L earning Appearance Based Models:
Hierarchical Mixtures of Experts Approach based on
Generalized Second Moments

Christoph Bregler and  JitendraMalik

Computer Science Division
University of California at Berkeley
Berkeley, CA 94720
email: bregler@cs.berkeley.edu, malik@cs.berkeley.edu

Abstract

This paper describes a new technique for object recognition based on learning appearance
models. The image is decomposed into local regions which are described by a new texture
representation derived from the output of multiscale, multiorientation filter banks. We call
this representation “ Generalized Second Moments” as it can be viewed as a generalization of
the windowed second moment matrix representation used by Garding & Lindeberg. Class-
characteristic local texture features and their global composition is learned by a hierarchical
mixture of experts architecture (HME by Jordan & Jacobs). The technique is applied to a
vehicle database consisting of 5 general car categories (Sedan, Van with back-doors, Van
without back-doors, old Sedan, and Volkswagen Bug). This is a difficult problem with
considerablein-classvariation. Thenew technique hasa6.5% miscl assificationrate, compared
to eigen-images which give 17.4% misclassification rate, and nearest neighbors which give
15.7% misclassification rate.

Keywords: Learning, Appearance Based Object Recognition, Filter Banks, Texture Statistics,
Second Moment Matrix, Mixtures of Experts, Car Classification.



1 Introduction

Machine learning offers potentialy a very attractive methodology for the problem of acquiring
object models for recognition:

1. The painstaking process of hand-crafting 3D object modelsis avoided.

2. Essential vsinessential variation among different objects in a class can be treated simply by
looking at the variation in the examples in the training data

3. Selection of the most useful i.e. most discriminating featuresfor classification can be driven
by the datainstead of the programmer’sapriori conception of what are likely to be the most
salient and discriminating features.

Speech recognition is a prime example of the success of the learning methodol ogy—Hidden
Markov Models are learned using training data and then used to drive recognition. In computer
vision, learning methods are much less popular and until a few years ago their application was
limited to non-mainstream problems such as handwritten digit recognition.

A significant shift has occurred recently with the successful application of machine learning
techniques based on acquiring (and subsequently using) appearance-based or viewer-centered
techniques in contrast to object-centered 3D representations. Appearance-based schemes rely on
collections of images of the object and implicit structural information. These techniques may be
classified according to the degree of structure that is extracted from the image data and what kind
of additional photometric, color, or texture information is explicitly used.

The most extreme solutions start with raw unprocessed images and show how task based feature
detectors can be learned from alarge image database automatically [26, 16, 20, 3, 25]. Neglecting
any preprocessing is mainly motivated by the concern not to loose any useful information for the
final classification.

To the other extreme bel ong approachesthat assume that mid-level representationslikeoutlines
or contour images can be estimated robustly using “ hard” -decision heuristics. Learning startsat this
level and algorithms are proposed that deal with inducing models for geometrical configurations
[21, 23].

Intermediate solutions impose explicit structure to some extent, but alow for data driven
estimation of the global structural and local textural features. The domain of face recognitionisa
popular application for such decompositions[17, 2, 12, 11].

We propose a domain independent part decomposition using a 2D grid representation of over-
lapping local image regions. The image features of each local patch are represented using a new
texture descriptor that we call “Generalized Second Moments’. Based on this representation we
learn class-based local features and their global relationships using a “Hierarchical Mixtures of
Experts’ Architecture (HME) [9]. Multiple experts are trained to classify object categories. Each
expert isageneraized linear model (GLIM) that maps the grid based feature representation into a
class probability vector. Potentially different experts are “responsible” for different object poses
or sub-categories. A hierarchical set of “gating” functions compute the mixture coefficientsfor all
experts.

We apply this technique to the domain of vehicle classification. We urge the reader to examine
Figure 7 to see examples of the 5 different categories. Our technique could classify five broader
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categories with an error of aslow as 6.5% misclassification. The vehicles are shown from behind
covering a small set of poses. We compare the learning architecture to the nearest neighbor
technique and the feature representation to the eigen-image technique. Across a large set of
experiments our technique performed significantly better. The best results for eigen-image were
17.4% misclassification and the best results for nearest neighbor were 15.7%.

This paper is organized as follows. The next section gives an overview of other appearance
based representations and our own solution. Section 3 explains Jordan & Jacobs's Hierarchical
Mixture of Experts Architecture. In Section 4 comparative recognition results are presented on the
vehicle classification task.

2 Representation

An appearance based representation should be ableto capturefeaturesthat discriminatethe different
object categories. It should capture both local textural and global structural information. This
corresponds roughly to the notion in 3D object models of (i) parts (ii) relationship between parts.

2.1 Structural Description

Examples of representationsthat implicitly capturethe global and local structure are Eigen-Images
[26], and nonlinear subspace-representations [16] of graylevel images. To span all object configu-
rations, pose, and lighting conditions, large training image databases are crucial to the success of
these representations.

Objects usually can be decomposed into parts. A face consists of eyes, nose, and mouth. Cars
are made out of window screens, tail lights, license plates etc. The question iswhat granularity is
appropriate and how much domain knowledge should be exploited. A car could beasingle partin
ascene, alicense plate could be a part, or the letters in the license plate could be the decomposed
parts. Eyes, nose, and mouth could be the most important parts of aface for recognition, but maybe
other parts are important as well.

It would be advantageous if each part could be described in a decoupled way using a repre-
sentation that was most appropriate for it. Object classification should be based on these local
part descriptions and the relationship between the parts. The partitioning reduces the complexity
greatly and invariance to the precise relation between the parts could be achieved.

Examples of learning architecturesthat use domain specific part decompositions may be found
in[2, 17, 12, 11] for face recognition. A more general decomposition based on line and circular
edge segments is proposed by [21].

For our domain of vehicle classification we don’t believe it is appropriate to explicitly code
any part decomposition. The kind and number of useful parts might vary across different car
makes. The resolution of the images (100x100 pixel) restricts usto a certain degree of granularity.
We decided to decompose the image using a 2D grid of overlapping tiles or Gaussian windows'.
The content of each local tile is represented by a feature vector (next section). The generic grid
representation allowsthelearning architectureto induce class-based part decomposition, and extract
local texture and global shape features. For example the outline of aface could be represented as

LA similar grid representation is used by [19] but only local classification for each tileregion is done.
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Figure 1. Generic grid decomposition of input image.
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certain orientation dominance in the local tiles at positions of the face boundary (Figure 1). The
eyes are other characteristic featuresin thetiles.

2.2 Local Features

We liketo extract from each local tile characteristic features. Certainly imagesof carscontain lines
and curves. A representation based on straight and circular edge segments is proposed by [21].
This requires hard decision thresholds. We like to avoid such heuristics and we like to capture a
much richer set of geometric and non-geometrical information.

Convolving image regions with alarge number of spatial filters, at various orientations, phases,
and scales is the first step of robust edge detection [13]. Besides edge information the response
values of such filters contain much more general information about the local neighborhood. Itisa
mature representation used in other early vision tasks like stereopsis [8], motion, [28, 7, 27], and
texturediscrimination[14]. Although thisapproachisloosely inspired by the current understanding
of processing in the early stages of the primate visual system, the use of gpatial filters has many
advantages from a pure analytical viewpoint. Usually the filter kernels are highly orientation
selective elongated Gaussian derivatives. Orientation specific featuresarevery useful (i.e. invariant
to illumination). If more than one orientation is present at asingle point (e.g. junctions) thereis
more than one local maxima across the orientation selective responses.

The computation time of such convolutions can be significantly reduced with efficient methods
proposed by [18, 4]. Instead of convolving the image with a rich family of orientation and scales,
asmall set of smple X-Y separable, steerable, and scalable basis functions can be found.

How could a local image region be described with just a few numbers? Representing the
region with all filter responses at all locations is not feasible because of the high dimensionality.
[12] investigated heuristics how to find interesting locations that are representative for the local
neighborhood. Locationswith local magnitude maximaor high responses across several directions
could be interesting points. There might be many such interesting points in an image region. It is
unclear how to pick the right number of points and how to order them.

Another way of representing the texture in a local region is done by [6] in calculating a
windowed second moment matrix. Instead of finding maximum filter responses, the second
moments of brightness gradients in the local neighborhood are weighted and averaged with a

4



Figure 2: Left image: Input image to the filter bank convolving. The cross shows the
selected location. Right image: The angle and scale distribution of the filter response
at the selected location. The horizontal axis are angles from O to 180 degrees and the
vertical axis are different scales.

circular Gaussian window. The gradient is a special case of Gaussian oriented filter banks. The
windowed second moment matrix takes into account the response of al filtersin thisneighborhood.
The disadvantage is that gradients are not very orientation selective and a certain scale has to be
selected beforehand. Averaging the gradients “washes’ out the detailed orientation information in
complex texture regions.

Orientation histograms would avoid this effect [5]. Elongated families of oriented and scaled
kernels could be used to estimate the orientation at each point. But as pointed out already there
might be more than one orientation at each point, and significant information islost.

221 Generalized Second Moments

We propose a new way to represent the texturein alocal image patch by combining the filter bank
approach with the idea of second moment matrices.

The goal isto compute a feature vector for alocal image patch that contains information about
the orientation and scale distribution. We avoid “hard” decisions such as finding locations of local
magnitude maxima or local response maximain the orientation/scal e space.

Wecomputeat each point («, i) thefilter responseof afiniteset of R basiskernels(F1(xz,y), ..., Fr(x,y)).
These kernel sare generated using thetechnique of X-Y separable steerabl e scal abl e approximations
of filter kernels by [24]. It is possible to reconstruct for any desired oriented and scaled version
of the filter family the response I ,(z,y) in interpolating the basis kernel responses using the
interpolation function £,.(6, o):

R
Fyolw,y) =3 he(0,0)F (2, y) D
r=1

We can draw for each R-dimensional vector (Fi, ..., F'r) the energies (squares) of the corre-
sponding orientation/scale responses in a 2D coordinate system ([ 5, (=, y)]?). Figure 2 shows an
example of the reconstructed filter responses at alocal point of the back screen frame. The kernel



Figure 3: Elongated second order Gaussian derivatives at different orientations.

family are second order Gauss an derivatives with an elongation of 1:3 (Figure 3). The elongation
produces a high peak in the orientation/scale space graph. In order to describe a whole image
region instead of a single point we add all energies of the orientation/scal e space responses of all
points’. We weight each location by aspatial window function W (for example circular Gaussian):

E(@,O‘) = ZW(J},y)[FQJ(J},y)]Z (2)
T,y
Using elongated kernels produces orientation/scale peaks, therefor the sum of al orienta
tion/scal eresponses doesn’t “wash” out high peaks. The height of each individual peak corresponds
to the intensity in the image. Little noisy orientations have no high energy responses in the sum.
FE(0,0) issomehow a*“soft” orientation/scale histogram of the local image patch.
We can represent (6, o) with just afew numbersin away, similar to representing £, (z, y)
with just R numbers. Substituting (2) into (1):

R 2
E0,0) = Y W(, z_j ,y) (3)
Y ;— n
= W)Xk (2.9) Y hor(0,0) Fou(i, ) €
z,Yy r=1 rl=1
R R
= > > h(0,0)h(0,0)Y Wz y)F(z,y)F(z,y) (5
r=1r'=1 T,y

In equation (5) h.(0,0)h,(0,0) only varies with # and o but not with the image. The
terms that depend on the local image patch of the window W are the P2U% numbers 7, =
Sey Wiz, y)Fo(2,y)Fu(x,y). Thisissimilarto a R x R second moment matrix. The orien-

tation/scale responses covering a local image patch can be reconstructed based on these R“)
dimensional vector which we call “Generalized Second Moments'.

Figure 4 shows an example of such an reconstruction. As you can see there a three peaks
representing the edge lines along three directions and scales in the local image patch.

This representation greatly reduces the dimensionality without being domain specific or apply-
ing any hard decisions. It isshift invariant and decouples scalein aniceway. Dividingthe R x R
second moment matrix by its trace makes this representation also illumination invariant.

2If we just would add the original filter responses (not energies), thisis equal to convoluting a constant image,
where the constant factor isthe sum of all image pixels (for odd symmetric filtersthisis equal to 0).



Figure 4: Left image: The black rectangle outlines the selected area of interest. Right
image: The reconstructed scale and rotation distribution of the Generalized Second Mo-
ments. The horizontal axis are angles between 0 and 180 degrees and the vertical axis
are different scales.

Using a 10x10 grid and a kernel basis of 5 first Gaussian derivatives and 5 second Gaussian
derivatives represents each input image as an 10- 10- (54 1) - 5 = 3000 dimensiona vector.
Potentially we could represent the full image with one generalized second moment matrix of
dimension 20 if we don’t care about capturing the part decomposition.

3 Pattern Classification

Based on this representation we would like to learn an object classification.

The simplest techniques are so called nearest-neighbor or k-nearest-neighbor algorithms. An
example database of |abeled feature vectorsiskeptin storage. A new test feature vector isclassified
in finding the closest example vector in the database. Distance metrics could be the Euclidean
distance. A more complex distance metricisthe“tangent-distance” [25] whichisinvariant to dlight
shifting, rotation, and scaling if the feature vectors would be raw pixel images. In our case this
is unnecessary, because the generalized second moments provide this invariance already. These
techniques are very storage intensive and for that very slow in recall.

More powerful techniquesfor object classification are multi-layer-perceptrons[22]. [3] showed
successfully how appearance-based recognition can be done using such techniques. Another version
of neural networks are so called Radial-Basis-Networks. Radial-basis-functions can be circular
Gaussian modeling receptive fields. [1, 15] demonstrated how such networks can be used for
classification and interpolation.

3.1 Mixturesof Experts

Theideaisthefollowing: Expertsareclassifiersthat are specialized on certain sub-domains. A gat-
ing function or mixture function weights the different experts and builds a combined classification
hypothesis. Potentially each expert could be a specialist for a certain object pose or sub-category.
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Figure5: A two-level hierarchical mixtures of expert architecture.

Hierarchical Mixtures of Experts (HME [9]) are tree-structured mixture models in which both
the mixture coefficients and the mixture components are generalized linear models (see below).

The mixture components or gating functions divide the feature vector space into a nested set
of regions. In each region a certain expert fits a ssimple surface or liner mapping to the data
that falls into these regions. Regions have “soft” boundaries, meaning that data points may lie
simultaneously in multiple regions.

Figure 5 illustrates a two-level hierarchical mixture of experts. = is the input vector. In our
case it will be the extracted feature vector. Each expert : computes a function f : X — Y; from
the input vector = to an output vector y;:

y; = f(Usx) (6)

U; isaweight matrix from theinput dimension to the NV-dimensional output dimension (in case
thereare V categoriesto classify). f(-) isthelogistic function. The expert outputs are interpreted
asthelog odds of “success’ under aBernoulli probability model.

The gating function ; computesafunction f : X — g¢;:

1

= —7 (7
1_|_ evJTx

9;

8



Figure 6: Typical shot of the freeway segment

v; isavector of the input dimension and g; is avalue between 0 and 1. Each gating function
in the binary tree (Figure 5) weights the results of all experts on the left side of the gating node
with ¢; and on the right side of the gating node with 1 — ¢;. The final classification result is the
weighted average of all local expert classifications y;.

Given the training data and output labels, the gating functions and expert functions can be
estimated using an iterative version of the EM-algorithm. For more detail see [9].

3.1.1 Linear subspace projection

As mentioned earlier our feature representation consists of 3000 dimensional vectors. For a 5
category classification problem this would mean we have to estimate for each expert a 3000 x 5
dimension matrix and for each gating function a 3000 dimensional vector. In order to reduce
training time and storage requirementswe project the input vectorsinto a 64 dimensional subspace
that was estimated from the training data using principal components analysis.

4 Experiments

We experimented with a database consisting of images taken from a surveillance camera on a
bridge covering normal daylight traffic on a freeway segment (Figure 6). The goal is to classify
different types of vehicles. This might be useful for a traffic surveillance task, where cars have
to be tracked over alonger freeway segment. Surveillance cameras are far apart from each other
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Figure 7: Example images of the vehicle database.

which require one to match cars seen in one segment to cars seen in another segment. We are able
to segment each moving object based on motion cues [10]. Given the car segmentation 5 broader
car categories should be classified: Modern Sedan, Old Sedan, Van with back-doors, Van without
back-door, and Volkswagen Bug.

The images show the rear of the car across a small set of poses. All images are normalized to
100x100 pixel using bilinear interpolation. For this reason the size or aspect ratio can not be used
as afeature. Figure 7 shows example images of all five categories.

4.1 Classification Performance

We experimented with grid sizes between 6x6 to 16x16 without getting significant different per-
formance results. Figure 8 shows the classification performance using a 10 x 10 grid and training
sizes between 57 and 228 examples. Each experiment isrun 5 times with different random distri-
bution of training and test images (Jack-Knifing). The database consists of 285 example images.
Thereforethe number of test imagesare (285 - number of training images). The generalized second
momentswere computed using awindow of o = 6 pixel, and 5filter basesof 3:1 elongated first and
second Gaussian derivatives on a scale range between 0.25 and 1.0. (We experimented also with
8 filter bases and a rectangle window for the second moment statistics without getting significant
improvement). The eigen-image representation was done using the first 64 eigen-images. Both
representations, the generalized second moments and eigen-images were evaluated with a HME
architecture of 8 local experts, and the nearest neighbor technique. Across al experiments the
HME architecture based on Generalized Moments was superior to al other techniques. The best
performance with a misclassification of 6.5% was achieved using 228 training images. Using less
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Figure 9: Example weights of one local expert.

than 120 training images, the HME architecture performed worse than nearest neighbors. Thisis
the minimum of training samples to achieve generalization.

On analysis of the misclassified examples we found the most common confusion between
sedans and “old” sedans. The second most confusion was done between vans with back-doors,
vans without back-doors, and old sedans.

4.2 What has been learned

Another interesting question is what representation has been learned in the HME architecture. We
were not able to “read” any obvious meaningful features out of the gating vectors. In general
it is very hard to interpret the complex interplay of these high-dimensional weights. Looking at
the weight matrices of the experts trained on simpler second moment matrices we found some
interesting constellations. We used just two basis kernels, avertical and a horizontal first Gaussian
derivative, which resultsin 3 numbers per local tile (smilar to [6]). Thisallowsusto interpret the
learned weights better. Figure 9 shows the weights back-projected into the 10 x 10 x 3 grid space.
Each of thefive rowsrepresents the weights used for each of thefive categories. Thefirst columnis
the part of the weight vector that is multiplied with the vertical second moments (£, ) in each of the
10x10tiles. The second column represents the horizontal second moments (£...), thethird column
is F,,. The second row representsthe category of vanswith back-doors. One significant featurefor
such vansisavertical bar in the middle of the car (separation of the two doors). Indeed the value
that is multiplied with this region is significant larger than all other values, which indicates that
the HME architecture uses this value as the most significant value to discriminate such vans from
other categories. Unfortunately the remaining values are hard to interpret. The final classification
isacomplex interplay of the multiple gating and expert weights.
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5 Conclusion

We have demonstrated a new technigque for appearance-based object recognition based on a 2D
grid representation, generalized second moments, and hierarchical mixtures of experts. Experi-
ments have shown that this technique has significant better performance than other representation
techniques like eigen-images and other classification techniques like nearest neighbors.

We believe that |earning such appearance-based representations offersavery attractive method-
ology. Hand-coding features that could discriminant object categories like the different car typesin
our database seems to be a nearly impossible task. The only choice in such domainsisto estimate
discriminating features from a set of example images automatically.

The proposed technique can be applied to other domainsaswell. We are planning to experiment
with face databases, as well as larger car databases and categories to further investigate the utility
of hierarchical mixtures of experts and generalized second moments.
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