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Chapter 1

In tro duction

This work is about appearancebasedobject classi cation in digital images. Image object clas-
si cation is used for face recognition, license plate recognition, medical image classi cation and
similar tasks. The problem is to assignan image to one of sewral known classesbasedon its
appearance. This task usually incorporates two steps: object localization and recognition. Here,
we assumethat the localization has already taken place, leaving us with images cortaining the
objects of interest for recognition.

Looking at the possibleapproadcesfor object recognition, we nd two extremes. The rst one
is that the ertire image is consideredas a whole for recognition. This bears the problem that
we run into di culties in the presenceof non-linear transformations but has the advantage that
global dependenciesare taken into accourt.

The other extreme is that only image extracts are compared, discarding all information about
their global position. By this, extracts that are similar can comefrom incomparable positions in
their respective images. However, this approach can deal well with non-linear deformations and
with partial occlusion.

Additionally , there are all kinds of combinations of the two extremes. There are approaches
using local characteristics and then evaluating their relativ e positions [Brown & Lowe 02] or using
hidden Markov modelsthat uselocal featuresinstead of single pixel valuesto compute the emission
probability [Gollan 03].

However, all thesemethods have in commonthat they compareertire images. This restriction
signi cantly reducesthe capability of generalization. Imagine a face classi er where the training
imagescontain facesthat aredirectly illuminated and othersthat areertirely shaded. If in atesting
casewe have to deal with an image that is illuminated from the left side, leaving the right one
shaded, we would (provided no preprocessingthat leadsto invariance against this situation took
place) havedi culties matching the testing imagewith either of the training imagesindependerly
of the method we choose. The method we proposein this work di ers in this aspect. Here, we do
not look at every image of a training classindependertly, but regard all local featuresof one class
at the sametime. This givesus the exibilit y to match the parts of the testing image with the
parts of the training imagesthat t together best. This unconstrained seard freesus from having
to model variabilit y explicitly to a certain degree,provided the respective variations of a specic
image region are preser in the training. The examined method doesthe matching betweenthe
image regionswithout global restrictions and solely basedon local similarit y.

This appearancebased approadc has proven successfulon various image classi cation tasks
including handwritten digits classi cation [Keysers& Paredes 02], the classi cation of radio-
graphy [Paredes& Keysers' 02] and face classi cation [Paredes& Perez" 01] where it outper-
formed all existing approaches. It also performed well in the facerecognition contest described in
[Messer& Kittler * 03].
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Nevertheless,the preserted method has a simple structure and disregardsa lot of information.
For examplea direct voting schemeis chosen,sothat only the best matching regionsin uence the
decision processwithout regarding their goodnesscomparedto the other matches. Moreover the
Euclidean distance is chosenas distance measure. However, other distance measureso er more
tolerance towards small transformations [Keysers00Q].

In this work di erent probability frameworks for unconstrained local feature seard are exam-
ined to considerlarger amourt of the available information. Furthermore, other distance measures
that increasethe invariance towards small local transformations like rotation, scaling, and noise
are incorporated into the framework.

The main insights gainedin this work are that recognition can be improved by using a kernel
densitiesprobabilit y model and by using a distance measurethat is invariant with respectto small
local transformations, e.g. the tangent distance. Another interesting result is that the recognition
is slightly improved by using an approximate nearestneighbor seard.

The next section gives an overview of the state of the art in image object recognition. Sec-
tion 1.2 exposesthe motivations for this work. And in Section 1.3 the notation that is usedin
this work will be preseried. In Chapter 2 an overview about general pattern recognition is given.
This chapter is basedon [Ney 00]. Chapter 3 is the main part, here the existing approachesare
described in detail and variations are introduced and discussed.In Chapter 4 the databasesused
for evaluation are preseried along with the best results from other groups. Our results on these
databasesare described in Chapter 5. In Chapter 6 the conclusionsof the presert work are drawn
and a perspective to further investigation is given. The programs that have beenwritten in the
courseof this thesis are described in appendix B. Appendix C preserns all the programsand tools
that were essetial for the succesof this work.

1.1 State of the Art

There are many publications on the subject of image object recognition. Some of them presen
holistic methods and others deal with local features. The approacheshave beenusedfor di erent
kinds of tasks. There have beenstudieson object classi cation and recognition tasks, other groups
have preseried investigations about object detection or localization tasks, additionally there are
publications about other tasks that use local and global features. First, the works on object
recognition are presered.

[Fergus& Perona® 03] have useda framework that combinesinformation about shape, appear-
ance,relative scaleand occlusion using probabilities. Local features of various sizesare extracted
at image positions with a high local entropy, scaledto 11 11 sizedwindows and matched with
referencefeatures giving the probability for the appearance. Occlusion is modeled with a back-
ground model. From this matching the probability for the shape and the scaleare estimated. The
training is done using an EM-Algorithm. This method has beentested on di erent databasesfor
the 2 classproblem object absenceversusobject presence.However all preseried results have been
topped in [Deselaers03] using simple texture features. This shaws that it is important to nd a
represenation that is appropriate to the problem. This canlead to good results more easily than
complicated models.

[Deselaers03] examinesdierent features for image retrieval. Some of them are color his-
tograms, Tamura features, local feature histograms, etc. The ewaluation is done by classi cation
tasks. As suggestedearlier simple global classi ers did in somecaseslead to better results than
more complicated models.

In [Keysers0Q] a measurethat is invariant to small previously known transformations, the
tangent distance, has been used for handwritten character recognition on the well known US
postal service (USPS) corpus. This led to the best results of that time with 2.4% error. This
method is also reported to have led to the result of 12.9% on the Image Retrieval in Medical
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Applications (IRMA) corpus. Later a result of 8% has been achieved on IRMA using an image
distortion model in addition to the tangents. This is presened in [Keysers& Dahmen® 03]. In
the same publication another distance measure has been preseried that does not measurethe
distance by directly comparing respective pixels. It is called image distortion model. Instead one
pixel is comparedwith that pixel within a neighborhood that ts best. this leadsto an error of
13.2%o0n IRMA. If this is combined with the tangent distance the error is reducedto 10.3%.

[Gollan 03] examinesvarious non-linear transformation models, including an extended pseudo
two-dimensional hidden Markov model, a real two-dimensional hidden Markov model and an ex-
tended image distortion model that takesinto accourt the local context. Those methods have
led to excellent results on all tested corpora, including 5.3% on IRMA, 1.9% on USPS with the
extended pseudotwo-dimensional hidden Markov model and 0.6% on MNIST with the extended
image distortion model.

Global rotation, translation and scaleinvariant Mellin Fourier transforms are used together
with Gaussian mixture densities in [Dahmen & Keysers™ 00] for blood cell classi cation. This
leadsto a 15.3%error rate which is better than the human error of more than 20%.

In [Keysers& Paredes 02] the local feature approach that is the baseof this work has been
used for handwritten digit recognition on the USPS corpus leading to the fairly good result of
3.0%error. It alsohasbeenshawn that combining this method with the tangent vector approad
preserted above using majorit y vote results in an error of 2.0%.

[Keysers& Och* 02] preserts a global, appearancebasedmodel for discriminativ e training of
probabilities. It shaows that the maximum entropy model outperforms Gaussiansingle densities
for handwritten digit recognition on the USPS corpus with 14.2%versus5.7%. Furthermore, the
approadc leadsto results that are comparableto nearestneighbor 5.6%, but needing only about
one fth of the parameters.

In [Mohr & Picard* 97] the Bayesiandecisionis comparedto direct voting for local features
that have beenextracted at saliert locations. It shows that the probabilistic model is especially
suited, when the single features are not that discriminativ e.

In [Deselaers& Keysers 03] local featuresare usedto identify possibleobject locations. The
decisionif an object is present or not is done using clustering or template matching. The tests
have beendone on a multi object databasethat has been generatedout of the COIL corpus of
commonobijects, by putting one,two or three COIL objectsinto alargerimage. Further results are
reported by permitting partial occlusion of the objects and by using heterogeneousackgrounds.

Another method for recognition and location of objects with occlusion and heterogeneous
backgrounds is presened in [Reinhold & Paulus® 01]. The features are multi-resolutional John-
ston wavelets that are extracted at evenly distributed positions of the image. The badgrounds
are modeled as uniform distribution over the feature spaceand the objects features are modeled
by mixture densities. The results of this approacd are preseried in Section 4.3 of this work.

[Wiskott & Felloust 97] preserts a higher level approac for face recognition using a single
prototype. A graph of facial point positions, as pupils, tip of nose, corners of mouth, etc. is
trained manually on a small number of faces. The facial positions are described by so called jets.
Those are a number of valuesextracted at the wanted facial position of wavelet transforms of the
image with di erent kernels(they di er in orientation and frequency). After the points have been
found, the graphs are comparedby a straight forward graph matching algorithm.

In [Lowe 99 local featuresthat are invariant to translation, rotation, and scalingand partially
invariant to illumination changesand projective transformations, are extracted at stable points
in scalespace. For testing the features are matched using nearest neighbor. The veri cation of
the matchesis done by nding a low residual least square problem for the global transformation
parameters. According to the authors, this permits to nd partially occluded objects in cluttered
environments.
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Face localization is the task preseried in [Chen & Gu™ 01]. They train represenativ e local
features from scalespaceby local non-negative matrix factorization to get an over-complete set
of represenativ es. Then a small number of discriminativ e featuresis selectedautomatically. This
method outperforms a Harr like classi er and is claimed to be comparableto other methods.

In [Brown & Lowe 02] invariant local features are usedto localize matching positions in dif-
ferent images. This has beenusedto estimate transformations or to create 360 views by joining
overlapping photographies. To do so features that are similar to those preserted in [Lowe 99
are extracted at interest points in scalespace. Then a nearestneighbor matching is performed
between the two images. A transformation invariant outlier detection is usedto identify false
matches. Then a transformation is computed such that the interest points of the rst image
match those of the second.

Semi-local histogram features are preseried in [Belongie & Malik * 0Q] for optical character
recognition. They are extracted at edgeswithin the image. In a secondstep the features of the
guery and the referenceimage are matched with the Hungarian algorithm and a least square
transformation from oneto the other is searded iterativ ely. A 0.63% error was achieved by this
on the MNIST corpus.

[Kittler & Hatef* 98] examineswhich combination schemesare suitable for classi cation when
joining the results of di erent methods. They comparethe following combination schemes: min
rule, product rule, majority voting, median rule, sum rule and max rule. The conclusionis drawn
that the sum rule and the median rule are best suited for combination.

1.2 Motiv ation

This work hasbeenmotivated by the good results achieved with local featuresand direct voting in
various image classi cation tasks, as those on the Olivetti Resarch Latoratory face classi cation
databasepreserted in [Paredes& Perez" 01] and on a medical radiography classi cation corpus
presered in [Paredes& Keysers' 02].

The goal wasto evaluate the basemethod by systematic variations and extensions. Especially
the simple probability model preseried by R. Paredes et al. seemedto leave a lot of spacefor
further investigation. Also the distance measureused, only implicitly leadsto invariance towards
transformations. Other distance measuresare evaluated in the course of this work. The main
points of interest are:

Examine the e ect of extracting featuresat multiple scales.

Review alternate feature reduction techniques. Here especially the Fisher linear discriminant
analysis and the discrete cosinetransform are of interest.

Inspect invariant distance measures,especially the tangent distance.
Experiment with a kernel densitiesbasedapproad instead of the direct voting.
Examine log-linear models for non-equalweighting of the local feature probabilities.
All thesesingleinspectionsare driven by the goal of better understanding why the local feature
approad leadsto such good results despiteits apparert simplicity and identify and documert the
important aspects of the method. Finally, we hope to usetheseinsights to improve the method.

The e ect of these changesis comparedto the basemethod and other approacheshby evaluating
it on known data bases.
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1.3 Notation

The symbols usedin throughout work have the following meanings:

D Dimension of vectors

K Number of classes

X Image

X Local feature

Xx | Local featuresof image X

Xk | All local features of the training imagesof classk
X Uni cation of all X

R Nearestneighbor of x
Rk Nearestneighbor of x in X
Rk | I-th nearestneighbor of x in X

This notation has beenusedwhere possible.
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Chapter 2

Pattern Recognition

In a typical pattern recognition task an input signal hasto be assignedto one of K classes.For
this generalview it is not important whether we treat acoustical signals, EEG sequence®r digital
images. The processconsistsof three main steps,

1. preprocessing,
2. feature analysisand

3. application of a discriminant rule,

asdemonstrated in Figure 2.1. In the preprocessingstep basic transformations are performed on
the signal. Examples are amplitude normalizations and de-noising.

The result of the feature analysisis a set of feature vectors that represen the input in a way
that emphasizesthe important aspects. For examplein speed recognition doing the recognition
on the plain acoustic signal does not lead to good results, as the information is only indirectly
carried by pressurevariations of the air. A more suitable represernation for the input basedon
the frequency spectrum [Ney 01]. Sometypical preprocessingstepsin image recognition include
Fourier analysis, gradient images, Laplace, and wavelet transforms [Jahne 02].

In a following step the discriminant function usesthesefeature vectorsfor classi cation. Suc
a function hasthe form:

g: RP f1:::;Kg 7' R
(X5k) 7t 9(X;K) (2.1)

Ideally g returns 0 or 1 for the wrong or right classesespectively but in most casesa discriminant
function will only approximate this binary result. As we still would like to get a result even if the
classcannot be determined with certainty, we intro duce the decisionrule r:

r: RP 71 f1;::::Kg
X 7 argmaxf g(X;k)g (2.2)
k

The discriminant function can be taken from a wide variation of methods. Examples are linear
discriminant function that describe the class boundaries by a hyper plane in feature space. A
further approad is that of arti cial neural networks, theseimitate the way neurons processdata
in nature.

Additionally , there are memory basedtechniques. Thesedo not attempt to model the training
data using parameters,but represen it directly. In atesting phasethe test featuresare compared
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Signal S

Prepocessing

"

Feature Analysis

FeatureVecta
x 2 RP

argmaxg(x; k)
k

ClassIndex

Figure 2.1: Structure of a recognition system.

to those seenin the training. The decisionis now done using that comparison. A simple example
for this is the nearestneighbor classi er that we will seein Section2.1.

Another paradigm of pattern recognition is statistical pattern recognition. Here, the classes
are modeled as probability distributions p(kjX). This is then usedas discriminant function

9(X:k) = p(kjX) (2.3)

However this paradigm is orthogonal to the other preseried methods so that they all can be
interpreted in a probabilistic manner. This is preseried in more detail in Section 2.3.

As this work dealswith image recognition, we will often refer to imageswhen preserning the
pattern recognition techniquesin this chapter. However, thesetechniquescan generally be applied
to all kinds of patterns.

2.1 Nearest Neighbor

The nearestneighbor classi er is a simple memory basedmethod that, given the labeled training
data X using the following rule:

r(X) = ky if n=argmaxt d(X;Xno)g (24)
no
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This method's error rate hasbeenprovennot to be larger than twice the error rate of the Bayesian

found in [Ney 00]. Due to its simplicity, the nearestneighbor classi er is well suited to calculate
a baselineto which new methods can be compared.

This method can be extended to K-nearest neighbor classi er. Here the classthat is most
represerted within the k-nearest neighbors of the test image is chosen.

A problem with these measures,as with all global methods, is that all imageshave to be of
the samesize. If this is not given they have to be scaled appropriately which might introduce
unwanted e ects for the recognition.

2.2 Distance Measures

Distance measuresare an essetial part of many classi ers. Usually the distance is the measure
by which the dissimilarity betweentwo patterns is expressed. To measurethe distance between
two images,these are usually interpreted as points in a high dimensional space. One measureto
calculate the distance betweenthem is the Euclidean distance. This is normally usedto express
distancesin a vector space. |t is alsoknown asL >-norm. Other simple distance measureshat are
from the samefamily are the city block distance or L ;-norm and the maximum or Ly -norm. All
thesedistancesbetweentwo | J-dimensionalimagesX and X © are given by
0 1.
X X !
d(X;x%=@ Xy XGJ'A (2.5)
i=1 j=1

Unfortunately thesedistance measuresare quite sensitive to many linear and non-linear trans-
formations. For example,a small changein brightnesson one of the imagesleadsto a large change
in distance, asthe distance of every single pixel pair has changed. This sensitivity can be reduced
by applying somepreprocessingstepsto the imagesas for example a Fourier transformation.

A similar measure is the Mahalanobis distance. This is trained on some reference data
X1;::0;Xwm 2 R' Y with the covariance matrix . For the imagesX and X °it is given by

dn = (X X9%T Ix X9 (2.6)

This can be interpreted as weighting the di erent pairs of componerts of the image inversely to
their covariances. The idea behind this is that a large distance betweencomponerts that usually
have large distancesbetweenead other meanslessthan a large distance betweencomponerts that
tend to be closeto eadt other. This distance measureis typically usedin statistical classi ers.
This measure gives some transformation invariance in some casesby reducing the relevance of
pixels that are typically subject to variations, this is especially true, if one covariancesmatrix is
extracted for ead class. This doesusually not lead to invariance towards global transformations
though.

Another distance measurethat givessomeinvariance against small local transformations is the
image distortion model as described in [Keysers0Q]. In this model small local deformations are
allowed, such that for dipm (X; X9 a pixel Xi;j is not necessarilycompared with Xi?j but with
the best matching pixel of X ° within someneighborhood R;;j . The distance betweenthe images
is measuredby

XX ; 0 2
fhow (XX = i=1 =1 o Tk X Xisgok™ + Cgyyqa0599 (2.7)

where Ci; y.(ioj o) iS @ cost function that assaiatesa cost for the distortion.
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But this again doesnot give invariance against global transformations as scaling or brightness
changes. However a distance measurehas been proposedthat is invariant against small global
transformations. The tangent distance as proposedin [Simard & Le Cun* 93]. The idea hereis
to represen a set of previously known transformations as a subspacein the pattern space. This
approad is described in more detail in Section 3.6.

All methods preseried so far have the restriction that the imagesthat are compared must
have the same dimension. If the task does not fulll this, this has to be achieved by scaling
one or both images. Other methods have been proposed, as the non-linear deformation models
investigated in [Gollan 03] that can, to a certain extent, deal with dierently sizedimagesand
non-linear transformations.

Another way of comparingimagesof di erent sizesis by using local featuresfor the comparison
this is similar to the method describedin [Paredes& Perez" 01]. This alsogivesinvariance against
global and local deformations as described in the intro duction.

All these distance measuresare not useful for classi cation by themsehes, but are often part
of the discriminant function g.

2.3 Statistical Classiers

Another paradigm of pattern recognition is statistical pattern recognition. Here, the probability
that a pattern x comesfrom a speci ¢ classis described by the classconditional probability p(xjk).
Together with the a priori prokability p(k) of a given classk we can calculate the a posteriori
prokability p(kjx) using Bayes' rule:

P(Xjk) p(k) _ o P(Xjk) p(k)
p(X) Kozy POXjK) p(K)

p(kiX) = (2.8)

The a priori probability p(k) is usually estimated from the relativ e frequency of k in the training

data. In tasks where we do not want to favor any particular classwe may setit to Ki The

classi cation decisionis usually done using the Bayes' decision rule:

r(X) = argminfp(kjX) L(k;kx)g (2.9)
k

In this equation L (k; kx ) is a cost function that describesthe cost of choosing classk when ky is
the correct class. In many classi cation tasks it makessenseto de ne L as:

Lk:kKY=1 (k;kY (2.10)
where is the Kronecker delta. If this is given, the decisionrule is equivalent to:

r(x)

argmaxf p(kjX)g
k

argmaxfp(k; X) p(X)g
k

argmaxf p(k; X )g (2.11)
k

This has been proven to be optimal with respect to the number of errors made, given that the
probability distributions are known. A proof for this can be found in [Duda & Hart* 01].

Unfortunately, the probabilities usually are not known and have to be modeled and estimated
from sometraining data. This is one of the inherent di culties of pattern recognition. There are
seweral parameterized methods to represent densities. Those and the ways to estimate them will
be preserted in the following sections.
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2.3.1 Single Densities

This represenation is usefulto model the distribution densitiesof a simple random variable. An
example for this would be the measuremen of a xed distance. As the measuringtends not to
be exact, successie measuremeis will not return the samevalue, but a value that is closeto real
one. The probability that a measuremen k returns X if its varianceis 2 and its mean value is
k is usually modeled using the well known Gaussian density or Normal distribution
1(X  w)?

. 1
PXK) = p=—sexp S (212)
2 i K

If the valueswhoseprobabilities we want to estimate have D > 1 dimensions,a covariance matrix
k and a mean , the probability density is given by

. 1 1
pP(Xjk) = BﬁeXp E(X k)T kl(x k) (2.13)
k

As the real valuesfor ¢ and  are usually not known, they have to be estimated. This is
typically done using the maximum likelihood criterion with somereferencedata. This signi es
that the empirical mean ~¢ and the empirical covariance matrix " are taken as estimatesfor the
real y and . This leadsto good results, if the amourt of referencedata is su cien t and the
assumptionthat it is a single density is correct.

Problems arise if the covariance matrix is not invertible due to insu cien t data. One way to
cope with this is by smoothing it or alternativ ely by using only the diagonal of " .

2.3.2 Gaussian Mixture Densities

If the data is not generated by a single density, but from a combination of various densities,
modeling it by a single density can lead to arbitrarily bad approximations. E.g. if the probability
is the compound of two normally distributed probability densities, this usually cannot be modeled
well by one single distribution. The approximation becomesworse if the distance between the
certers of the distributions drift apart. In this casemore complicated models are suited better.

One such model is the Gaussian mixture densities. It can approximate arbitrary density
distributions and is especially useful when the density that is to be modeled is not normally
distributed.

The goalis to model an unknown probability p(X) by a family of probabilities p(X|j i) that is
parameterizedby ; with i = 1;:::;1. The parameterscan, for example, be the variances 2 and
means ; and

. 1 1(X i)?
p(Xj i) = pﬁeXp 5%
i

is given by the Gaussiandistribution asseenearlier. The mixture density is now given by the sum

X
p(X)= ¢ pXji) o O G=1 (2.14)
i=1 i=1

A mixture density that is the sum of two distributions is depicted in Figure 2.2.

A problem with these distributions is that there usually is no closedform solution to train
them from example data. So the training is done by iterative methods. One that is typically
usedis the K-means algorithm or one of its extensions. This family of algorithms is capable of
approximating arbitrary distributions. The basic idea for these algorithms is that the problem
of approximating a distribution is reducedto the problem of nding a clustering in the training
data, and model ead of these clusters by a single density.
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Figure 2.2: Two single Gaussiandensities are composedto form a Gaussianmixture density.

K-Means Clustering

Clustering can be seenasquartization of data of arbitrary dimensionality. The goalis to minimize
the squarederror of the quantization onthe training data. The K-meansalgorithm is an attempt to
optimize this criterion. It is an algorithm of the expectation maximization family. The algorithm

cluster, returns 1, 1 or 0 depending on whether the cluster hasto be split into two sub-cluster,
hasto be mergedwith another cluster, or doesnot have to be changed.

Pseudocode for the algorithm can be seenin algorithm 1.

As the squarederror always decreaseswvhen clusters are split, somekind of condition hasto
be given, such that not ead data point gets one cluster. One such method, called ISODATA
was preserted in [Ball & Hall 65]. The idea here is that the user supplies the algorithm with
parameters. The rst one applies if clusters get too large or have an unusually large variance.
Those get split perpendicular to the largest spread. Another parameter de nes, when clusters are
consideredas being too small or too closeto someother cluster. Those clustersthen get merged.

Other algorithms also have outlier detection to prevent someoutliers to deteriorate the ertire
clustering result. An extensive review on clustering methods is givenin [Jain & Dubes88]

The K-means algorithm is known to cornverge quite rapidly. An examplein two dimensions
with a bad initial clustering is givenin Figure 2.3.

One notable variation of the K-means algorithm is the fuzzy K-means that is also described
in [Ney 0Q]. In this algorithm not only the nearestneighbor is taken into accourt, but all other
data points, weighted inversely to their distance using some probability distribution p, e.g. the
Gaussiandistribution. How it works can be seenin algorithm 2.
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Algorithm  1: The K-means clustering algorithm.

Input: A setof featuresX = fXxq;X2;:::;Xn Q.

Output: The disjunct setsXj;:::; X, that contain one cluster of X ead.
KMCluster (X;S)

lab el Initialize:

s T .
X; sud that Xi=XandX; Xjo=fgforalli6i°
-
lab el begin: I

while someX; changed

Xi == fxn i = argmin,ofk Xn; j0kgg

for i=1 to N
if S(X)=1 S T
Create X;+1 and XP such that X;+1  XP= Xj and X;+1  XP=fg
SetX; := XPand | := 1 + 1
goto begin

elseif S(Xp)= 1
Choosea Xjo by somecriterion
Swap the Eleglerts of Xjo and X,
SetX; = X X
Setl =1 1
goto begin

else

Figure 2.3: Convergenceof K-means with bad initial condition.

2.3.3 Kernel Densities

The single density, that models a simple distribution, and the mixture densitiesfor more complex
distributions have beenpreserted. The singledensity is an extreme caseof the mixture densitiesto
model a density trained by represenativ e data. The other extreme s that every training example
represernts its own density. Thesedensitiesare called Parzen windows, Parzen densities or kernel
densities. The Gaussiandensity is typically usedfor this. However, the variance of a single point
is 0. Sowe have to assumesomeother variance 2. One possibility is to multiply the variance of
the data ~2 by somefactor 2 R.

For someclassi cation tasks, the classdependent varianceis taken. However in image classi -
cation tasks this doesnot help, as can be seenin later chapters.

2.3.4 Log-Linear Classiers

In [Jaynes57] a new way of coding knowledge is preserted. The underlying idea is to create a
probability model that re ects the evidencethat has beenseenin the training but within these
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Algorithm  2: The fuzzy K-means clustering algorithm.

Input: A setof featuresX = fXxq;:::; XN Q.

Output: A setof initial parametersf(ci; 1; 1);::::(a; 15 1)0.
FKMCluster (X)

while not corverged
Expectation Step:

Calculate:
Gyt o gy = p G POl 5 i)
PTG 10 = P paai® 19
I
Calculate: g )
p(JXn;TGC; i; 0
i(Xp) = P——
(O p(ijxnoifc; 1 10)
Xno

Maximization Step:
Calculate new weights:

o 1X
a:=g  Plxaifa i ig)

n

Calculate new means:

-0

= i(Xn) Xn

Calculate new Covariances:

X
io:: i(Xn) [Xn io][Xn io]T

Update parameters:

constraints hasthe largestentropy possible. For this reasonthe method is called maximum entropy
modeling. Another nameusedis logistic regression This principle is widely usedin computational
linguistics [Ratnaparkhi 97, Berger & Della Pietra™ 96], but it also hasbeenusedfor appearance
basedimageobject recognition [Keysers& Och* 02]. However, herea short overview over the nat-
ural languageprocessingusageof maximum ertropy will be given, asthe way maximum ertropy is
usedhereis closerto this than to the appearancebasedmethod presened in [Keysers& Och* 02].
Thus, this part is mainly inspired by the two sourcesfrom computer linguistics preserted earlier.

First we presert a simple example from [Berger & Della Pietra* 96]. In a translation system
the task to nd out the dierent French translations for the English word \in". The system
is taught by referencetranslations. The rst obsenation that is made is that \in" is always
translated by oneof the phrases:f dans; en; a;au cours de; pendantg. Another obsenation made,
is that dans or en are used30% of the time. As a result the probability model has the constraints

p(dansjin ) + p(enjin) + p(ajin) + p(au cours dejin) + p(pendantjin) = 1

p(dansjin) + p(enjin ) = 3=10

Theseconstraints canbe ful lled by an in nite number of models. However following the principle
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of maximum entropy one would choosethe following

p(dansjin ) = 3=20
p(enjin) = 3=20

p(ajin) = 7=30

p(au cours dejin) = 7=30
p(pendantjin ) = 7=30

asit distributes the probability evenly betweenthe possibilities to the degreepermitted by the
constraints. Until now it is intuitiv ely clear what evenly means. This changesfor exampleif the
obsenation

p(dansjin) + p(ajin ) = 1=2

is made. Now a measurefor \evenly distributed" is needed. This measureis given by the en-
tropy of the model. The entropy of a model p(kjX) with respect to a set of examplesX =

XX _ _
H(p) = p(kjXn) logp(kjXn) (2.15)

n=1 k=1
The entropy is maximized when the model is uniformly distributed.

The probability model used has the form

|
v !
p(kjX ) = c(X) exp ifi(k;X) (2.16)
i=1

wherec(X) is a normalization term. The f; are socalled feature functions. In computer linguistics
they are usually binary functions that return 1 if the input hasa speci ¢ characteristic and O else.
However, they are not restricted to being binary. Formally they are given by

fi: f1;:::;Kg f1;:::;8g 7! f0;1g
(kX)) 7 fi(k; X)

An examplefor a feature function could be

vy 1 ifk=enand X =in
Fax)=" g else

It can be shown that nding the model with the maximum ertropy is a corvex problem with
a unique global maximum. A general algorithms to nd this maximum is known as genealized
iterative saling, which is described in [Ratnaparkhi 97]. It must be noted that the main problem
in maximum entropy modeling is nding good feature functions f;.

2.4 Local Feature Based Approac h

In the local feature based approac that is the subject of this work, overlapping sub-windows,
here called local features, are extracted from the training imagesat interest points. The extracts
are then labeled with the name of the classof the image they are from and put together into a
set. In testing, again local featuresare extracted at interest points. For ead of thesefeaturesthe
nearestneighbor in the training setis searded. Finally, all nearestneighbors vote for their class.
The classthat hasthe most votesis then chosen.
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Figure 2.4: Overview of the local feature basedapproach.

A schemeof this is shawvn in Figure 2.4. On the top left of the gure are the training images
and below is one test image. In the next step the local features are extracted from the training
and the test images. Those of the training imagesare annotated with their classlabel and joined
to a set. Then the nearestneighbor from the training feature setis searded for every test feature.
In the following step every nearestneighbor votes for its class. Then that classis chosen,which
receivesmost of the votes.

This is the method on which this work is based,it is described more thoroughly in the next
chapter.



Chapter 3

Local Feature Based Classi cation

It hasbeensuggestedearlier that the local features approac preseried in [Paredes& Perez" 01]
is e ectiv e for various classi cation tasks. Here the method is described in more detail. Then the
investigations made in the courseof this work are preseried. The basemethod that is presened
in the next section, is from now on called LF&D V.

3.1 Base Metho d

The processcan be subdivided into the following basic steps

Feature extraction.
Feature set reduction.
Feature dimensionality reduction.

Nearest neighbor seard.

a ~ w NhoPRE

Decision.

asdepicted in Figure 3.1.

In most situations it makessenserst to do somepreprocessingon the images. This consistsof
simple signal processing.Usually a brightnessnormalization is doneto stretch the color histogram
of imageswith low contrast. Also it is sometimesusefulnot to usethe imageonly but its horizontal
and vertical derivative as well. This gives further invariance towards brightness variations and
cortains the information whether a pixel is on an increasingor decreasingedge.

In the feature extraction step, all square sub images,from now on called local features (LF),
of a xed sizeare extracted. The sizeis usually chosenempirically. The right dimension is then
found experimertally. The goalis to nd the sizethat is most discriminativ e for the given task.
That is the scale,at which a feature contains su cien t structure for recognition and still provide
invariance towards global non-linear transformations. For face recognition it has been shown to
be best to selectabout the size of an eye, whereasfor a radiography classi cation task the best
results have beenobtained with extracts that were about two thirds the sizeof the original image.

Now a huge amount of data has been extracted. For imagesX 2 R' 7 and local features
x 2 R'° 3° that fulll 1 J 19 JOalittle lessthan (I J) (19 J9 valueshave been
extracted. Aside of memory and runtime concernsthis leadsto recognition problems, as many
local featuresare from imageregionsthat are not important for recognition. A local feature of the

17
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Train images | 1. Extraction ! 1 2. Set 113. Dim | 4.k-NN search k-NN
l || Loc.Feat. | reduction ¥ reduction | Feature set 3 i result
" S ‘ !  so
‘ 1 B Eso
! {!J e | | B so
|| iyt | B
E « 5
| el 8 so
¥ 3 '5.Evaluatonof |
1. Extraction | 12.Set :3.Dim | ! k-NN data 1
! | Loc.Feat. ireduction | reduction ! ! |
|, ————
I 8 | e | . .
i B y ! Classification l& &.‘
3 g"f-i’r‘?‘ ! W v } result i./i
s

,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 3.1: A schematic view of the local feature approac with direct voting. The Steps1-3 are
the feature extraction stepsand in 4 and 5 the discriminant function is calculated. Preprocessing
has beenomitted for brevity.

badkground for exampleis not important for classi cation. For those reasonsit makes senseto
reducethe set of extracted features. The criterion by which this is typically doneis local variance.
Let X beanimageandfxy; : XNy gits local featuresof dimensionD := 1% J% Now athreshold
t is chosenand the local feature x,, is taken into the feature set Xx if the variance of their pixel
valuesis greater or equalt. Formally this can be written as

1%
Xn 2 X)( | - (Xn;d )2 -
d=1 d=1

Xn;d t (3.1)

This however is only one possible method to reduce the feature set. Another will be presenred
later. The set of local features of image X that remain after the reduction is called Xx .

A further problem of recognition is the high dimensionality. The problem is that the feature
spaceincreasesexponertially with the dimension. If the amount of training data is kept xed
the feature spacequickly gets sparseif the dimension of the data increases.Under this condition
distance based classi ers often produce unstable results. This problem is known as curse of
dimensionality in the literature and described in detail by [Hastie & Tibshirani* 01].

This problem can be prevented by reducing the dimensionality of the feature space,suc that
the available training data can appropriately populate it. The question is now how to do this
reduction. One possibility is to do a sub-sampling, e.g. discard every secondcomponert of the
feature space. Howevwer, this is not recommendedas the information that is in those discarded
componerts is then lost. An alternativ e is to transform the data into another represeration with
lesscomponerts without loosingthat much information. One possibility is to do a principal com-
ponents analysis on the data. This returns a linear transformation  of the samedimensionality,
but where the componerts are sorted by importance, with regard to the squarederror criterion.
Now it can be chosenfreely how many dimensionsare to be kept. The decisionis analogousto
the decisionwhat constitutes valuable information and what is noise. This transformation does
lead to good results in LF&D V.

The stepspreserted sofar are those that are executedaswell on the training ason the testing
data. At this point, the features from the training imagesare labeled and stored in a KD-tree
seard structure X = f(X1.1;K1); 1:0 5 (XN, Ki); y(Xmorkm ) it (XmMoNy, s Km ). One
sudch structure is described in [Arya & Mount* 9§].



3.2. MULTI-SCALE FEATURE EXTRA CTION 19

When testing, every local feature x, of the testing image X is assaiated with its nearest
neighbor R, o of the training set accordingto the Euclidean distance.

For every local feature x, with the nearestneighbor xm.n 0 2 X the a posteriori probability is
now estimated by the formula

1 if k= kpo and n®= argmin, of d(Xp; Xno)g

p(kixa) = alse (3.2)
The a posteriori probabilities of all local featuresx, of X are combined using the sum rule
. 1 X
p(kiX) = 5~ pkixn) (3.3)
X n=1

which is a good choice when combining noisy data [Kittler & Hatef" 98]. The decisionis done as
usually using the Bayesiandecisionrule:

r(X) = argmaxfp(kjX)g (3.4)
k

This strategy is known as direct voting scheme(DV).

The approad doesnot intend to be invariant towards local and global transformations. But
implicitly the unconstrained seart does lead to a potentially large amount of invariance, if the
training setpermits it, asmentioned in the introduction to this work. The invariancetowardslocal
and global transformations comesfrom the variancein the training data. Sowhy doesa method like
nearestneighbor on ertire imagesnot bene t that much from this? Becausethe transformations
on the training image are usually a superposition of various transformations. As a result even
though the training corpus covers somevariation of one class,the spaceof all transformations is
too large to be reasonablypopulated. This is the reasonwhy invariant distance measureslike the
tangent distance that hasbeenpreseried in [Simard & Le Cun* 93], are necessary

Local features,on the other hand, are totally invariant towards translations, but alsothey have
all kinds of invariancesas local changesthat are a result of a global changein the training image
can be taken from all imagesat the sametime, and sodi erent local variations are simultaneously
chosenout of various imagesapproximating a di erent transformation that was not given in the
training.

An example could comefrom a systemthat recognizespeople from whole body photographs.
Assume pictures of one personthat have beentaken form dierent distances. As a result the
area she covers on these pictures varies from image to image. If the testing image is taken from
a position slightly higher than the head of the person, such that the faceis proportionally larger
than the feet, the head can be comparedto local featuresfrom a closershot and the feet from a
more distant one.

Howewer, there are various alterations to the basemethod that canbe tried, e.g.to get further
invariances,to make a smoother decisionand soon. Thosevariations are exploredin this this work
and will be preserted in the following sections. The results of those variations will be preserted
in the following chapter.

3.2 Multi-Scale Feature Extraction

In the baseline method the window sizeis xed and hasto be chosenby hand. The result of
this is that the single dimension is chosenthat works best for the speci ed data. It is however
probable that there is more than one relevant scale. To classify the radiography of a thorax for
example a local feature of the shoulder might be a good indicator but the overall shape of the
thorax probably will lead to a good vote as well.
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Figure 3.2: Extraction of multi-scale features.

To accourt for this in LF&D V featurescan be extracted at multiple scales.The inspiration for
this comesfrom [Fergus& Perona® 03]. The method proposedin this paper measuresthe local
entropy of di erently sizedwindows of an image X and extracts those N local features with the
highest entropy. The extracted features are then transformed to the samesize by scaling.

The extensionto LF&D V tested proceedssimilarly. The local variance is measuredat every
pixel position for various window sizes. Those windows with a local variance above somethreshold
are extracted and scaledto a xed size. This permits it to compare similarities in pictures with
di erent resolutions. The window sizeis typically scaledto that sizethat worked best when only
using one scale. The decisionto compare features of di erent scalesinstead of only comparing
features from the samescaleis the sameas the decisionto do the unconstrained seard of local
features in the rst place. It is done in the expectancethat the context information that is
contained in the local features will in most caseslead to a reasonabledecision. This belief is
plausible given the experiencesmade with local features.

The further proceedingafter the extraction is the sameasthat described in the beginning of
this chapter. That is, we do the reduction of the labeled features using the PCA, and save the
featuresin the KD-tree.

The scalingis done using cubic splines. This hasthe advantage of being exible and hasproven
successfuffor scalingin other corntexts [Lehmann & Genner* 99, Gollan 03].

Ecien t Local Variance Computation. The LF&D V in general and especially the multi-
scalefeature extraction require it to compute a large number of local variances. If this is done
naively for an image X of sizel J and local featuresof the sizeD D the time consumption is
proportional to | J D?. This can be reducedto | J with the following method. From X we
compute X D: X @ 2 R! J py

X X
X = Xij (3.5)
i0=1 jo=1
X X
2
Xi(;i)

(Xij )2 (3-6)
i0=1 jo=1
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Figure 3.3: Addition chart for fast variance calculation.

Xifjl) now represerts the sum of image valuesof X in the upper left corner of the image bounded

by the pixel X;; and Xi(;jz) is the equivalent for the sum of squaredvalues of X. The variance
iz;j;i o0 Of the sub window Xi;; oj0 is now calculated by

|
@ @ @ @ Iy
Xiojo  Xioj  Xijo+ Xjj 5o x& XD x
i° i (G° i i° i (G° i

In Figure 3.3 is demonstrated, which areasare added and which onessubtracted.

@7

It can be seenthat with this method, every local variance can be computed with 9 additions
and 4 multiplications insteadof (i® i) (j° j)+ 1additionsand (i® i) (j° j)+ 2 multiplications.
The precalculation requires2 (I J | J+ 1) additions and| J multiplications. On the Olivetti
research laboratory corpus with an imagesizeof 112 92 and a typical local feature sizeof 15 15
the naive method performs 2,325,540additions and 2,335,830multiplications per image. However,
the method preserted here only needs205,744additions and 51,464 multiplications per image.
That is only 8.8% of the additions and 2.2% of the multiplications are neededfor the sameresult.

3.3 Dataset Reduction

As hasbeensaid earlier, the local featuresare not extracted at all positions, but are restricted by
alocal variance threshold. If all local featuresare extracted, several problems emerge.One is that
the amount of featuresis too large to be usedeasily That is, the memory consumption is beyond
the typical sizeof main memory. For example on the ORL corpusthat is preseried in Section4.1
the extracted local featurestypically have a sizeof 15 15. Every imagein this corpusis 112 pixel
high and 92 pixel wide. That meansthat 7,469 local features are extracted per image. As the
corpus contains 200 training imagesthe training corpus would contain 1,493,800local features.
After the PCA, ead local feature uses320 bytes. This leadsto a memory consumption of more
than 450 MBs. This is without the seard structure for the recognition task. The secondand
more relevant problem is that the seard time increasesas the amount of featuresincreases.The
third inconvenienceof taking all local featuresis that local features are being included that are
not discriminative. So for example sub-imagesfrom the badkground are not relevant if the task
is facerecognition. Soit is tried to keeplocal featuresthat are consideredto be relevant. This is
typically done by calculating the variance of the gray values of the local features and discarding
all those with a variance that is below somethreshold. However, other schemesfor reduction can
be applied, that lead to better discrimination results.
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Feature Relev ance Estimation

One possibility is to learn which features are suited for recognition. This can then be expressed
by the probability distributions p(gjx) and with g 2 f0; 1g where g = 1 can be seenasthe class
of discriminativ e featuresand g = 0 is that of non-discriminativ e features. After the distributions
have beenestimated, the training feature set X is created by
( )
X= Xmn = 1= argmaxtp(gjXmn )9 (3.8)
g2f 0;1g

The feature set Xx of the text image X is alsoreducedusing the samedistributions
( )
Xx = Xn 1= argmaxfp(gjxn)g (3.9)
g2f 0;1g

After X and Xx have beenextracted, we proceedas usually with LF&D V.

To estimate the probability distributions p(gjx) for g 2 f0; 1g the follgwing methodology is
applied. For the labeledtraining images(X 1;k1);:::;(Xw ;ku ) asetX°= ,'\T’]':l xgm of all local
featuresis extracted. X°is split into the two disjunct sets

H=fXmn : Kmn = Kmo”™ Xmono= argmin fd(X; Xmn )d (3.10)

x2X°nX9<m

and _
H= X°nH (3.11)

These two sets are used to train the Gaussian mixture densities for p(xjg) using the fuzzy
K-means algorithm for Gaussianmixture densities. This algorithm wasdescribedin Section2.3.2.
The a-posteriori probabilities for p(gjx) are now computed using Bayes' formula

. X]
plaix) = P9 PO ngx)p(g) (3.12)
For the decisionrule this is equivalent to
: iHj
X =1 T 3.13
p(xjg= 1) X9 (3.13)
and _
: jHj
Xjg= 0) —5 3.14
p(xjg = 0) X% (3.14)

This method can be seenas optimizing the feature extraction on the training set. The results
achieved this way can be found in Section5.2.

3.4 Dimensionalit y Reduction

As described earlier the amount of training data neededto represen a density su cien tly is in
an exponertial relation with the amount of dimensionsof the feature represenation. This was
called curse of dimensionality, which hasthe result that distance basedclassi ers tend to produce
unstable classi cations [Hastie & Tibshirani* 01]. The local features usually have a window size
from 15 15to 19 19 pixel per feature which results in vectors of 225to 361 dimensions. Sud
a feature spacewould need more then the given 100.000to 1.000.000local features that are
normally extracted in training to be su cien tly populated. For this reason,the featuresshould be



3.4. DIMENSIONALITY REDUCTION 23

V2

Vi

Figure 3.4: The data points are represerted in the spacethat is spannedby v, and v, but there is
a strong correlation of the two dimensionswhich is represeried by v9. V9 is orthogonal to v and
represerts the least signi cant componert.

represerted in a more compact way. This is done by reducing the dimension. One way to reduce
the dimension is by scaling down the local features. This is similar to discarding componerns
in a regular manner. However, if componerts of a represertation spaceare discarded we loose
information which might be important for discrimination. To avoid this, it is usually attempted
to represent the data with lessdimensionsin a way that most valuable information is presened.

This transformation and reduction can be done either linearly or non-linearly. An overview of
methods can be found in [Jain & Duin* 00]. Here only linear methods are examined.

3.4.1 Principal Comp onent Analysis

One possibleconcernin the reduction of the dimensionality is to nd the linear transformation

:RP’ D that, given the training data fxq;:::; XN g, minimizes the squarederror of the repre-
sertation: ( )
X
= argmin kxn T 9 x,k? (3.15)
0
n=1

can be calculated by computing the covariance matrix  of the training data. Its eigervectors

span the new subspace.Figure 3.4 givesan examplein a two dimensional space.

As we usually want kK  x, Xnok  kxp  Xpok to be assmall as possible,the eigervectors
in  should be normalized to unit length.

This method has the advantage that it returns the eigervectors sorted by importance with
regard to the represenation error such that it can be chosenfreely what dimensionthe sub space
should have.

3.4.2 Discrete Cosine Transform

One disadvantage of the principal componert analysis is that it has to be calculated on the
training data. This meansan extra step that hasto be performed. It would reducethe amount of
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Figure 3.5: (a) The 40 rst principal componerts, computed on the ORL facerecognition corpus
and (b) the 45 smallest frequenciesusing the DCT.

stepsthat have to be performed on training, to have a transformation that represerts the essence
of the data equally well, while being independert of the task. Taking a look at the principal
componerts computed in real tasks, as can be seenin Figure 3.5 revealsthat many componerts
have a wavelike structure. This fact and the experienceswith the discrete cosine transform (DCT)
for image compression(the well known JPEG-compression[int 92] usesthe cosinetransform to
get an e cien t represeration of the image data) suggeststhe cosinetransform for the sub space
calculation. Furthermore, it is known that the DCT decorrelatesimage data with the property
that the correlation of the pixel valuesdependsonly on the relative position of the pixels.

The idea of the discrete cosine transform is to represen the image as amplitudes of waves
with dierent periods. For animage X 2 R' 7 the cosinetransformed image X is calculated as
described in [Press& Teukolsky* 02], by

X1X1

X9 =

i(i°+:5) i(i°+:5)

Xo.i 0 COS
i [ J

(3.16)
i0=0 j0=0

However, this is just another represenation of the data with the sameamount of dimensions.
The represetation is split into dierent scaleinformation. The positions i9,, for larger m and
n stand for higher frequencyinformation, meaning higher detail. The dimensionality can now be
reducedby discarding suc high frequencyinformation. This can be donein various ways that are
all parameterizedby somethreshold t:

(a) Extraction of the squaregivenby n;m t.
(b) Extraction of the triangle givenby n+ m  t.

(c) Extraction of the quarter circle given by P nZ+ m2 t.

The three methods are visualized in Figure 3.6. It can be seenthat (a) favors high frequenciesof
the superposedwaves comparedto the simple ones. In (b) the higher frequency componerts are
taken from the simple wavesinstead of the superposedonesand in (c) neither oneis favored when
extracting high frequencies.

3.4.3 Linear Discriminan t Analysis

The two methods that have beenpreseried sofar reducethe dimension of the data without taking
into accoun the classinformation. This can lead to unwanted transformations if the dimensions
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Figure 3.6: To reducethe dimensionality of the represenation, only the low frequencycomponerts
of the DCT are taken. Thesefrequenciesare within the separatedregion on the upper left of (a),
(b) and (c).

V2

Vi

Figure 3.7: If the classmeansare closeto oneanother and the classcovariancesare similar shawing
the strongestcomponert perpendicular to the di erence vector of onemeanto the other, the PCA
leadsto bad results.

for the best represenation are not those that permit the best discrimination. This situation is
shown in Figure 3.7. However, for classi cation it is useful to use transformations that increase
the distance between classeswhile reducing the within-class distances.

The linear discriminant analysis doesthis. It calculatesa linear transformation that separates
the classmeansasmuch aspossible,while keepingthe within-class distancesconstart. To calculate

be computed, with

X

Xn (3.17)

n=1

1
N
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Figure 3.8: LDA is not suited to deal with clustered data.

and the classmeanswith

1 X
K= o (kikn) Xn (3.18)
Nic oy
where Ny is given by
X
Nk = (k; kn)
n=1

Then the within-class satter matrix and the between-classsatter matrix are calculated by

X
Sw= (Xn K)? (3.19)
n=1
and
X
Sg = Nk ( «, ), )T (3.20)
k=1

The transformation is calculated by solving the generalizedeigervalue problem that, for v 2 RP
andV 2 RP P s given by

SB V=yv SW Vv (321)

Where the i-th column of V contains the i-th eigervector and the i-th componert of v contains
the i-th eigervalue. The eigernvectors are now sorted accordingto their eigernvaluesin descending
order to the matrix V9= wvy;:::;vp . We now get the reduction matrix = wvi;::i;vk 1 by
discardingthe D K + 1 eigervectorswith the smallesteigervalues.

It can be problematic to reducea D dimensionalspaceto K 1 dimensionsasit might not be
su cien tly large to represen the important aspects of the classes.This is especially the case,if
ead classis made up of sewral cluster as is depicted in Figure 3.8. To circumvert this problem
the classescan be split into pseudoclasses. This can be done using a clustering algorithm, e.g.
one of those preseried in Section 2.3.
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3.5 Probabilit y Mo del

The probability model usedup to now (seeequation (3.2)) is binary, meaningthat only the class
that the nearestneighbor of the local feature belongsto getsthe probability 1 and all other classes
cortain the probability 0. This might not be the best choice, especially if two classeshave similar

images. A solution for this problem can be to use more than one nearestneighbor and to weight

the neighbors accordingto their distancefrom the test sample. A standard method to accomplish
this is to usekernel densities.

3.5.1 Kernel Densities

The ideahereis to approximate the densitiesof the data in feature spaceby smearingead sample
point with a Gaussiandensity. The formula for this is

(Xq)?
2V

Yo
(X; k) = pP——¢€exp (322)
2 Vg

d=1

asdescribedin [Ney 00]. The parameter vy is usedto setthe aperture of the densities. It is usually

estimated from the classspeci ¢ variance 2 by v= 2 with the empirical parameter 2 R. In
practice, we useda pooled variance 2 = 2 asit led to better results. This is shown in Chapter
5. The probability p(xjk) using the training data Xy.1;:::; Xk:n, IS NOw estimated by
. 1 R
p(xjk) = Ne (X Xkn;K) (3.23)
n=1

The a posteriori probability p(kjx) for the local feature x is calculated using

p(xjk)p(k)
o1 P(XIK9P(K9)
The a-priori probability p(k) is usually assumedo be Ki for all classes.In practice, this assumption

even improvesthe results as classesthat have many represenativ eshave a higher probability to
hold the nearestneighbor, suc that the p(k) is contained in the nearestneighbor seard implicitly .

pkix) = P (3.24)

The probabilities p(kjx) for the local featuresx 2 Xx of image X are then combined using the
sum rule.

3.5.2 Direct Voting as Special Case of Kernel Densities

If we considerthe caseof a pooled covariance matrix (which leadsto better resultsin local feature
basedrecognition aswill be seenin Chapter 5), it can be shawvn that direct voting is a special case
of kernel densities. This will be provenin the following. For the sake of simplicity and readability
the one dimensional casewill be regarded here. The a-posteriori probability that a feature x
belongsto the classk is, as said in the last section, given by

P =L exp d(x;XZ)2
k. _ X02Xk 2 : 2
pkix) = p—p 1 d0xx 92
P=——=6Xp -
kO x092 X0
P dlxx 92
x92 X P (Zx;?
— k
= p oo (3.25)
eEXp  ———=

x02 X
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As the variance 2 and the multiplier  are constarts, the normalization term can be omitted.
For all the distancesd(x; x% betweenour local feature and the featuresx®2 X we de ne

d2,
2 — H . 2 . —
dmin - )[Qz'r)‘(f d(X, XO) g . min = %
This value can be extracted from all exponerts and we get
P 02
exp(  min) exp —d(zx'x? min
. _ XOZXk
p(kJX) - | d d(x;x 9)2
exp( min ) exp 57 min
x02 X
P o )2
exp . L
— X02Xk
= 5 Y . (3.26)
exp ——=—* min
x02 X

which can be simpli ed again. There now exists at least one X, , suc that

d(X; Xmin )2

5 2 min = 0 (3.27)

Assume rst that there only exists one such xmin with its assaiated class kmin . In this case
Xmin 2 Xk Of Xmin 2 X. This leadsto the following equation

P

. d(X;X min )? dixx 92
(k, I(min) exp (27"“;) * min T EXp (2—2) T min
. X 02 Xk NX min
p(kix) = P
d(X;X min )? d(x;x 0)2
exp Xmp ). o+ exp L+

X 02 X NX min
P o 02
. d(x;x
(k, I(min) eXp( min t  min ) + exp —(2 z) +  min
%92 X i NX min

- |od .

d(x;x 9)2
exp( min + min)+ exp (2—2)

X 92 X NX min

P e 02

. d(x;x
(K; Kmin ) + exp (2 2) + min
x02 Xk NX min

= p ' (3.28)
1+ exp d0x??
X 92 X NX min

+  min

+  min

Now it can beenseenthat

P W 0\2 2»
(K; Kmin ) + exp %
. %92 X i NX min _ . -
M 1+ exp —A0x 0T n, = (Kiknin) (3.29)

min
2 2
X092 X NX min

which in turn is equal to direct voting. Now assumethere are more than one training features
x% 2 X with d(x%x) = d(Xmin;X). The set of those features shall be Xy,in. The a-posteriori
probability is now

kKXmin \ Xk

p(kjx) = KX K (3.30)

In direct voting this situation hasto be caught and somerule for tie-brake hasto be given.

As kernel densities are a generalization of direct voting, we have the security that it must be
at least as good asdirect voting in the caseof ! O.
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Pixel
value

Figure 3.9: As the image is translated, the depicted componert marks a path through a 1 dimen-
sional feature sub spacethat cannot be described easily analytically.

3.6 Tangent Distance

In imageclassi cation oneoften hasto deal with the situation that the objects are subject to small
transformations, as rotations, scaling, shearing, etc. that do not aect the class membership.
Appearancebased methods like nearest neighbor using Euclidean or Mahalanobis distance run
into problems with sud transformations as for example the same object that is slightly shifted
can result in large pixel distances.

In 1993 Simard et al. presenied a new distance measurethat is invariant to small transfor-
mations. The ideais to regard such a transformation t(X; ) that dependson the parameter on
the image X 2 R' 7 asamanifold in I J dimensional space

Mx = ft(X; ): 2R'g R'’ (3.31)

The squareddistance betweentwo imagesX and X %is measuredasthe minimal squareddistance
betweenthe manifolds M x and M9( by

drp (X;X9 = min fkt(X; ) t(X% 9k?g (3.32)

Unfortunately the manifolds have no analytic expressionin general. Furthermore, nding the

minimal distancesis a hard non-linear optimization problem with possibly various local minima.

The e ect of a translation on one pixel of an image is visualized in Figure 3.9. It also sometimes
harms the recognition result to nd the minimal distance on the entire manifolds. Consider the

task of distinguishing a\9" and a \6" using the manifold distance where one transformation is a
rotation. The approac of [Simard & Le Cun* 93] consistsin approximating M x by the tangents
to M x in the point X. Thus not M x is consideredbut

a@x; ). .aKX;)
@, ' ' @

By this only small transformation to X will be closeto it while large transformations on the image

My = X + (3.33)
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will return large distances. In addition the distance calculation consistsnow in nding minimal
distance betweentwo a ne sub spaceswhich is easily computable.

The tangent distance of X and X ° can now be calculated either using the tangerts of only one
or of both images. If the tangents of only one image are usedwe speak of the single sided (dss)
and if those of both are taken of the double sided tangert distance (dps). The tangert QX )

@
will be denotedasty ;. |
C W )
dss(X; X9 = nzwiRrE X + | Ixy X (3.34)
1=1
dp S(X X 0) = ' I’TgianL X + |t X0+ |O tx o (335)
’ 1=1 1=1

It is clearthat dss is not symmetrical, soone hasto choosewhether to take the training or the
test imagestangents.

In [Keysers& Paredes 02] it is shawn that combining LF&D V with the tangent vector ap-
proach from [Keysers& Dahmen" 00] leadsto improvemeris on character recognition. However,
the proposedcombination is an outer one, meaning that the a posteriori probabilities of both
methods are combined and that combination is used for the decisiontaking. The method used
here can be seenas inner combination of both methods. This meansthat we use the tangent
distanceto nd the nearestneighbor of the local featuresand then estimate the probabilit y.

The tangent distanceis calculated on the image directly. However, here the image is not used
directly, but it is PCA-transformed before the distance calculation. This leadsto the problem
that the tangent distance does not make sensewhen applied to the PCA-transformed. A shift
on the PCA-transformed results in somewave shift in the original image, which is not what we
want. Furthermore, it is not clear how the PCA-transformed should be interpreted as image.
Fortunately, the PCA is a linear transformation. This allows us to calculate the tangents on the
features before we do the transformation. The tangents can then be transformed as if they were
local features.

Now that the basic principles have beenpreseried, the tangents that have beenextracted will
be preserted. They are the sameasthose preseried in [Keysers0Q]. The rst six tangents come
from ane transformations on the images. If (i;j)T is a point in the image, the transformed
position (i%j9T for an ane transformation can be described by

i° 1+ 2 i 5

= .t 3.36

i° 3 1+ 4 J 6 (3:36)
The tangerts to thesetransformations on an image x are denoted by x*;:::;X®. They are:

horizontal translation:
1= 0l=12346 i%=i+ 5 j0=]

x(i+ sij)  x(j)

xi(i;j) = lim (3.37)
5! 0 5
vertical translation:
1= 0;1=1:::;5 0= =i+
2(i:j) = lim X0t o) X(j) (3.38)
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rotation:
|=0,|:1,4,5,6 2 = 3 iO:i+ 2j jO:j 2i
() = fim X0 2l ) X))
2! 0 2
= lim x(+ 2l 2l)  x(i] 2i)+ lim X(i: ] 2i)  x(i7j)
2t 0 2 2l 0 )
= jxXMNii) ixG ) (3.39)
scaling:

/= 01=2356 1= 4 %=+ g0 jO=j 4+ g
XA i) = ixN0 §) + i%X3(0 ) (3.40)

axis deformation:
1=01=1456 2= 3 i°=i+ 5 jO=j+ i

X°(0§) = §xM(ir ) + ix3(0; §) (3.41)
diagonal deformation:
1= 0;1=2,356 1= 4 9= i+ i i%9=] 4
XO(i i) = ixt(ij)  i%E(i ) (3.42)

Note that equation 3.39 above does not exactly match the transformation named, as the rotation
with an angleof would correctly be given by

1+ 2 _ cos sin
3 1+ 4 sin  cos (3.43)
However, this is not important aswe do not look for an ertire rotation, but only for the situation
I 0. Under this condition both formulas give the sameresult. In any casethis is not important,
as the transformations 3.37to 3.42 spanall possiblea ne deformations. One could equally well

use o= 0:196 | and then de ne X' as
X(i L+ 1)+j 2+ 50 3+] I+ 4+ &) x(i;])
|

The subspacespannedby the tangents would be the same. But in that casewe could not give the
tangents such catchy names.

X'(i:j) = lim (3.44)

Additionally to the given ane transformations the three further tangents X’;x%andx® are
calculated. They are given as

Line thickness:
X" = (x1)?2 + (x?)? (3.45)

Additiv e brightness:
2R o o
C +x@5)) (i) (3.46)

X% j) = lim

Multiplicativ e brightness:
2R

- . x(i; x(i;

x2(i; j) = lim. (i) x(@i) (3.47)
Note that the tangents X and X° are not approximations to a curve, but do represen the

transformation exactly. Also note that if the tangent for the multiplicativ e brightnessx® trans-

formation wereto be usedin the double sided tangent distancedps. This would always give the
distance 0. This is becausethe origin always lies on x°.
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3.7 Log-Linear Mo dels

Until now all local features are assumedto have equal weight, or a weight that is computed
from their distance to the referencefeature. Howewer, it would be nice to be able to learn their
relevance from the training data. One way of represening weights in a probability measure,is
usinglog-linear models. Thoseare frequertly usedin natural languageprocessing.This framework

assumesthat somefeature functions f1;:::;fs with fs : R' 7 f1;:::;Kg 7! f0;1g are given.
The goal is now to model a probability distribution that re ects the frequency with that the
feature functions re on the training data f(Xq1;ki);:::; (X ; Kkn)g without making additional

assumptions. Sofor exampleif a feature function fs doesnot re for any (Xn;kpn) on the training
data, we do not want it to be relevant for the probability calculation. Two patterns X and X °for
for somek, should have the samea posteriori probabilities p(kjX ) = p(kjX 9 for all k.

Usually such probabilities are modeled with log-linear models. These have the form

P
p(kix ) = p2XPL p <f<(XiK) (3.48)

wexp( ¢ sfs(X;k9)

The goal is now to train the parameters ¢ sud that the probabilities re ect the obsenations on
the training data but are the least compromising otherwise. For this we calculate the values

X
Fs = fs(Xnikn) (3.49)

The probability is now modeled sud that

X X _
P(kiXn) fs(Xn;k) =Fs (3.50)
k n

is given and p is a probability distribution. This can be done with maximum entropy training.
Here the goalis to ful Il (3.50) and otherwise maximize
X
p(kjXn) log(p(kjXn)) (3.51)
k n

An introduction to maximum entropy modeling can be found in [Ratnaparkhi 97].

A method called genealized iterative saling existsto train the parameters ¢ of (3.48) given
the feature functions. So the training of the model is solvable and the di cult y with maximum
entropy modeling isto nd suited feature functions. In [Keysers& Och*™ 02] the following feature

fO:R' Y f1,::5Kg 70 R
(X;k) 7! X(s mod | ;bs=J c) (3-52)

In this article Keysers et al. describe the relation between Gaussian single densities and this
maximum entropy model. However, this approach has not been evaluated here as methods based
on singleprototypesare not usefulin combination with local features. This is becausethe variance
of the featureswithin one classis too large to be represeried by only one prototype. The method
that is preseried hereis closerto the languageprocessingway of using maximum entropy.

Assumethe image X and its local features x1;:::;Xn, . FOr every training feature from the
training setx,o 2 X and every classk®, the feature function

Frgo(; k) = (KSK) (n; argminf d(xne; x)g) (3.53)
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is de ned such that there are in total K jXj feature functions. The idea behind this is that it
should be learned how good a feature is suited to predict a speci ¢ class. When looking at (3.48)
and (3.53), it can be seenthat by setting pxo to

nko = (kn ; ko) (3.54)

if ko is the classlabel of x? the log-linear classi er leadsto the same classi cation decision as
LF&D V with respect to the Bayesiandecisionrule. Solog-linear models must be at least as good
asLF&D V. At least on the training data, asin the testing features are consideredthat have not
beenseenin the training. The hopeis now that the discriminativ etraining with maximum entropy
will further improve the results on the training and testing data.
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Chapter 4

Databases

The evaluation of the methods that have beendeveloped in the courseof this diploma thesis has
beendone mainly on four classi cation tasks. Theseare the Olivetti Research Laloratory (ORL)
corpus of faceimages,the Image Retrieval in Medical Applications (IRMA) corpus of radiography
images, the Erlangen corpus of images of objects and the Bloodcells corpus of pathological red
blood cells. Additionally a few tests have beendone on the US Postal Serviee handwritten digits
corpus.

Thesecorpora will be preserted in the following along with the results that have beenachieved
using other approades.

4.1 Oliv etti Research Laboratory Corpus (ORL)

This is a corpus for face recognition created at the Olivetti Researt Laboratories. It consistsof
400imagesof 40 individuals suc that there are 10 pictures of eat person. All imagesare 92 112
pixel in size. The pictures contain the facesonly. As a result the size changesof the projections
from one personon the imagesusually do not exceed15%. The facial expressionof the persons
vary aswell asthe illumination in the images. Additionally , the viewing direction varies slightly.
Someexamplesare given in Figure 4.1. Someresults that have beenachieved on this corpus are
shown in Table 4.1. As can be seen,LF&D V obtains a 0% error rate on this corpus. This is done
by using the rst 5 imagesof every personfor training and the last 5 for evaluation. If only 3
imagesare usedfor training LF&D V obtains 2.6% error.

Table 4.1: Results of other approacheson the ORL corpus as reported in [Paredes& Perez" 01].

Approac h Error rate
Volumetric Frequency Domain 7.5
Standard Hidden Markov Model 7.5
Probabilistic Neural Network 4.0
Convolutional Neural Network 4.0
Nearest Feature Line 3.0
Support Vector Machine 3.0
EmbeddedHidden Markov Models 2.0
LF&D V 0.0

35
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Figure 4.1: Examples of the ORL corpus.

4.2 Image Retriev al in Medical Applications (IRMA)

IRMA (Image Retrieval in Medical Applications) is a cooperative project of the Department of
Diagnostic Radiology, the Department of Medical Informatics, Devision of Medical Image Pro-
cessingand the Chair of Computer ScienceVI of the Aachen University of Technology (RWTH
Aachen).

One result of this project is an image classi cation corpus with 1617 imagesthat belong to
6 classes. These are abdomen, limb, mammography, cranium, thorax and vertebra. They are
displayed in Figure 4.2(a). The imagesof the corpus are quite dierent in sizeand aspect ratio.
The smallestimageis 150 200 pixel in sizeand the largest is of 4000 4000pixel. To make them
comparablethey have all beenscaledsud that the smaller sideis 32 pixel long. Other approadces
that require the imagesto have the samesize make it necessaryto scaleall imagesto one xed
size,e.g. 32 32 pixel. This is not necessarywith local features. Another preparation step that
was applied to the corpusis a two bin histogram normalization to stretch the value range. This is
especially important asthe contrast of someimagesis especially poor and local feature extraction
is done with a local variance threshold, such that no featureswould be extracted in those images
otherwise. Furthermore, the boundary of classesis sometimesrather arbitrary as for example
someimagesshow half a pelvis and half a leg. An exampleimage of every IRMA classis givenin
Figure 4.2(a) and the variance within the classess demonstratedin Figure 4.2(b) by six examples
of the classthorax.

The best results that have been achieved so far on this corpus are preserted in Table 4.2.
Unfortunately IRMA is a corpusthat has been created at the RWTH-Aac hen and is not widely
used, sothat not many results of groups outside of Aachen have been published.

Table 4.2: Results of di erent approacheson IRMA.

Approac h Error rate
CooccurrenceMatrices [Keysers& Dahmen" 03] 29.0
Squaredimages1-NN " 18.1
Squaredimages, Kernel Densities " 16.4
Thresholded Tangert Distance " 111
LF&D V [Paredes& Keysers 02] 10.6
Thresholded Image Distortion Model [Keysers& Dahmen* 03] 9.0
Distorted TD " 8.0
Non Linear Distortion Models [Gollan 03] 5.3
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(a) Classes
“ v
(b) Thorax

Figure 4.2: (a) displays examples of classesof the IRMA corpus. They are abdomen, limb,
mammography, cranium, thorax and vertebra. (b) shows di erent examplesof the classthorax.

4.3 Erlangen

The corpus of the University of Erlangen-Nernberg, Chair for Pattern Recognition, is an object
recognition corpus with occlusion and changing badkgrounds. The objects are two di erent cars,
two di erent match boxesand one decorative box which alsoform the v e classes.All imagesare
256 256pixel in sizewith the object in their certer. However, for evaluation they have beenscaled
down to 128 128pixels to keepthe local featuresapproach manageable.The corpusis subdivided
into two training corpora and six test corpora, where ead training corpus is assiated to three
of the tests.

The training corpora consist of the mertioned objects rotated in stepsof 10 , in the rst one
illuminated uniformly and the other time with two di erent illuminations, and hold 90 imagesplus
two badkground imagesead. One badkground is simply black and the other oneis the picture of
a mousepad.

As mertioned, there are three test corpora for ead training corpus, ead holding 170 images,
which results in 34 images per class. For ead task that is assaiated with rst training corpus
there is an analogoustask for the secondtraining corpus. The three conditions are

a 25% occlusion of the object,
a 50% occlusion of the object and
changing badcgrounds.

The objects are shown in Figure 4.3(a) and someexamplesof the test conditions are displayed in
Figure 4.3(b).

The results on this corpus, as published in [Reinhold & Paulus® 01], are showvn in Table 4.3.

Table 4.3: Results of [Reinhold & Paulus” 01] on the Erlangen corpus.

Condition 25% Occlusion | 50% Occlusion | Changing background
1 lllumination 0.0 2.3 0.0
2 llluminations 0.0 4.8 0.0
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(a) Training

(b) Test

Figure 4.3: (a) The training imagesand the background of the Erlangen corpusand (b) examples
of di erent test images.

¢

(a) stomatocyte (b) echinocyte (c) discocyte

Figure 4.4: Examples of the three classesof the Bloodcells corpus.

4.4 Blo odcells

This is a corpus of red blood cells under the e ect of dierent drugs. There are three classes
of dierent size. The rst classis represerted by 3259, the secondby 916 and the third by 887
images. Someexampleimagesare displayed in Figure 4.4. The pictures are 32 32in size. Before
classi cation, a two bin histogram normalization has beenperformed to augmert the contrast of
the images.

Someresults on this corpus are displayed in Table 4.4. Even though this is just a three class
problem the task is pretty di cult ascan be seenin the human error rate of more than 20% and
the best reported error rate so far of 15.3%.

45 US Postal Services (USPS)

This is the well known handwritten digit corpusof the US Postal Service. All imageshave a sizeof
16 16. The corpusis divided into 7291training and 2007 testing images. Someexample images
are shown in Figure 4.5. Obsenre that someof the digits are cluttered or deformed heavily and
that the line widths dier. The human error is about 2.5% which shaows that it is a complicated
task. Someof the results that have beenpublished are preseried in Table 4.5.
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Table 4.4: Results on the Bloodcells corpus according to [Keysers& Dahmen® 01].

Approac h Error rate
Human > 20%
GaussianMixture Densities 31.0
1-NN 21.4
Kernel Densities 19.6
Mixture Densities, RST-invariant 18.8
KD, Tangert Distance, Virtual Data 16.3
GMD, RST-invariant, LDA 15.3

Table 4.5: Someresults on the USPS corpus.

Approac h Error rate
Human [Simard & Le Cun* 93 25
Nearest Neighbor [Keysers& Dahmen" 0Q] 5.6
Relevance Vector Machine [Tipping 0OQ] 5.1
Neural Net (LeNet1) [Simard & Le Cun* 9§ 4.2
Mixture Densities, LDA, Virtual Data [Dahmen & Keysers® 01] 3.4
Invariant Support Vectors [Schelkopf & Simard* 9§ 3.0
LF&DV [Keysers& Paredes 02] 3.0
KD, TD, Virtual Data [Keysers& Paredes 02] 2.4

AIFSET7ET
Q01234986 1%7
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Figure 4.5: Examples of the USPS corpus.
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Chapter 5

Exp erimen tal Results

Here the results of the methods that have beenpreserted in Chapter 3 are preserted and inter-
preted. The experiments have beencarried out on the databasesthat have beenpresered in the
previous chapter. However, the comparative results from other groups are preseried again, along
with the newly generatedones,where appropriate, and the di erences are discussed.

5.1 Multi-Scale Feature Extraction

In Section 3.2 the motivation to extract local featuresat di erent scaleshas beendiscussed.Here
we presert the practical results of applying this technique to IRMA. The features are extracted
with 13, 19, 25, 31 pixel width and then scaledto 19 19. Someexamplesof this are depicted
in Figure 5.1. The variance threshold is 484 and no sub-samplingis done. The featuresare PCA-
reducedto 40 dimensions. The results are showvn in Table 5.1. It can be seenthat the recognition
result is increasedas well for direct voting as for the kernel densities approac.

All scaling in this work has been done with spline-interpolation. Howewer, scaling images
down with splinescan lead to artifacts. This can be seenin the two craniums on the lower left of
Figure 5.1(b). Sothe results might be improved more by scaling down the featureswith another
method.

i.fﬂr
w10
adl
4

(a) Image (b) Features

1

Figure 5.1: Examples of features extracted at multiple scalesand the originating image.
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Table 5.1: Results with multi-scale feature extraction on IRMA.

Multi-scale Probabilit y model | Error

No DV 10.3
Yes DV 10.0
No KD 9.7
Yes KD 9.4

Table 5.2: Results of feature relevance estimation comparedwith variance threshold on ORL.

Approac h Error rate | Features extracted

Variance Threshold 2.5 157,756
FRE 50 4.6 133,074
FRE 150 2.1 100,687

FRE 500 2.1 124,538
FRE 1000 3.1 120,405
No reduction 2.9 917,280

5.2 Dataset Reduction

As preserted in Section 3.3, usually the local variance threshold is used for set reduction. Here
this method is comparedwith feature relevanceestimation (FRE) that hasbeenpreseried in the
samesection. The fuzzy K-means algorithm usedhasto be supplied with the number of densities
that should be created. Testshave beenmadewith 50, 150,500and 1000densities. This hasbeen
tested on ORL using a local feature sizeof 15 15and using the rst three imagesof every person
astraining imagesand the last 7 for testing. The results can be seenin Table 5.2.

As can be seen, this method improves the recognition result slightly. What is remarkable
though, is that it leadsto the better results, while using signi cantly lessfeatures. Figure 5.2(b)
shows someexamplesof where in the imageslocal features have been extracted using FRE com-
pared to the positions using the variance threshold that are displayed in Figure 5.2(a). It can be
seenthat FRE extracts features more regularly over the image. This could be an advantage. At
the mouth and the noseof the woman, for example almost no local features have been extracted
with the variance threshold. FRE did extract somefeaturesat those positions.

Additionally the e ect of extracting all local features has beentested on IRMA the result can
be seenin Table 5.3. The featureshave beenextracted with a threshold of 400and ltered with a
horizontal and a vertical Sobel Iter. The featureshave beenPCA reducedto 40 dimensions. It is
notable that even though only 0.4% more local features are extracted the result is one percertage
point worse if no variance threshold has been applied. This shows that it de nitely harms the
result to include featureswith little local variance.

FRE leadsto improvemerts. However, it must be noted that the approad is time consuming.
This is partially becauseall local features have to be extracted, sud that basic operations like
reading and writing, already are costly tasks. Also the training of the mixture densitiesis compu-
tationally expensiwe. Finally, it makesevaluation techniqueslik e leaving one out uncomfortable to
executeasa new mixture densitieshasto be computed for every imagethat is classi ed. Sincewe

Table 5.3: The e ect of taking all local featureson the IRMA corpus.

Approac h Error rate | Features extracted
Variance threshold 8.9 780,653
No reduction 9.9 784,132
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(a) Variance threshold (b) FRE

Figure 5.2: Positions at which local features have been extracted in the images. (a) Using the
variance threshold the extraction is concenrated on few regions, whereas (b) using FRE the
features are extracted more evenly over the ertire image.

did not feelthat the improvemert doesjustify the e ort, FRE is not consideredin the following.

5.3 Dimensionalit y Reduction

The dimensionality hasbeenreducedusing principal componert analysis, discrete cosinetransform
and linear discriminant analysis.

For the PCA, the 40 rst principal componerts are chosen,soreducing the dimensionality from
up to 361 dimensionsdown to 40. Sometests have been made regarding the dimensionality and
the 40 dimensional sub-spacehas provento be well suited for all tested corpora. Communication
with the authors of [Paredes& PereZ” 01] revealedthat they made similar experiences.

5.3.1 Discrete Cosine Transform

To reducethe dimensionality using DCT, only the largest wavelengthsare chosen. As described in

Section 3.6 they have beenchosenby taking the componerts within a square,triangle or quarter
circle in the upper left of the DCT-transform. One further designdecisionis whether the origin

of the DCT is put in the certer of the local feature or for examplein its upper left corner. The
results using the three wavelength extractions choices(circle, squaredand triangular) as well as
the two positionings of the origin of the DCT on IRMA are displayedin Table 5.4. As canbe seen
the DCT with its origin in the upper left corner of the local features lead to signi cantly better
results than those with their origin in the certer of the features. This is probably causedby the
fact that the certered imagescannot contain gradient information as they are symmetrical with

respect to the origin. This can be seenin Figure 5.3(a). Those certered in the upper left corner
of the features can be seenin Figure 5.3(b), it can be noted that they are neither symmetrical
with respect to the horizontal axis nor to the vertical. It also must be noted that the best result
is almost as good as the PCA with 40 dimensionswhich is 10.3%. This shows that the DCT is
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Figure 5.3: DCT (a) centered in local feature and (b) certered in upper left of feature.

Table 5.4: Results of di erent reductions using DCT on IRMA.

Circle 33 | Circle 43 | Square 36 | Square 49 | Triang 36 | Triang 45
Centered 24.5 23.1 24.6 23.1 23.0 21.8
Upper left 12.1 11.3 12.0 11.6 10.9 11.0

similarly well suited to reducethe represeration dimensionality asthe PCA.

As aresult the complexity of the method can be reducedby using the discrete cosinetransform
with small recognition performancelossesonly.

5.3.2 Linear Discriminan t Analysis

In the previous sectionthe PCA hasbeencomparedto a method that doesnot haveto be trained.

The idea was to reduce the complexity of feature extraction. The question here is whether we
can usethe classinformation to increaseclassseparability. To do so, the LDA, as described in

Section 3.4.3, has beenused. To keepit comparable with the results of the PCA, every class
has been subdivided into 7 virtual classes. These were generated using K-means clustering as
described in Section 2.3.2. The 42 meansextracted on the IRMA corpus are displayed in Figure
5.4. Even though somemeansare quite closeto ead other, it can be seenthat especially those
of the thoraxes are easily distinguishable from those of other classes. Applying the LDA to the
clustered vectors, we get the reducing transformation. The transformation vectors are given in

Figure 5.5. Theseimagesre ect the salt and pepper patterns that can typically be obsened with

LDA transforms. However, somestructures of the meanscan be found in a similar form in those
vectors, especially those of the thorax class.

The tests of the LDA weredoneon IRMA with afeature sizeof 19 19that werereducedto 41
dimensionsas described above. The local variance threshold was set to 400, thus 780,653features
were extracted in ead condition. But even though the images of the transformation vectors
might suggestthat the LDA might lead to good results, as someof them contain structures that
resenble the classmeansof the virtual classesthe teststhat aredisplayedin Table5.5demonstrate
that the LDA is not suited for the local feature approach. This is similar to results reported in
[Fergus& Perona” 03], where the authors comparedi erent dimensionality reduction techniques
for local features.

An explanation for this could be that the LDA expectsthe imagesof one classto be relatively
similar. This however is not given in the local feature approach. After clustering, the average
distances of the local features from their cluster mean is 1350. On the other hand the mean
distance betweenthe clustersis only 13086. It is also commerted in [Duda & Hart* 01] that the
LDA is problematic, if the clusters are not compact. This also might be a good indicator that
generalizingapproacesdo not work well with local features.
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Figure 5.4: The meansof the clusters returned by the k-meansalgorithm.
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Figure 5.5: 40 rst transformation vectors of the LDA.

5.4 Tangent Distance

In Section 3.6 we have proposedthe tangernt distanceto give invariancetowards small transforma-
tions. This has sofar only beenusedfor entire images. Here someresults with the combination
of tangent distance with local features and kernel densities are preserted. The tangent distances
are tested on the IRMA and the Bloodcells corpus. The parameters used on both corpora are
displayed in Table 5.6. The tangents that lead to the good results on IRMA are horizontal and
vertical translation, the axis and the diagonal deformation, the scaling, rotation and additive
brightness changes. The tangents used for the Bloodcells corpus are the same as the tangents
used for IRMA with the exception that the tangent for line thicknesshas been added. Adding
this tangent has beenmotivated by the character of the images. Often the outlines of the blood
cells contain borders of di erent widths, asis shown in Figure 5.6. These examplesare all from

the classstomatocyte.

Table 5.5: The results of the LDA comparedto those gained with the PCA on IRMA.

Approac h | Error rate
PCA 10.4
LDA 13.3
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Table 5.6: Parametersusedfor tangent distance.

Corpus Normalization Feature size | Threshold Reduction
IRMA 2 bin 19 400 PCA 40 0.008
Bloodcells 2 bin 15 1600 PCA 40 0.01

Table 5.7: The error rate of LF&D V could be reduced by measuring the nearest neighbor with
the tangent distance instead of the Euclidean norm.

IRMA Blo odcells
LF&KD 10.3 17.2
LF&TD 7.4 13.5
Best other | [Gollan 03] 5.3 | [Dahmen & Hektor* 0Q] 15.3

These setups lead to improvemerts on IRMA and on the Bloodcells corpus as can be seen
in Table 5.7. It must be noted, that the result on Bloodcells is the best reported so far, with
the secondbest result of 15.3%that wasreported in [Dahmen & Hektor* 00]. That method uses
RST-invariant features and Gaussianmixture densities. This can be seenas a quite specialized
designfor blood cell classi cation. However, the rather generalapproac of local features, direct
voting and tangent distancesleadsto a better result. On IRMA, [Gollan 03] presened the best
error rate of 5.3%. This is the only publication of a better error rate than the one presened here.
It hasbeenachieved using pseudo2D hidden Markov and distortion-mo delson Sobel transformed
imageswith 3 3 local contexts. It is notable, that this approacd only leadsto very good result
by using local corntexts (even though the onesusedthere are a much smaller than those usedin

our approad).

If nearest neighbor is not searded for the PCA reduced of the local features, but on the
horizontal and vertical Sobel transforms, the result for the Euclidean distance and direct voting
increasesas can be seenin Table 5.8. However the tangent distance does not lead to the good
results it did on the gray values. A reasonfor this is that, by taking the Sobel transformed,
the PCA reduction to 40 dimensionsand the tangent distance the feature spaceis reduced that
much, that the discriminativ e information is lost. If the tangent for multiplicativ e brightnessis
added to the con guration that leadsto 7.8% error, the error jumps to 69.8%. This is because
the distinction betweensteepand at gradients is lost, such that imageswith little cortrast get a
small distanceto imageswith big cortrasts eventhough they do not carry suitable classdependert
information.

Note that the chosenparameters were found without optimization on the specic data. For

(a) Thick lines (b) Thin lines

Figure 5.6: A motivation to add the line thicknesstangents for distance measuremen
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Table5.8: The e ect of using Sobel transformed local featuresinstead of the gray valueson IRMA.

Distance measure Error rate
Euclidean 8.9
Tangert distance 12sr 8.2
Tangert distance hv12sr 7.8

IRMA the window sizepreserted in [Paredes& Keysers' 02] hasbeentakenwithout variation and
for Bloodcells the sizes13 and 15 have beentested without tangents and 15 pixel sized windows
led to a slightly better result (17.6%for 13 and 17.2%for 15). On IRMA the only parameter that
has beenfound empirically is the value of for the kernel densities.

Also, in Section 3.6 an exterior combination of local features and tangent distance on the
USPS corpus that has been preseried in [Keysers& Paredes 02] was mertioned together with
the idea to turn this into an inner combination. The authors report an error rate on USPS of
2.0%by combining LF&D V and TD with majority voting. The error rates of the methods without
combination are 2.4%for the tangent distancewith virtual data addedto the training set. LF&D V
leadsto a 3.0% error (The LF&D V error rate could not be exactly reproduced, we just obtained
a 3.4%error). Using the nearestneighbor with local featuresand direct voting using the tangernt
distance leads to an error rate of 2.6%. This is higher than that achieved using the tangent
distance. However it is better than simply doing the LF&D V approad.

The results preserted hereis attained with the following con guration: The imagesare padded
with a border of 7 pixel, the local features are 15 15 pixels in size, a low variance threshold of
100 was chosen, and no sub-sampling was performed. For the tangent distance all tangents are
usedbut that for multiplicativ e brightnesschange.

5.5 Kernel Densities

As preseried earlier, in the LF&D V approach the a priori probability p(kjX) for a speci ¢ classk
given an image X is directly approximated for ead of its local featuresx by

. 1 if R 2 Xy
P (KiXn) = e

The other possibility examinedwasthe kernel densities,aspreserted in Section3.5.1. However,
we did not usethe usual kernel densitiesas givenin (3.24), but a variation known under the name
of kernel densitieswith maximum approximation. It is given by:

max, (X Xgn;K)

ko (kjx) = P
Kooy MaxX, (X Xkon ;KO

with the kernel function that is given by

Y 2

(x; k) = 1917 exp (Xd)z
2 2 2

d=1 k k

This decisionwas mainly taken becauseof speedconsiderations. Using the local features, we have
to deal with an amount of data that is by magnitudeslarger than that of regular nearestneighbor
approades,such that an exhaustive seard is expensive with respect to computing resources.The
other reasonwhy the usual kernel densities has not been usedis that the local features within
one class have a large variability. The consequenceof this is that the kernel function returns
valuesthat are signi cantly larger than zero for the rst few nearestneighbors only. In IRMA,
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Table 5.9: The improvemerts using kernel densities.

IRMA Erlangen 50% occ | Blo odcells
NN&D V 10.3 1.2 17.7
KD 9.7 0.6 17.2

Table 5.10: Parametersusedfor kernel densities.

Corpus Normalization Feature size | Threshold Reduction

IRMA 2 bin 19 400 PCA 40 0.03
Erlangen None 13 400 PCA 40 0.01
Bloodcells 2 bin 15 2500 PCA 40 0.02

for example it doesnot make senseto estimate the probability of a local feature that shows an
eye-holefrom a local feature that shows a chin, eventhough they are both from the classcranium.

This approximation led to improvemerts of the recognition ascan be seenin Table 5.9 for some
corpora. The dependenceof the result with respect to the parameter can be seenin Figure 5.7.
The graph shows the dependenceof kernel densities of the weighting factor , onetime wherethe
variance is pooled and the other where it is not. It can be seenthat pooling the variance over
the classegyenerally leadsto better results, than using classdependen variances. Additionally , it
can be seenthat the result for the classdependert variance quickly deterioratesas approaces
1. This is becausethen the distance loosesweight as increases.As a result the classwith the
highest variance is almost always chosen. The casewith pooled varianceson the other hand is
much more insensitive towards this parameter. Also, it can be seenthat the result convergesto
the result of LF&D V (that is 10.3%),when getssu cien tly small. This behavior was explained
in Section3.5.2. The parametersfor the results that are preseried in Table 5.9 are shown in Table
5.10.

To estimate the impact of usingthe maximum approximation with the kerneldensitiesa relaxed
approximation with the 100 nearestneighbors from ead classwas tested. Howeer, this doesnot
improve the result with respect to direct voting. That is, the bestresult is achieved when is set
to 0. This is the result of direct voting with 10.3%error.

5.6 Local Features, Occlusion and Changing Backgrounds

When doing recognition with changing badkgrounds and partial occlusion, local features are bet-
ter suited than global approaches [Schmid 99, Mohr & Picard® 97]. Here, the Erlangen corpus
with occlusion, brightness changesand changing backgrounds has beenused for evaluation. The
most important competition to our method is preseried in [Reinhold & Paulust 01]. There an
approach basedon local multi-resolution Gabor featuresand an object model is preserted for the
task. We will compare their results with ours, gained with the unconstrained local feature ap-
proach using direct voting and alternativ ely kernel densities. For thesetests we usedthe following
badkground model. It consistssimply in an additional feature set X4 that has beenextracted on
the badkground imagesand represerts the badkground classK + 1. The decisionrule is now given
by

argmax fp(kjX)g (5.2)

k2f 1;::K g

Sothe badkground classgoesinto the probability model, but is excluded from the decisionrule.
Practically this is realized by choosingthe classwith the highest probability, if it is not the back-
ground classand that with the secondhighest else. The results achieved for the three conditions
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Figure 5.7: Dependenceof of kernel densities approximation with and without pooling of the
variance on the IRMA corpus.

Table 5.11: LF&D V on Erlangen useful for partial occlusionand changing badkgrounds.

Approac h 25% Occlusion | 50% Occlusion | Changing Backgrounds

[Reinhold & Paulus™ 01] 0.0 4.8 0.0
LF&D V 0.0 1.2 0.6
LF&KD 0.0 0.6 0.0

with two illuminations are comparedto those of [Reinhold & Paulus* 01] in Table 5.11.

It can be seenthat, even though we have no object model, the results of local features with
kernel densities is superior to the competitor. This shows that PCA-transformed local features
are more appropriate to this task than stacked Gabor features.

5.7 Log-Linear Mo dels

In this section we will presert the results of using maximum erntropy to estimate the quality of
the local features. We have usedthe feature functions preseried in Section 3.7.

As the log-linear models are computed iterativ ely, evaluation techniques like leaving one out
are dicult to apply. For this reasona v e fold cross-walidation has beenused. The tests have
beendone on IRMA with the parametersshown in table 5.12. The cross-walidation corpora have
beenextracted by selectingevery fth image for evaluation and adding the others to the training
corpora, starting at the rst through fth image.

One problem with this maximum entropy approad is that about 40% of the feature functions
that re in the test have not beenseenin the training. As aresult they do not a ect the probability
calculation in the test, which meansthat 40% of the local features are e ectiv ely ignored. As we
want them to be included into the probability computation, we have to de ne a probability for
unseeneverts. In this work it has beendone as follows.
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Table 5.12: Parameterson IRMA to evaluate log-linear models.

Normalization Features size | Threshold Reduction
2 bin Sokbel 19 400 PCA 40

Table 5.13: Results of Log-linear models on IRMA.

Approac h lof5|20f5|30f5|40f5|50f5]| Al
LF&DV 9.6 9.0 9.5 10.7 9.7 9.7
Max. Ent. (1) 9.0 11.1 12.1 10.0 10.8 | 10.6
Max. Ent. (2) 8.3 8.6 9.0 7.1 9.6 | 85

Xn, and the classhypothesisk;. Wetrain the weights .. with generalizediterativ e scaling. Then
we calculate the mean™* of the feature weights noko with  noxo 0 asvalue for suited features

and the mean”  of the features weights nookoo < 0 as value for unsuited features. The weights
nk Of the feature functions f,x 2 F that have not beenseenin the training are setto

Nt

if kn=k

else (5.2)

nk — N

Then the classi cation is done.

The generalizediterativ e scaling, aswell asthe evaluation are done with the program Yasmet
The results are shown in table 5.13. In the row of Max. Ent. (1) are the results when the features
that have not beenseenin the training are ignored and the row of Max. Ent. (2) holds the results
that are achieved when using the proposedmethod.

It can be seenthat the result is improved for every cross-\alidation corpuswith the proposed
method. This shows that it can be learned which local features are well suited for classi cation
using maximum entropy modeling. It is interesting that we come to a similar conclusion in
Section 5.2 using an appearancebased approach. When only considering the feature functions
that have beenseenin the training the result is generally worsethan by doing the direct voting.
Only this one method for modeling the unseenfeature functions wastested in this work. It might
therefore be interesting to try other methods for this task.

5.8 Impact of Appro ximativ e Search

Execution speedis not asimportant in sciertic researt as, say in industrial applications. How-
ever, it may not be neglectedentirely, especially in the caseof local features, where we are some-
times dealing with over a million vectors with a dimensionality of 40. The rst stepto improve
performanceis by using fast seard structures. However, at dimensionalities greater than 8 most
structures do not perform signi cantly better than the brute force approach. This is described in
[Arya & Mount™ 98]. In this situation, approximativ e searc strategiescan lead to a signi cantly
increasedspeedwhile limiting the maximum approximation error by someboundary.

The approximativ e seard algorithm we useis the approximativ e KD-tree seard as described
in [Arya & Mount* 98]. The idea is to subdivide spaceinto axis aligned cells Cy;:::;C.. For
the query feature x these cells are sorted by their distanceto x and their content is searded in
increasingorder until the rst feature x°is found in C, that ful lls the condition

d(x; x9

d(Ciix) >

where d(C; x) is the distance between x and the closestside of C; to the query feature. " is a
parameter that can be chosenfreely. For the proposedalgorithm, the query feature x, its real
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nearest neighbor %, a returned approximativ e nearest neighbor x° and the parameter " that is
supplied by the user, the condition

dx;x9 @+ ") d(x;R) (5.3)

will always hold. The experimental results showed that the real error is usually signi cantly
smaller than the theoretical bound in practical situations, though.

This strategy should cope quite well with the concept of local featureswith direct voting. As
here one single result haslittle importance, it is the massof, by itself unreliable, votesthat leads
to the good overall recognition results. Thus, we expect the result to get a little smearedout but
to be roughly the same.

In the experimerts, this expectation was not only con rmed, but the approximativ e searh
eventurned out to reducethe recognition error on IRMA, Erlangen and Bloodcellsas can be seen
in Figure 5.8(a). At the sametime, executiontime decreasegapidly asthe value of " increases.
This is depicted in Figure 5.8(b).

Oneexplanation is that the approximate seard is a probabilistic approximation to an L nearest

let x be the query feature and let fR{.,;::1;%, g Xk its L nearestneighbors from classk. If
" increases,the probability of nding %j., decreasesand someother ®¢, 2 Xy will be found.
As this is done approximately, a class k® with more features similar to x will provide a good
approximation to the real nearest neighbor Ry..,; with a higher probability than any other class
k%with lessfeatures similar to the query. As a result the distance to the approximate nearest
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Figure 5.8: Error rates and relative executiontimes for Bloodcells,IRMA and Erlangen in depen-
denceof ".



Chapter 6

Conclusion and Outlo ok

In this work we have investigated a local feature basedimage classi cation approach. We have
broken down the method into v e distinct steps. Theseare:

Feature extraction.

Feature set reduction.

Feature dimensionality reduction.
Nearest neighbor seard.
Decisionrule.

While working with the unconstrained seard using local features we obsened that this ap-
proach is well-suited for various image classi cation tasks, especially for recognition of partially
occluded objects. Furthermore, its local nature makes the approad invariant with respect to
translation and leadsto someinvariance with respect to somenon-linear global transformations.

Extraction of featureson di erent scalesdid lead to slightly improved results.

We have shown that it is possibleto model which local features are most discriminativ e using
Gaussian mixture densities. This leadsto someimprovemerts comparedto the local variance
threshold and at the sametime extracts only two thirds the amount of local features.

Training weights for the local features using maximum entropy did lead to a signi cantly
improved recognition. This and the conclusion drawn in the previous paragraph supports the
assumptionthat it can be learnedwhich local features are discriminativ e and which onesare not.

Another result of our researd wasthat the useof a linear discriminant analysisinstead of the
principal componert analysis does not improve the result. This is becausethe distance between
the classmeansis small comparedto the distanceswithin the classes.

The use of the discrete cosinetransform instead of the principal componert analysis did not
decreasethe recognition result signi cantly, but it can be computed independertly of the training
data. As a result the entire processis simplied by one step.

Incorporating the tangent distance resulted in a further improvemert of the recognition. On
two corpora it leadsto the best results published.

Also, kernel densitiesare suited to extend the probability model of the local feature approach
asit increaseshe recognition result in most cases.Also, pooling the variancesleadsto signi cant
improvemerts of the result comparedto using classdependert variances.

Searding the nearest neighbor approximately improved the recognition result in all investi-
gated casesf the approximation wasnot too rough. We assumethat the approximation causeshe
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probability to estimate the density of the training data that is closeto the training point rather
than being baseddirectly on the nearestneighbors. Another benet is the increaseof recognition
speedup to a factor of twenty.

Further interesting investigationsare the combination of appearancebasedfeatureswith other,
higher-level featuresastexture or shape characteristics. This could increasethe recognition result,
as larger scaleinformation is addedto the model.

Using a weighted dissimilarity measureto weight the componerts of the feature vectors might
as well lead to improvemerts, especially after the dimension reduction is done. It also can be
applied, when combining di erent kinds of features as described before.

Howewer, we think that the most promising further exploration is the combination of the local
feature approach with global models. We especially think that non-linear warping models could
combine well with appearancebasedlocal features. Also, it would be interesting to explore global
models that permit multi-ob ject recognition in images.



App endix A

Local Variance Histogram
Features

In the courseof this work we have almost exclusively worked with appearancebasedlocal features.
However, one other type of features has beenexamined as well: local variance histogram features
(LVHF). The basicideais to build a histogram over the spatial distribution of variancesrelatively
to someimagepoints. The ideawasinspired by [Belongie & Malik * 00], where similar featuresare
used. Thesefeaturesare matched with the prototype featuresand adapted iterativ ely accordingto
their position. This method leadsto an error rate of 0.63%on the MNIST data setfor handwritten
digit recognition.

LVHFs are created asfollows: for animage X ,afactor 0 t 1 and alocal variancefunction
V:RR 7 N N7IR (A1)
the local varianceimage X -V is given by
if Xi05 0V (X;i % 9> V(Xisi )i

Xil-_jv - 1 |f . ] t (A2)
’ 0 otherwise

The image positions (i; j ) where X vV = 1 form the following set

X =f(i;j):X§ = 1g (A.3)

L0 1ol

(a) Original (b) Variance (c) Partitioning (d) Histogram

Figure A.1l: Extraction processof the LVHFs: (a) original image, (b) placesof high variance in
the image, (c) local polar coordinate systemwith bins and (d) local variance histogram feature.
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Table A.1: Results using LVHFs.

Features t Subsampling Error

LVHF 0.3 1 7.5
LVHF 0.5 1 9.5
LVHF 0.125 0 12.0
LF 0.0

Then, for each image position m = (i;j) 2 X, the relative position to every other position
(i%j9 2 X is converted to polar coordinates. Let = (i® i;j° j) beonesuch relative coordinate
formandlet = ( ;r) bethe polar represenation of . Then, the polar coordinate systemis
partitioned by taking rings of equalwidth and dividing theseinto the segmets S;;:::;S; . The L

of these histogram bins are determined by counting
xM=jf 9: 0 2ggj (A.4)

This processis depicted in Figure A.1. Thesehistograms are then usedlike the local features.

This feature extraction method has been evaluated on ORL by using 50% of the imagesas
training and 50%astest corpus. This contrasts to the 30-70split of the corpusthat is doneinstead
throughout this work. The results are shown in table A.1. Even though the result stays beneath
the 100%recognition of LF&D V, it can be seenthat LVHFs are discriminative. As a result they
could be usedtogether with local featuresto add semi global shape information. This might be
an interesting investigation for the future.



App endix B

Software

To evaluate the methods described in this documert, seweral programs have been written. The
most important onesare intro duced shortly in this chapter and their command line options are
explained. In addition to those C++ programs, many small to medium size scripts were used for
data transformation, program execution, result preseriation and other tasks. Those were mainly
written in bash, awk and the wonderful Python language.

drawBorder

The feature extraction cannot extract featuresthat go beyond the border of the image. If this is
neededthe image can be paddedwith drawBorder. The program can deal only with PGM-images.
It is called asfollows

drawBorder [options] [<infile>  [<outfile>]]

options
-c <borderWidth> how large the borders should be.
-s <color> set border value to <color>.
-q Pssst, no output!

With <infile> and <outfile> the input and output lenames are given. If they are omitted
\standard in" and \standard out" are used. With -c the width of the border is speci ed and with
-s the gray value to be usedfor the padding is set.

tk _extract _local_features

This is the main program for the local feature extraction. It is given animagein the PGM-format
and returns a le of local features. The program is executedas follows:

tk_extract_local _featur es <class> <file> [options]
options:
-D <directory> Path to the image.
-w <winRad> The radius of the local feature.

-v <varRad> The radius of the area where the variance is
beeing calculated.
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-p <prune> The amount of local features that are kept.

-t <threshold> The minimal standard deviation threshold that is
taken into account.

-Ss <stepSize>  The step-size for the feature extraction.

-g The local features of the gradient image are
extracted.

-n Normalize the image before extracting local
features.

-C Get shape context instead of crop image.

-0 <ofilename> Wherethe result should be written to.
-i Read image from stdin.

The <class> is the classthat the image belongsto and the <file> is the name of the le that
will be written in the secondcolumn, it is alsothe le that will be usedasinput. If the working
directory is not the directory in which the le is located, usethe -D commandto give the location
of the le. Every imageshould have a unique lename, assomeother programsrely on this. Input
will be taken from \standard in" if -i is given on the command line. The result is written to
\standard out" unlessa lename is givenwith the -0 parameter.

The radius of the extracted window is given after -w and the window in which the variance is
measuredfor extraction is givenwith -v. A radius of r resultsin awindow of size(2r+ 1) (2r+1)
and a local feature vector with (2r + 1) componerts. The step sizeof the extraction is cortrolled
with the parameter-s. If it is 1 all local featuresare takeninto accourt for the variancethreshold,
if it iss2 N only the pixel positions Xs s ; are takeninto accourt. -t is usedto give a variance
threshold to the program. All local featuresthat have beenreturned after the sub-samplingand
that have a variance of its gray values below this value will be discarded. If only somefraction
of the local features that passedthe variance threshold should be taken, this can be given as
argumert of the parameter -p. If its parameteris 1 all local featureswill be kept, if it is .5 half
of the local features will be taken and if it is 0 none will be taken (this of coursedoesnot make
a lot of senseunlessyou needsomeload on your computer). If -g is given, the local featuresare
extracted on the gradient image. And if -c is given, not the local features, but local variance
histograms are extracted as described in appendix A.

The format of the output le is asfollows:

<class> <file> <x-pos> <y-pos> <value_1> <value 2> . . . <value_D>
<class> <file> <x-pos> <y-pos> <value_1> <value 2> . . . <value_D>
<class> <file> <x-pos> <y-pos> <value_1> <value 2> . . . <value_D>

<class> is the namethe classthe image belongsto and <file> is the image's le name. <x-pos>
and <y-pos> is the position at which the feature hasbeenextracted and <value_d> are the values
of the local feature. As the format has neither header nor terminating elemen it can easily be
usedwith many Unix tools like cut and awk

tdlf _create

This program is usedto calculate sometangents on the local features. It is given a local feature
le, asthat described in the last section, on the commandline or on \standard in" and returns a
le with tangents.The program and its parametersare

tdlf _create  [options] [infile]
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options
tangents:
-h: Horizontal  Shift.
-V: Vertical  shift.
-1: Hypl.
-2 Hyp2.
-S: Scale.
-r: Rotate.
-t: Line thickness.
-a: Additive  brightness.
-m: Multiplicative brightness.

-b <v>: Howthe borders will be calculated (m: mean, b: mean
of border, f<num>: set bg to value <num>).
-0 <name>: Outfile name.

The parameters-h, -v, -s, -r , -a and -m are self explanatory. -1 and -2 are the axis and the
diagonal deformation respectively and -t is the line thicknessdeformation. -b setswhich color to
assumefor pixels outside of the feature. If it is given f<num>the number given by <numsis taken
as badckground color. If mis given, the mean color of the local feature is taken and if b is given
the mean of the border pixels is chosenfor pixel outside the feature. The parameter -0 givesthe
output le name. If it is not given, \standard out" is used.

Usually, when using this program, the local features are extracted 4 pixel larger than wanted,
e.g. if wewant 19 19 sizedfeatureswe extract them with 23 23, calculate the tangent and crop
o aborder of 2 pixel later with the program If_crop that is preserted hereafter. If the important
parts of the original image are closeto the border, the image should be padded. This can be done
with the program drawBorder for example, or with convert from the ImageMagick padkage.

The le format is

<rem_tans> <tan_name>- - <value_1> <value_2> . . . <value_D>
<rem_tans> <tan_name>- - <value_1> <value_2> . . . <value_D>
<rem_tans> <tan_name>- - <value_1> <value_2> . . . <value_D>

<rem_tans_t> speci es the number of tangents left from the respective local feature. <tan_name>
is a one character identi er for the tangert, the identi ers are identical to the command line
parametersof tdlf create . And the value_i are the componerts of the tangernt.

If _crop

This program is usedto crop out the certer of local features. This is necessaryas sometimesthe
local featureshave to be extracted with a frame to reducee ects at the bordersduring processing.
This is for example important when Itering the local features or extracting the tangernts. The
program is called by

If crop [options] [infile]
options
-c <borderWidth>: Howmuchshould be cut of at the borders.
-a <nrFeat>: Howmanyfeatures are per line (for example whenusing color
images) it is expected that every feature is in one piece
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and is squared!
-0 <name>: Nameof output file. If this is ommitted or if
standard out is taken for output.

is given,

The argumert of the parameter -c speci es the size of the border that should be cropped. If a
*.vec - le contains morethan onelocal feature per line (this can happen when using color images),
the number of featuresper line hasto be givento the program asargumert to the -a parameter.
The le that the results should be written to is given with the -o parameter. It is written to
\standard out", if the ag is omitted or if its argumert is'-' . Otherwise the result is written to
the le indicated by the argumert. If its nameendsin .gz the output is gzipped.

pca_reduce

This program is usedto computethe principal componerts of the giventraining data. The program
hasto be usedin two steps. In the rst onethe reduction matrix is computed and in the second
onethe data is reduced. The program and its parametersare

pca_reduce

usage:
pcareduce -c <outfile.mat> <reduceDim> <filel.vec> [<file2.vec> [ .. ] ]
pcareduce -r <transform.mat> [<infile>  [<outfile>]]

If the parameter -c is given, the transformation matrix is computed out of training data. The
result is written into <outfile.mat> . <reduceDim>the dimension to which the local features
should be reducedand the <file.vec> are local feature les asdescribedin Section B.

The parameter -r indicates that it should be reduced. The parameter <transform.mat> is an
indicator to the transformation matrix that hasbeencalculated in the former step. Of coursethe
matrix doesnot have to be from a PCA, but every matrix with the right format will be usedto
reduce. The format is

<H><W>
<val 1 1> . . . <val_1 W>
<val H 1> . . . <val_H_W>

create _tree

The next step is to create the seard structure. This is done with create_tree . The program is
called with

create_tree [-0 <path>] trainfile.vec[.g z]

trainfile.vec is a concatenation of all training features, it can be gzipped. For exampleif the
local feature les are gzipped and in the directory If , this can be created by

$ zcat Iff*.vec.gz | gzip > train.vec.gz

If the results should not be written to the local directory the output directory can be given
with the -0 parameter. This createsKD-trees of the form <class>.kdt and a le that is called
fileToKdtree and cortains information about the training. It hasthe following form
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vecDim: <dim> globalVariance: <variance> [other keyword, value pairs]
<C> <Path> <NLCF><CVar><NNVar><I> <INr> <NLIF>. . . <I> <INr> <NLIF>

<C> <Path> <NLCF><CVar> <NNVar><I> <INr> <NLIF>. . . <I> <INr> <NLIF>

The meaningsof the symbols are:

<dim> :  Dimension of the features.

<variance> : Global variance.

<C> : Name of the class. All information of that row belongsto this class.
<Path> : Path to the KD-tree of the class.

<NLCF> : Number of the last feature belongingto the class.

<CVar> . The variance of gray valueswithin the class.

<NNVar> : The variance of nearestneighbors within the class. This is typically

not computed for the corpora, asit is quite time consuming. In this
casea 0 is written.

<I> : Name of rst image from which the local features are, from the actual
. class.

<INr> . The number of the image. This is neededfor leaving one out.

<NLIF> : Number of the last feature from that image. This courter starts from

0 for every class.
This le and the KD-tree les are neededfor the classi cation program.

If _classify

This is the main program for evaluation. It loads the KD-trees that have been generated by
the previous program and that are indicated by the fileToKdtree le. Then it classies every
*.vec - le that is either given on the commandline or in a le. The parametersof If_classify
are:

If_classify [options]  [testfilel [testfile2 [ .. 111

options:
-E Euclidean distance measure for nearest neighbour search.
-T Tangent distance measure for nearest neighbour search.
-m <mul> A multiplier  that specifies how manynearest neighbours

should be pre selected with the Euclidean distance
extracted before doing the tangent distance.

-t <thresh> A threshold for thresholded distance (now only works for
tangent distance).

-K Kernel densities.

-w <weight> Gives the weight for the kernel densities.

-P Pool the variance of the classes.

-V Use the class variance.

-D Use direct voting.

-p Use product rule.

-S Use sumrule.

-f <fileToKdtree> File that describes the training results.

-0 <outfile> Nameof the file where the results are written to.

-k <num> Howmany nearest neighbours are searched.

-e <eps> Error of the approximate nearest neighbour search.

-F <fileOfTestFiles> File where each line contains the information of
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one test.

-Y <yasmetFileN> Write output to <yasmetFileN> that is suitable for
Yasmet (or with '-' write to stdout).

-S [diDl] Set which kind of feature functions you want for Yasmet.

d: Per local feature, class dependent search.
i: Per local feature, class independent search.
D: Global, class dependent search.
I: Global, class independent search.

-q Quiet, give less output.

The parametersare of three categories.

1. Organizational: those are parameters that deal with the interaction with the operating
system, as for example le locations, etc. -f , -0, -F, -Y, and all argumerts after the last
parameter are of this category.

2. Setup parameters: those deal with which kind of experiment will be done. -E, -T, -t , -K,
-D, -p, -s and -S are of this type.

3. Setting parameters: those are usedto set someparameterswithin the experiments. -m, -w,
-k and -e are from this group.

| will describe the parametersin the order given here.

From the organizational parameters, -f is the most important. It species the path to the
fileOfTestFiles -le. This le describeswherethe training data is stored, and how it is composed.
The nameof the le that the results are written to is given asargumen to the -o parameter. The
test- les are given on the command line or in a le by giving one line per test. This parameter
hasto be usedwhen taking the tangent distance, asin that casethe test- le name, aswell asthe
tangent- le nameaswell asthe usedtangents haveto be speci ed. But it is alsouseful, if there are
moretest les than the operating systemsupports ascommandline argumerts (yes,this happens!).
The parameter -Y speci es to produce output that can be usedasinput for the Yasmetprogram.
This program implemens a generalizediterativ e scaling algorithm, to calculate the maximum
entropy probability distribution. Also it can run tests with this distribution. Dierent feature
functions can be extracted. One is that described in Section3.7.

The setup parameters -E and -T specify that Euclidean or tangent distance are to be used.
If -T is given the parameter -F from the previous paragraph must be usedto specify the testing
conditions. The le givento -F must be of the following form.

<testfile_1> <tangentfile_1> <tangents>
<testfile_2>  <tangentfile_2> <tangents>

<testfile_N> <tangentfile_N> <tangents>

The <tangents> -part is a substring of hvl2srtam. Each letter <c> stands for the tangent that
is extracted by tdIif_create  when using the command line parameter -<c>. The parameter -t

must be given, if the thresholded distance should be usedand its argumert de nes the threshold.
The parameters-D and -K specify how the a-posteriori probability should be estimated, by direct
voting or kernel densities. By using the parameters-p or -s one can decide,how the probabilities
of the features are combined. The parameter -S needsan argumert that speci es which feature
functions is to be calculated, and if yasmet should train the feature probability or the overall
probabilit y.
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The meaningsof the setting parametersare as follows. The tangent distanceis not calculated
betweenall local features,but a setof similar featuresis seardhiedusingthe Euclideandistance. The
tangent distanceis only calculated for those. The argument of the -m-parameteris a multiplier and
the product of this and the argumert of -k speci es the sizeof the set. -k is the number of nearest
neighborsthat are searded. If it is chosenlarge alongwith -K we get a better approximation to the
kernel densities. The argumert of -w will be the -factor to the variance for the kernel densities.
And nally the argumert to -e speci es the " parameter for the approximate tree seard.

The local feature les as well as the tangent distance les can be given gzipped. However
gzipped les must have a .gz su x.

The output is of the following form:

#If_classify <commandine arguments used>
<testimageName_2> <class_0> <res> <class_1> <res> . . . <class_N> <res>
<testimageName_2 <class_0> <res> <class_1> <res> . . . <class_N> <res>

# <testimageName_m

<testimageName_M <class_0> <res> <class_1> <res> . . . <class_N> <res>

The rst line contains the command line with all its argumerts commerted out by a #-symbol.
Then the results for every test image follow, one per line. They are given by the image name,
followed by the class-lakels with their respective scores. The classwith the highest scoreis the
Winner. The scoresare not probabilities, asthey have not beennormalized. This is not necessary
becausethey would have to be divided by the samenumber for all classesand so there would be
no di erence for the decisionrule. The error rate in percert is returned by the evalresult.py
script. This is preserted in the following.

evalresult.p y

This Python script is usedto calculate the error rate from the result le of If_classify . Its rst
argumert speci es the corpusthat is used. The possibilities are blood, irma, orl and erlangen
for the respective corpora. The second,optional parameter is the name of the result le.

Example session

The following is an exampleof how the preseried programsare used. The scenariois that the error
rate should be estimated for the IRMA-corpus. Howewer, the distancesshould not be calculated
on the imagesbut on their horizontal and vertical Sobel transforms. Additionally , we would like
to usethe tangent distance instead of the Euclidean norm.

First, we calculate the PCA-Matrix. This is estimated on the local features, sothat we extract
those.

$ cd IRMA

$ # first enlarged the images
$ for i in *pgm; do drawBorder -c 2 $i > $i"_big"; done
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$ # then extract local features with a border of 4 that is cropped later
$ for i in *.pgm_big
do
cat $i | tk_extract local_ features ${i%%.*} $i -w 11 -t 20 |
If_filter -f ~/filters/sobelH il -f ~ffilters/sobelV fi 1
If crop -¢c 2-a 2
done | gzip > ../train_pca.vec. 0z
$ pca_reduce -c ../IRM_SOB_PCA_40nat 40 ../train_pca.vec .gz
$ rm ../train_pca.vec .gz

$ # nowthe local features are extracted
$ mkdir ../IRM_SOB_PCA 40
$ mkdir ../IRM_SOB_PCA_40f
$ for i in *.pgm_big
do
cat $i | tk extract local  features ${i%%.*} $i -w 11 -t 20 |
If_filter -f  ~ffilters/sobelH il -f ~ffilters/sobelV fi 1
If crop -¢c 2-a 2|
pca_reduce -r ../IRM_SOB_PCA40.mat |
gzip > ../IRM_SOB_PCA_ 4 /${i %.pgn.v ec.gz
done

$ # and the tangents
$ for i in *pgm
do
cat big $i | tk_extract local featur es ${i%%.*} $i -w 11 -t 20 |
tdif create -h -v -1 -2 -s -r -a -m |
If_filter -f ~ffilters/sobelH il -f ~ffilters/sobelV fi 1
If crop -¢c 2-a 2|
pca_reduce -r ../IRM_SOB_PCA40.mat |
gzip > ../IRM_SOB_PCA_ 4 /${i %.pgn}.t an.gz
done

$ # the search structure is being created
$ cd ../IRM_SOB_PCA_@

$ zcat Iff*.vec.gz | gzip > train.vec.gz
$ create_tree train.vec

$ rm train.vec.gz

$ # decide which test files and which tangents are used
$ for i in Iff*.vec.gz
do
echo $i ${i%.vec.gz}.tan .gz hvl2sra
done > tst_tan_hvil2sra

$ # and finally do the tests
$ If_classify -T -m 250 -K -w .1 -P -f fileToKdtree -0 result -F tst tan_hvl2sra

$ # now evaluate the result file
$ evalresult.py ‘irma' result | less

By splitting all tasksin di erent applications, the processis exible and can easily be extended.
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Programs Used

In the courseof this work | useda lot of free software. | would like to thank the authors of the
following tools: For the dewvelopmert of the programs and to write this thesis| used XEmacs and
Vim, for compiling | usedtools from the gnu compiler collection, a lot of small programs were
dewveloped with python, swig, awk, bash, and octave. IATEX was used for typesetting this work,
GNU textutils were used for data processing,Yasmet was used for experiments with log-linear
models.
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