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Abstract
Feature Pool
A major shortcoming of discriminative recognition and (T = I .. S el
detection methods is their noise sensitivity, both during b = n 5
training and recognition. This may lead to very sensi- -
tive and brittle recognition systems focusing on irrelevant / \

information. This paper proposes a method that selects Discriminati :
. LT . iscriminative Generative

generative and discriminative features. In particular, we

boost classical Haar-like features and use the same features - o

to approximate a generative model (j.eigenimages). A d b

modified error function for boosting ensures that only fea- : =

tures are selected that show a good discrimination and re-

construction. This allows a robust feature selection using o S o ]

boosting. Thus, we can handle problems where discrimi- 794 1.hComdb:cn|ntg d'scr'r?"l'at“ﬁﬁ_nd (-ier:frat'.ve.'nf?rmalt'on.by

nant classifiers fail while still retaining the discriminative USi"d & shared feature pool. In addition to discriminative classify
o . ts sh that ianificantl ing the features can be used to reconstruct a previously learned

power. ur eXpe”men S show thal we can S'gr_“ Icantly object (face) while the reconstruction for other objeetg( cars)

improve the recognition performance when learning from ¢o completely.

noisy data. Moreover, the feature type used allows efficient

recognition and reconstruction.

or non-negative matrix factorization (NMF) [13] try to find
a suitable representation of the original data (by approxi-
1. Introduction mating the original data by keeping as much information as
i . i . possible). As they provide sufficient reconstructive power
When computing a classifier for object recognition one ase methods are capable of dealing with missing or oc-
faces two main philosophies: generative and discriminative .| ,qed pixels. Thus, several methods were proposed that al-

models. Formally, the two categories can be described ag,y ropyst recognitiond.q, [4, 14]) as well as robust learn-
follows: Given an input: and and a labej then a generative ing (e.g, [5, 23]).

classifier learns a model of the joint probabilityr, y) and
classifies using(y|x) which is obtained by using Bayes’
rule. In contrast, a discriminative classifier models the pos-

rior irectly from th r learn map from . - .
terior p(y|) directly from the data or learns a map fro tion tasks. Given the training data and the corresponding

input to labelsy = . . . . . .
P =Y /(@) L . labels the goal is to find optimal decision boundaries. Com-
Generative models such as principal component analysis

. . pared to generative methods this allows to train more spe-
(PCA) [11], independent component analysis (ICA) [10]. cific classifiers having a higher recognition rate. In fact,
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Cognitive Vision under projects S9103-N04 and S9104-N04 and the FFG classifiers outperform generative models (if enough training
project AUTOVISTA 813395 under the FIT-IT programme. Part of this  data is available). Thus, many applications use discrimina-
work has also been carried out as part of the K-plus Competence center.: s : ; s
ADVANCED COMPUTER VISION funded under the K-plus program. tive CIaSSIf.IerS instead pf ger!era.tlve classifiers. Compargd
In addition, this work has been sponsored by the EU FP6-507752 Nok {0 generative models discriminative models have two main

MUSCLE IST project. drawbacks: (a) discriminant models are not robust, whether

In contrast, discriminant classifiers such as linear dis-
criminant analysis (LDA) [3], support vector machines
(SVM) [27], or boosting [7] were designed for classifica-




in the training nor in the recognition stage and (b) a huge apply boosting for feature selection on Haar-like features.
amount of labeled training data is necessary. Therefore, we define a new error-function that additionally

To overcome these drawbacks Severa' approac&—lgs ( includes the genel’ative information of a feature which al-
[6,9,15, 16, 19, 20]) have been proposed that combine dis-lows a robust feature selection using boosting. Thus, we
criminative and generative models to get the best of bothcan learn a discriminative classifier even from degraded in-
worlds: the discriminative power and the robustness. In Putimages.
addition, the paper [12] provides a theoretical discussion ~The remaining paper is organized as follows: Section 2
on this topic. Most of these approaches are based on twof€views some theoretic issues that are relevant later on. Sec-
stages €.g, [9, 15, 16, 19]). In the first stage a generative tion 3 introduces the new Eigenboosting method and de-
model is estimated and in the second stage a discriminanfines the modified discriminative/generative boosting error-
classifier is built from the generative model. Holettal. [9] function. In Section 4 the proposed method is evaluated on
proposed to use a probabilistic constellation model as gen_tWO well known databases. Finally, conclusions are drawn
erative model and to use SVM on Fisher Scores to estimatein Section 5.
the discriminative classifier. Liat al. [16] applied a proba-
bilistic PCA to compute a distribution for the positive sam- 2 PpPreliminaries
ples in the first stage. In the second stage they estimate a
new distribution for the negative samples by learning a lin-  Before we introduce the Eigenboost method we need to
ear projection. Other authors proposed to use a clusteringdiscuss the two main components of the system and to in-
algorithm in the generative stage and a neural network clas-troduce the notation.
sifier (e.g, multi-layer perceptron [15], pairwise neural net-
work [19]) in the discriminative stage. In contrast, the prob- 2.1. Boosting for Feature Selection
lem of robust discriminative classification was addressed by
Fidler et al. [6]. They proposed a robust LDA approach
that constructs a basis that contains all discriminative infor-
mation but in addition also contains sufficient reconstruc-
tive information to enable robust reconstructions. Boosting - )
Haar-like features allows to train efficient classifiers. Thus, " the AdaBoost algorithm that was introduced by Freund
Rothet al. [20] proposed the conservative learning frame- nd Schapire [7].
work where they additionally estimate a PCA model which ~ Given atraining se&’ = {(x1, 1), .., (X, y)}, where

serves as supervisor for the boosted discriminative modelXi € R” is a sample ang; € {~1,+1} is the correspond-
and thus ensures robustness. ing label, and an initial uniformly distributed weight dis-
tribution with p(x;) = 1. In each boosting iteration a
new weak classifiérh?¢**(x) : x — [~1, 1] and the corre-
sponding weighty,, is calculated according to the training

error over all sampleg’ andp(x). In addition, the proba-

In general, Boosting is a widely used technique in ma-
chine learning for improving the accuracy of any given
learning algorithm. In fact, boosting converts a weak learn-
ing algorithm into a strong one. In the following we focus

All methods described above combine discriminative
and generative information on image level only. Moreover,
most of them are multistage methods where the (final) dis-

criminative classifier is trained on a (pre-processed) gener—b”ity p(x) is updated such that it is increased for samples

ative model. The main contribution of this paper is to pro- . o
: o that were misclassified and decreased for samples that were
pose a method that combines a discriminative model and a

generative model on the feature level. In order to do this classified correctly. Thus, the algorithm focuses on the dif-

N : ficult examples.
we need features that are discriminative and provide recon- . Lo .
The process is repeated and at each boosting iteration a

structive feasibilities at the same time. For example, Haar- K classifier is added until tain Stopbi di

like features fulfill both criteria. It is well known [28] that ~NEW WeaK classitier Is adde t‘)”‘ ! "]:‘Cer i'”ls OF’]E."”Q COF”. -

this feature type can be used to train powerful discrimi- tion is met €.g, a given ntum er of weak class| 'er?)- -
nally, a strong classifiehs'"°"9(x) is computed as linear

native classifiers. In addition, Taat al. [25] showed that binati ¢ o K classifiergweak (x)-
binary bases (in fact, Haar-like features can be considered®®mpination of a set ol weak classifiers,, (x):

as binary basis functions) can be used to reconstruct gray- N
value images. The discriminative and generative power of BTN (x) — sign Z N h“’“‘k(x) 1)
Haar-like features is shown in Figure 1 by two specific ex- nin ’
amples. Given a face model learned from Haar-like features
a face can be described and reconstructed by the same fedrhe weightsy,, can be obtained by
tures which is not the case for a non-face imagyg (a car).

Having features that cover both, discriminative and gen- A weak classme_rs_ls a cIassﬁ}erthat hal\slto perform only slightly better

. . . . L . than random guessing€., for a binary decision task, the error rate must

erative !nfqrmatlon{ we can combine dlscrlmlne}tlve and pe jess than 50%). It is obtained by applying a learning algorithm, Qy
generative information on the feature level. In particular, we applying statistical learning for a decision stump).

n=1




The columns oly; = [uy;,...,up;]” € RY of U, i.e,
the eigenvectors, are arranged in decreasing order with re-
1 147, L & spect to the corresponding eigenvalues. Usually, dnly
an =35I (1 - rn)’ n = ;p(xl)h" g @) L, eigenvectors (those with the largest eigenvalues)
- are needed to represent a given image a sufficient de-
which was shown by Schapire and Singer in [22] where they gree of accuracy as a linear combination of eigenveetors
proved strong bounds for the training and generalization er- X
ror of AdaBoost. Hence, boosting minimizes the error on -
L. R X = Z a;u; .
the training set: —

@)

L L
1 + 1 st The coefficients:; can be calculated by a standard projec-
Y TI0a) £ y] = 7 DR ()
=1 =1 P
Ty = e
This error is bounded by i = Ui X _Z;"ﬂ%  i=1... K, ®)
j:
N N . .
1 weak or, as a robust procedure [14], by solving a system of linear
7 > eap <_ > b (Xl)yl) =112 @ equations
=1 n=1 n=1 K
where Lp; = Zajuri,j , t=1... Qv (9)
L j=1
Zn =Y p(x)exp(—an h* (x)y evaluated af) > K pointsr = (71, ... :
> plx)ean( (X)y1) (5) Q>Kp (ri,-.-7q)

€n

andh¥¢e(x;) € [-1,+1]. Minimizing Z,, on each round 3. Eigenboosting

n, boosting greedily minimizes the training error which fi- 3.1. Image Representation
nally yields the weights defined in (2). Note, the optimiza-
tion problem and therefore the weightg are related to the
error of the weak hypotheses:

The goal of this paper is to train a classifier that takes
into account discriminative as well as generative informa-
tion. Therefore, we need a common low-level representa-
e = ek (x,) ©6) tion of the data that covers both aspects. In particular, we

" n Dyt decided to use Haar-like features for this purpose and de-

Boosting for feature selection was first introduced by fined a shared feature podl = {fi,..., far} containing
Tieu and Viola [26] and has been widely used for differ- Haar-like features. It is well known that boosting for fea-
ent applicationsd.g, face detection [28]). The main ideais ture selection on Haar-like features allows to train powerful
that each feature corresponds to a single weak classifier andiscriminative classifierse(g, [28]). Thus, the features;
boosting selects an informative subset from these features. are used to build weak hypothedig“**(x) following the

Given a set of possible featur@s= {f1, ..., fos} and a theory of boosting for feature selection as described before.
weak learning algorithnf. In each iteration step all fea- But these features can also be considered as binary basis
tures f; are evaluated on all positive and negative training functions that describe a visual dictionary. Tetal. [25]
samples and a hypothesis is generated by applying the learnshowed that binary bases can be used to reconstruct gray-
ing algorithm £. Finally, the best hypothesis is selected Vvalue images which can efficiently be done by using inte-
which forms the weak classifiére*, Thus, the selection ~ gralimages [28]. Examples of such basis functions obtained
of a feature depends the ergy that was defined in (6) and  from Haar-like features are shown in Figure 2.

(2), respectively.

2.2. Principal Component Analysis
Given a set of input image$ = [x;,...x;] € RP*L,

wherex; = [zy;,...,zpi]" € R” is an individual im- Figure 2. Haar-like binary basis functions: for illustration the orig-
age represented as a vector. Then the PCA projectioninal values were normalized; a black pixel represents a white

U =[uy,...uz] € RP*L is obtained by solving the eigen- pixel 1, and a gray pixel.

problem for the covariance matrtx € R”*¥ of X or more

efficiently by solving Singular Value Decomposition (SVD) An extension of this approach called binary PCA (B-
of X assuming thaX is mean normalized. PCA) was proposed by Tang and Tao [24]. The main idea



is first to approximate eigenimages from binary basis func- / neg. trainings / pos. trainings /

samples samples

tions and then to use these eigenimages to reconstruct the 1 1
original image. This theory also holds for basis functions weighting | l weighting
defined by Haar-like features which allows us to approxi- I
mate an eigenimage imageby — cuneiaivs |
M discriminative enirate :
U= Z bzf“ (10) eig?en images
i=1 v
where f; is a single feature from the feature pasl The il e "—‘ eigi?]?rrr?;g.;es
coefficientb; can be estimated by o o
) )
b; = Flu,, (11) wosk — )
o combination e =B e+ (1-p) ef
where F' denotes the pseudoinversef In fact, the ob- S _ J P
tained bases are not orthogonal but for practical purposes |
the accuracy is sufficient to reconstruct images by PCA pro- 4{ I e e Eeteien Ii
jections; we can approximate the eigenbasis to a desired ac- l strong
curacy (increasing the number of features will increase the classifier

accuracy of the reconstructions) from the over-complete vi- Figure 3. Eigenboosting framework for robust feature selection.
sual dictionary.
Having this eigenbasis we can reconstruct a given input

. 2= . . - learn kernel functionsKernelBoostand DistBoos} or b
imagex by substituting (10) into (7) which yields unctionsi ! ) y

Avidan [2] to include spatial information.

K M
X = Z a Z bie.i fi- (12) Discriminative Error
k=1 =1 The discriminative classifielt?(x) is defined by
The coefficients,;, can be estimated by the standard pro-
jection (8) or robustly by (9). Hence, we can easily intro- hd(X) = p; - sign(f;(x) — 6;), (13)

duce robustness into our approach which, in fact, is not pos- 4 L i
sible for a standard discriminative approach. where the threshold; and the parity; are defined by

0 =" +pu"|/2,

pj = sign(u® —p7).

The mean valueg™ andy~ are estimated by computing
the response for each featufgfor all imagesx;. Based on
the decision of the weak hypothesﬁ%(x,) the discrimina-

tive errore? for the featuref; on all training examples can
directly be estimated by

3.2. Discriminative/Generative Model (14)

Given atraining set’ of total L samples withl,,,; pos-
itive samples and.,,., negative samples and the previously
defined feature podF. To finally train a discriminant clas-
sifier we combine a discriminative model and a generative
model using a boosting framework. The proposed discrim-
inative/generative learning framework is depicted in Fig- L
ure 3. d d

Discriminative classifiersh;? are trained using features 9L ;h] () (19)
from F from positive and negative training samples. In
parallel and independently using PCA an eigenbasis is es
timated (from the positive samples only). The obtained
eigenvectors are approximated by (10) using features from
the shared feature podl. Finally, a discriminative classi- To estimate the generative error (from the positive sam-
fier is trained by boosting for feature selection. ples only) we consider the error that would be obtained

To combine the discriminative and generative informa- without the featuref;. Let
tion we define a new error-function for boosting for feature

‘which is related to the error derived in (3).

Generative error

K

selection. Therefore, for each featyiewe first have to es- N
timate the discriminative errosr;l and the generative error X5 = Zak %: Do, frm (16)
g : k=1 m#j

€.
! Adapting the error function for boosting was previously be the reconstruction of the original image using
addressed by other authors,g, by Hertzet al [8] to {F\{f;}} andx be the reconstruction obtained by (12¢(



by using the full basig). AsX is the optimal reconstruction
that can be obtained from the bagiqusing a pre-specified

d g —
number of eigenimages’) we can considejiX — %;|| as an Z p(exp (—a(BhF(x) + (1 = B)e])) =
error measure for a single featufe. From (12) and (16) XeX
we get ?. = Z (p(X)eXp (—O[(ﬁh;i(x))) - €Xp (—CK(]. - B)e;})) =
XeXxX
K M K =exp (—a(l — 5)6?) : Z p(X)exp (—aﬁhf(x)) .
Z ag bk,mfm - Z ag Z bk,mfm = generative prior xex
k=1 =1 k=1 m#yj discriminative information
" P a7) (23)
= Z arbr,j fil| = Z arbij| |1 £ - We can interpret this error function as follows: a gener-
k=1 k=1 ative prior (calculated with respect to the weighted positive

samples) influences the discriminative error in a multiplica-
Thus, the training error for a featuye is related to tive way, where the parametgrcontrols the influence. For
0 = 1 the generative prior vanishes and we obtain the orig-
inal boosting error function; fof = 0 only the generative
: (18) prior is considered but no discriminative information is in-
cluded. In fact, by using the prior we introduce robustness
to discriminant learning and enabtebust feature selection
using boosting.
Please note, PCA is required only during training. Once
(19) training is finished the boosted classifier can be usegl, (
for object detection [28]) on its own and is therefore as effi-
cient as any other boosting approach.

K
E aibr,;
k=1

Hence, we can estimate the training error for a feafyre
over all samples by

1 Lpos
Lpos

EJ*-Z

K
E ay kb, ;
-:1

k

=1

Finally, the generative erref is mapped into the interval )
[0,1]. In particular, the normalized generative eregrcan 4. Experiments

be obtained by For our experiments we mainly used the ATT database

(former ORL database) [21] and the UIUC Image Database
et =g(es) = { 1 >0 . (20) for Car Detection [1]. The databases were split into a train-
! ! 0 otherwise, ing and a test set. In particular, we used 60% of the images
for training and 40% for testing. The negative samples were
generated randomly from images that do not contain the ob-
jects of interest. In the training we build a discriminative
classifier containing 20 features; for the generative model
five eigenimages were used.
The overall erroe; is estimated as a weighted sum over ~ The main contribution of this paper is to introduce ro-

whered is estimated from the expected reconstruction error
over all training samples.

Modified boosting error-function

the discriminative erroej.l and the generative erref: bustness to boosting based learning. Thus, we would like
to emphasize that the goal of the experiments is to show
;= 56? +(1— 5)65’ (21) the benefits of the presented approdah,(robust discrimi-

native learning and reconstructing from discriminative fea-
where € [0,1]. The main idea now is to use boosting tures).
not on the standard error-function (6) but on this new com- .
bined error (21) that incorporates both, generative and the4-1- Reconstructive power

discriminative information. Since we flna”y train a dis- First, we show the reconstructive power and the robust-
criminative classifier we can define the error function for ness of the Eigenboost method. Thus, we trained a face
a sampl€x, y) by e = h(x)y. Thus, for the featur¢; we  model from the ATT database by boosting and by the new

get the weak classifier Eigenboost method and evaluated the obtained models on
test images (Figure 4(a)). The first two images are faces
h;.veak(x) = 6hf(x) +(1— 5)e§y. (22) from the ATT database where we added an occlusion noise;

the others are non-face images from the COIL data base

When substituting the error defined in (21) (or the defin- [18].
ition of the weak classifier (22)) into (5) we finally get that From Figure 4(b) it can be seen that the Haar-like basis
the combined approach minimizes function obtained by standard boosting can not be used to
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Figure 5. ATT database: ROC curves for discriminative classifiers
that were trained on clean data.

receiver operator characteristic

Figure 4. Reconstructive power of Eigenboosting: (a) original test
images; (b) reconstructions using learned Haar-like basis func- sl e
tions; (c) reconstructions obtained by Eigenboosting method. ’

______

reconstruct the original image. The faces are reconstructed
well, but due to the high dimensionality of the (learned) fea-
ture space “nearly everything” can be reconstructed. In fact,
we can reconstruct the COIL objects even though we have
learned faces before. Moreover, the reconstruction is not
robust. In contrast, when using the ideas of B-PCA (ap-
proximate the eigenimages by binary basis functions) we " N ‘ ‘ ‘ :
obtain a more suitable representation. As can be seen from 0 oo T mseporre 0% o

Figure 4(c) the faces are reconstructed correctly (even theFigure 6. ATT database: ROC curves for discriminative classifiers
occluded pixels) while the reconstruction for the non-faces that were trained on noisy data (small local occlusion noise was

fails completely. added).

0.85[

detection rate

—e—5p-1

4.2. ATT Face Database

Next, we trained different classifiers by our proposed
method from clean data and evaluated these classifiers an
clean data. From the receiver operator characteristic (ROC)
curves in Figure 5 it can be seen that including more and
more discriminative informationi.€., increasing the para-
meter(3) increases the recognition rate.

This effect can also be seen from Figure 7 where we eval-
uated the the influence of the parametdsy analyzing the
equal error rate point.

When training on noisy images (we included a small
constant occlusion in every positive sample) the discrimi- _ -
native method focuses on this local noise. This can be seen e

in Figure 8(a) where we show the features that were selected'9uré 7. Varying parametet. (generative information) < 5 <
1 (discriminative information). Increasing increases the perfor-

by using discriminant information only. Most of these fea- : i
. . . . ._mance for clean data; for noisy data the best results are obtained

tures represent the occlusion that is present in all tralnmgforﬁ ~ 0.5

images. Moreover, the weights for these features are very ’

high. In contrast, Figure 8(c) shows the features that were

selected by using only generative information. It can be

equal error rate
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(c)
Figure 8. Chosen features with corresponding weight&) classifier trained on noisy data with= 1: only discriminative information
is used (“standard boosting”); (b) classifier trained on noisy data #vith0.5: combining generative and discriminative information; (c)
classifier trained on noisy data with= 0: only generative information is used. The artificial occlusion noise is marked as a red rectangle.

seen that these features mostly represent the global struc- .
ture of the original image. In fact, the added occlusion is

receiver operator characteristic
T T T

not modeled. When discriminative and generative informa- s R
tion are combined we get the features shown in Figure 8(b).
There are still some features left that represent the occlu- o}

sion noise but compared to the pure discriminant case the
weights are much smaller. Thus, the importance of these
features was reduced by adding the generative information.
This can be seen in Figure 6 and Figure 7. From the ROC 0|
curves in Figure 6 it is clear that the performance of the
system is improved when using the combined error which orsl
captures both, the generative and discriminative informa-
tion. Figure 7 shows that the performance is increased up to 07t — — — — — J
a certain amount of discriminative informatiofi & 0.5). felee pos.rae

But by adding further (irrelevant) discriminative informa- Figure 9. UIUC Car database: ROC curves for discriminative clas-
tion the performance is decreased sifiers that were trained on noisy data (small local occlusion noise

was added).

0.85[

detection rate

5. Conclusion

4.3. UIUC Car Database In this paper we presen_ted_ a new visual learning _al-
gorithm that combines a discriminative and a generative
model. To get a common representation for both models we

For the UIUC Car Database we have performed the sameexpressed the learning process at the feature level. Thus, we
experiments as previously described for the ATT face data-need features that are discriminative and have reconstructive
base. As we are mostly interested in robust discriminant abilities at the same time. In particular, we use Haar-like
learning in Figure 9 we finally show the ROC curves ob- features but any other feature type that fulfills both criteria
tained when adding occlusion noise to the training samples.(e.g, Gabor-features) may be applied. For the final discrim-

It can be seen that the combined classifi&rgy < g < inative classifier trained by boosting we deduced a modified

0.75) outperform the extremal cases £ 0 andg = 1). error-function that minimizes (23) where the generative in-



formation is included as a multiplicative prior. As we use [13] D. D. Lee and H. S. Seung. Learning the parts of objects
robust PCA (the eigenimages are reconstructed from Haar-
like binary basis-functions) as generative representation we

can introduce robustness to boosting based learning. In parf14]

ticular, the method can be interpreted as mechanisnmofor
bust feature selectionsing boosting. In the experiments
we demonstrated that when learning form noisy dag, (

occlusion noise) our Eigenboosting method outperforms a

pure discriminative classifier. One of our next steps will be

to include different feature types into our system. Moreover,

as there exist on-line variants of both, boosting and PCA, an
incremental extension of the method is straight forward.
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