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Abstract

This paper presents an approach to object detec-
tion which is based on recent work in statistical mod-
els for texture synthesis and recognition [7, 4, 23, 17].
Our method follows the texture recognition work of De
Bonet and Viola [4]. We use feature vectors which
capture the joint occurrence of local features at multi-
ple resolutions. The distribution of feature vectors for
a set of training images of an object class is estimated
by clustering the data and then forming a mixture of
gaussian model. The mixture model is further re�ned
by determining which clusters are the most discrimi-
native for the class and retaining only those clusters.
After the model is learned, test images are classi�ed by
computing the likelihood of their feature vectors with
respect to the model. We present promising results in
applying our technique to face detection and car detec-
tion.

1 Introduction
This paper is a response to a scienti�c question that

has its root both in computational vision and visual
psychology: \What underlies the human ability to
recognize objects under deformation and changes in
pose?" Take for example the recognition of a jacket
casually tossed to the 
oor. Somehow the almost in�-
nite variation in appearance is easily captured by the
observer's model of the jacket. It seems unlikely that
recognition of the jacket's image is based on purely
geometric reasoning. It also seems unlikely that the
observer has built a complex model of jacket deforma-
tion painstakingly acquired over many thousands of
examples. The hypothesis addressed in this paper is
that object recognition under these very di�cult con-
ditions relies on texture recognition.

Motivation for this experimental investigation has
come from recent successes in texture representation
and recognition [7, 4, 23, 17]. Each of these approaches

can be used both to recognize texture as well as gen-
erate novel images. Based on the quality of these gen-
erated textures, it is clear that these four approaches
have gone far beyond the previous state of the art in
texture modeling. Taken together these new results
have destroyed classical distinctions between textons,
noisy textures and highly structured patterns.

The Heeger and Bergen approach is perhaps the
most e�cient of the four, but it has some di�culty in
modelling highly structured patterns. While Zhu, Wu
and Mumford is the most formal and well grounded
of the four, it currently lacks an e�cient algorithm
for learning and recognition. The De Bonet and Viola
approach combines the e�ciency and simplicity of the
Bergen and Heeger model with the modeling power of
Zhu, Wu and Mumford. In this paper we will extend
the work of De Bonet and Viola in an e�ort to model
object detection under challenging circumstances.

The main contribution of this paper is the investi-
gation of a new framework for object class detection
based on an extended texture model (e.g. face or car
detection). The advantage of this approach is that it
can handle larger variations in the appearance of the
object class than previous techniques. Starting from
the De Bonet and Viola texture model, we will ex-
tend it to allow learning from hundreds or thousands
of images. In order to do this we must eliminate much
of the complexity in the density model. Complexity
is removed in two ways: i) using an unsupervised ap-
proach to cluster the features space; ii) using a super-
vised approach to maximize the discriminative ability
of the density estimate.

2 Related Work
Recently there has been a surge in interest in sta-

tistical object recognition models as a means of han-
dling, or perhaps ignoring, the wide variations that are
observed in natural images. Many of the strongest re-



sults are in face detection and recognition: [20, 19, 13].
A statistical modelling approach can potentially pro-
vide a principled mechanism for learning which prop-
erties of images are important for recognition and
which are not. One criticism of these approaches is
that they attempt to model the entire image as a sin-
gle rigid patch { making it di�cult to model changes in
pose and feature location. More recently these tech-
nique have been generalized to include schemes for
modelling deformations in the image plane [1, 8, 5, 10].
These techniques not only learn a set of allowed vari-
ations in the image values, but also a set of allowed
variations in pixel location. Nevertheless reliable de-
tection and recognition of faces across a wide variety
of faces is not yet a solved problem.

More recently a number of more general statistical
models of recognition have been proposed: [21, 15, 2].
These attempt to model the appearance of localized
features and then separately model feature location.
While these are steps in the right direction, these ap-
proaches often require a great deal of computational
time both for model learning and for image recogni-
tion.

Each of the above approaches attempts to model
the distribution of images directly. Our approach in-
stead attempts to model the distribution of multi-scale
features. von der Malsburg and colleagues have shown
excellent results on face recognition using a similar set
of multi-scale features [9, 22]. Recently, Papageorgiou
et al. have proposed multi-scale features for object
class detection [11]. They use Haar wavelets computed
at particular positions in the image to form feature
vectors for a support vector machine classi�er. Our
approach is much more radical in its disregard for fea-
ture location.

Schiele and Crowley's work on multidimensional re-
ceptive �eld histograms [14] also has some similarities
to our work. They also look at the distribution of fea-
ture vectors formed from �lter responses at di�erent
scales. Their focus di�ers in that they are looking at
building models of single objects as opposed to object
classes. Also their feature vectors do not use the par-
ent vector structure that we use. Furthermore, they
use fairly low dimensional feature vectors which makes
the use of histograms practical.

3 The Statistical Model
This paper proposes a general statistical model for

learning an object class from a set of example im-
ages and correctly classifying new images according
to their membership in the class. Our framework fol-
lows De Bonet and Viola [4] in that it models the dis-
tribution of \parent vectors" in each training image.

The parent vectors are a collection of �lter responses
at di�erent scales of a steerable image pyramid [16].
Figure 1 illustrates the structure of a parent vector.
We estimate the distribution of these parent vectors
from many training images using a mixture of gaus-
sian model. We show results using this framework for
face detection and car detection.

De Bonet and Viola's texture recognition work
modeled the distribution of parent vectors using a
Parzen window density esimator. The Parzen density
estimator, while quite 
exible, requires time propor-
tional to the quantity of training data. In our exper-
iments we will use over a thousand training images.
If evaluated in a naive fashion, the resulting density
estimator would require many minutes to compute.
Instead of the Parzen window model, we use a clus-
tering algorithm to �nd a relatively small number of
signi�cant clusters of parent vectors from hundreds
of training images. From these clusters a mixture of
gaussian model is used to approximate this distribu-
tion of parent vectors.

The motivation for expecting parent vectors to
make useful features for object detection comes from
their use in texture synthesis [3, 4]. In that work,
an example texture was �rst analyzed by �nding its
parent vectors. Then perceptually similar textures
were synthesized by creating a new parent vector tree
in which similar parent vectors were randomly inter-
changed. This representation captures the structure
inherent in the example texture, but also allows for
random variations which do not break the structure.
What happens when we use face images as input to
this texture synthesis framework? Figure 2 shows
some examples. Each of these images was synthesized
from a texture model built from many face images as
described in [3]. Notice how features (such as eyes
or nose) in one face are replaced by corresponding
features from another face. From this �gure it ap-
pears that the parent vector representation does cap-
ture some important structure even for face images.

4 Overview
The basis of our framework is using a mixture of

gaussian model to estimate the distribution of parent
vectors from a large set of example images of an object
class. We present two datasets as examples: human
faces and side views of cars.

Our method for building a model can be divided
into four steps:

1. Apply multi-scale, multi-orientation �lters to the
training images to produce parent vectors.

2. Find clusters of similar parent vectors.
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Figure 1: Illustration of parent vector structure. The
grids represent an image pyramid. Each pixel is associ-
ated with a set of �lter values capturing local features.
The chain of line segments show the pixels whose �lter
values make up a single parent vector.

Figure 2: Texture synthesis examples using a set of
face images as input textures. See text for an expla-
nation.

3. Find an optimal subset of clusters for detection.

4. Build the �nal model as a mixture of multidimen-
sional gaussian kernels centered on each cluster,
with weight proportional to the population in the
cluster and mean and variance proportional to the
mean and variance of the cluster.

The same procedure is used to build an out-of-class
(or background) model. The out-of-class model is
combined with the in-class model using Bayes' rule to
yield the probability of in-class given a parent vector.

To classify a test image, the parent vectors of the
test image are computed. Then the average probabil-
ity of the parent vectors from the test image is com-
puted. If this percentage is above some threshold, the
test image is classi�ed as in-class.

Each of these steps is described in detail below.

5 Computing Parent Vectors
Parent vectors are computed from a multiresolution

wavelet transform as described by De Bonet and Viola
[4]. We will use the same notation as in [4]. First, a

gaussian pyramid is created from an input image I :
G0 = I , G1 = 2 # (g 
 G0) and Gi+1 = 2 # (g 
 Gi),
where 2 # downsamples an image by a factor of 2 in
each dimension and g is a low pass �lter. At each level
of the pyramid, a series of �lter functions are applied:
F i
j = fi 
 Gj , where the fi's are oriented derivative

�lters. For every pixel in an image de�ne the parent
vector of that pixel:
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where M is the top level of the pyramid and N is the
number of features.

As depicted in �gure 1, each parent vector corre-
sponds to exactly one pixel in the original image, and
stores the wavelet coe�cient for each scale and ori-
entation at that pixel location. The high-pass and
low-pass residual values are also included in the vec-
tor.

6 Estimating the distribution
The model we build to represent an object class is

an estimate of the distribution of parent vectors from
a set of example images of the object class. To esti-
mate the distribution of parent vectors, a clustering
algorithm is �rst run on the data and then the result-
ing clusters are used to build a mixture of gaussian
model as in [12].

We have found the standard k-means algorithms [6]
for clustering to be too computationally expensive for
our purposes. The problem is we have very many data
points and the data requires very many clusters to es-
timate it well. For example, we have a training set
of over 1 million parent vectors in a 26 dimensional
space that requires hundreds of thousands of clusters
to represent it well. We can use our results from tex-
ture synthesis to give a good idea of the maximum
distance that should be allowed between data points
belonging to the same cluster. Using distance thresh-
olds from synthesis, we can take a bottom-up approach
to clustering which starts with every data point as its
own cluster and then combine clusters which are close
together according to our distance function. We use
the function, near(), de�ned below to determine if
two parent vectors are close.
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near(v1;v2) f
flag = 1

for k=1 to d

if D(v1[k];v2[k]) > Tk then
flag = 0

return flag

g

where d is the dimension of the parent vectors, fTkg
is a set of thresholds and

D(v1[k];v2[k]) =
jv1[k]� v2[k]j

jv1[k]j+ jv1[k]j+ 1
: (2)

The intuition behind the distance function, D(), is
that we want to look at the absolute di�erence between
corresponding components of two parent vectors and
scale that di�erence by the size of the components.
We achieve the scaling by dividing by the sum of the
magnitudes of the two components (plus one to avoid
division by zero).

The following pseudo code describes our clustering
algorithm:

N = number of parent vectors

M = number of clusters

Let v1;v2; : : : ;vN be the list of N

d-dimensional parent vectors

M = N;

Make a cluster for each parent vector with

mean �i = vi and variance �2i = 0

do f
for i=1 to M-1

for j=i+1 to M

if near(�i; �j) then f
combine cluster i and j

(keeping track of the

mean, variance and

population count)

M = M - 1

g
g until the decrease in M is insignificant

The resulting clusters are used to build a gaussian
mixture model to generalize the distribution by plac-
ing a multidimensional gaussian kernel at the center of
each cluster. Popat and Picard [12] use a similar pro-
cedure to model distributions obtained from images.
The probability of vector v in the model for class C is
given by

PC(v) =

MX
m=1

wm

dY
i=1

km;i(v[i]) (3)

where the kernel k is the one-dimensional gaussian

km;i(v[i]) =
1q

2��̂2m;i

e�
(v[i]� �m;i)

2

2�̂2m;i
(4)

and wm = Nm=N where Nm is the number of parent
vectors in cluster m.

7 Using discriminative analysis to re-

�ne the distribution
The clustering algorithm eventually produces a set

of feature clusters. If the number of parent vectors
in the training set is large (say over one million) then
the number of clusters will often also be large (some-
times hundreds of thousands). We wish to reduce the
number of clusters for two reasons: 1) to improve the
accuracy of the model by keeping only clusters which
discriminate between in-class and out-of-class parent
vectors and 2) to increase the speed of evaluating test
images by having fewer gaussians to compute.

We use discriminative analysis to achieve this. The
idea is to take a set of in-class and out-of-class training
images and create two histograms showing how many
times parent vectors from each set fall near an in-class
cluster. Then we keep only those clusters which have
a signi�cantly larger count for in-class parent vectors
than for out-of-class parent vectors. This reduces our
in-class model to the most discriminative clusters. We
can use the same method to reduce the number of
clusters in the non-face model.

There are many possible tests to determine whether
the count for in-class parent vectors is \signi�cantly"
more than the count for out-of-class vectors. The test
we are currently using is as follows. Let histC [i] be the
count of in-class parent vectors which are near cluster
i. Let hist �C [i] be the count of out-of-class parent vec-
tors which are near cluster i. Then if

histC [i]

histC [i] + hist �C [i]
> � (5)

then cluster i is a discriminative cluster and therefore
retained. The threshold � can be any real number
between 0 and 1. We used a value of 0.8 in the exper-
iments that follow.

8 Classifying a test image
The previous sections have described using parent

vectors as features and building models of the distri-
butions of parent vectors from example in-class and
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out-of-class images. The in-class and out-of-class mix-
ture models for a class C give P (vjC) = PC(v) and
P (vj �C) = P �C(v). We can use Bayes rule to yield

P (Cjv) =
P (vjC)P (C)

P (vjC)P (C) + P (vj �C)P ( �C)
: (6)

This equation gives the probability of class C given a
single parent vector v.

The priors P (C) and P ( �C) can be chosen arbitrar-
ily such that P (C)+P ( �C) = 1. The choice does not ef-
fect the receiver operating characteristics curve which
expresses the relationship between correct detections
and false positives for classifying parent vectors [6].

The question remains of how to use this probability
model to determine if a set of parent vectors from a
test image are more likely to come from an in-class im-
age than an out-of-class image. De Bonet and Viola [4]
suggest comparing the distribution of parent vectors
from a test image against the in-class model distribu-
tion using the Kullback-Liebler (KL) divergence. The
problem with this idea in our case is that the distri-
bution from a single test image will probably not look
like the distribution from a large set of training im-
ages. The reason is the parent vectors from an image
are not independent of each other. They form a tree
structure. The model distribution is more like a col-
lection of these trees than like a single tree. Thus, the
two distributions will probably not be similar.

Instead of comparing distributions, we have used
the simple idea of calculating the average probability
of C given each of the parent vectors in a single test
image and then thresholding this value to classify the
image. Thus, if

PN
j=1 P (Cjvj)

N
> t (7)

for some threshold t then the image is classi�ed as
belonging to C, otherwise it is classi�ed as �C .

The average probability can be viewed as one of
many possible statistics we could calculate. If we es-
timate the distribution of this statistic for the train-
ing data, we could then evaluate the likelihood of this
statistic computed for a test image. Using multiple
such statistics to evaluate test images could produce
more accurate tests for a classi�er. We leave this idea
for future work.

9 Results

9.1 Face Detection

We have built a model of faces from a set of 1060
face images cropped from photographs found on the

World Wide Web. The faces were chosen to be approx-
imately frontal. There were small variations in scale
as well as large variations in lighting and image qual-
ity. Each face image was scaled to be 32 by 32 pixels,
converted to gray scale and then histogram equalized
to reduce the variations from lighting. Some exam-
ple face images are shown in �gure 3 (shown before
histogram equalization).

Figure 3: Example face images from the training set.

To build a background model of non-face images,
we selected windows of random size and position from
a set of Web images which did not contain people. The
windows were then scaled to be 32 by 32 pixels and
histogram equalized as with the faces. We used 1016
such non-face examples.

The parent vectors for each of the example faces
and non-faces were computed as described in section
5. This yielded 1,085,440 (= 1060 � 32 � 32) face
parent vectors and 1,040,384 (= 1016� 32� 32) non-
face parent vectors. We used parent vectors with 4
scales and 6 oriented edge �lters per scale. Including
the high and low pass residuals, this resulted in parent
vectors with 26 components.

To construct face and non-face models we �rst ap-
plied the clustering algorithm described in section 6
to the two sets of parent vectors separately. For the
face model we used a threshold of 0.7 for all Ti in
the function near(). For non-faces we used a thresh-
old of 0.8 for all Ti. The clustering algorithm yielded
351,615 di�erent clusters for the face parent vectors
and 155,222 di�erent clusters for the non-face parent
vectors.

Next we applied discriminative analysis as dis-
cussed in section 7 to reduce the number of clusters
and improve the models. This analysis yielded a face
model with 1447 clusters and a non-face model with
483 clusters. A mixture of gaussian model was built
from these clusters as described in section 6.

We can improve our intuition for the cluster-based
model by verifying that some clusters correspond to
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particular perceptual features in a face. In other
words, does a cluster encode a feature in the image
such as an eye or lip that is useful for face detection?
To test this hypothesis, we collected a new set of 266
face images and computed the parent vectors for these
images. We then selected a parent vector cluster from
the model and highlighted test image regions contain-
ing parent vectors from within this cluster. Cluster
membership was determined using the distance func-
tion and thresholds de�ned before. Figure 4 shows
the location where a \lip cluster" responds in several
face images. While this cluster only responds to 6%
of the test faces, in almost every case the response is
localized near the lip region. In each of the remaining
faces their is no response. Although this is a small
percentage of faces, together the 1447 clusters provide
enough coverage to detect most faces.

Figure 4: A cluster was chosen from the face model
and compared to all parent vectors in each test image.
The white boxes show the postion in each image where
a parent vector was near the cluster. This cluster ap-
parently represents a lip-corner feature.

To test the model we used the 266 face images men-
tioned before and a new set of 2500 non-face images.
For each image, the parent vectors were computed and
then the test in equation 7 was applied to classify the
image.

The results are shown as a receiver operating char-
acteristics curve (ROC curve) in �gure 5. The ROC
curve shows promising preliminary results. For exam-
ple, we get 90% correct detection with a false positive
rate of 1.2% or 70% correct detection with 0.28% false
positives.

It is di�cult to compare these results with those of
Sung and Poggio or Rowley and Kanade. These sys-
tems process entire images; �rst decomposing them
into a set of overlapping patches at multiple scales,
and then classifying each patch. There are ten's of
thousands of such patches in each image, most con-
taining only background. While it is a daunting task
to reject each and every background patch, it is im-
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Figure 5: Receiver operating characteristics curve for
a test set of 266 frontal faces and 2500 non-faces. Note
that to focus on the interesting part of the graph, the
correct detection rate axis begins at 50%.

portant to point out that since they overlap many of
the patches are highly redundant. A patch that is
correctly rejected because it does not contain a face
is very likely to be rejected if it is shifted by a single
pixel. A similar issue arises in the detection of faces.
Since a single face will appear in many overlapping
patches, there will be many opportunities to detect it.

The above ROC curve demonstrates performance
on independently selected patches. There is no redun-
dancy in this dataset. We believe that when placed in
an end-to-end system this detector will demonstrate
improved detection and rejection rates. One obvious
re�nement is to let the system bootstrap its non-face
training set by adding false positive images into the
non-face training set and relearning the model. This
work is currently underway.

Figure 6: Example non-frontal face images which the
face detector correctly classi�ed.
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Figure 7: Receiver operating characteristics curve for
a test set of 266 non-frontal faces and 2500 non-faces.

The main advantage of our framework for object
detection is that it should be able to handle more
variability than most other classi�er-based methods.
With faces this means that we expect parent vectors
for frontal face images to be similar to parent vectors
for non-frontal faces. To test this, we evaluated our
face detector on a set of non-frontal faces, some of
which are shown in �gure 6. We used the same face
detector just described which was trained on frontal
faces. The preliminary results support the robustness
of our framework. The ROC curve for a test set of 118
non-frontal faces and the same set of 2500 non-faces
is shown in �gure 7. The results are surprisingly good
considering that non-frontal faces were not used in the
training set. For example, we get a correct detection
rate of 80% with a false positive rate of 5% or a cor-
rect detection rate of 60% with a false positive rate of
1.2%. These results should be improved by including
non-frontal faces in the training set.

9.2 Car Detection

As a second example, we also learned a model for
side views of cars. We only had a database of 48 car
images available for this experiment. However, since
all the cars were photographed under similar condi-
tions, our intuition was that this should be su�cient
to learn a model. We split the set into 24 training
images and 24 test images. We also used a set of 1024
non-car images to build a background model. The im-
age size used was 52 pixels in width by 16 pixels in
height. Figure 8 shows a few example cars. All of the
car images were acquired by taking photographs of toy
cars.

The parent vectors consisted of the values from 6
oriented edge �lters computed over 3 scales. Includ-
ing the high and low resolution residuals, the parent
vectors contained 20 components each. Initial cluster-
ing of the car parent vectors yielded 12,295 clusters
using a threshold of Ti = 0:5 in the distance function
of equation 2. Initial clustering of the parent vectors
from the 1024 non-car images yielded 32,405 clusters
using a threshold of Ti = 0:8. After discriminative
analysis, the car model contained 1229 clusters and
the non-car model contained 1001 clusters.

Figure 8: Eight of the 24 example cars used to train
the car detector.

This model was then tested on a test set of 24 car
and 200 non-car images. The resulting ROC curve is
shown in �gure 9. The results are very good. Only 1
false positive was made with 100% correct detections.
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Figure 9: Receiver operating characteristics curve for
a test set of 24 side views of cars and 200 non-cars.

10 Conclusions and future work
We have presented a new approach to detecting

classes of objects which is based on De Bonet and Vi-
ola's recent technique for representing textures. The
results we have obtained for face detection and car
detection are very promising. They show that object
detection for an object class with large variations can
rely on texture recognition.

7



Our future work in this area will focus on imple-
menting a face detector that searches over positions
and scales. We also intend to improve the computa-
tional expense of the method to make it a practical
solution for object detection.
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