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Abstract. The improvement of bag-of-features image representation by
statistical modeling of visual tokens has recently gained attention in the
ﬁeld of object categorization. This paper proposes a soft bag-of-features
image representation based on Gaussian Mixture Modeling (GMM) of visual tokens for object categorization. The distribution of local features
from each visual token is assumed as the GMM and learned from the training data by the Expectation-Maximization algorithm with a model selection method based on the Minimum Description Length. Consequently,
we can employ Bayesian formula to compute posterior probabilities of being visual tokens for local features. According to these probabilities, three
schemes of image representation are deﬁned and compared for object categorization under a new discriminative learning framework of Bayesian
classiﬁers, the Max-Min posterior Pseudo-probabilities (MMP). We evaluate the eﬀectiveness of the proposed object categorization approach on the
Caltech-4 database and car side images from the University of Illinois. The
experimental results with comparisons to those reported in other related
work show that our approach is promising.

1

Introduction

In recent years, object categorization with bag-of-features image representation
has become a hot topic in the ﬁeld of compute vision and pattern recognition [1,2,
3,4,5,6,7,8]. The bag-of-features method originated from the bag-of-words model
for document analysis, which was ﬁrstly introduced to object categorization by
Csurka et al. [1]. They cluster local features in images by k-means algorithm to
generate a visual vocabulary. The image is then represented as a histogram over
visual tokens in the vocabulary. After Csurka et al.’s work, statistical modeling
of visual tokens has been advised to improve the eﬀectiveness of bag-of-features
representation [2,3,6]. The relations between local features and visual tokens can
be described more accurately and reliably through statistical modeling of visual
tokens. Furthermore, a local feature is allowed to be softly mapped to multiple
visual tokens in this way, so the aliasing eﬀects can be reduced. In existing
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methods of statistical modeling of visual tokens for object categorization, the
Gaussian distribution is used to model each visual token and the set of visual
tokens is considered as a Guassian Mixture Model (GMM) [2, 3, 6].
This paper proposes a new soft bag-of-features image representation based on
the Gaussian Mixture Modeling (GMM) of visual tokens. The resultant object
categorization approach includes four stages. Firstly, local features are extracted
from an input image. Secondly, posterior probabilities of being visual tokens for
local features are computed by using Bayes formula, where local features from
each visual token are assumed to be of the distribution of GMM. The GMM
is learned from the training data by the Expectation-Maximization (EM) algorithm with a model selection method based on the Minimum Description Length
(MDL). Thirdly, the image is represented using one of three schemes: probabilities based hard histogram, classiﬁcation based soft histogram, and completely
soft histogram. Finally, the image is classiﬁed into one of object categories under a new discriminative learning framework of Bayesian classiﬁers, the Max-Min
posterior Pseudo-probabilities (MMP) [9], where feature vectors of images from
each object category is also assumed to be of the distribution of GMM. Following other related work, we evaluate the proposed object categorization approach
on the Caltech-4 database and the car side images of the University of Illinois.
Our approach experimentally outperforms some other related methods with the
similar local features and achieves the comparable results to those reported by
using more sophisticated local features.

2

GMM-MMP Classification Framework

In this section, we introduce posterior pseudo-probabilities based categorization
approach with the MMP learning. The reader is referred to our paper for more
details [9].
Let X be a feature vector, C be an object category, p(X|C) be the classconditional probability density function, then the posterior pseudo-probability
of being C for X is computed as
f (p(X|C)) = 1 − exp(−λpθ (X|C)),

(1)

where λ, θ are positive numbers. Consequently, f (p(X|C)) is a smooth, monotonically increasing function of p(X|C), and f (0) = 0 and f (+∞). Given an
input image, we use Eq. 1 to compute the posterior pseudo-probability for each
object category. The category with maximum posterior pseudo-probability will
be taken as the categorization result.
The MMP method is advised to learn unknown parameters in Eq. 1. Let
f (X; Λ) be the posterior pseudo-probability measure function (Eq. 1) of an object category, where Λ denote the set of unknown parameters in it. Let X̂i be
a feature vector of arbitrary positive sample of the category, X̄i be a feature
vector of arbitrary negative sample of the category, m and n be the number of
positive and negative samples, respectively. Then the objective function of MMP
learning for estimating parameters is
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m

F (Λ) =

n

1 
1
[f (X̂i ; Λ) − 1]2 +
[f (X̄i ; Λ)]2 .
m i=1
n i=1

(2)

F (Λ) = 0 means the perfect classiﬁcation performance on the training data.
Consequently, we can obtain the optimum parameter set Λ∗ of the posterior
pseudo-probability measure function by using the gradient descent algorithm to
minimize F (Λ):
(3)
Λ∗ = arg min F (Λ).
Λ

The form of class-conditional probability density function p(X|C) in Eq. 1 should
be provided for using MMP categorization framework, which is assumed to be
the GMM in this paper. Let K be the component number of GMM, wk , μk and
Σ k be the weight, the mean,
K and the covariance matrix of the k-th Gaussian
component, respectively. k=1 wk = 1. Then we have
p(X|C) =

K


wk N (X|μk , Σ k ),

(4)

k=1

where



d
1
1
N (X|μk , Σ k ) = (2π)− 2 |Σ k |− 2 exp − (X − μk ) Σ −1
(X
−
μ
)
.
k
k
2

(5)

So the set of unknown parameters in the posterior pseudo-probability measure
function (Eq. 1) of each object category is
Λ = {λ, θ, wk , μk , Σ k }, k = 1, · · · , K.

3

(6)

Object Categorization by Soft Measure of Visual Token
Occurrences

In bag-of-features image representation, a visual vocabulary consisting of visual tokens is generated to bridge local features and images. In this paper, we
model the distribution of local features from each visual token as a GMM. The
corresponding visual vocabulary can be seen as a set of visual token GMMs.
According to visual token GMMs, we compute posterior probabilities of being
visual tokens for local features. Then three corresponding image representation
schemes are explored for object categorization under the GMM-MMP categorization framework.
3.1

Visual Token GMM with MDL-EM Training

We ﬁrstly cluster local features extracted from training images into designated
number of groups. Each group of local features is corresponding with a visual token. This is the same as conventional bag-of-features methods. However,
each group of local features is represented by a GMM, instead of its center, in
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this paper. The GMM is ﬁtted to the group data by using the ExpectationMaximization (EM) algorithm [10] with a model selection method based on
the Minimum Description Length (MDL) [11]. This strategy makes our method
diﬀerent from other statistical modeling based bag-of-features representations,
where GMM is used to model the whole vocabulary and each visual token is
corresponding with a Gaussian component.
Let t be the parameter number of each Gaussian component in the GMM, n be
the number of training samples, f (x1 , · · · , xn |Θ) be the likelihood function over
the training set. Then the training criterion with MDL-EM can be formalized
to minimize [11]
t
(7)
− log f (x1 , · · · , xn |Θ) + log n,
2
where the ﬁrst and second terms stand for the objective of maximum likelihood
and the simplest model, respectively.
After visual token GMMs are obtained from the training data, we employ
Bayes formula with the assumption of the same prior probabilities for all the
visual tokens to estimate the posterior probability of being visual token vj for
local feature xi :
P (xi |vj )
,
(8)
P (vj |xi ) = N
k=1 P (xi |vk )
where N is the number of all the visual tokens.
3.2

Image Representation

According to hard assignment of local features to visual tokens, it seems that
we can only compute occurrence frequencies of visual tokens to obtain a hard
histogram description of the image. Oppositely, P (vj |xi ) reﬂects the conﬁdence
of assigning xi to vj . More reliable and accurate occurrence distribution can
be deﬁned based on this soft assignment. In this paper, we consider three corresponding representation schemes: Probability Based Hard Histogram (PBHH),
Classiﬁcation Based Soft Histogram (CBSH), and Completely Soft Histogram
(CSH). In both PBHH and CBSH, local features are ﬁrstly classiﬁed into the
visual token with maximum posterior probability. Then the image is represented
as frequencies (PBHH) or mean probabilities (CBSH) of visual tokens. The CSH
maps each local feature to all the visual tokens, and compute mean probabilities of visual tokens to represent the image. More formally, let I be an image,
{x1 , x2 , . . . , xM } be local features extracted from I, {v1 , v2 , . . . , vN } be tokens
in the visual vocabulary, M be the number of all the local features, mi |N
i=1 be
the number of local features classiﬁed into visual token vj , then these three
representation schemes are listed in Table 1.
After the image is represented by each of three schemes above, we assume that
the feature vectors of the images from each object category are of the distribution
of GMM. We then use GMM-MMP categorization framework descried in Section
2 to perform the image categorization.
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Table 1. Three image representation schemes
Schema
PBSH
CBSH
CSH

4
4.1

Image Representation
N
mi {mi /M }|i=1  N
P (vi |xk )/mi |i=1
k=1
N
{ M
k=1 P (vi |xk )/M }|i=1

Experimental Results
Experimental Setup

Harris-aﬃne detector [12] is adopted to extract local features from images. Then
we use SIFT [13] as the feature descriptor, resulting a 128-dimentsional real
vector (4 × 4 × 8) for each local feature. In order to fairly compare our approach
to other related methods, the number of visual tokens is preset to 1000 as that
used in [1].
In the MMP training for object categories, positive samples of each object
category are images from this category, while negative ones are images from
other categories. At ﬁrst, we used the MDL-EM algorithm on positive samples
to get the parameters in the GMM, and set λ and θ through experiments. Then
the MMP training algorithm was used on all the samples including positive
samples and negative samples to revise initial parameters obtained by the MDLEM algorithm. For the MDL based model selection of the GMM, we evaluate
the component numbers from 1 to 20 for visual tokens and object categories.
The resultant numbers of components for visual tokens vary from 1 to 5, while
those for object categorization are from 3 to 9.
4.2

Caltech-4 Database and Car Side Images

We conduct experiments of object categorization on the Caltech-4 database and
car side images from the University of Illinois. The Caltech-4 database includes
four object categories. The number of images from each category varies from
450 to 1074. Following the evaluation method used in other related work, we
randomly select half of images from each object category for training, and the
others for testing.
4.2.1 Comparative Evaluation
The proposed object categorization approach can be divided into three stages:
visual token modeling, image representation, and discriminative learning for object categorization. Thus we design three groups of experiments to evaluate the
inﬂuence of various factors in each stage.
In the ﬁrst group, we tested the eﬀectiveness of three visual token modeling
methods including GMM, Gaussian Model, and traditional cluster center under
hard histogram image representation setting. Gaussian Model is treated as 1component GMM in our experiments. We also compared GMM and Gaussian
Model under two types of soft histogram image representation setting, CBSH
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Table 2. Comparing categorization accuracies for visual token modeling methods and
image representation schemes
Methods

THH

Airplanes 0.961
Cars(Rear) 0.960
Motorbikes 0.889
Faces
0.880
Cars(Side) 0.953
Mean
0.936

PBHH
GM GMM
0.968 0.968
0.964 0.974
0.889 0.910
0.893 0.907
0.942 0.935
0.939 0.947

CBSH
GM GMM
0.972 0.980
0.945 0.971
0.893 0.910
0.880 0.889
0.956 0.960
0.936 0.952

CSH
GM GMM
0.985 0.970
0.945 0.978
0.893 0.932
0.906 0.933
0.956 0.964
0.943 0.960

Table 3. Comparing categorization accuracies for MMP vs. MDL-EM training
Categories
Airplanes
Cars(Rear)
Motorbikes
Faces
Cars(Side)
Mean

MMP
0.980
0.995
0.960
0.947
1.000
0.977

EM
0.970
0.978
0.932
0.933
0.964
0.960

and CSH. In this group, only MDL-EM algorithm is used to learn the GMMs
of object categories. The MMP algorithm is not triggered yet. Table 2 shows
categorization results for the test data from 5 categories, where ’THH’ denotes
the Traditional Hard Histogram based on cluster centers, ’GM’ denotes Gaussian
Model. It demonstrates that the GMM behaved best and statistical modeling of
visual tokens brings better performance than distance based vector quantization
technique. In the second group, three proposed image representation schemes,
PBHH, CBSH, and CSH, are compared under the GMM of visual tokens. The
corresponding results are also reﬂected in Table 2, where CSH is shown to outperform other two schemes. We tested the eﬀectiveness of the MMP discriminative
learning algorithm in the third group. Under CSH image representation with
the GMM of visual tokens, the training eﬀects of the MMP and the MDL-EM
for object categorization were compared and listed in Table 3. It shows that the
mean categorization accuracy is improved from 96.0% (EM) to 97.7% (MMP).
4.2.2 Comparisons to Related Work
To conﬁrm the eﬀectiveness of our approach, we further compared our best categorization results achieved by using the GMM of visual tokens, CSH image
representation, and MMP learning algorithm to those reported in other related
work [1, 4, 14, 7, 15]. The comparisons of results are shown in Table 4. Among
these work under comparison, Csurka et al. [1] and Sivic et al. [14] adopt the
same local features as ours, namely, the Harris-aﬃne detector with the SIFT
descriptor; Fergus et al. [7] uses the Kadir-Brady local feature detector and the
pixel descriptor; Kapoor et al. [15] employs the multiresolution local features;
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Table 4. The comparisons between our approach and other related methods
Categories
Airplanes
Cars(Rear)
Motorbikes
Faces
Cars(Side)
Mean

Ours
0.980
0.995
0.960
0.947
1.000
0.977

[1]
0.963
0.977
0.927
0.940
0.996
0.961

[14]
0.953
0.981
0.936
0.940
–
–

[7]
0.902
0.900
0.925
0.964
–
–

[4]-1
0.889
0.911
0.922
0.935
0.830
0.897

[4]-2
0.975
1.000
0.943
1.000
1.000
0.984

[15]
0.980
0.991
0.970
0.995
–
–

Opelt et al. [4] tested two kinds of local features, including the aﬃne invariant
interest point detector with the moment invariant descriptor (denoted as [4]-1 in
Table 4) and the similarity-measure-segmentation with the intensity distribution
description (denoted as [4]-2 in Table 4). Our approach experimentally outperforms the methods using the similar local features [1,14], [4]-1, and achieved the
comparable results to those reported by using more sophisticated local features
in [15] and [4]-2.

5

Conclusions

In this paper, we explored the problem of soft histogram image representation
based on Gaussian Mixture Modeling (GMM) of visual tokens for object categorization. The main contributions of this paper are summarized as follows:
1) The posterior probabilities of being visual tokens for local features are computed by assuming that local features from each visual token are of the distribution of GMM. Accordingly, three types of image descriptions are deﬁned
and compared for object categorization, including Probability Based Hard Histogram (PBHH), Classiﬁcation Based Soft Histogram (CBSH), and Completely
Soft Histogram (CSH). 2) A new discriminative learning framework of Bayesian
classiﬁers, Max-Min posterior Pseudo-probabilities (MMP), is applied to object
categorization.
We conducted three groups of comparative experiments on the Caltech-4
database and car side images from the University of Illinois. In the ﬁrst group,
GMM of visual tokens is compared to Gaussian modeling of visual tokens as
well as traditional cluster center. The results show that the GMM outperforms
other two strategies. In the second group, three types of histogram descriptions
of the images are tested and CSH is shown to behave best. In the last group,
we demonstrate that MMP is better than generative learning counterpart. To
sum up, we achieved the best result by using the GMM of visual tokens, CSH
image representation, and MMP learning for object categorization, which is better than those reported using similar local features and comparable to those
obtained from more sophisticated local features.
The future developments of the proposed approach are described as follows.
Firstly, visual token GMMs are currently learned by using the MDL-EM
algorithm, since the number of visual token is 1000 and the MMP is not enough
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eﬃcient to solve this huge classiﬁcation problem. In the next work, we will improve
the eﬃciency of MMP learning and apply it to the training of visual token GMMs
for more accurate measure of visual token occurrence. Secondly, the experimental evaluation of our approach is planned to be performed on other widely used
databases, including Caltech-101 and VOC 2008.
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