasli@dgdbut for arbitrary
objects the results is worse than for statistical indepeogld herefore we assume that
the single feature vectors are statistically independem feach other. So the density
functions can be written as

p(CA|B7¢; t) = H p(cA,M|Hm72M7¢7t) ) (1)
Ty, €A

wherebyp,, is the mean vector an®,,, the covariance matrix of the-th feature
vector. Because of the statistically independebkeis a diagonal matrix.

For the localization we perform a maximum likelihood estiima over all possible
rotationse = ¢, and transformations = ¢,

(¢7 t) = argmaXP(CA|Bm ¢a t) ) (2)
(¢,1)

and for the classification an additional maximum likelih@stimation over all possible
classes::
(k, ¢, t) = argmaxargmaxp(ca|By, o, t) . 3)
r (6.
For accelerating the localization, first a rough localizatis conducted on a rough res-
olution, followed by a refinement on a finer resolution. FatHer details see [6].

3 Model for Heterogenous Background and Occlusions

For occlusions the assumption that all the feature vectsidé the regiomd belong to
the object is wrong. Besides for heterogeneous backgrdwnéehtures vectors at the
border of the object that cover not only the object but alstigdly the background are
modified. Therefore [4] try to find of the totally N object features that are not affected
by the heterogeneous background and the occlusion [4].dBtihis approach there is a
risk to confuse similarly looking objects - like the two mialboxes in figure 3 (below).



For this purpose, we consider all local feature veciogs, in the bounded regioal
and define a background model and a assignment funétien{0, 1}*. Whereby the
m-th component,, of ¢ assigns the local feature vectoy ,, to the object(,, = 1)
or to the background(, = 0). So the density function

p(cA|Ba¢a t) :ZP(CA7C|Ba¢a t) (4)
¢

also includes the assignment functigrand becomes a mixture density. Nd® in-
cludes the learned parametds of the object as well the learned parametBrs of
the background.

In [6] and [7] the background has to been known already duliagraining and was
trained as a normal distribution, i. e. for each differertkgaound an own background
density has to been trained. Besides statistically depenelebetween the feature vec-
tors in a row were modelled. For some experiments also foaisggnment function
a row-dependency was modelled [7], whereas for other exyats statistically inde-
pendence of the assignments was supposed [6]. Thereby tegighsignments were
modelled, i. e. a local feature vectey, ,, belongs with a probability(¢,, = 1) to the
object andb(¢,,, = 0) to the background. This leads to a very complex model.

To be independent from the current background and handly @assible back-
ground by only one background density, we model the backgt@s a uniform dis-
tribution over the possible values of the feature vectoesn&hing has to be known
about the background a priori; the background density dégpenly on chosen feature
set, e. g. the wavelet type for filtering. Additionally, itidentical for all feature vectors
and therefore it is independent from the transformatigpsand ¢;,;. As in section 2
we assume statistically independence of the features anafthe assignments, so the
density function in (4) can be transformed to

plealB, ¢, t) = > [ plcam, CnlB,o,t)

C T EA

IT > plcam ¢mlB. o, )

zm€A Cm

H Zp(gm)p(cA-,mevBagba t) . 5)

zm€A Cm

This is a much simpler expression than (4): now we no longee laamarginalization
about all possible assignmeridor all featuresc 4, but for each single feature vector
ca,m @ marginalization about the single assignmepis

The assignmeng,,, is a hidden information. For example we do not know, how
much of an object is occluded. So we set the a priori prolighitiat a local feature
vector c 4, belongs to the object or to the background as equal. Furteemadel
¢m as a (0,1)-decision, i. e. a feature vector,,, belongs either to the object or to the
background. The decision is taken during the localizatimtess. Thereby is chosen
so that the density valyg c 4| B, ¢, t) is maximized. That is the density value for each



Figure2. left: for each possible internal transformation all the featweetors have to been in-
terpolatedright: for the same rotation only another translation the mosufeatectors can be
reused

feature vectoe 4 ,,, (see (5))

Zp(Cm) p(CA,mev Ba ¢a t) (6)
Cm
has to be maximized. This can be done by the assignghent
gm = argmax(p(cA_’me = 17 B17 (bv t)ap(cA,me = 0, BO)) ) (7)

and setting the probability(¢,,,) for the respective assignment to one, the probability
for the other assignment to zero.

For example, for the Johnston wavelets used in the expetintdrsection 4 the
object densityp(ca,m|ém = 1, B1, ¢, t) for a not occluded feature vecter ,, lays
typically betweere=! ande!. For occlusion it becomes very low: between'®® and
e~19. In this case the feature vectey, ,,, is assigned to the background and the back-
ground density(ca m|¢n = 0, Bg) = e~3° (that is the value for the used Johnston
wavelets) is chosen for this feature vectoy,,.

For the localization and classification a maximum likelidosstimation is per-
formed as described in (2) and (3). We also tested a heumgtasurement in section 4
for the classification. The single objects differ in theresii. e. also in the numbev¥ of
their local object feature vectoks, ., inside the bounded regiaA. Since non fitting
object features are assigned to the background and the foariddensity value is used,
there are some misclassification caused by the differeatdithe objects. Therefore
we normalize the density before the maximum likelihoodneation by the numbeiv
of local object feature vectos, ,,:

(k:6.1) = argmaxargma /el 61) ®)
ko ?,

Because of the statistical independence (see (5)) the ssiprein (8) is the geometric
mean of the density valuggca |(m, B, ¢, t) of all feature vectors: 4 ,,, with the
respective assignmengs,.

Further we speed up the first step of the localization protedstarts with a global
search over all possible internal rotatiafig; and translations;,; on a rough resolu-
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Figure3. The 5 objects in the different environments: box on the tr@ibackground, match-
box 1 on the black background, matchbox 2 on the heterogdmacigground, car 1 with 25%
black occlusion, car 2 with 50% heterogeneous occlusion

tion. Although we evaluate the density function only at di$e points of this transfor-
mation space, we have to calculate the density value for 28Sibple internal transla-
tions t;,,; each with 36 possible internal rotatiops;. For each of the altogether 8100
possible transformations we have to interpolate about@fe&ure vectors as one can
see in the left image of figure 2.

Since the interpolation is computationally expensive, hange this algorithm. We
interpolate the required area of the grid for each rotatignonly once and then trans-
late the object grid according to the rotated coordinates &x steps respective to the
resolutionr,. As visible in the right image of figure 2 each interpolatealtfiee vector
can be used for many transformations.

4 Experiments and Results

For the experiments we used the five objects in figure 3. Thga@navere 256 pixels
in square. For the training, 18 images of each object in @iffeposes with the same
illumination were taken, the background was nearly homegen with a pixel intensity
about 60. We took 17 further images of each object in otheitipos for the tests. For
the experiments with heterogeneous background we cut eafffects and pasted them
in an absolute black background as well as in front of a moask(pee figure 3). For
the occlusions we blacked out 25% respectively 50% of theathin the test images,
as well as we covered the objects in the image with a part ofrthase pad. It has

Table 1. Error rate in percent for only object density no backgrouratiet, the old background
model [6], the new background model without and with noraetlbn (see eq. 8); for each model
3%170 localization and classification experiments are peréat, left: error rate for the local-
ization, middle: for the classificationtight: average computation time for one localization on a
Pentium Il 800 MHz

localization classification
one illumination  [[het. bac25% occl[50% occl|[het. back25% occl[50% occl|| time]
only object dens. 22,9% 69,4% 82,4% 25,3% 62,4% 70,6%)| 0,8 9

background m. [6] 6,59 24,19 51,7%| 20,194 21,29 50,0%] 6,59
new background m 0,0% 0,0% 7,1% 0,0% 0,0% 4,7%) 1,3 9
the same with norn. 0,0% 0,0% 2,3%| 1,3 9




to be mentioned that a absolute black background or occlusia big difference to
the training, because the first component of the local featactors is the logarithmic
low-pass value of the wavelet analysis. So we got for eacheibiD localization and
170 classification experiments for heterogeneous backglkd®5% occlusion and 50%
occlusion. For the background model [6] two backgroundsglasvere trained and used:
the absolute black background and the mouse pad.

For the recognition we used for the rough localization altg&m of s = 8 pixels
and for the refinement a resolutionaf = 4 pixels. The objects were searched in the
whole image for all internal rotations and translationsefgy a localization is counted
as wrong if the rotation error is bigger thah réspectively the translation error bigger
than 7 Pixels.

As one can see in table 1 the simple object model for homogeneackground
(section 2) could handle heterogenous background, betfagry often for occlusion.
The old background model [6] is better than the simple objemdel, but it is very slow
and for 50% occlusion the error rate was about 50%. Whereasdv background
model is much better and faster: for heterogeneous backdrand 25% occlusion
there were no errors, and even for 50% occlusion the errerwas small. Further, by
the normalization the classification error rate for 50% vsidn could be reduced from
4,7% to 2,3%. Additionally, the new model is five times fastem the old background
model.

For testing the robustness of this approach we also perfbexgeriments with two
different illuminations. We trained each object with 9 ineadaken with illumination 1
and 9 images taken with illumination 2, where one of the tlspamlights was switched
off. Also for the test images we used these two illuminatidtes the new background
model the localization and classification error rate forehegenous background and
25% occlusion was still very small, only for 50% occlusiomitreased. But it could be
reduced to 4,8% by the normalization.

5 Conclusions and Outlook

In this paper we presented a new efficient background modaldgect recognition.
The background is modelled as uniform distribution andedfee independent from

Table 2. Error rates in percent for two illuminations: for only objedensity no background
model, the old background model [6], the new background maeitleout and with normalization
(see eq. 8); for each modekB70 localization and classification experiments are peréat,left:
error rate for the localizatiomight: for the classification, the average computation time islpear
the same as in table (1)

localization classification
two illuminations  [het. back25% occl[50% occl||het. back25% occl[50% occl
only object dens. 11,4% 60,099 77,7%| 26,4% 50,099 70,0%
background m. [6] 6,89 32,49 54,7% 7,7% 23,9% 61,2%
new background m 0,0% 3,000 24,2% 0,0% 4,79 18,9%
the same with norm. 0,0% 0,0% 4,8%




the current used background, i. e. all possible backgrocad$e handled by only one
background density function. We defined a assignment fand¢kiat assigns each local
feature vector either to the object or to the backgroundh\ttits model we improved
the recognition rate to nearly 100% for heterogeneous bacikgl and 25% occlusion
and to nearly 95% for occlusion of 50%, even if two differaghting conditions are
used.

In the future we will extend the background model to 3-D otgeEor this purpose
we have to model the so far fix size of the bounded region as&ifumof the out of
image plane transformations. This is necessary becausppearance and the size of
the objects vary with these external transformations. tlitaxh the assignment function
is a good basis for multi object recognition.

References

1. J. Dahmen, D. Keysers, M. Motter, H. Ney, T. Lehmann, and\Bin. An automatic ap-
proach to invariant radiograph classification. In H. Hasdél Horsch, T. Lehmann, and H.-
P. Meinzer, editorsBildverarbeitung fir die Medizin 200bages 337-341, Lubeck, March
2001. Springer Verlag, Berlin.

2. J. Dahmen, R. Schliter, and H. Ney. Discriminative frajrof gaussian mixtures for im-
age object recognition. In W. Forstner, J. Buhmann, A. Fahked P. Faber, editor@l.
DAGM Symposium Mustererkennymgges 205-212, Bonn, September 1999. Springer Ver-
lag, Berlin.

3. J. HorneggeiStatistische Modellierung, Klassifikation und Lokalisativon ObjektenShaker
Verlag, Aachen, 1996.

4. A. Leonardis and H. Bischof. Dealing with occlusions ie #igenspace approach. Pno-
ceedings of the IEEE Computer Vision and Pattern Recogn{t®¥/PR) pages 453-458, San
Francisco, 1996.

5. H. Murase and S. K. Nayar. Visual learning and recognitib®8-D objects from appearance.

International Journal of Computer Visipi4:5-24, 1995.

. J. Posl Erscheinungsbasierte statistische Objekterkenni@teaker Verlag, Aachen, 1998.

7. J. Posl and H. Niemann. Object localization with mixtdemsities of wavelet features. In
International Wavelets ConferencEanger, Marokko, April 1998. INRIA.

8. B. Schiele and J. Crowley. Object recognition using rdiftensional receptive field his-
tograms. IrFourth European Conference on Computer Vision (EC@¥yes 610-619, Cam-
bridge, UK, April 1996. Springer, Heidelberg.

o



