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Abstract

This paper presents a novel Gaussianized vector rep-
resentation for scene images by an unsupervised ap-
proach. First, each image is encoded as an ensemble
of orderless bag of features, and then a global Gaus-
sian Mixture Model (GMM) learned from all images is
used to randomly distribute each feature into one Gaus-
sian component by a multinomial trial. The parame-
ters of the multinomial distribution are defined by the
posteriors of the feature on all the Gaussian compo-
nents. Finally, the normalized means of the features
distributed in every Gaussian component are concate-
nated to form a supervector, which is a compact rep-
resentation for each scene image. We prove that these
super-vectors observe the standard normal distribution.
Our experiments on scene categorization tasks using
this vector representation show significantly improved
performance compared with the bag-of-features repre-
sentation.

1. Introduction

More and more research attention has been put on
automatic analysis and recognition of natural scenes
(forest, street, office, etc.). Most previous approaches
to this problem are either based on supervised seg-
mentation as preprocessing or the manual annotation of
“intermediate” properties [1, 2, 3]. These properties
might be considered as classes of texture information.
In recent years, bag-of-features methods, which repre-
sent an image as an orderless collection of local fea-
tures, have demonstrated good performance [4, 5, 6, 7]
for the whole-image categorization tasks. Furthermore,
Lazebnik proposed to adopt spatial pyramid matching
for scene categorization in order to utilize the spatial in-
formation beyond the bag-of-features image representa-

tion [8].
A common problem to scene categorization, or in

general, to computer vision, is to find correspondence,
i.e. matching corresponding feature points between
images. Many dimensionality reduction methods, in-
cluding global linear transformations such as Principal
Component Analysis (PCA) and Linear Discriminant
Analysis (LDA) and the manifold learning methods
such as Locally Linear Embedding (LLE) and Locality
Preserving Projections (LPP), need well-corresponded
feature points to seek a meaningful low dimensional
subspace. For classifiers based on certain distance met-
rics in the feature space, such as nearest neighbor, cor-
respondence is also critical. The challenges of finding
correspondence are at least two-fold: First, feature sets
from different images are distorted by unknown trans-
forms, which is offset by adopting features relatively in-
variant to such transforms in a sense, such as the SIFT
descriptor. Second, the order of the feature points are
partially, if not completely, unknown.

Scene Categorization turns out to present extra chal-
lenges for correspondence compared to some other
tasks. For example, in facial information recognition,
such as face recognition, age and head pose estimation,
it is possible, although challenging, to obtain corre-
spondence by global alignment of face images [10, 11].
Therefore, it is natural to represent an aligned face im-
age as a vector of features (ordered by their spatial lo-
cation) for appearance based methods. The features for
scene categorization, however, are more complicated.
Global alignment provides limited, if at all, correspon-
dence, because the inhomogeneous regions of scene im-
ages are still misaligned. This calls for a robust and ge-
ometrically invariant structural scene image representa-
tion.

On the other hand, many dimensionality reduction
algorithms, such as PCA, have the implicit assump-
tion that the features observe the Gaussian distribution.
Moreover, many classifiers are based on the Euclidean



distance. Therefore, it is desirable to have a vector
based image representation that observes the standard
Normal distribution.

In this paper, we present a novel method to trans-
form the scene images to correspondent and normalized
feature vectors using an unsupervised approach. First,
each image is encoded as an ensemble of orderless bag
of features. The features from all the images are used to
learn a global Gaussian Mixture Model (GMM). This
GMM with M Gaussian components is used to ran-
domly distribute each feature into one of theM classes
by a multinomial trial. That is, we calculate the pos-
terior probabilities of the feature on all the Gaussian
components and use the posterior probabilities as the
parameters for the multinomial trial. Finally, the nor-
malized means of the features distributed in every class
are concatenated to form a super-vector, which is a com-
pact representation for each scene image. We prove that
these feature vectors observe the standard normal distri-
bution. Our experiments on scene categorization tasks
show that on the same data set, our feature representa-
tion achieves much better performance than the bag-of-
features representation with probabilistic latent seman-
tic analysis (pLSA) [9].

2 Correspondence and Gaussianization

An image can be represented by a sequence ofN
patches denoted byx = (x1, x2, . . . , xN ) wherexk is
thekth patch of the image. In this paper, the basic idea
of corresponding the scene images is to soft cluster the
image patches in an unsupervised manner. This is im-
plemented through the use of a GMM. The GMM is
one of the most widely used models for large-scale den-
sity estimation as it can approximate any complicated
distributions with enough Gaussian components and it
can be effectively estimated through the expectation-
maximization (EM) algorithm. Now the distribution of
the image patches is modeled by a GMM of the form

pX(x) =

M
∑

k=1

wkN (x;µk,Σk), (1)

wherewk, µk andΣk denote the weight, mean vector
and covariance matrix of thekth Gaussian component
respectively, andM denotes the total number of Gaus-
sian components.

This mixture density is a weighted linear combina-
tion of M unimodal Gaussian densities, namely,

N (x;µk,Σk) =
1

(2π)
d

2 |Σk|
1

2

e−
1

2
(x−µk)T Σ−1

k
(x−µk).

(2)

The posterior probability that an observed patchx
comes from thekth mixture is given by

γk(x) =
wkN (x;µk,Σk)

∑M

j=1 wjN (x;µj ,Σj)
, (3)

Now we randomly distribute the observed patches
into M classes according to their posterior proba-
bilities. That is, for a specific patchx, let γ =
[γ1(x), γ2(x), ..., γM (x)]T be the parameters of a
multinomial distributionMult(γ), and we introduce a
M-dimensional binary random variableη ∼ Mult(γ).
η has a 1-of-M representation in which a particular ele-
mentηk is equal to 1 and all other elements are equal to
0. ηk = 1 indicates thatx is assigned to thekth class.
Obviously,p(ηk = 1|x) = γk(x) andp(ηk = 1) = wk.

Then the probability density function of the random
variableYk which denotes the samples in thekth class
is given by

pYk
(a) = pX|η(a|ηk = 1) (4)

=
p(ηk = 1|a)pX(a)

p(ηk = 1)
(5)

=
γk(a)pX(a)

wk

(6)

= N (a;µk,Σk) (7)

Now assume one scene image hasN patches. We
separate them intoM classes according to the above
strategy. Let the number of samples in each class be
denoted bynk, k = 1, 2, ...,M . We have

Zk =
1

nk

nk
∑

i=1

(Yki − µk) (8)

whereYki is theith sample in thekth class. SinceYki’s
are i.i.d,Zk ∼ N (0, Σk

nk

). We further form a supervec-
tor
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(9)

and it is straightforward to show that̂Z ∼ N (0, I). Ẑ
is a compact representation of a scene image which ob-
serves the standard normal distribution.

3 Patch representation

In this section, we briefly describe the feature ex-
traction process. According to the study by Fei-Fei and
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Figure 1. Example images from the scene category database.

Perona [7], the dense regular grid works better than the
other detectors for scene recognition. In this work, we
choose to use the dense regular grid as our detector.
More exactly, we use an evenly sampled grid spaced
at 4 x 4 pixels, on which patches of 30 x 30 pixels are
extracted from the scene images.

Two different representations for describing a patch
are adopted, namely the raw features and SIFT descrip-
tors, respectively. For the raw feature, we first resize
a 30-by-30 patch to 6-by-6 and remove from the patch
the mean of the intensity values, then normalize the in-
tensities to unit variance, and finally use the 2D discrete
cosine transform to generate the feature vector. For the
SIFT descriptor, it is a 128-dimensional SIFT vector ex-
tracted for each 30-by-30 patch, whose dimensionality
is reduced to 64 dimensions by PCA.

The raw features and SIFT descriptors are fur-
ther transformed into super-vector representations by a
GMM as described Section 2.

4. Experiments

In this section, we report our scene categorization
experiment results on the scene category database [7].
In the database, there are 200 to 400 images in each
scene category. The average size of the images is 300 x
250 pixels. The major sources of the images include the
COREL collection, personal photographs, and Google
image search, etc. This database is one of the most
comprehensive scene category database used in the lit-
erature thus far [8]. Example images of different scene
categories from this database are illustrated in Figure 1.

We perform all processing using grayscale images,
even when color images are available. When doing
the calculation, instead of explicitly carrying out the

multinomial trial, we can approximate Equation 9 as
Zk =

∑N

i=1 γik(xi − µk)/
∑

i=1 Nnγik. All exper-
iments are repeated ten times with 100 randomly se-
lected images per class for training and the rest for test-
ing. Here, our experiment settings are purposely made
the same as those in [7] and [8] to guarantee fairness
of performance comparison. The average of per-class
recognition rates is recorded for each run. The final re-
sult is reported as the mean and standard deviation of
the results from the individual runs.

We first use PCA to reduce the dimensionality of
the transformed featureŝZ to 1000 and then employ
three different classifiers for multi-class classification,
namely, k-nearest neighbor (KNN), nearest centroid
(NC) and support vector machine (SVM). For the k-
nearest neighbor classifier, we calculate the Euclidean
distances of each image in the test set to all the images
in the training set and assign to the test image the most
frequent label in thek nearest training images, withk
being set to10 in the experiments. For the nearest cen-
troid classifier, we estimate the centroid of each class on
the training set, and calculate the Euclidean distances of
each test image to all the centroids and assign to the test
image the label of the nearest centroid. For SVM, we
use the LIBSVM software [12] to perform training and
testing. The kernel used is

K(Ẑa, Ẑb) =
Ẑa

T
Ẑb

√

‖Ẑa‖‖Ẑb‖
(10)

Table 1 shows the results of our scene categoriza-
tion experiments. The global GMM for computing the
super-vectorẐ for each scene image contains 512 or
1024 Gaussian components. Among the three classi-
fiers, the SVM classifier achieves better performance



Table 1. Classification results on the scene category databa se [7].
Raw feature SIFT

Mixture Number KNN NC SVM KNN NC SVM
512 60.3± 0.8 66.5± 1.0 72.6 ± 0.9 73.6± 0.8 78.3± 0.7 83.6 ± 0.6
1024 61.5± 0.7 69.0± 0.9 74.4 ± 1.0 74.0± 0.6 78.7± 0.6 84.1 ± 0.5
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Figure 2. Confusion table for the scene
category database. The entry in the ith

row and jth column is the percentage of
images from class i that were misidenti-
fied as class j

than the other two classifiers. Notice that even with
the raw features, the SVM classifier achieves an aver-
age recognition rate of 74.4%, which is much higher
than the best recognition rate (65.2%) in Fei-Fei and
Perona [7], obtained with SIFT and the bag-of-words
method. With the SIFT descriptors and SVM classi-
fier, our system achieves the recognition rate of 84.1%,
which outperforms the performance in Lazebnik et. al.’s
work, which used Bags of features with spatial pyramid
matching [8].

Figure 2 shows a confusion table between the thir-
teen scene categories. The highest recognition rate is
97% for the reign of “Open country” and “Forest”.

5. Conclusion & Discussion

In this paper, we propose a Gaussianization vec-
tor representation for scene image , which represents a
scene image as a super-vector observing the standard
normal distribution. We apply various classification
techniques on this representation of feature vectors and
achieve significantly improved performance on scene
categorization as compared with the previous work. Our
experiments show that this representation, without con-
sidering the spacial information, achieves much better
performance than the bag-of-words with pLSA [7]; Fur-
thermore, it is outperforms the Bags of features with

spatial pyramid matching [8].
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