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Abstract

This paper presents a novel semi-supervised learning
method which can make use of intra-image semantic con-
text and inter-image cluster consistency for image catego-
rization with less labeled data. The image representation
is first formed with the visual keywords generated by clus-
tering all the blocks that we divide images into. The 2D
spatial Markov chain model is then proposed to capture the
semantic context across these keywords within an image. To
develop a graph-based semi-supervised learning approach
to image categorization, we incorporate the intra-image se-
mantic context into a kind of spatial Markov kernel which
can be used as the affinity matrix of a graph. Instead of con-
structing a complete graph, we resort to a k-nearest neigh-
bor graph for label propagation with cluster consistency.
To the best of our knowledge, this is the first application of
kernel methods and 2D Markov models simultaneously to
image categorization. Experiments on the Corel and his-
tological image databases demonstrate that the proposed
method can achieve superior results.

1. Introduction

Image categorization refers to the labeling of images into
one of some predefined categories. Though this is usually
not a very difficult task for humans, it has been proven to
be extremely challenging for machines owing to variable
and sometimes uncontrolled imaging conditions as well as
complex and hard-to-describe objects in an image. Despite
many previous efforts to resolve this problem, there are still
two issues in image categorization. One is how to reduce
the gap between the low-level visual features extracted from
images by machines and the high-level semantics of images.
The other is how to utilize the large amount of unlabeled
data in applications such as image retrieval since the manual
labeling of images is too costly.

To handle the first issue in image categorization, we can
consider a semantic intermediate representation for each
image, which has been shown effective in [3, 5, 14]. The
bag-of-words methods such as probabilistic latent semantic

analysis (PLSA) [7] and latent Dirichlet allocation (LDA)
[1] are examples of automatically learning image seman-
tics with such an intermediate representation based on vi-
sual keywords. However, since all the regions within an
image are assumed to be independently drawn from a gen-
eration probability distribution, this kind of methods ignore
the spatial structure of the image.

Hence, we propose a spatial Markov chain (SMC) model
based on the image representation with visual keywords to
capture the spatial structure of an image. The formation
of visual keywords is achieved through clustering all the
blocks that we divide images into. Unlike hidden Markov
models [15], the visual feature vectors of blocks are no
longer considered by our SMC model, which have been
used for generating the visual keywords. Our SMC model
is a 2D generalization of the Markov chain by employing a
second-order neighborhood system on the regular grid and
assuming the conditional independence of vertical and hor-
izontal transitions between states. Although some other 2D
extensions of Markov chain have also been proposed such
as pseudo 2D Markov model [9] and Markov mesh random
field [4], they may not simultaneously consider the vertical
and horizontal transitions of states in a tractable solution, or
may not capture the local relationship between blocks with
rows or columns of states as the calculation elements.

Moreover, to handle the second issue in image catego-
rization, we can resort to semi-supervised learning that is
able to make use of both labeled and unlabeled data. In
the literature, typical methods include co-training [2] and
graph-based semi-supervised learning [20, 22]. In this pa-
per, we will focus on graph-based semi-supervised learning
for image categorization, due to the success of applying it
to many fields. Although the graph is at the heart of these
graph-based methods, its construction has not been studied
extensively. More concretely, the Gaussian function is usu-
ally adopted to calculate the edge weights of the graph, and
the choice of the free parameter (i.e. variance) in this func-
tion will affect the results significantly.

For graph construction with the intra-image semantic
context, we then propose a spatial Markov kernel (SMK)
which can be used as the affinity matrix of a graph. An
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SMC model is first estimated for each image, and then the
kernel is defined to measure how close two SMC models
are. Instead of constructing a complete graph, we make use
of a k-nearest neighbor (k-NN) graph [6] for label propaga-
tion with cluster consistency, i.e., we let each image absorb
a fraction of label information from its k-nearest neighbors
and retain some label information of its initial state in each
propagation step. To the best of our knowledge, this is the
first application of kernel methods and 2D Markov models
simultaneously to image categorization, although there exist
other related works that have combined kernel methods with
1D HMM for protein classification [8] or with Gaussian
mixture model for image categorization [13]. Moreover, our
method is different from learning with local and global con-
sistency [22] based on a complete graph. Although the idea
behind our method is also label propagation in neighbor-
hoods [20], we construct the k-NN graph using our SMK,
instead of semi-definite quadratic programming that follows
the linear neighborhood assumption.

The remainder of this paper is organized as follows. Sec-
tion 2 gives a brief review of some previous works that are
closely related to this paper. In Section 3, an SMC model
is proposed to capture the semantic context across visual
keywords within an image. In Section 4, this intra-image
semantic context is first incorporated into a kind of SMK
and a k-NN graph is then constructed based on this kernel
for label propagation with cluster consistency. In Section 5,
the proposed method is evaluated on the Corel and histo-
logical image databases. Finally, Section 6 then gives the
conclusions drawn from our experimental results.

2. Related Work

2.1. Semantic Intermediate Representation

In the context of image categorization, one direct strat-
egy is to classify images using some low-level visual fea-
tures such as color and texture. This approach considers
each category as an individual object [17, 19], which is
usually applied to classify only a small number of cate-
gories such as indoor versus outdoor or city versus land-
scape. To reduce the gap between low-level and high-level
image processing, we can follow another more effective
strategy that adopts a semantic intermediate representation
[3, 5, 14] for each image before image categorization and
then matches the scene/object model with the perception we
humans have. With such a representation, we are then able
to classify a larger number of categories.

The bag-of-words methods such as probabilistic latent
semantic analysis (PLSA) [7] and latent Dirichlet alloca-
tion (LDA) [1] are examples of automatically learning im-
age semantics using the latter strategy. Each image is first
represented by the frequency of visual keywords, which are
learnt through dividing all the images into regions and then

applying a clustering algorithm on the visual feature vectors
of all the regions (i.e., each cluster is a keyword). A mix-
ture of latent topics is further used to model each image,
and the topics are learnt as multinomial distributions of vi-
sual keywords. It should be stressed that these bag-of-words
methods ignore the spatial structure of the image, since all
the regions of an image are assumed to be independently
drawn from the mixture of latent topics.

2.2. Hidden Markov Models

Most natural or histological images have an inherent lay-
ered structure. For example, for the beach scene, there are
three horizontal regions (layers), starting from the bottom of
the image: sand, water, and sky. To learn the spatial struc-
ture of the image, a popular type of probabilistic graphical
models, i.e. the Markov models such as hidden Markov
model (HMM) [15] and Markov random field [16], have
been widely applied in image semantic analysis. Most pre-
vious works on HMM mainly captured directly the transi-
tions of low-level visual features extracted from different
regions (or blocks) across the image or across different res-
olutions (or scales) of the image [10, 11].

Recently, HMM has been applied to model the transi-
tions of high level semantic labels across an image [21].
In these applications of HMM to capture the spatial de-
pendencies between semantic labels, each image has to be
first divided into equivalent blocks on a regular grid so that
the spatial position can be characterized for each block.
Through defining the notion of “past” as what we have ob-
served in a row-wise raster scan on the regular grid, a novel
2D spatial hidden Markov model (SHMM) has been pro-
posed to capture the spatial dependencies between semantic
labels within an image. Though this SHMM can be used to
make automatic semantic annotation for each block in a test
image, the semantic labels of all the blocks from the train-
ing images have to been provided to train the model, which
is a challenging task for a large database.

2.3. Graph-Based Semi-Supervised Learning

In recent years, a prominent achievement in the semi-
supervised learning area is the development of a graph-
based semi-supervised learning strategy, which models the
whole data set as a graph G = (V , E). Here, V is the vertex
set, which is equivalent to the data set, and E is the edge
set. Associated with each edge eij ∈ E is a nonnegative
weight wij ≥ 0 reflecting how similar two data points i
and j are. The basic idea behind the graph-based semi-
supervised learning methods is label propagation on graphs
with the cluster consistency [22], which can be stated that
two data points on the same structure (cluster or manifold)
are likely to have the same class label.

Though the graph is at the heart of these graph-based
methods, its construction has not been studied extensively
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[20]. More concretely, most of them adopt a Gaussian func-
tion to calculate the edge weights of the graph, and the
choice of the free parameter (i.e. variance) in this func-
tion will affect the classification results significantly. Here,
it should be noted that the selection of this parameter with
less labeled data is a challenging task.

3. Semantic Context Analysis

In order to apply Markov models to image categoriza-
tion, we have to first generate the image representation
based on visual keywords. That is, all the images are
first divided into equivalent blocks on a regular grid, and
then some representative properties are extracted for each
block by incorporating the color and texture features. Based
on the extracted blocks, a vocabulary of visual keywords
S = {si}M

i=1 is then generated to exploit the content
similarities of blocks. With this universal vocabulary S,
we can then represent each image as a 2D sequence of
visual keywords by a row-wise raster scan on the regu-
lar grid. In this representation, a visual keyword is au-
tomatically attached to each block in the image. More
formally, an image with X × Y blocks can be denoted
as Q = q11q12...q1Y q21q22...q2Y ...qXY , where qxy ∈ S
(1 ≤ x ≤ X, 1 ≤ y ≤ Y ) is the visual keyword of block
(x, y) in the image. This 2D sequence representation is par-
ticularly suitable for the Markov models.

We now present our spatial Markov chain (SMC) model
as follows. Let Qx,y denote the sequence of states (i.e. key-
words) from block (1, 1) to block (x, y) in a row-wise raster
scan on the regular grid. The defining property for an SMC
model can then be formulated as

P (qx,y|Qx,y−1) = P (qx,y|qx,y−1, qx−1,y). (1)

That is, the probability of a state qx,y given its previous state
sequence Qx,y−1 is equal to the probability of qx,y given its
contextual states–qx,y−1 for its preceding block and qx−1,y

for its upper block. We further assume that the vertical and
horizontal state transitions are conditional independent, i.e.,
the right-hand part of the above formula can be calculated
as the product of these two parts. More formally, it can be
given in detail as follows

P (qx,y|qx,y−1, qx−1,y)

=

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

P (q1,1), x = y = 1;
P (q1,y|q1,y−1), y > x = 1;
P (qx,1|qx−1,1), x > y = 1;
P (qx,y|qx,y−1)P (qx,y|qx−1,y), x, y > 1.

(2)

The underlying idea is that the state of a block only de-
pends on the states of two previously neighbor blocks in a
row-wise raster scan on a non-symmetric half plane. This
assumption of our SMC model differs dramatically from

Qx,y

q1,1 q1,2 ...      q1,y-1 q1,y ...      q1,Y

...          ...        ...      ...            ...         ...       ...

qx-1,1 qx-1,2 ...      qx-1,y-1 qx-1,y ...      qx-1,Y

qx,1 qx,2 ...      qx,y-1 qx,y ...      qx,Y

...         ...        ...       ...            ...         ...      ...

qX,1 qX,2 ...      qX,y-1 qX,y ...       qX,Y

Figure 1. The second-order neighborhood system used in the pro-
posed SMC model.

that of Markov mesh random field models [4]. The second-
order neighborhood system used in our Markov model is
further graphically illustrated in Figure 1.

Elements of the proposed 2D Markov model can now be
formally defined as follows:

(1) π = {πi} is the collection of initial state distribution,
where πi = P (q1,1 = si).

(2) The horizontal state transition matrix is H = {hi,j :
si, sj ∈ S, 1 ≤ i, j ≤ M}, where hi,j is defined
as P (qx,y = sj |qx,y−1 = si), i.e., the transition from
state si to state sj along the horizontal direction.

(3) The vertical state transition matrix is V = {vi,j :
si, sj ∈ S, 1 ≤ i, j ≤ M}, where vi,j is defined
as P (qx,y = sj |qx−1,y = si), i.e., the transition from
state si to state sj along the vertical direction.

For convenience, the compact notation λ = {π, H, V } is
used to indicate the complete parameter set of an SMC
model. In the following, we will discuss two basic prob-
lems associated with the SMC model and also present our
solutions in detail.

The first problem is to estimate the generation probabil-
ity given an SMC model, which is crucial for the success of
our categorization methods. Based on the Markov property
defined in (1) and (2), the probability of a sequence of states
Q given an SMC model λ, i.e. P (Q|λ), can be formatted
compactly as

P (Q|λ) = πq11

∏
1≤i,j≤M

h
nh

ij(Q)

ij v
nv

ij(Q)

ij , (3)

where nh
ij(Q) (or nv

ij(Q)) is the number of horizontal (or
vertical) transitions from state si to state sj in Q.

The second problem in our SMC model is to determine
the model parameters to maximize the probability of the se-
quence given the model. In our case, the estimation problem
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can be reduced into a simple maximum likelihood estima-
tion (MLE) of the model parameters. Given a set of 2D
sequences C from one category, the model parameters can
then be derived as:

π̂i = ni(C)/
M∑

i′=1

ni′(C), (4)

ĥij = nh
ij(C)/

M∑
j′=1

nh
ij′ (C), (5)

v̂ij = nv
ij(C)/

M∑
j′=1

nv
ij′ (C), (6)

where ni(C) is the times of state si occurring at block (1, 1)
according to the training set C, nh

ij(C) =
∑

Q∈C nh
ij(Q),

and nv
ij(C) =

∑
Q∈C nv

ij(Q).

4. Semi-Supervised Categorization

4.1. Spatial Markov Kernel

To develop a graph-based semi-supervised learning ap-
proach to image categorization with less labeled data, we
then incorporate the above intra-image semantic context
into a kind of spatial Markov kernel (SMK) which can be
used as the affinity matrix of a graph.

The basic idea of defining a kernel is to map the 2D
sequence Q of an image into a high-dimensional feature
space: Q �→ Φ(Q). If an SMC model λ(Q) is estimated
via MLE for each image (i.e. we assume that each “cate-
gory” has only one sequence Q), the feature mapping Φ can
then be given as

Φ(Q) = λ(Q) = {π(Q), H(Q), V (Q)}. (7)

That is, the sequence Q is now represented by the model
parameters of SMC.

Since we focus on capturing the spatial dependencies be-
tween states (visual keywords), we only consider the hori-
zontal and vertical transition matrices in Φ(Q). Moreover,
to make the computation more stable, the feature mapping
Φ is then defined as

Φ(Q) = {(h(Q)
ij + v

(Q)
ij )/2}1≤i,j≤M . (8)

Though we can map Q into an even higher dimensional fea-
ture space by stacking H(Q) and V (Q) in one vector, the
experiments show our definition of Φ in (8) is better.

After the feature mapping Φ has been defined, our SMK
function in the feature space (determined by Φ) can be given
as the following inner-product

K(Q, Q′) =< Φ(Q), Φ(Q′) >, (9)

where Q and Q′ are two sequences. Though the feature
vector given by (8) has dimensionality M2 for M states, the

computation of the above kernel is very efficient because the
model parameters H(Q) and V (Q) are extremely sparse.

Another advantage of using the kernel method is that dif-
ferent kernels can be readily combined. In our work, the
kernel combination is used to deal with the rotation issue
that occurs among images from one category with differ-
ent orientations. That is, we can consider dual SMC mod-
els, for which the notions of ”past” are defined completely
inversely. The obtained two kernels are then combined to
make the technique less sensitive to rotation between im-
ages of the class. It should be noted that the rotation issue is
challenging for HMM and Markov chain model since they
are actually directed graphs.

The inverse SMC model can be defined similarly
as the original SMC model, and we have to first
rewrite the original sequence Q as follows Q̃ =
qX,Y qX,Y −1...qX,1qX−1,Y qX−1,Y −1...qX−1,1...q11 by an
inverse row-wise raster scan on the regular grid. Based on
dual SMC models, we then define the feature mapping Φ
for SMK as follows:

Φ(Q) = {(h(Q)
ij + v

(Q)
ij + h

(Q̃)
ij + v

(Q̃)
ij )/4}1≤i,j≤M , (10)

which ensures rotational invariance with respect to those
horizontal or vertical rotations.

Strictly speaking, our SMK method is not rotational in-
variant, even if dual Markov models are considered. To ob-
tain a rotational invariant solution, we could adopt space-
filling curve as the scanning path through all the blocks,
without assuming any regional structure of the image. How-
ever, it may incur too large a computational cost to make the
technique applicable in practice. Fortunately, in natural or
histological images the image blocks are usually arranged
in an order for normal viewing, and the horizontal or ver-
tical rotations that most possibly occur among the images
due to the image preparation process can be handled by our
dual Markov models. Hence, the categorization results are
shown to be satisfactory in our experiments.

4.2. Label Propagation Using a k-NN Graph

After each image is represented as a sequence of vi-
sual keywords, the semi-supervised image categorization
problem can be formulated as follows. Given an image
data set Q = {Q1, ..., Ql, Ql+1, ..., QN} and a label set
L = {1, ..., C}, the first l images Qi(i ≤ l) are labeled as
zi ∈ L and the remaining images Qu(l + 1 ≤ u ≤ N) are
unlabeled. The goal is to predict the label of the unlabeled
images through label propagation.

Let F denote the set of N×C matrices with nonnegative
entries. A matrix F = [FT

1 , ..., FT
N ]T ∈ F corresponds to a

classification on the image data set Q by labeling each im-
age Qi as a label zi = arg maxj≤C Fij . We can understand
F as a vectorial function F : Q → RC which assigns a
vector Fi to each image Qi. Define a N ×C matrix Z ∈ F
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Figure 2. Some sample images from the two image databases: (a) Corel; (b) Histological.

with Zij = 1 if Qi is labeled as zi = j and Zij = 0 other-
wise. Clearly, Z is consistent with the initial labels accord-
ing the decision rule. Based on our SMK with incorporated
semantic context, the algorithm for label propagation using
a k-NN graph is as follows:

(1) Form the affinity matrix W of a k-NN graph by Wij =
K(Qi,Qj)√

K(Qi,Qi)
√

K(Qj ,Qj)
if Qj (j �= i) is among the k-

nearest neighbors of Qi and Wij = 0 otherwise (which
also implies Wii = 0). The distance between Qi and
Qj is defined as 1 − K(Qi,Qj)√

K(Qi,Qi)
√

K(Qj ,Qj)
, which is

used to find the k-nearest neighbors of Qi.

(2) Construct the matrix S = D−1/2WD−1/2 in which D
is a diagonal matrix with its (i, i)-element equal to the
sum of the i-th row of W .

(3) Iterate F (t+1) = αSF (t)+ (1−α)Z for label propa-
gation until convergence, where α is a parameter in the
range (0, 1).

(4) Let F ∗ denote the limit of the sequence {F (t)}. Label
each image Qi as a label zi = argmaxj≤C F ∗

ij .

According to [22], the above algorithm converges to
F ∗ = (1− α)(I −αS)−1Z . Since the affinity matrix W is
not symmetrical, the prediction result of our algorithm only

approximates the solution that minimizes the following cost
function associated with F [20]:

FT (I − S)F + μ(F − Z)T (F − Z), (11)

where μ > 0 is the regularization parameter. Our algorithm
is different from learning with local and global consistency
[22] based on a complete graph. Moreover, though the idea
behind our algorithm is also label propagation in neighbor-
hoods [20], we construct the k-NN graph using our spatial
Markov kernel, instead of semi-definite quadratic program-
ming which follows the linear neighborhood assumption.

5. Experimental Results

The proposed method for image categorization will be
evaluated on the Corel and histological image databases in
this section. We first describe the experimental setup, in-
cluding information of the two image databases and the im-
plementation details. Furthermore, our method is compared
with other related works on the two image databases.

5.1. Experimental Setup

The first image database contains 1000 images taken
from 10 CD-ROMs published by Corel Corporation. Each
CD-ROM contains 100 images representing a distinct cate-
gory. All the images are of size 384 × 256 or 256 × 384.

2723



10 20 30 40 50
0

10

20

30

40

50

60

70

80

Number of labeled images

A
ve

ra
ge

 te
st

 a
cc

ur
ac

y

 

 

LLP+SMK
GLP+SMK
SVM+SMK
LLP+BOW
GLP+BOW
SVM+BOW
LLP+PLSA
GLP+PLSA
SVM+PLSA

(a)

10 20 30 40 50
0

10

20

30

40

50

60

70

80

Number of labeled images

A
ve

ra
ge

 te
st

 a
cc

ur
ac

y

 

 

LLP+SMK
GLP+SMK
SVM+SMK
LLP+BOW
GLP+BOW
SVM+BOW
LLP+PLSA
GLP+PLSA
SVM+PLSA

(b)

Figure 3. The results on the Corel image database as the number of labeled images varies from 10 to 50: (a) M = 100; (b) M = 200. The
average test accuracies are computed on unlabeled data over 10 random runs.

The category names and some randomly selected sample
images from each category are shown in Figure 2(a). This
is a challenging image database. Some images from two
natural scenes (e.g. beach vs. mountains) are difficult to
distinguish even by humans.

The second image database is the same as that used in
[18, 21], which has five categories (see some samples in
Figure 2(b)) of histological images captured from the men-
tioned five major regions along the human gastrointestinal
tract with 40 images for each region. The collection of the
histological images is rather time consuming. They were
obtained from patient’s records in the past 10 years from a
local hospital. The image resolution was 4491 × 3480 pix-
els during the capturing process. Similar to [18, 21], all the
images are then down sampled to 1123 × 870 pixels.

To form the visual keywords, we have to first divide each
image into blocks with the equivalent size B × B and then
extract a joint color/texture feature vector from each block
(similar to [21]). The 24 features of this vector are the Ga-
bor textures represented as the means and standard devi-
ations of the coefficients (or outputs) of a bank of Gabor
filters [12], which are configured with 3 scales and 4 orien-
tations. Moreover, we also use the color information, i.e.,
the mean values of the three color components in the HSV
color space for the natural images or only the mean gray
value for the histological images. Finally, we obtain a 27
or 25 dimensional feature vector for each block, and all the
feature vectors are then clustered to form M visual key-
words. In the following, we adjust the two parameters B
and M with the consideration of the balance of the depic-
tion detail and the computation complexity.

Both supervised and semi-supervised categorization
methods are evaluated on the above two databases. For su-
pervised image categorization, the support vector machine

(SVM) is used. For semi-supervised image categorization,
both complete and k-NN graphs are constructed. In our
experiments, we set α = 0.1 for the complete graph and
α = 0.9 for the k-NN graph with k = 10. All the other
parameters in these methods are set their respective optimal
values according to the cross-validation.

5.2. Results of Scene/Object Categorization

We now compare nine methods for image categorization
on all the 10 categories of scene/object images from the
Corel image database. The notations of three learning al-
gorithms are given as follows:

(1) LLP: semi-supervised categorization using local label
propagation on the k-NN graph.

(2) GLP: semi-supervised categorization using global label
propagation on the complete graph.

(3) SVM: supervised categorization using the multi-class
SVM classifier.

Moreover, we can use three kernels: the proposed spatial
Markov kernel (SMK) in this paper, the Gaussian kernel
based on bag-of-words (BOW), and the Gaussian kernel
based on the learnt topics by PLSA (PLSA). When these
kernels are combined with the three learning algorithms, we
then have nine methods for image categorization.

In our experiments, we set B = 16 and M = 100 or
200. The same number of labeled images are randomly se-
lected from each category and the results are averaged over
10 runs. The average test accuracies computed on the unla-
beled images over ten categories are then shown in Figure 3
as the number of labeled images varies from 10 to 50. It
can be observed that the proposed method (i.e. LLP+SMK)
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Methods skiing beach buildings tigers owls elephants flowers horses mountains food
LLP+SMK 84.7 42.3 52.1 92.4 88.0 70.2 94.3 98.4 71.5 85.5
GLP+SMK 80.6 48.2 59.5 88.2 89.7 58.4 84.0 86.8 62.0 85.0
SVM+SMK 72.3 51.1 47.8 80.3 80.6 48.2 83.4 88.6 66.8 89.4
LLP+BOW 56.2 33.4 39.9 73.5 74.3 60.2 79.0 89.1 41.5 76.8
GLP+BOW 45.4 19.8 60.8 62.2 68.3 55.0 68.4 72.8 45.9 84.5
SVM+BOW 55.4 36.3 46.4 69.7 70.3 49.5 84.3 85.0 58.5 71.4
LLP+PLSA 68.2 36.3 48.6 74.2 74.2 65.6 82.2 89.9 44.5 77.8
GLP+PLSA 59.4 29.2 63.0 69.9 70.3 59.3 72.0 82.7 53.4 83.9
SVM+PLSA 60.5 31.6 48.2 66.6 72.5 46.3 72.2 82.2 56.4 66.1

Table 1. The average test accuracies (%) for each category on the Corel image database with 50 labeled images and M = 100.
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Figure 4. The results on the histological image database as the number of labeled images varies from 5 to 25: (a) M = 100; (b) M = 200.
The average test accuracies are computed on unlabeled data over 10 random runs.

always outperforms all the other methods. That is, our com-
bination of semantic context and cluster consistency actu-
ally leads to significantly better results in scene/object cat-
egorization, especially when the number of labeled data is
small. Moreover, we can find that the proposed method is
not particularly sensitive to the change of the value of M
and also that the performance of the semi-supervised meth-
ods degrades much more slowly than that of the supervised
methods as the number of labeled images becomes smaller.
Interestingly, label propagation on a complete graph doesn’t
even perform better than that on a k-NN graph, due to the
fact that the complete graph among all images may map
images far away to be nearby in one manifold, causing dis-
tortions and hence errors in categorization. As is consistent
with the results reported in [14], PLSA doesn’t perform bet-
ter than BOW in all cases. Here, PLSA discovers 80 topics
for M = 100 and 160 topics for M = 200.

In terms of the average test accuracies for each category,
it can be found from Table 1 that the proposed method is
particularly suitable to process the image content that has
an inherent layered structure. For those natural scenes (e.g.
skiing, beach, and mountains) that have multiple layers, the

proposed method has achieved significant improvements as
compared with the methods (i.e. BOW and PLSA) that do
not consider the semantic context across visual keywords.
Moreover, the proposed method is also shown to be robust
despite rotations. That is, when recognizing those animals
with different poses (e.g., tigers, elephants, and horses), we
can still obtain better results using our SMK.

5.3. Results of Histological Image Categorization

The proposed method is further tested on the histolog-
ical image database used in [18, 21]. We only consider a
fine image representation by dividing each image into small
blocks (with respect to the image size 1123× 870) with the
block size B = 32. The nine methods are compared in two
cases, i.e. the number of visual keywords is set as M = 100
or 200. As for PLSA, the number of latent topics is selected
the same as the above section. Moreover, the same number
of labeled images are randomly selected from each category
and the results are averaged over 10 runs.

The average test accuracies computed on the unlabeled
images over five categories are then shown in Figure 4 as
the number of labeled images varies from 5 to 25. It can be
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observed that the proposed method (i.e. LLP+SMK) gen-
erally outperforms all the other eight methods. That is, our
combination of semantic context and cluster consistency ac-
tually leads to better results in histological image catego-
rization. Moreover, we can find that the proposed method
is not particularly sensitive to the change of the number
of visual keywords M and also that the performance of
the semi-supervised categorization methods degrades sig-
nificantly more slowly than that of the supervised catego-
rization methods as the number of labeled images becomes
smaller. Finally, it can be found that label propagation on
a k-NN graph perform better than that on a complete graph
for the histological images, which is the same as what has
been observed for the Corel images.

6. Conclusions

We have proposed a novel 2D Markov model to capture
the spatial dependencies across visual keywords within an
image and then avoid the problems with the bag-of-words
methods for image categorization. We further incorporate
this intra-image semantic context into SMK, for use with
graph-based semi-supervised learning to resolve the chal-
lenging problem of image categorization with less labeled
data. Instead of constructing a complete graph, we resort
to a k-NN graph for label propagation with cluster consis-
tency. The categorization experiments on two image data-
bases demonstrate that the proposed method can lead to su-
perior results when we have much less labeled data. In the
future work, our SMK will be extended to other applications
such as image retrieval and annotation, since the kernel can
be regarded as a similarity measure.
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