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Abstract: We propose a heterogeneous, mid-level feature based method for recognizing natural scene categories.
The proposed feature introduces spatial information among the latent topics by means of spatial pyramid, while
the latent topics are obtained by using probabilistic latent semantic analysis (pLSA) based on the bag-of-words
representation. The proposed feature always performs better than standard pLSA because the performance of pLSA
is adversely affected in many cases due to the loss of spatial information. By combining various interest point detectors
and local region descriptors used in the bag-of-words model, the proposed feature can make further improvement
for diverse scene category recognition tasks. We also propose a two-stage framework for multi-class classification.
In the first stage, for each of possible detector/descriptor pairs, adaptive boosting classifiers are employed to select
the most discriminative topics and further compute posterior probabilities of an unknown image from those selected
topics. The second stage uses the prod-max rule to combine information coming from multiple sources and assigns
the unknown image to the scene category with the highest ‘final’ posterior probability. Experimental results on three
benchmark scene datasets show that the proposed method exceeds most state-of-the-art methods.
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1 Introduction

With the exponential growth on high quality
digital images, the need of semantic scene category
recognition is becoming increasingly important to
support effective image database indexing and re-
trieval (Zhang et al., 2006). However, scene category
recognition is one of the most challenging problems in
computer vision, especially in the presence of intra-
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class variation, clutter, occlusion, and illumination
changes. On the one hand, a scene category recog-
nition method must generalize across all possible in-
stances of certain categories; on the other hand, it
should not confuse between scenes of different cate-
gories that are quite similar.

Thus far, no one has constructed a scene cate-
gory recognition system which approaches the per-
formance level of a two-year-old child. However,
the combination of computer vision and machine
learning techniques has recently led to significant
progress. We take inspiration from this progress
and aim to contribute to content-based image un-
derstanding and analysis by establishing a robust
method for the representation and subsequent recog-
nition of scene categories.

Guo Yunlong
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Bag-of-words is currently a popular method for
scene category recognition (Lazebnik et al., 2006;
Zhang et al., 2006; Lu et al., 2011; Wu and Rehg,
2011). Local descriptors, either at interest points or
densely sampled, are firstly extracted, and an image
is then considered a bag of visual words. Originally,
bag-of-words is orderless; i.e., it retains only the fre-
quencies of the individual descriptors, and discards
all information about their spatial layouts. Later,
some researchers find that incorporating spatial in-
formation among visual words can make a significant
performance improvement. Such models have proven
effective for scene category recognition (Lazebnik
et al., 2006). In addition, the co-occurrence visual
word (Qi et al., 2014) can further boost the discrimi-
native power of the bag-of-words feature because the
traditional single word method describes a smaller
supporting region individually and ignores the spa-
tial relationship among adjacent descriptors.

In a different direction, probabilistic latent se-
mantic analysis (pLSA) (Hofmann, 1999) allows for
the extraction of a compact, discriminant repre-
sentation for accurate scene category recognition,
which remains competitive with recently proposed
approaches (Quelhas et al., 2007). More importantly,
pLSA allows to address issues related to synonymy
(different visual words may represent the same scene
type) and polysemy (the same visual word may rep-
resent different scene types in different contexts).
Similar to bag-of-words, pLSA ignores spatial rela-
tions existing among the topics, but the performance
of pLSA is adversely affected in many cases due to
the loss of spatial information (Lazebnik et al., 2006;
Lu et al., 2009).

Based on pLSA, in this paper we explore the
problem of recognizing images by the scene cate-
gories they contain in the case of a large number
of scene categories. The contributions of this paper
are summarized in the following:

1. Spatial position relationships among latent
topics are introduced to pLSA by means of spatial
pyramid (SP). Crudely speaking, given an image,
it is firstly partitioned into hierarchical blocks. In
the sequel, the topic histograms for individual im-
age blocks in spatial grid layout are obtained by
using pLSA based on the bag-of-words representa-
tion. Finally, concatenating all block-specific topic
histograms leads to a ‘long vector’, the pyramid topic
histogram, for representing the whole image. Due

to the introduction of spatial layout for topics, the
pyramid topic histogram always outperforms stan-
dard pLSA.

2. By combining various interest point detectors
and local region descriptors, significant improvement
can be made for real-world image datasets. It is well
known that different types of interest point detectors
place their specific emphases on different types of re-
gions in an image. For example, the Harris detector
succeeds in detecting corners (Harris and Stephens,
1988) and the Kadir-Brady detector succeeds in de-
tecting salient regions over the entire image (Kadir
and Brady, 2001). Similarly, different types of region
descriptors describe the support region around an in-
terest point from different viewpoints such as shape,
edge, and texture. So, the discriminative power of
the pyramid topic histogram partly depends on its
specific choices about the interest point detector and
local region descriptor involved in the bag-of-words
representation. Accepting this reality, one has to
apply multiple detectors and descriptors on a given
image to attack diverse scene categorization tasks
in the case of a large number of scene categories.
This leads to multiple pyramid topic histograms,
where each one considers a particular detector and
a particular descriptor. Evidently, the main differ-
ence among different pyramid topic histograms lies
in what detector/descriptor pair is used in the bag-
of-words model.

3. A two-stage framework is proposed to perform
multi-class classification. Since adaptive boosting
(AdaBoost) classifiers (Freund and Schapire, 1997)
have shown their promise for text classification and
visual recognition tasks, in the first stage they are
used to select from the individual pyramid topic his-
tograms the topics that are discriminative against
scene categories, and further achieve a posteriori
probabilities of an unknown image belonging to each
of a fixed number of scene categories. Assuming that
the individual pyramid topic histograms are statis-
tically independent, in the second stage decision fu-
sion is performed according to the prod-max rule and
the unknown image is assigned to the scene category
with the highest ‘final’ a posteriori probability. It
is worth highlighting that the prod-max rule is very
robust to violations of its independence assumption.

Extensive experimental results on three bench-
mark scene datasets show that the proposed pyramid
topic histogram performs significantly better than
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standard pLSA and that the proposed method ex-
ceeds most state-of-the-art methods.

2 Probabilistic latent semantic analysis

In text analysis, probabilistic latent semantic
analysis (pLSA) (Hofmann, 1999) is frequently used
to discover semantic topics in a corpus using the
bag-of-words document representation. pLSA is ap-
plied to images by using a visual analogue of a word,
formed by vector quantizing the descriptor of the
local region around the interest point.

Given a collection of training images D =

{d1, d2, . . . , dN} with code words from a visual code
book W = {w1, w2, . . . , wV }, where N is the number
of training images and V the number of distinct code
words in the visual code book, the training images
can be summarized in a V × N co-occurrence table
N = (Nin) with entry Nin = s(wi, dn) representing
the number of occurrences of word wi in image dn.

pLSA is a statistical model that associates a la-
tent (or hidden) variable z ∈ Z = {z1, z2, . . . , zR},
where R is the number of topics, with each observa-
tion (occurrence of a code word in an image). These
latent variables, usually called ‘topics’, are finally
used to build a joint probability model over images
and code words, defined as

p(wi, dn) =
R∑

r=1

p(wi, dn, zr)

= p(dn)

R∑

r=1

p(wi|zr)p(zr|dn), (1)

where the joint probability p(wi, dn, zr) is assumed
to have the form of the graphical model shown in
Fig. 1a. Marginalizing over topics zr in Eq. (1) de-
termines the condition probability p(wi|dn):

p(wi|dn) =
R∑

r=1

p(zr|dn)p(wi|zr). (2)

pLSA introduces a conditional independent as-
sumption: the occurrence of a code word wi is inde-
pendent of the image dn it belongs to, given a topic
zr. As can be seen from Eq. (2), the conditional
probability p(wi|dn) is expressed as a convex com-
bination of the topic-specific distributions p(wi|zr).
This corresponds to matrix decomposition as shown
in Fig. 1b.

Wd

Fig. 1 pLSA model: (a) In the pLSA graphical model
representation (plate notation), filled circles indicate
observed random variables, unfilled circles indicate
unobserved ones, and Wd is the number of words
per image; (b) In pLSA, the image-specific code word
distribution p(w|d) can be expressed as a convex com-
bination of the topic-specific distributions p(w|z)

The parameters of the model are estimated by
using the maximum likelihood principle. Specifically,
given a set of training images D, the log-likelihood
function of model parameters Θ can be expressed by

L(Θ|D) =
∑

d∈D

∑

w∈W
s(w, d) ln p(z, d, w), (3)

where the notation is simplified by dropping the in-
dices from corresponding variables. The optimiza-
tion is conducted by using the expectation maxi-
mization (EM) algorithm. This estimation proce-
dure involves determining the topic-specific distribu-
tions p(w|z), which are common to all images, and
the mixture coefficients p(z|d), which are specific for
each image. Algorithm 1 summarizes the learning
procedure of pLSA. Note that p(d|z), not p(z|d), is
returned by Algorithm 1. In fact, p(z|d) can be eas-
ily obtained without too much mathematics after the
convergence of the EM algorithm.

In the testing stage, when observing a novel im-
age dtest, the mixing coefficients p(z|dtest), which are
used to represent the testing image, are computed
using the fold-in heuristic. This is achieved by run-
ning EM in a similar manner to that used in learning,
but now only the coefficients p(z|dtest) are updated
in each M-step with the learned p(w|z) kept fixed.

3 Pyramid topic histogram

Given a certain pair of detector and descriptor,
the construction of pyramid topic histogram x from
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Algorithm 1 Learning procedure of pLSA
Require: N = (s(d,w)): co-occurrence table; R: num-

ber of topics; T : maximum number of iterations; ε:
a small positive constant

1: Initialize p(z), p(d|z), and p(w|z) to p0(z), p0(d|z),
and p0(w|z), respectively

2: t = 0

3: repeat
4: (E-step) Compute

pt(z|d,w) =
pt(z)pt(d|z)pt(w|z)

∑
z p

t(z)pt(d|z)pt(w|z) (4)

5: (M-step) Evaluate the following three equations:

pt+1(w|z) =
∑

d s(d,w)pt(z|d,w)
∑

w,d s(d,w)pt(z|d,w)
(5)

pt+1(d|z) =
∑

w s(d,w)pt(z|d,w)
∑

w,d s(d,w)pt(z|d,w)
(6)

pt+1(z) =

∑
d,w s(d,w)pt(z|d,w)

∑
d,w s(d,w)

(7)

6: Evaluate the log-likelihood function

Lt+1 =
∑

d,w

s(d,w) ln pt+1(z, d, w)

=
s(d,w)pt(z|d,w)
∑

d,w s(d,w)
(8)

and log-likelihood difference ΔLt+1 = Lt+1 − Lt

7: t = t+ 1

8: until ΔL < ε or t > T

9: return p(z), p(d|z), p(w|z)

an image d involves several main steps (Fig. 2). In
brief, a spatial pyramid is first generated from the
image, and then interest points (or keypoints) in the
blocks of the pyramid are automatically detected.
Third, local descriptors are computed over the im-
age regions associated with these points. Fourth,
all descriptors are quantized into code words, and
all occurrences of each specific code word of the code
book are counted to build the bag-of-words represen-
tation for the blocks, i.e., co-occurrence tables. The
top part of Fig. 2 highlights interest point detection,
region description, and vector quantization involved
in the bag-of-words computation for a given block.
Finally, the topic histograms are computed over the
blocks based on pLSA using the EM algorithm and
further concatenated to form a long vector (i.e., pyra-
mid topic histogram) to represent the image. In the
following, we describe each step in more detail.

Keypoint detection Region description

Bag-of-words with a spatial setting of 1×1 and 2×2 

Pyramid word histogram

Pyramid topic histogram

K-means, VQ

Fig. 2 The main steps of computing the pyramid topic
histogram for an image

3.1 Spatial pyramid generation

A spatial pyramid of an image is a collection of
decreasing resolution images arranged in the shape
of a pyramid. As can be seen from Fig. 3, the base of
the pyramid contains a high-resolution representa-
tion of the image being processed; the apex contains
a low-resolution approximation. As we move up the
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pyramid, both size and resolution decrease. Suppose
base level D is of size M ×M , apex level 1 is of size
(M/2D−1)× (M/2D−1), and general level � is of size
(M/2D−�)× (M/2D−�). Then, we divide each level,
e.g., level �, into 2�−1 × 2�−1 non-overlapping blocks
with the same size, which makes a total of 22(�−1)

blocks at level �. We can easily see from Fig. 3 that
all blocks at the different levels of the pyramid con-
tain the same number of pixels.

Level 1

Level 2

Level 3

Fig. 3 Spatial pyramid of depth D = 3

3.2 Interest point detection

For each of blocks of the pyramid, we ex-
tract interest points such as Lowe’s difference-of-
Gaussian (DoG) points (Lowe, 2004), Harris corner
points (Harris and Stephens, 1988), maximally sta-
ble extremal regions (MSER) (Matas et al., 2004),
and Kadir-Brady salient regions (Kadir and Brady,
2001). These interest point detectors are invariant to
different types of geometric and photometric trans-
forms and still discriminative enough to establish
correct correspondence (Mikolajczyk and Schmid,
2004). An empirical evaluation of interest point de-
tectors for scene category recognition showed that
evenly sampled grid points (sometimes called ‘dense
points’) spaced at a fixed number of pixels, which
can be helpful in describing textureless regions such
as the sky, are superior to other types of interest
point detectors (Li and Perona, 2005).

3.3 Region description

In the description stage, each of the local re-
gions around the detected interest point location is
converted into a more compact and stable (invari-
ant) descriptor that can be matched against other
descriptors. The descriptors should be distinctive
and at the same time robust to changes in view-
ing conditions. To date, many descriptors have been
proposed. For example, scale invariant feature trans-

form (SIFT) (Lowe, 2004), census transform his-
togram (CENTRIST) (Wu and Rehg, 2011), and
self-similarity (SSIM) (Shechtman and Irani, 2007)
are frequently used descriptors for scene category
recognition. These local region descriptors have been
shown to be very effective for scene category recog-
nition (Lu et al., 2011; Wu and Rehg, 2011).

3.4 Vector quantization and bag-of-words
representation

Applying the previous two steps just described
to each of the blocks of the pyramid for an image,
we obtain a set of local region descriptors, which are
then vector quantized into visual code words accord-
ing to the nearest neighbor (NN) rule. The distinct
visual code words constituting the code book are ob-
tained by clustering local descriptors from a subset of
training images, either using K-means, hierarchical
clustering, or randomized k-d trees. The hope here is
that the cluster centers (i.e., code words) are mean-
ingful and representative common sub-patterns, such
as spots, flat regions, edges, edge ends, and corners.
For the distance measure, either the Euclidean dis-
tance or histogram intersection distance (HID) can
be adopted in the clustering. Despite the fact that
the HID for histogram descriptors is more effective in
supervised learning tasks (Wu, 2012), the Euclidean
distance is more computationally efficient. K-means
is used for a similar reason. Another point to men-
tion is that the length of the code book depends on
the specific task and needs to be determined using
cross validation (CV) in most cases.

In the sequel, all occurrences of each specific
code word in the blocks, i.e., the co-occurrence ta-
bles, are counted to build the bag-of-words repre-
sentation for the blocks. Specifically, given a col-
lection of training images D = {d1, d2, . . . , dN}, we
can obtain

∑D
�=1 4

�−1 co-occurrence tables {N�c|� =
1, 2, . . . , D; c = 1, 2, . . . , 4�−1}with N�c denoting the
co-occurrence table which summarizes the training
images residing in the cth block at level � in the spa-
tial pyramid layout.

3.5 Topic histogram computation

Fitting pLSA on the co-occurrence tables
{N�c}, we obtain the block-specific mixing
coefficients (i.e., the topic histogram) p�c(zr|d) (r =

1, 2, . . . , R) for image d, where R (the number of
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distinct topics) is assumed to be fixed for different
blocks despite their positions. In the end, the feature
x representing the image d that we will use is defined
by concatenating the topic histograms from all the
blocks in the corresponding pyramid:

x = (p�c(zr|d)) , (9)

where r = 1, 2, . . . , R, � = 1, 2, . . . , D, and c =

1, 2, . . . , 4�−1. This type of feature is referred to as
the pyramid topic histogram. Algorithm 2 gives the
pseudo-code for computing the pyramid topic his-
togram from the training images. Note that Dvoc

(Line 2, Algorithm 2), a subset of Dtrain, is used to
construct the visual code book.

Because the discriminative power of the pyra-
mid topic histogram depends on its specific choices
about the interest point detector and local region
descriptor employed in the model of bag-of-words,
various types of interest points can be detected and
each of interest points can also be represented by
various types of local region descriptors. For exam-
ple, we can detect DoG points, Harris corner points,
and MSER, and each of the detected points can
be described by SIFT, SSIM, CENTRIST, and his-
togram of gradients (HOG). This leads to multiple
pyramid topic histograms, where each one consid-
ers a particular interest point detector and a partic-
ular region descriptor. Evidently, the main differ-
ence among different pyramid topic histograms lies
in what detector/descriptor pair is selected in the
model of bag-of-words. As expected, a combination
of multiple detectors and descriptors usually achieves
better results than even the most discriminative in-
dividual detector and descriptor. Obviously, the pro-
posed feature has high flexibility such that other de-
tectors and descriptors can be easily added. Due to
a combination of multiple detectors and descriptors,
the proposed feature is capable of handling diverse
scene categorization tasks.

Here the latent topics may be regarded as ob-
ject categories (for example, houses and streets) so
that any scene image or block containing instances of
several objects is modeled as a mixture of latent top-
ics. Thus, the pyramid topic histogram is a type of
mid-level feature, which can partly bridge the seman-
tic gap between low-level content (color, shape, and
texture) and high-level concepts (scene categories,
events, etc.).

Algorithm 2 Computing the pyramid topic his-
tograms of the training images
Require: Dtrain = {d1, d2, . . . , dN}: training set; V :

length of the code book; R: number of topics; D:
depth of spatial pyramid

1: S ← null

2: for all dl ∈ Dvoc ⊆ Dtrain do
3: Fl ← f(dl), where f(·) denotes the keypoint

detector
4: S ← S ∪ u(Fl; dl), where u(·) denotes local de-

scriptor generation
5: end for
6: W ← Kmeans(S , V )

7: for n = 1 to N do
8: Fn ← f(dn)

9: Un ← u(Fn; dn)

10: Qn ← VQ(Un,W), where each descriptor in Un
is finally represented by the corresponding code
word index

11: end for
12: for � = 1 to D do
13: for c = 1 to 22(�−1) do
14: N�c ← null
15: for n = 1 to N do
16: N�c ← N�c + hist�c(Qn), where hist�c(Qn)

denotes the code word histogram computed
from the cth block at level � of Pn, where Pn

is the spatial pyramid of image dn
17: end for
18: Given N�c, for all (i, r, n), apply Algorithm 1

to compute p�c(wi|zr) and p�c(zr|dn)
19: end for
20: end for
21: xn ← null
22: for n = 1 to N do
23: for � = 1 to D do
24: for c = 1 to 22(�−1) do
25: xn = cat(xn, (p�c(z1|dn), p�c(z2|dn), . . . ,

p�c(zR|dn))), where cat(·) is the concatena-
tion function

26: end for
27: end for
28: end for
29: return xn, n = 1, 2, . . . , N

4 Two-stage classification

Similar to the distributed fusion schemes II–IV
of Hu et al. (2005), we propose a two-stage framework
to perform multi-class classification in this section.
In the first stage Adaboost is used to select from
the individual pyramid topic histograms the topics
that are discriminative against scene categories, and
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further compute posterior probabilities of a novel im-
age belonging to each of a fixed number of categories.
Then, the prod-max rule is employed to fuse multiple
information cues obtained in the first stage.

4.1 First stage: AdaBoost classification

Boosting is a general approach for improving
the performance of a given set of weak classifiers
and is one of the most powerful techniques. At the
heart of a boosting method lies the so-called base
classifier, which is a weak classifier. A series of clas-
sifiers is then designed iteratively, employing each
time the base classifier but using a different subset
of the training set, according to an iteratively com-
puted distribution, or a different weighting over the
samples of the training set. At each iteration, the
computed weighting distribution gives emphasis to
the ‘hardest’ (incorrectly classified) samples. The
final, strong classifier is obtained as a weighted av-
erage of the weak classifiers. For every specific pyra-
mid topic histogram, AdaBoost (the most popular
one among boosting methods) is used to select the
discriminative topics and further compute posterior
probabilities of an unknown image belonging to each
of a fixed number of scene categories. In a two-class
case, we take decision stumps as weak classifiers. A
decision stump h(x, k, p, θ) is a threshold function
over the kth dimension of feature vector x, where
θ is a threshold and p is a polarity indicating the
direction of the inequality:

h(x, k, p, θ) =

{
1, pxk < pθ,

0, otherwise.
(10)

Algorithm 3 shows the learning algorithm of
AdaBoost for two-class classification. For every spe-
cific pyramid topic histogram, multi-class classifica-
tion is done with the ‘one-versus-the-rest’ rule: a
classifier is learned to separate each class from the
rest, and a testing image is assigned the label of the
classifier with the highest response.

4.2 Second stage: decision fusion

Prod-max (Lu et al., 2011) is used to combine
multiple cues derived from various pyramid topic
histograms. For M pyramid topic histograms and
K classes, let {Hmk(x

m)} be AdaBoost classifiers
learned from the available training subset by using
Algorithm 3. In the testing phase, given an unknown

Algorithm 3 AdaBoost for scene classification
Require: Dtrain = {(x1, y1), . . . , (xN , yN )}: training

set; T : number of weak classifiers
1: Initialize weights to w0,n ← 1/N, n = 1, 2, . . . , N

2: for t = 1, 2, . . . , T do
3: Normalize the weights of training images such that

∑N
n=1 wt,n = 1

4: Learn weak classifier ht(x) = h(x, kt, pt, θt) by
minimizing the weighted error:

εt ← min
k,p,θ

N∑

n=1

wt,n|h(xn, k, p, θ)− yn|,

where kt, pt, and θt are the minimizers of εt
5: Update the weights: wt+1,n ← wt,nβ

1−en
t , where

en = 0 if xn is classified correctly, and en = 1

otherwise. Here, βt = εt/(1− εt)

6: end for
7: The strong classifier is defined as

H(x)←
∑T

t=1 αtht(x)
∑T

t=1 αt

, (11)

where αt = log
1

βt

image dtest with pyramid topic histograms, {xm}, an
M ×K matrix T = (tmk) can be obtained from the
AdaBoost classifiers {Hmk(x

m)}, where the (m, k)th
element of T , i.e., tmk, denotes the probability of
dtest belonging to class ωk based on the mth pyra-
mid topic histogram, i.e.,

tmk = Hmk(x
m).

The final decision function of prod-max for image
dtest is of the following form:

y = f(T ) = argmax
k∈{1,2,...,K}

[y]k, (12)

where the kth component of vector y, i.e., [y]k, is
defined as

[y]k =

M∏

m=1

tmk. (13)

Note that to avoid symbol confusion, in Eqs. (12)
and (13) the kth component of y is written as [y]k,
not usually yk, because yk has been used to denote
the label of image dk in Algorithm 3. As seen from
Eq. (13), for the prod-max rule, the score of the im-
age dtest belonging to a given class ωk is determined
by the product of the scores obtained from the indi-
vidual pyramid topic histograms.
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The reason for employing the prod-max rule to
combine multiple cues can be described from a sta-
tistical point of view. Assume that the individual
pyramid topic histograms xm (m = 1, 2, . . . ,M) are
statistically independent. Under this assumption, we
can write

p(x1,x2, . . . ,xM |ωk) =

M∏

m=1

p(xm|ωk). (14)

Posterior probabilities p(ωk|x1,x2, . . . ,xM ) (k =

1, 2, . . . ,K) are now stated as

p(ωk|x1,x2, . . . ,xM ) ∝ p(x1,x2, . . . ,xM |ωk)p(ωk)

∝
M∏

m=1

p(xm|ωk)p(ωk)

∝
∏M

m=1 p(ωk|xm)

pM−1(ωk)
. (15)

Furthermore, if the a priori probabilities are equal,
that is, p(ωk) = 1/K ∀k, Eq. (15) becomes

p(ωk|x1,x2, . . . ,xM ) ∝
M∏

m=1

p(ωk|xm). (16)

This leads to Eq. (13). Although there is no guar-
antee about the statistical independence Eq. (14) for
most cases, the prod-max rule can be very robust to
violations of its independence assumption, and it has
been reported to perform well for many real-world
datasets (Lu et al., 2011).

5 Experiments and results

5.1 Datasets and setup

We apply the proposed approach to three bench-
mark scene datasets proposed by Oliva and Torralba
(2001), Li and Perona (2005), and Lazebnik et al.
(2006), respectively. We will refer to them as OT, LP,
and LSP, respectively. Among these three datasets,
LSP is the most challenging. It is composed of 15
scene categories where each category has 200 to 400
images. LSP includes 4485 images in total, and the
average image size is 300 × 250 pixels. LSP is one
of the most complete scene category datasets used
in the literature. Fig. 4 shows some example images
from the LSP dataset. OT and LP consist of 8 and
13 categories, respectively. All experiments in this
study are performed in gray scale, even when color

Coast Forest Highway

Inside of city Mountain Open country

Street Tall building Suburb

Bedroom Kitchen Living room

Office Industrial Store

Fig. 4 Example images from the LSP dataset

images are available. All experiments are repeated
five times with different randomly selected training
and testing images, and the average of per-category
recognition accuracies is recorded for each run. The
final results are reported as the mean and standard
deviation of the results from the individual runs.

To evaluate the recognition performance, we
stick to the methodologies defined by the designers
of the corresponding datasets. Specifically, for all
three datasets, 100 images per class are randomly
selected for training and the remainder for testing in
each run.

5.2 Implementation details

The values of the parameters for pyramid topic
histograms over the OT, LP, and LSP datasets are
listed in Table 1. In short, six types of descriptors
are computed at dense points with a spacing of σm

pixels for all datasets. At each point, the descrip-
tors are computed over a Δm×Δm pixel patch. The
sizes of all visual code books, V m, are empirically set
according to the comparative evaluation of Lazebnik
et al. (2006). To incorporate spatial information,
spatial pyramids of depth Dm = 3 are used except
for HOG where Dm = 4. The number of topics
over each block, Rm, is determined by cross valida-
tion, where the step size is set to 5. Note that for a
certain detector/descriptor pair, even though we in
this study restrict ourselves to using topic histograms
that have the same bins (topics) over all blocks,
nothing would prevent us from using topic his-
tograms that have different bins over different blocks.
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Table 1 The values of the parameters for mPHOTO
over the OT, LP, and LSP datasets

m Detector Descriptor Rm Dm σm Δm V m

1 PATCH 25

3
2 SSIM 40

3 Grid SIFT 30 8 16 200
4 CENTRIST 35

5 HOG 25 4

6 Grid CT 20 3 1 3 256

5.3 Experimental results

5.3.1 Comparison between pyramid topic histogram
and pLSA

Based on the grid detector and SIFT descrip-
tor, Table 2 shows the results of the pyramid topic
histogram over the OT, LP, and LSP datasets as
the depth of spatial pyramid increases from 1 to 3.
If D = 1, the pyramid topic histogram reduces to
a standard pLSA. As seen from Table 2, recognition
accuracies improve dramatically as we go fromD = 1

to a multi-level setup for all datasets. For example, if
D = 3, the pyramid topic histogram achieves recog-
nition accuracies of 84.6%, 80.1%, and 75.4%, which
are much higher than the 81.4%, 71.8%, and 65.8%

obtained with standard pLSA over the OT, LP, and
LSP datasets, respectively. Especially, about 10%

improvement is obtained over the LSP dataset.

Table 2 The average of per-category recognition rates
over OT, LP, and LSP obtained using the pyramid
topic histogram based on the grid detector and SIFT
descriptor

D
Recognition rate (%)

OT LP LSP

1 81.4± 0.2 71.8± 0.8 65.8± 0.8

2 82.3± 0.7 75.0± 1.1 70.2± 0.1

3 84.6± 0.1 80.1± 0.9 75.4± 0.1

5.3.2 Results based on a combination of multiple de-
tectors and descriptors

Table 3 shows the results of pyramid topic his-
tograms based on a combination of six detector/
descriptor pairs. For comparison, the results of us-
ing each of the individual pyramid topic histograms
are also listed. As seen, the pyramid topic his-
togram with SIFT descriptors performs best for all
datasets except that the pyramid topic histogram

with SSIM descriptors obtains slightly better results
for LSP. For all datasets, heterogeneous pyramid
topic histograms combined by the prod-max rule sig-
nificantly improve the recognition accuracies as com-
pared with a certain pyramid topic histogram. For
example, for LSP, the result of the pyramid topic
histogram with the most discriminative pair of de-
tector and descriptor (i.e., pyramid topic histogram
with the grid point detector and SIFT descriptor)
is 75.4%, which is inferior to the prod-max result
of 83.7% by a large margin. Similarly, for OT, the
recognition accuracy of heterogeneous pyramid topic
histograms with a combination of multiple detec-
tors and descriptors is 88.8%, which is much better
than 84.6% of the most discriminative pyramid topic
histogram.

Table 3 The average of per-category recognition accu-
racies obtained using each of the individual pyramid
topic histograms and their combination for OT, LP,
and LSP

Channal number
Recognition accuracy (%)

OT LP LSP

1 77.2± 0.6 69.1± 0.5 61.2± 1.5

2 83.4± 0.8 74.3± 0.6 69.2± 0.6

3 84.6± 0.1 80.1± 0.9 75.4± 0.6

4 81.0± 0.3 77.7± 1.0 75.5± 0.7

5 80.8± 0.6 74.9± 0.3 68.1± 1.3

6 80.5± 0.5 77.7± 0.9 75.5± 0.4

prod-max 88.8± 0.2 86.7± 0.2 83.7± 0.5

Table 4 shows the resulting confusion matrices
for OT, LP, and LSP from one run of using our pro-
posed method. Analyzing the confusion matrices,
especially for one among the 15 scene categories, we
observe that confusion often occurs between the in-
door categories such as bedroom and living room.
This can be explained by the fact that there exist
similar components and similar configuration in most
indoor categories. Mistakes are also made between
some natural categories such as forest and moun-
tain, reflecting their sharing of similar textures and
the presence of forest in some mountain images.

Table 5 compares our method with the state-of-
the-art methods for the benchmark datasets. For
the OT dataset, the proposed method obtains a
recognition accuracy of 88.8%, which is much higher
than the result of 83.7% achieved with GIST (Oliva
and Torralba, 2001). For the LP dataset, the vari-
ant of latent Dirichlet allocation (LDA) obtains an
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Table 4 Confusion matrices demonstrating recognition accuracies (%) for OT (a), LP (b), and LSP (c)

coa for hig ins mou ope str tal

coa 85.4 0.4 3.5 0.0 2.3 8.5 0.0 0.0
for 0.0 96.9 0.0 0.0 2.6 0.4 0.0 0.0
hig 2.5 0.0 88.1 5.0 1.9 1.9 0.6 0.0
ins 0.0 0.0 0.0 88.9 0.0 0.0 4.3 6.7
mou 1.1 1.8 0.7 0.0 91.6 3.6 0.0 1.1
ope 8.7 4.5 3.9 0.0 5.5 76.1 1.0 0.3
str 0.0 0.0 2.6 4.2 0.5 0.0 90.1 2.6
tal 0.0 0.4 0.0 5.1 0.4 0.0 0.8 93.4

(a)

bed sub kit liv coa for hig ins mou ope str tal off

bed 66.4 0.0 3.4 28.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.7
sub 0.0 99.3 0.0 0.0 0.0 0.0 0.0 0.7 0.0 0.0 0.0 0.0 0.0
kit 5.5 0.0 80.0 8.2 0.0 0.0 0.0 0.9 0.0 0.0 0.0 0.9 4.5
liv 5.8 0.0 5.8 81.5 0.0 0.5 0.0 1.6 0.5 0.0 1.1 0.5 2.6
coa 0.0 0.0 0.0 0.0 87.3 0.8 0.8 0.0 0.8 10.0 0.4 0.0 0.0
for 0.0 0.0 0.0 0.0 0.0 94.3 0.0 0.0 4.4 1.3 0.0 0.0 0.0
hig 0.6 0.0 0.0 0.0 1.9 0.0 89.4 0.6 0.6 5.6 1.3 0.0 0.0
ins 1.0 0.0 0.0 0.5 0.0 0.0 0.0 87.0 0.0 0.0 4.8 6.3 0.5
mou 0.4 0.0 0.0 0.0 1.8 2.9 0.4 0.0 88.3 5.5 0.4 0.4 0.0
ope 0.0 0.0 0.0 0.3 8.7 4.8 1.3 0.0 2.6 81.3 0.6 0.3 0.0
str 0.0 0.0 0.0 1.0 0.0 0.0 2.1 3.1 0.5 0.0 90.6 2.6 0.0
tal 0.0 0.0 0.8 1.2 0.0 0.4 0.0 4.3 1.6 0.0 1.2 90.6 0.0
off 0.0 0.0 1.7 2.6 0.0 0.0 0.0 0.9 0.0 0.0 0.0 0.0 94.8

(b)

bed sub ind kit liv coa for hig ins mou ope str tal off sto

bed 63.8 0.0 0.0 6.0 25.9 0.0 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.9 2.6
sub 0.0 98.6 0.0 0.0 0.0 0.0 0.0 0.0 0.7 0.0 0.0 0.0 0.0 0.7 0.0
ind 0.5 0.0 65.9 3.8 0.9 0.5 0.0 0.0 3.8 0.5 0.0 1.9 4.7 0.0 17.5
kit 2.7 0.0 0.0 80.0 4.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 4.5 7.3
liv 8.5 0.0 0.5 2.6 78.3 0.0 0.0 0.0 1.6 0.5 0.0 0.0 0.5 4.2 3.2
coa 0.0 0.0 0.4 0.0 0.0 86.2 0.4 1.5 0.4 0.8 10.4 0.0 0.0 0.0 0.0
for 0.0 0.0 0.0 0.0 0.0 0.0 96.1 0.0 0.0 3.1 0.4 0.0 0.0 0.0 0.4
hig 0.0 0.0 0.0 0.0 0.0 1.9 0.0 86.9 0.6 2.5 4.4 0.6 0.0 0.0 3.1
ins 0.0 0.0 1.9 1.0 1.0 0.5 0.0 0.0 84.6 0.0 0.0 4.3 3.8 1.0 1.9
mou 0.4 0.0 0.0 0.0 0.0 1.5 3.6 0.4 0.0 90.5 2.2 0.0 0.7 0.0 0.7
ope 0.3 0.0 0.3 0.3 0.3 11.6 3.9 2.3 0.0 4.8 75.2 0.3 0.3 0.0 0.3
str 0.0 0.0 1.0 0.5 0.5 0.0 0.0 3.1 3.1 0.5 0.5 87.5 2.1 0.0 1.0
tal 0.0 0.0 0.0 0.0 2.0 0.4 0.0 0.0 5.5 0.8 0.0 0.8 87.5 0.0 3.1
off 0.0 0.0 0.0 3.5 0.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 95.7 0.0
sto 0.0 0.0 0.9 5.1 3.3 0.0 0.5 0.5 4.2 0.9 0.0 1.4 1.9 0.0 81.4

(c)

accuracy of 65.2% (Li and Perona, 2005). Classifica-
tion accuracy for the bag-of-visterms representation
is 66.5% (Quelhas et al., 2007). The latent topic
histogram based on dense points and the SIFT de-
scriptor with a spatial setting of 1 × 1, 2 × 2, and
4×4 gives 75.0% accuracy (Lu et al., 2009). The pro-
posed method achieves the highest accuracy, 86.7%.
For LSP, the standard pLSA achieves a classification

rate of 65.9% (Lazebnik et al., 2006), and spatial
pyramid matching of strong features with a vocabu-
lary of 200 visual words yields an accuracy of 81.1%
(Lazebnik et al., 2006). Spatial pyramid matching on
the semantic manifold (SPMSM) (Kwitt et al., 2012)
represents an image based on the semantic probabil-
ity simplex, which is augmented with a rough encod-
ing of spatial information, and obtains an accuracy



Lu et al. / Front Inform Technol Electron Eng 2015 16(10):817-828 827

of 82.3%. The linear distance coding (LDC) method
(Wang et al., 2013), which transforms local features
of an image into more discriminative distance vec-
tors, yields an accuracy of 82.6%. Wu and Rehg
(2011) and Liu and Shah (2007) both reported an
accuracy of 83.3%, which is slightly below the ac-
curacy of 83.7% achieved by the proposed method.
The pairwise rotation-invariant co-occurrence local
binary pattern (PRICoLBP) feature (Qi et al., 2014)
leads to an accuracy of 84.3%, which outperforms our
method by 0.6%. This can be explained by the fact
that the PRICoLBP feature has larger supporting
regions than a single visual word used in the bag-of-
words model and hence can depict more subtle and
complex structures in an image.

Table 5 Average recognition accuracy for OT, LP,
and LSP

Dataset Method Accuracy (%)

OT
Ours 88.8
Oliva and Torralba (2001) 83.7

LP

Ours 86.7
Li and Perona (2005) 65.2
Quelhas et al. (2007) 66.5
Lu et al. (2009) 75.0

Ours 83.7
Lazebnik et al. (2006) 81.1
Wu and Rehg (2011) 83.3

LSP Liu and Shah (2007) 83.3
Kwitt et al. (2012) 82.3
Wang et al. (2013) 82.6
Qi et al. (2014) 84.3

6 Conclusions

We studied feature generation and multi-class
classification for natural scene category recognition.
With regard to feature generation, we proposed pyra-
mid topic histograms to represent an image. These
heterogeneous features aim to improve pLSA in two
ways. Given an interest point detector and a lo-
cal region descriptor, the pyramid topic histogram
is used to compute the latent topic histograms of
individual image blocks by using pLSA in a spatial
grid layout and get them together to create a global
scene representation used for the final scene catego-
rization. We found that the pyramid topic histogram
consistently outperforms standard pLSA for an arbi-
trary detector/descriptor pair. For example, on the
LSP dataset we observe about 10% improved perfor-

mance. On the other hand, significant improvement
can be made by combining various interest point de-
tectors and local region descriptors involved in the
bag-of-words representation.

With regard to multi-class classification, we
proposed a two-stage framework. From the indi-
vidual pyramid topic histograms, in the first stage
AdaBoost is used to select the most discriminative
latent topics and further compute a posteriori prob-
abilities of an unknown image belonging to each of a
fixed number of scene categories. Based on the pre-
liminary results of the first stage, in the second stage
the prod-max rule is used to fuse information cues
coming from heterogeneous features. An assump-
tion taken by prod-max that the individual features
are statistically independent is not satisfied in most
cases. In practice, however, this seems not to be a
problem and works well in the case of a large number
of scene categories.
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