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1 Introduction: Phd Topic

Class-specific object recognition is challenging in viewlté high intra-class variability of object
instances (Figure 1). In this project, we aim to detect hwsrian concentrating on the structural
approach in terms of local parts and their relationshipse dverall detection process comprises the

Figure 1: Large variation in human pose renders human deteas a difficult task.

following two main steps : First, local classifiers find prblelocations of different body parts in the
input image, Second, possible objects and their poses imtge are detected by graphical inference
(Figure 2).

Figure 2: Left: Input testimageMiddle: Possible candidates (dots) for different body parts detkec
by local classifiersRight: Detected human with pose found by using graphical infexenc

This thesis report is focusing on the first step, that is, alo@iimizing the local classifiers, which is
the author’s PhD topic.
Notation. FG = Foreground or Target; BG = Background.

2 Brief review of the state of the art

Run time optimization of classifiers is a key issue for faseobgletection. A prominent example is
the work of Viola and Jones [12] on face detection based orseacke of boosted weak classifiers
that only require simple image convolutions for featureastion and thresholding. This framework
is not directly applicable to kernel classifiers like sugp@ctor machines (SVMs)[11], for instance,
because boosting based on such strong classifiers as companess effective. In many applica-
tions, however, the flexibility of kernel machines is a deeisadvantage, as they can be applied to
arbitrary features and pattern representations inclubisiggrams, sets, graphs, etc. This raises the



MRTN-CT-2004-005439 PhD midterm report R. Karim

guestion of how to design structured architectures foriefitaclassification using kernel machines as
components.

Accordingly, this problem has spurred research recentlyatBe& work can be roughly, but not
disjointly, classified

e into approaches [2, 9, 8, 13, 4, 5] to the desigiRefluced Support Vector Machines (RSVMSs)
that require less computational costs than the standard f8vMassifying a pattern, and

e into approaches [3, 9, 10, 1] that exploit SVMs (either retlior not) as components of a
structured architecture for classification.

Regarding the former class of approaches, RSVMs require ofitgction of kernel evaluations
for classifying a pattern, either by computing a sparse etutiisthe support vectors of the full SVM
[2, 4], or by computing a novel small set of vectors in orderdplace the support vectors altogether
[9, 13]. Additionally, wavelet approximations of thesetdsitvectors have been investigated in [8] in
order toefficiently evaluate the argumer(ise. dot products between pattern vectors) to which the
kernel function is applied.

The latter class of approaches, on the other hand, is foguwsirstructured SVM-based classi-
fication for face detection. Heisele et al. [3] studied a hierarchiiridar SVMs including a single
nonlinear SVM as top node. Thresholds were tuned for optmgizlassification performance and
speed, followed by feature selection. Romdhani et al. [9ppsed a single chain of SVMs that is
optimized also by threshold tuning, and by approximatinglly honlinear SVM that has to be com-
puted beforehand, whereas a decision tree with linear S\éMsiggested in [1]. Finally, Sahbi and
Geman [10] recently presented a tree-structured hieras€l8VMs that again is optimized by the
reduced set technique used in [9] and threshold selectiwhissoperating on an application specific
partitioning of the space of patterns (faces) accordingfterént poses.

3 Approach and methodology

Earlier, we use Support Vector Machine (SVM) [11] basedsifeess as local classifiers to find pos-
sible candidate for different body parts. The whole humaalylie divided into several parts. In the
training phase, we train a single classifier for each of tipases. In the test phase, these classifiers
classify the test image data where FGs are the correspopdirtg for each of the classifiers. BG
images, without containing any human, are used against&@aith the classifiers.

There are up td700 SVs for just one part And as due to kernel evaluations by SVs, classification
time increases with the increasing of SVs, this makes paectien even more time consuming than
the combinatorial graphical inference in our system. Thusjake it real time applicable, at first, we
need to use classifiers with reduced number of SVs (RSVMsur€&ig ( on page 4) illustrates the
basic idea underlying the design of RSVMs.

3.1 RSVM

We assess a state of the art direct greedy strategy [4] fogrdeg reduced SVMs (RSVMs). The
rationale behind our choice is as follows: Firstly, we foomslirect RSVM computation rather than

3
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Figure 3:lllustration of SVM & RSVM. Left: Decision surface of standard SVM trained with all
patterns, and optimized parameters. Number of SVs is 98r Eate isL,; ~ 17.005%. Right: An
RSVM with 4 SVs indicated by circles. Error rafe,.; ~ 17.71% is only slightly worse than that of
the standard SVM, whereas the kernel evaluations have ledeced by a factor of about 23.

on approximations of fully nonlinear SVMs, in order to avthe need to train the latter beforehand.
Secondly, we refrain from the computation of novel représ@res of support vectors as done in
[9, 13] because this relies on complex optimization prolsi¢hat are sensitive to initialization, step
sizes, etc.

In this method [4] the basic idea is to perform a greedy sefarcdin optimal subset of the training set;
it trains directly an RSVM by minimizing the primal objectifienction of standard SVM, which is an
explicit function of the classification performance on tfarting set. Thus, the classifier, produced by
using this small subset demands much lower number of kevaélliaion than standard SVM while
having similar performance.

Cascading of RSVMs: A natural way to reduce the number of (expensive) kerneluatains is

to reject a major part of the background patterns with a snofdssifier as early as possible. Thus,
using a simple classifier as a first stage to reject them anchpa@tively powerful (with more SVs)
classifier to work on the remaining patterns highly redubesaverall number of kernel evaluations.
Therefore, instead of having a single complex classifieredsator, we prefer to design a detector by
cascacading two RSVM classifiers in series in the following:wa

As shown in figure 4 (on page 5 ), the whole test set is input of ®idly patterns, which are detected
as targets (FG) by M1, will go as input into M2. From these inmatterns, those, which are classified
as FG by M2, are FG patterns detected by the whole cascadectatetPatterns that are classified as
BG by any of M1 or M2 are discarded instantly and not processetdr.

3.2 Kernel free detector for improving efficiency

Although sparse kernel classifiers are less computatioqedresive by one order of magnitude, they
still require the evaluation of kernels, which is an intraadly expensive operation by itself. This
raises the problem of how to reduce further the computaltiorsts for detection without significant
loss of performance.

To this end, we utilize kernel machines in a preprocessirag@ho determine an ensemble of weak
learners, which subsequently is combined by standard ingasiethods to produce a complex detec-
tor that runs much faster, however. The weak classifiersidered are more flexible than decision
stumps but have similar low computational classificatioste€t comparison with kernel evaluations.

4
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Input:
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Figure 4: Architecture of a two-stage classifier for redgdime number of kernel evaluations.

Boosting of an ensemble of such weak learners produces prandstectors. The overall method
comprises the following steps:

e Train a full SVM and find its decision boundary.
e Determine a set of linear weak learners from this decisiambary.

¢ Run AdaBoost on this set of weak learners.

4 Scientific achievements

4.1 Design of fast low-level detectors

The main goal of the PhD project was to optimize the localsifaess, that is finding local classifiers

having least computational cost while keeping classificeaperformance reasonably high. As we
are dealing with very complex images, a complex classifiexasdatory in order to obtain a desired
classification accuracy. At the same time, due to the lamgedfidata from many different bodyparts,
an efficient classifier is really crucial. We realised a ndeehnique that produces a classifier with
high complexity and less computational cost with signiftcaccuracy. This classifier produces de-
cision boundaries as complex as do SVMs. While this complenduces high computational costs
of SVMs in the classification phase, our classifier is onlielitnore expensive to evaluate than a
simple linear classifier. The evaluation on 13 differentyppdrts of real human data set from our
own database, showed that, compared to SVM, our classifies 4i.02% more error rate while being
393.56 times faster!

Using such detectors as component of a larger structuredtoeican further enhance efficiency.

4.2 Graphical models for object recognition

Low-level detectors of features form an essential compbokevisual object recognition systems. In
this context, our group studied the performance of the deteoutlined above for object recognition
with graphical models. Based on the output of object partaiets, contextual inference with a
graphical model computes the most probable configuratigrads in a given image.

5
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So far, the preprocessing stage took most of the computétier, followed by graphical inference
in few seconds. The novel detectors speed up the whole tetgubcess dramatically without loss
of overall detection performance.

5 Results

This section summarizes our experimental evaluation of RS¥ktade and kernel free detector

5.1 Cascading reduces computational cost up to 99%

We applied a two-stages classifier combining a very sparseMR&\stage 1, followed by the RSVM
designed as reported in section'3.1, using the bechmark7flaéad averaged the results over the
corresponding 100 training-test pairs of data sets. Theetfe number of support vectors is the sum
of #SVs of the first machine plus #SVs of the second machindiphiatl by the acceptance rate of
the first machine.

Table/ 1 shows that in comparison to a single SVM based cles$], by cascading of RSVMs,
classification cost can be reduced upto 99% without a sigmifie loss of performance.

| Dataset | Our Cascade \ Keerthiet al[4] \ SVM[4] |
Effictive #SVs Error #SVs Error #SVs Error
Breast | 4.67(0.66) 26.80(4.92) 12.1(5.6) 29.22(2.11) 185.8(16.44) 28.18(3.00
Diabetis || 6.48(0.54) 26.32(2.28) 13.8(5.6) 23.47(1.36) 426.3(26.91) 23.73(1.24
German | 4.41(0.63) 27.80(2.45) 14.0(7.3) 24.90(1.50) 630.4(22.48) 24.47(1.97
Ringnorm | 9.79(0.19) 2.04(0.28) 12.9(2.0) 1.97(0.57) 334.9(108.54) 1.68(0.24
Thyroid 5.45(0.41) 5.61(2.41) 10.6(2.3) 5.47(0.78) 57.80(39.61) 4.93(2.18
Waveform| 9.16(0.40) 12.75(1.33)14.4(3.3) 10.66(0.99) 246.9(57.80) 10.04(0.67

N N N N

Table 1: Benchmark evaluation of the two-stages sparse S\Id.€ffective number of SVs mini-
mizes the classification costs upto 99% compared to a singiélsased classifier and yields compa-
rable classification performance.

5.2 Kernel-free detectors: boosting computational efficiency
5.2.1 Decision boundary: SVM & Kernel free detector

Figure 5 (on page 7) shows decision boundaries by SVM and ennek free AdaBoost detector on
Banana data set. Comparing these boundaries, that our kezpallétector is able to approximate
complex decision boundaries of SVMs. This SVM is construaétt 80 SVs whereas our kernel
free detector is constructed with 30 linear classifier. $oclassify a single novel pattern, SVM
will demand minimum 80 kernel evaluations whereas our Keree detector requires about 30 dot
products only!
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Decision boundaries by SVM & AdaBoost

-1k

-2+

-4 -3 -2 -1 0 1 2 3 4
Train size =400 2. SVM ErR = 5.25. #SVM SVs = 80
AdaB ErR = 7. # AdaB weak classifier = 30

Figure 5: Decision boundary by SVM(solid red curve) and oarri€l free detector.

5.2.2 Benchmark: Kernel based detector & Our Kernel free detetor

We evaluated our Kernel free detector on the benchmarkatajd averaged the results over corre-
sponding 100 training-test pairs of data sets. ’

Table 2 (on page 7) and 3 (on page 8) show that in comparisanie seported standard kernel based
detectors [4, 6] the classification cost can be reduced upveral hundred times without a signifi-
cance loss of performance. In this table, '#LinClas’ meaesiihmber of linear classifiers (selected
weak learners) used to construct the Kernel free detector.

Dataset Datatype Kernel Free AB*[6] SVM [4] RSVM
TrPat TPat Dim Sets #LinClas(SD) ER (SD)| ER(SD) | # SV(SD) ER(SD) | #SV(SD) ER(SD)
Banana| 400 4900 2 100 35(0) 12.3(1.1) | 12.3(0.7)| 221.7(67.0) 10.5(0.7) 17.3(7.3) 10.9(1.7)

Breast 200 77 9100 6(0) 28.3(4.3) | 30.4(4.7)| 185.8(16.4) 28.2(3.0) 12.1(5.6) 29.2(2.1
Diabetis| 468 300 8 100 4(0) 23.8(2.1) | 26.5(2.3)| 426.3(26.9) 23.7(1.2) 13.8(5.6) 23.5(1.4
Flare 666 400 9 100 3(0) 32.6(1.7) | 35.7(1.8)| 629.4(29.4) 34.0(1.3] 8.4(1.2) 33.9(1.1)

German| 700 300 20 100 11(0) 25.4(2.3) 27.5(2.5)| 630.4(22.5) 24.5(2.0) 14.0(7.3) 24.9(1.5)
*200 (RBF net) base classifiers were combined to build a single Boostedmeach

Table 2: Benchmark evaluation of our kernel free Boosted tlmte&valuating a Gaussian kernel
(poses by a single SV on single pattern) is at least 3 time® rappensive than evaluating a dot
product (poses by a single linear classifier on single patfEne Kernel free detector is up to several
hundred times compuationally more efficient compared toradtdbased detector (SVM; AdaBoost,
boosted with many RBF net) and yields comparable classifitggoformance.
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Dataset Datatype Kernel Free AB*[6] SVM [4] RSVM [4]
Heart 170 10013100, 3(0) 17.1(0) | 20.3(3.4)| 166.6(8.7) 15.8(2.2)| 4.3(2.6) 15.5(1.1)
Thyroid 140 75 5100 | 17.0(0) 7.5(3.0) 4.4(2.2) | 57.8(39.6) 4.9(2.2)| 10.6(2.3) 5.5(0.8)
Titanic 150 2051 3100, 6(0) 23.0(1.2) | 22.6(1.2)| 150.0(0.0) 22.3(0.7)| 3.3(0.9) 22.7(1.9)
Twonorm | 400 7000 20100 5(0) 3.2(0.4) -(-) 330.3(137.0) 2.4(0.2) 8.7(3.7) 3.0(0.8)
Waveform| 400 4600 21 100 22(0) 11.2(0.7)| 10.8(0.6)| 246.9(57.8) 10.0(0.7) 14.4(3.3) 10.7(1.0

*200 (RBF net) base classifiers were combined to build a single Boostedmeach

Table 3: Benchmark evaluation of our kernel free Boosted tlmte&valuating a Gaussian kernel
(poses by a single SV on single pattern) is at least 3 time® rappensive than evaluating a dot
product (poses by a single linear classifier on single patfEne Kernel free detector is up to several
hundred times compuationally more efficient compared toradtdbased detector (SVM; AdaBoost,
boosted with many RBF net) and yields comparable classifitggoformance.

5.2.3 Real data;: SVM vs kernel free detector

We evaluated our kernel free detector on 13 different bodlispd real human data set from our own
database.

Table 4 (on pagel9 )shows that in comparison to SVM, our kdraeldetector requires up to several
hundred times less computational cost without a signifiedoss of performance.

6 Contribution to Visiontrain’s workpackages

6.1 WP1:. Computational theories and methods for low-level vision

We contributed to this topic along two lines of research.

¢ A novel design methodologyas developed for fast local detection of object parts. Te r
sulting architecture combines the classification perforceaof SVMs with the computational
efficiency of boosted weakly learners, omitting any expengernel evaluations. Although
these detectors were studied in connection with detectots @f the human body, the range
of applications of this methodology extends to numerougmogroblems of low-level vision
where fast computation and localization of cues in a pregssing phase are essential.

e We studied novel method for graphical inference with congplgraphs (see also the section
below). The method is based on ttieeoretical derivationof novel bounds that are utilized
in a A*-search algorithm. Tightness of these bounds leads toespaasiching of the search
algorithm an enables efficient inference with highly cotuekmodels.

6.2 WHPS3: Learning and recognition of shapes, objects, and categories

We thoroughly studied the detectionalfject categoriesith completely connected graphical models.
Vertices index a moderate number of object parts whose amatign and localization is to be inferred

8
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Dataset Datatype SVM Kernel Free Detector
TrPat TPat Dim| ToER ClasifTime(sec) ToER ClasifTime(sec
Head | 6284 9714 640Q 3.6 77.1 3.9 0.2
L-Sho | 6254 9667 640Q 5.8 85.3 6.7 0.2
R-Sho | 6241 9646 640Q 4.7 82.1 5.5 0.2
L-Elb | 6139 9449 640 6.6 131.6 8.2 0.4
R-Elb | 6120 9418 640 6.0 52.6 7.0 0.2
L-Han | 6092 9358 640 6.0 51.7 6.4 0.2
R-Han | 6091 9340 640 3.5 163.9 6.6 0.2
L-Hip | 6161 9463 640 7.0 141.9 7.6 0.6
R-Hip | 6155 9468 640 7.2 91.8 8.2 0.2
L-Kne | 6086 9238 640 59 88.4 6.1 0.3
R-Kne | 6076 9234 640 5.8 81.5 6.2 0.2
L-Foo | 6464 9582 640 6.2 117.8 7.7 0.2
R-Foo | 6446 9614 640 6.2 172.2 7.8 0.3

Table 4: Real data evaluation of our Kernel free Boosted datectd SVM. Compared to SVM,
Kernel free detector poses upto several hundred times éesputational cost without a significance
loss of performance.

in a given image. Candidate locations are computed in a meepsing step as described above.

Probabilisticrepresentation of the shap® instances of an object category is learned in terms
of relations between parts. This not only concerns relagaemetrical relations, but also the visual
appearance of single parts and joint appearance of pailtH. p

These relations are conveniently encoded witlompletegraphical model. The high connectivity
of the model makes object detection robust against faillil@cal part detection in the pre-processing
stage. It also enables to detect and localize occluded. parts

Our approach can be generally applied to various objecyoats. It was comprehensively eval-
uated for the detection of faces and humans in single imdgethe detection of humans in images
taken simultaneously from multiple views, and for the estiicn of the human spine in 3D medical
image data.

7 Future research objectives

Concerning the local part detectors, there two major opebl@nas.

1. A better theoretical insight as to why our kernel free sikeex performs so well, and if this
holds in general, is desirable. In particular, performamaends should be derived and related
to the performance of state-of-the-art kernel based ¢iessialong with a characterization of
data sets where these bound can be achieved.

2. Our analysis was confined to two-stage classifiers, s®faextension to structural combina-
tions ofn > 2 classifiers will be subject of our further work.

9
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8 Career plans

| have a great desire to go on with research follwoing an amtinenvironment, preferably in the
academy and regardless of the place(country).
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