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

si cation of 2-D objects that are situated in heterogenebaskground or are
partially occluded. We use an appearance-based approacmeadel the local
features derived from wavelet multiresolution analysistatistical density func-
tions. In addition to the object model we de ne a new modeltf@ background
and a function that assigns the single feature vectorsrditithe object or to the
background. Here, the background is modelled as unifortnloigion, 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 verticdeisfrbom segmentation errors
and the loss of information, we use an appearance-basedaatpi. e. the image data,
e.g. the pixel intensities, are used directly without a fmes segmentation process.
One appearance-based approach is the “eigenspace” ingodhy [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
eld histograms” of [8] which contain the results of localtdring, e.g. by Gaussian
derivative lters. [2] use a statistical approach for theagnition and model the fea-
tures by Gaussian mixtures. We use and extend the stdtisticke! of [6]: local feature
vectors are calculated by the coef cients of the multiregioh 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 cofsjeeside not in the ho-
mogeneous background of the training, but in cluttered gemknd and some parts of
the objects are occluded. For this purpose [4], who use tpenspace approach, try
to nd n object features in the image that are neither affected byp#ukground nor
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Figure 1. 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, bsea 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 rotatiyy and internal translatioh as
the object

occluded. For this reason they generate pose hypotheseselrud then best tting
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 backgnd features and model a
probabilistic weighted assignment. Whereas in [1] theuest are assigned neither to
the object nor to the background. Since medical radiograe classi ed, 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 n&indgd as Gaussian
distribution and a weighted assignment was applied. Weqs®pa new model for this
approach: the background is modelled as uniform distidoudiver the possible values
of the feature vectors, therefore we are independent oftheist background. We de-
ne a assignment function that assigns each of the locaufeatectors 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 esttioa, 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 hetelemes 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 resolution;, wherebys is the index for the scale, is laid over
the square imagk as one can see in gure 1. These grid locations will be sunwedri
in the following asXs = fXmsOm=0:=M 1;Xms 2 R?. On each grid-point a local
feature vectocs(X m:s ) with two components is calculated by the coef cients of the
multiresolution analysis using discrete Johnston 8-TAReMgs and is interpreted as

random variable for the statistical model. Thereby the camgess among others is the



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

For the object model a close boundary is laid around the alje6] 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
gure 1). Besides it is calculated automatically during thening, wherefore only one
image of the object in front of a dark background is neces$auying the recognition
this trained form of the bounded regiénis used. We assume that the feature vectors
cam inside the bounded regioh X belong to the object, and are statistically inde-
pendent from the feature vectarg ok Outside the bounded regiehnA. Therefore,
for the object model we only need to consider the (objectufeavectora.m , con-
catenated written as vectok . Now, the object can be described by the density function
p(cajB; ; t) depending on the learned model parameteBsethe rotation =
and the translatioh = tjq .

Further we assume that the features are normally distdbure[6] a statistical
dependency between adjacent feature vectors in a row wasli@adbut 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

Y
p(cajB; 5 1) = p(Camj mi mist) (1)
Xm 2A

whereby , is the mean vector and , the covariance matrix of then-th feature
vector. Because of the statistically independenggis a diagonal matrix.

For the localization we perform a maximum likelihood estiima over all possible
rotations = i and transformations= tiy :

(; t)=argmax p(cajB ;;t) ; ()
;)

and for the classi cation an additional maximum likelihoestimation over all possible
classes :
(k; ; t) =argmax argmaxp(cajB ;;t) : 3)
;)
For accelerating the localization, rst a rough localipetis conducted on a rough res-
olution, followed by a re nement on a ner resolution. Forrfber details see [6].

3 Model for Heterogenous Background and Occlusions

For occlusions the assumption that all the feature vectwidé the regio® 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
modi ed. Therefore [4] try to ndn 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 gure 3 (below).



For this purpose, we consider all local feature vectors, in the bounded regioA
and de ne a background model and a assignment functi@nf 0; 1gN . Whereby the
m-th component, of assigns the local feature vectok.,, to the object (, = 1)
or to the background f, = 0). So the density function

X
p(cajB; ; t) = p(ca; jB;; t) (4)

also includes the assignment functiorand becomes a mixture density. N@&v in-
cludes the learned paramet@&s of the object as well the learned parametgrs of
the background.

In [6] and [7] the background has to been known already duhiagraining and was
trained as a normal distribution, i. e. for each differerthzaound 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 exytis statistically inde-
pendence of the assignments was supposed [6]. Thereby tegighsignments were
modelled, i. e. a local feature vectok.,, belongs with a probabilitp( » = 1) to the
object and( » = 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 Itering. Additionally, it identical for all feature vectors
and therefore it is independent from the transformatiggsand i, . As in section 2
we assume statistically independence of the features anaéthe assignments, so the
density function in (4) can be transformed to

X Y
p(cajB; ; t) = p(Cam; mjB; ; t)
Xm2A

Y X

= p(Cam; mjB; ; t)
Xm 2A
y X' _

= P( m) P(Cam] m;B; ;1) 5)
Xm2A

m

This is a much simpler expression than (4): now we no longee laamarginalization
about all possible assignmentdor all featuresc , but for each single feature vector
Cam @& marginalization about the single assignmenpts
The assignment,, 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
vectorca:m belongs to the object or to the background as equal. Furtkemadel

m as a (0,1)-decision, i. e. a feature veatar, belongs either to the object or to the
background. The decision is taken during the localizatimtess. Thereby is chosen
so that the density valy#ca jB ; ; t) is maximized. That is the density value for each



Figure 2. 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 vectoca:m (see (5))

P( m) P(Cam] m;B; ; t) (6)

m

has to be maximized. This can be done by the assignmgent

m =argmax(p(Camj m =1;B1;; t);p(Camj m =0;Bo)) ; (7)

m

and setting the probabilitg( ) 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(camj m =1;B1; ; t) for a not occluded feature vectop.,, lays
typically betweere * ande!. For occlusion it becomes very low: between'® and
e 19, In this case the feature vectog., is assigned to the background and the back-
ground densityp(Cam j m =0;B o) = e 3° (that is the value for the used Johnston
wavelets) is chosen for this feature veat@fy, .

For the localization and classi cation a maximum likeliltbestimation is per-
formed as described in (2) and (3). We also tested a heumgtsurement in section 4
for the classi cation. The single objects differ in theisi i. e. also in the numbét of
their local object feature vectors.., inside the bounded regioh. Since non tting
object features are assigned to the background and the toaciddensity value is used,
there are some misclassi cation caused by the differem efzhe objects. Therefore
we normalize the density before the maximum likelihoodneation by the numbex
of local object feature vectorsam :

NI ®)

(k; ; t) = argmax argmax
)
Because of the statistical independence (see (5)) the ssiprein (8) is the geometric
mean of the density valug€cam j m;B; ; t) of all feature vectorga.m with the
respective assignments .
Further we speed up the rst step of the localization protieasstarts with a global
search over all possible internal rotationg and translations;,; on a rough resolu-
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Figure 3. The 5 objects in the different environments: box on the trgjbackground, match-
box 1 on the black background, matchbox 2 on the heterogdmatigground, 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 28Siple internal transla-
tionst iy each with 36 possible internal rotationg; . For each of the altogether 8100
possible transformations we have to interpolate about@fe&ure vectors as one can
see in the leftimage of gure 2.

Since the interpolation is computationally expensive, ange 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
resolutionrg. As visible in the right image of gure 2 each interpolateafiere vector
can be used for many transformations.

4 Experiments and Results

For the experiments we used the ve objects in gure 3. Thedgesmwere 256 pixels
in square. For the training, 18 images of each object in giffeposes 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 eaftjects and pasted them
in an absolute black background as well as in front of a moask(pee gure 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 norzetibn (see eq. 8); for each model
3 170 localization and classi cation experiments are perfed, left: error rate for the local-
ization, middle: for the classi cation right: average computation time for one localization on a
Pentium Il 800 MHz

localization classi cation
one illumination  [[het. back25% 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 24,194 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 nornj. 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 rst component of the local featactors is the logarithmic
low-pass value of the wavelet analysis. So we got for eacheibéD localization and
170 classi cation experiments for heterogeneous backaplpf5% occlusion and 50%
occlusion. For the background model [6] two backgroundsgasvere trained and used:
the absolute black background and the mouse pad.

For the recognition we used for the rough localization altggm of rg = 8 pixels
and for the re nement a resolution of = 4 pixels. The objects were searched in the
whole image for all internal rotations and translationsefgby a localization is counted
as wrong if the rotation error is bigger than 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, bedfagry 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%. Whereagdtv 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 classi cation error rate for 50% asibn could be reduced from
4,7% to 2,3%. Additionally, the new model is ve times fastlean 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 tlspaalights was switched
off. Also for the test images we used these two illuminatidtes the new background
model the localization and classi cation error rate fordregenous 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 ef cient background modebfgject recognition.
The background is modelled as uniform distribution andefae 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 meitleout and with normalization
(see eq. 8); for each model B70 localization and classi cation experiments are parfed,left:
error rate for the localizatiomjght: for the classi cation, the average computation time is hear
the same as in table (1)

localization classi cation
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 backgroocad$e handled by only one
background density function. We de ned a assignment fumctirat assigns each local
feature vector either to the object or to the backgroundh\tits model we improved
the recognition rate to nearly 100% for heterogeneous backgl 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 x size of the bounded region as atfon of 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.
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