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Abstract:

In this paper, we present a new method to learn statistical
part-based structure models for object category recognition in
a supervised manner. The method learns both a model of local
part appearance and a model of the spatial relations between
those parts. By using Histograms of Oriented Gradient (HOG)
features to describe local part appearance within an image, we
investigate whether richer appearance model is helpful in
improving recognition performance. We learn the model
parameters from training examples using maximum likelihood
estimation. In detection, these models are used in a
probabilistic way to classify and localize the objects in the
images. The experimental results on a variety of categories
demonstrate that our method provides both successful
classification and localization of the object within the image.
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1. Introduction

Techniques for representing, learning and recognizing
object categories have attracted much attention in computer
vision and artificial intelligence. There has been a
progression from recognizing individual objects to classes
of objects which are visually similar. But it still remains a
challenging problem because of the large variance of
objects in the same class. Such variance may be due to the
view point variation, illumination and occlusion, change in
the scale, background clutter, and deformable object shape,
etc.

A great deal of algorithms have been proposed for
object classification. One approach to classifying images is
to treat them as a collection of regions. Similar models have
been successfully used in the text community for analyzing
documents and are known as “bag-of-words” models.
Fei-Fei et al. [1] have applied such methods to the visual
domain. However, “bag-of-words” models describe only
part appearance and ignoring their spatial structure.

978-1-4244-3703-0/09/$25.00 ©2009 IEEE

Burl et al. [3] propose a statistical model in which “soft”
part detectors is used and shape variability is modeled in a
probabilistic setting. Weber et al. [4] introduce a particular
type of model where objects are represented as flexible
constellations of rigid parts. The variability within a class is
represented by a joint probability density function on the
shape of the constellation and the output of part detectors.
Furgus et al. [5] have extended the work of Weber and
added variability of appearance, relative scale to learn this
model in a scale invariant manner. The drawback of the
Constellation model is an exponential explosion in
computational cost and being highly dependent on the
consistent firing of the interest operator [6].

The pictorial structure models introduced by Fischler
and Elschlager [7] represent an object by a collection of
parts arranged in a deformable configuration, where the
deformable configuration is represented by spring-like
connections between pairs of parts. Crandall et al. propose
k-fans model [9, 10] to study the extent to which
additional spatial constraints among parts are actually
helpful in detection and localization. It is proved that
adding spatial constraints gives better performance but
increases computational complexity.

In this paper, we consider the problem of detecting and
localizing objects of various categories such as airplanes or
faces within the images. Emphasizing on spatial relations
between parts, we use tree-structured model similar to 1-fan
model [9, 12] or star model [6]. The model is trained in a
probabilistic way that requires labeled parts for the positive
images. In particular, we describe local part appearance by
using HOG [11] features which is different from [9] to
investigate whether richer appearance model is helpful in
improving recognition performance.

The rest of the paper is organized as follows. In
section 2, the detailed procedure of model learning and
object recognition are described. Section 3 presents the
experimental results on three classes and the background
from Caltech-101 database [2]. Section 4 gives the
conclusions and future work.
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2. Approach

In this section, we first describe the local part
appearance model and spatial relations model. Then HOG
features are represented as local part appearance within an
image and principle component analysis (PCA) is used to
reduce the dimension of HOG feature vector. Finally, the
procedure of learning the models, detection and localization
are presented in detail.

2.1. Model structure

We use the model framework in [8, 9] where an object
model 8 =(4,S) consists of appearance A for each
part and spatial relationships S between parts. Let [
denote an image, and L ={/,...,] } denote the location
for each part. Here the location of a part is given by a
point in the image, [ =(x;,y;). Using Bayes’ law the
posterior distribution p(L|1,8), which characterizes the

probability that the object configuration is L given the
model € and the image [, can be written as,

p(L|1,0) =< p(I|L,0)p(L]|6) (1)

where the distribution p(/|L,6) measures the

likelihood of seeing image [ given a particular
configuration for the object parts and the model &. The

distribution p(L | @) measures the prior probability that
the object configuration is L .

2.1.1. Appearance

Let A={a,..,a,}be appearance parameters for each

part, and suppose the part positions are independent, then
we model the appearance by the product of the individual
likelihoods,

pU|L,0)=pU|L,H=[]prUll,a) @

i=1
This is an approximation when parts overlap. To
model the appearance of each individual part we use the
HOG  representation  introduced in  [11]. Let
F={f,....f,} be HOG features extracted from each part,

and consider the distribution of HOG features of each part
as a Gaussian. Under the Gaussian model, the appearance

parameters for each part are a, = (4,,2;) . We have,

p(1|liaa,'):N(fiuuﬂzi) 3)

2.1.2. Spatial relations

In tree-structured graph, let G = (V,E) be a tree with
a root node v, and other independent nodes v,(i # r)
conditioned on the value of v . Let S={s,..s,}be
parameters of spatial relationships, /., be the location of

the root part and /, be the location of other part except for

the root part, then we have,
p(L10)=pd, |s)[]p11,s,) )
VI¢V’,
We model the conditional distribution of other part
location given the root part location p(/;|/,,s;) as a

Gaussian with mean My, and covariance

ilr >

p(li|lr’s[):N(li_lr’ut]rﬂzi\r) (5)

2.2. HOG representation

We use HOG to describe features for each part within
an image. The image is first divided into 8*8
non-overlapping pixel cells. For each cell a 1D histogram
of gradient orientations over pixels is accumulated, with
nine orientation bins. For better invariance to illumination,
shadowing and other small deformations, the histogram of
each cell is normalized with respect to the gradient energy
over 2*2 cells (called a block) around it. This leads to a
vector of length 9*4 representing the local gradient
information inside a block.

We extract fix-sized patches of the 3*3
non-overlapping blocks surrounding the labeled part
location. Then the feature vector of each patch with 48*48
pixel size exists in a 36*¥9 dimensional space. We use PCA
to reduce the dimensionality of the feature vector of each
patch, in order to reduce the memory requirements and
computational cost. In the learning stage, we collect the
feature vector of each patch from all images and perform
PCA on them. Let k& be the number of dimensions in the
dimensionally reduced subspace. We choose the smallest
value of k£ so that the cumulative energy is above 90%.
Then the feature vector of each patch is projected into the
space spanned by the first & principal components.
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2.3. Learning
The task of learning is to estimate the parameters
0 =(4,S) of the model discussed above. The goal is to

find the maximum likelihood (ML) estimate & which
best explain the data 4 and S from all the training

I, }and
L,} for each

images. We are given a set of images {11,...,

corresponding object configurations {L,,...,

image, the ML estimate of 6 i,
6" =arg mglxﬁp(lk | L"’Q)ﬁ p(L,16) (6)
From equation (2), (4) and (6) we get ,
A = argmgxﬁp(lk |L,,A)
—argmaxHHp(l [ l»a) @)

k=1 i=1

S =arg m?pr(Lk |S)

—argmAapr(lkms)Hp(zk, fr)®)

Vl ¢Vr
2.4. Detection and Localization

The detection problem is to determine whether the
image [ contains an instance of the object (hypothesis w )

or whether the image is background-only (hypothesis w ).
The decision is given by the likelihood ratio,

p(|l,a)-p(L16)
sy 211

T w) p(I'|w,)
N2, N(f:14,,5,)
r r RS R Rt B4 Z l )
Z N )H N5 p(11,s,)

©)

where the numerator can be expressed as a sum over all
possible object configurations L, and (/lbg,Zbg) are the

background model parameters. By calculating the
likelihood ratio R and comparing it to a threshold, the
presence or absence of the object within the image can be
determined.

For getting the location of the object within each

image, we look for an object configuration L with
maximum posterior probability. From equation (2) and (4)

we get,
L* — maxwp(lr |sr).
L N(ﬂbg’zbg)

N(/f;; i’zi
T (fis;,2.))

L|1,s,
N, . 5,.) p(l11,s;)

(10)

Vl' ?’—'Vr

3. Experiments

We evaluated our system using the Caltech-101
database [2]. Five categories were selected from the
databases, which were airplanes, motorbikes, faces,
leopards and cars. Background images were also selected
from them. The images were scaled so that they were
uniform. Figure 1 shows the images from the five
categories, each of which with six parts annotated, and
background image.

Figure 1. Six categories and background

Each dataset was split randomly into two separate sets.
We used the first for training and the remaining for testing.
Among the datasets, the car dataset was only 123 images
originally, so another 77 were added by reflecting the
original images, making 200 in total. The numbers of
samples used for training and testing are shown in Table 1.

Table 1. Datasets in experiments

Training data Testing data
positive | negative | positive | negative
Planes 400 400 400 400
Bikes 400 400 400 400
Faces 200 200 200 200
Leopards 100 100 100 100
Cars 100 100 100 100
3.1. Learning

As in [9], we used supervised training method to learn
the models. Six parts were labeled by hand in each training
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images. To learn the appearance model for a given part,
patches of 3*3 blocks surrounding the labeled part location
were extracted from each training image. Each patch then
formed a 36*9 dimensional feature vector. We performed
PCA on feature vectors from all images ( for
motorbikes k=50 ) , and then got mean and

covariance parameters a; = (4;,2;) for each part. The

background model parameters (ybg,Zbg) were estimated

from the background images. For spatial relations model we
compute the conditional distribution parameters

Sitiery = (,ul.‘r,Zilr) for each part. In addition, we used the

same training images and annotated file to learn 1-fan
model, same testing images to evaluate the performance of
1-fan model in order to compare the results with ours.

3.2. Experimental Results

For detection, we used the procedure described in
Section 2.4 to compute the likelihood ratio R and find an
optimal configuration for the object in each test image.
Figure 2 illustrates the ROC curves for airplanes and
motorbikes generated from the experiments. We observe
that our model performs slightly better, indicating that using
HOG descriptors to model the appearance gives better
performance for airplanes and motorbikes.

Table 2 shows the results of recognition accuracy at
the equal ROC points by comparing the algorithm to 1-fan
method. It can be seen that in the cases of motorbikes and
airplanes dataset, the performance of the algorithm is
superior to the 1-fan model, but is inferior to 1-fan model in
the case of faces dataset.

Table 2. Equal ROC performance in experiments

Ours 1-fan
Planes 93.25% 91.3%
Bikes 97.6% 97.0%
Faces 96.8% 98.2%
Leopards 92.7% --
Cars 94.3% --

As in [9], in order to test the ability of the models to
differentiate between the three different object classes
(airplanes, motorbikes and faces) and the background
images, we conducted multi-class detection experiments.
The results of our method and 1-fan model are illustrated in
Table 3, where rows correspond to actual classes and
columns correspond to predicted classes.

4. Conclusions

We have introduced a probabilistic method of learning
part-based models for object category recognition.
Combining HOG descriptors, we learn the models by
estimating both part appearance and spatial relations
between parts. Specifically, we investigate whether richer
appearance model is helpful in improving recognition.
Experimental results on a variety of categories demonstrate
the power of our system in object detection. Currently, the
framework does not use the context analysis, where the
presence of a certain object class in an image
probabilistically influences the presence of a second class.
We are working on integrating scene context to improve
detection.
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