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ABSTRACT

In this paper, we present a local-driven semi-supervised

learning framework to propagate the labels of the training data

(with multi-label) to the unlabeled data. Instead of using each

datum as a vertex of graph, we encode each extracted local

feature descriptor as a vertex, and then the labels for each

vertex from the training data are derived based on the context

among different training data, finally the decomposed labels

on each vertex are further propagated to the unlabeled vertices

based on the similarities measured according to the features

extracted at each local regions. With the learnt local descrip-

tor graph we can predict the semantic labels for not only the

test local features but also the test images. The experiments

on multi-label image annotation demonstrate the encourag-

ing results from our proposed framework of semi-supervised

learning.

Index Terms— Semi-supervised Learning, Image Anno-

tation, Local Features, Multi-Label Learning.

1. INTRODUCTION

Semi-supervised learning is an important topic in image clas-

sification which has attracted significant attention recently. It

can leverage the unlabeled data in addition to the labeled data

for the classification, therefore solve the problem of being

lack of sufficient labeled data in many real applications.

A lot of algorithms on semi-supervised learning have been

proposed [1], among them graph-based methods are the main

theme owing to their effectiveness and efficiency [2, 3, 4].

These methods construct the graph using both training and

test samples and propagate the known labels to all the ver-

texes based on certain assumptions formulated in a regular-

ization framework. For example, the Gaussian Random Field

(GRF) and harmonic function method defines a quadratic loss

function with infinity weights to clamp the labeled examples,

and formulates the regularizer based on the graph combinato-

rial Laplacian [2].

Conventional semi-supervised learning methods mainly

aim at the cases with single label for each datum. Recently,

with the availability of multi-label image datasets, semi-

supervised learning with multi-label has become an important

� �

� �

Fig. 1. An illustration of the proposed approach: vectors with

“r” and “b” represent different labels of the images; red and

blue circles denote the local descriptors of “r” and “b” respec-

tively. For better view, please see the color pdf file.

problem with many applicable scenarios. We can directly

apply the typical graph-based learning to multi-label cases

without considering the dependent relation between labels.

Several algorithms have also been proposed to address the

inherent correlations among multiple labels by adding a reg-

ularizer in the semi-supervised learning framework or etc.

[5, 6, 7]. They demonstrate the value of label correlations

with promising results.

All these methods model the semantic relation between

images based on the global feature matching. An image is

considered as a vertex linking with others in the graph. In this

paper, we propose a novel local-driven semi-supervised learn-

ing approach based on the local feature descriptor matching.

Fig. 1 illustrates the main idea: local feature descriptors in

the images are extracted to construct the graph and the edges

are set up according to image matching criterions. Labels for

the training vertexes are derived from the context of matching

images with multi-labels. As shown in the figure, if a group

of linked local feature descriptors have a common image-level

label such as “r” or “b”, the vertexes are associated with the

corresponding label. The local labels are propagated to ver-

texes in the test images by graph based semi-supervised learn-
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ing. Each test image is then associated with multi-label ac-

cording to labels of the local feature descriptors it contains.

Local feature descriptor based methods have shown su-

perior performance to global feature based methods in sev-

eral classification tasks owing to its robustness to intra-class

variations [8]. In multi-label semi-supervised learning, con-

structing graph using local feature descriptors as the vertices

is semantically purer than using an image as a vertex, there-

fore the graph can model the semantic relations more accu-

rately. Furthermore, the proposed method can be potentially

extended to be used for object class localization with the pre-

dicted labels of local feature descriptors. We demonstrate the

promising results on two multi-label image datasets: MSRC

and Corel subsets. Wu et al. [9] also proposed a graph based

semi-supervised learning framework using the local feature

matching. However, they only considered single-label cases

and the graph is constructed with image pairs other than local

features.

The rest of this paper is organized as follows. Section 2

and Section 3 present the problem formulation and the local-

driven semi-supervised learning approach. Section 4 reports

the experiments, followed by conclusions in Section 5.

2. PROBLEM FORMULATION

The goal of this research is to predict the multi-label of a

test image in the way of graph based semi-supervised learn-

ing based on the local feature descriptor matching. Given

an image set, I = {I1, · · · , IL, IL+1, · · · , IN} and a label

set C = {1, · · · , c}, The first L images have labels BL =
[b1, · · · , bL]T , which is an L × c label matrix in the multi-

label case, where bi(k) is 1 if image Ii contains class k, and

0 otherwise. The goal is to predict labels of the unlabeled

N − L images with the L multi-labels. In this process the

information from all the unlabeled images is utilized.

In the multi-label case, an image usually contains sev-

eral classes and the intra-class variation is large, whereas

the semantic meaning of each local features is usually clear.

With the graph of local feature descriptors, the semantic rela-

tion can be measured more accurate and the semi-supervised

learning can be conducted more effectively than using the

image as vertexes directly. Therefore, we propose a novel

graph based learning framework driven by the local feature

matching.

As shown in Fig.1, the graph is constructed using local

features extracted from the images. Let X = {x1, x2, · · · , xN ′}
be the set of N ′ vertexes in the graph each corresponding to a

local feature vector. The first L′ points belonging to the train-

ing set have labels derived from the image-level labels, and

their labels are denoted as YL′ = [y1, y2, · · · , yL′ ]T , the task

is converted to label the remaining vertexes {xL′+1, · · · , xN ′}.

In the rest we will use L for L′ here and N for N ′. Denote

the graph by G = (V, E), where the vertex set V = L ∪ U
with L corresponding to {x1, · · · , xL} and U corresponding

to {xL+1, · · · , xN}. The edges E are weighted by the n × n
affinity matrix W with Wij indicating the similarity measure

between xi and xj . The predicted labels of X to be obtained

is denoted as f = [f1, · · · , fL, · · · , fN ]T .

Differently from the conventional methods such as [2],

here the labels of training graph vertexes are initially not

given. We derive the labels of training vertexes from the

image-level labels from the matching image context, and

finally obtain the multi-labels of the test images from the

predicted vertex labels. This will be detailed in next section.

3. LOCAL DRIVEN SEMI-SUPERVISED LEARNING
WITH MULTI-LABEL

There are two main steps in the proposed approach: graph

construction and semi-supervised learning. In the first step,

local features are extracted from the images and links are set

up between local features from different images which have

high confidences to be matched therefore construct a graph.

Then labels for the training vertexes are derived from the link-

ing context. In the second, all vertexes in the graph are labeled

through learning, based on which labels of the test images are

obtained.

3.1. Building Graph Based on Local Matches

We extract two types of local features: Scale-Invariant Fea-

ture Transform (SIFT) local features [10] for object categories

such as “building”, “animal”, and segmented appearance-

coherent regions [11] for scene categories such as “sky”

and “grass”. The matches are found and graphs are set up

independently using these two feature types and combined

together in the prediction step.

SIFT local features are described with the SIFT descrip-

tor [10] and segmented local regions are represented using the

texton histogram descriptor [12] encoding texture and color

information. For the second type of features, pixel features

from the response of several filter banks are clustered to tex-

tons and the normalized texton histogram within a segmented

local region is computed as the descriptor. In the experi-

ments, 200 textons are used and the texton histogram descrip-

tor therefore is of 200 dimensions.

Local feature sets of images are matched with each other

by the method of [9]. It is based on the criterion proposed by

Lowe [10], which is defined as a threshold on the ratio of dis-

tance from the closest neighbor to that of the second-closest

neighbor. And a symmetrical constraint is applied, which

means, only when the best match feature pairs are found from

both matching directions using Lowe’s method, the pairs will

then be selected and paired.

To link all the matched features will construct a huge

graph and require high computation. Moreover, feature pairs

with low confidence to be matched may propagate mislead-

ing information to each other and degrade the accuracy of

1509

Authorized licensed use limited to: Korea Advanced Institute of Science and Technology. Downloaded on January 14, 2010 at 05:25 from IEEE Xplore.  Restrictions apply. 



deriving labels of the training vertexes from the image-level

labels. To improve the computational efficiency and min-

imize the estimation error, we only link the feature pairs

which are highly confident to be matched as edges. Based on

the previous matching result, the matching triplets, i.e, three

features are matching with each other which means they have

high matching confidence, are founded and kept to construct

the graph. For a training vertex, common labels of each of

its matching triplet are used and the vertex label is set as the

normalized sum of labels from all its matching triplets.

3.2. Semi-supervised Learning

The graph-based semi-supervised methods define a weighted

graph such that the vertices correspond to labeled and un-

labeled data points and the edges reflect the similarities be-

tween data points. The existing algorithms are all based on the

common assumption that the labels are smooth on the graph.

Then, they essentially estimate a labeling function over the

graph such that it satisfies two conditions: 1) it should be

close to the given labels, and 2) it should be smooth on the

whole graph. These two conditions are usually presented in a

regularization form. Mathematically, the graph-based meth-

ods aim to find an optimal f essentially by minimizing the

following objective function,

E(f) = El(f) + αEs(f), (1)

where El(f) is a loss function to penalize the deviation from

the given labels, and Es(f) is a regularizer to prefer the label

smoothness.

We adopt GRF as the semi-supervised learning engine in

our approach. The Es(f) in GRF is defined as a quadratic

energy function,

Es(f) =
1
2

∑
i,j

wij(fi − fj)2, (2)

with the weight matrix W defined as

wij = exp
{
−

K∑
d=1

(xid − xjd)2

2σ2

}
, (3)

where xid is d− th element of the feature vector of vertex xi,

and σ is a length scale parameter. By this way nearby data

points in the Euclidean space are assigned large weights. The

diagonal of W is set as 1. El(f) in GRF can be converted

to the constraints that fis equal to the given labels on train-

ing set. The solution can be efficiently obtained using matrix

methods or belief propagation [1, 13].

Obviously, an image contains the classes that its local fea-

tures correspond. Multi-label of each test image is obtained

by summing and normalizing all predicted labels of the local

vertices it contains.

4. EXPERIMENTS

In this section, we systematically evaluate the proposed local-

driven semi-supervised learning framework on two datasets

with multi-label by comparing against the global feature

based semi-supervised learning and fully-supervised learning

methods.

4.1. Datasets

The first dataset used in the experiments is the MSRC image

database [14] which contains 591 images from 23 classes.

We select a subset of the database, focusing on relatively well

labeled classes, yielding 355 images and 14 different classes:

“building,” “grass,” “tree,” “cow,” “sheep,” “sky,” “moun-

tain,” “airplane,” “water,” “car,” “bicycle,” “bird,” “road,” and

“boat”. We randomly split the dataset into two subsets of

equal size for training and testing with the consideration that

each class has enough samples in the training set.

The second dataset is a subset of the labeled Corel

database used in [15]. The whole set contains totally 4,002

images chosen from Corel Stock Photo CDs. Due to the

license problem, the dataset used here includes 674 la-

beled images from 11 labels: “Sky,” “Waterscape,” “Moun-

tain,” “Grass,” “Tree,” “Flower,” “Rock,” “Earth,” “Ground,”

“Building Material,” and “Animal Skin”. This dataset is also

split into the training and test subsets in the same way as in

the MSRC dataset.

4.2. Evaluation

The proposed local-driven semi-supervised learning (LSS) al-

gorithm is compared with two conventional methods in the

experiments for multi-label classification problem: the sup-

port vector machine (SVM) for fully supervised learning and

the GRF [2] for global feature based semi-supervised learn-

ing. The global features of images we used here are the 225-

Dimensional block-wise color moment, which are extracted

over 5 × 5 fixed grids, and each block is described by 9-

Dimensional feature vector. Using SVM, a binary classifier

is trained for each class and the multi-label classification is

then converted to a set of binary classifications. The libSVM

library [16] is used and linear kernel is adopted. Probabilities

for the classes can be yielded for AUC calculation and label

ranking. For GRF the Gaussian kernel function is adopted

to calculate the weighted matrix W . The kernel bandwidth δ
and the tradeoff parameter α are respectively selected via the

cross validation process. The AUC (area under ROC curve)

value is adopted to measure the performance of multi-label

image annotation.

Table 1 lists the image annotation performances from dif-

ferent algorithms on these two datasets. Fig. 2 and Fig. 3 il-

lustrate the detailed results for individual labels on these two

datasets respectively.
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Table 1. The multi-label annotation average AUCs of differ-

ent methods on the two datasets.

Dataset SVM GRF LSS

MSRC 0.612 0.831 0.856
Corel 0.581 0.761 0.828
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Fig. 2. The AUCs of 14 classes of the MSRC dataset using

GRF and LSS.
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Fig. 3. The AUCs of 11 classes of the Corel dataset using

GRF and LSS.

The graph based semi-supervised learning methods show

to be effective while using the global feature with fully super-

vised SVM yields poor performance. The proposed LSS out-

performs the global feature based GRF owing to the effective-

ness of local features matching. On some classes LSS is sig-

nificantly superior to GRF while it yields lower performance

on a few classes for the different way of modeling, i.e, lo-

cal feature based and global feature based. The performance

of LSS depends on the accuracy of features matching context.

Therefore it works better with more images used for matching

and shows more improvement over GRF on the Corel subset,

which is larger and contains more labels relatively.

5. CONCLUSIONS

We have presented a novel graph based semi-supervised

learning method for multi-label image classification driven

by matching local features. Labels of the training local fea-

tures are derived from the matching context of the training

set with image-level labels. By semi-supervised learning the

semantic meaning of matching features in the test images is

predicted and multi-label for the image is obtained accord-

ingly. The proposed method is robust to image intra-class

variations and has the potential for object class localization.

Experiments on two multi-label image datasets demonstrated

the promising performance of this novel framework. In the

future we plan to further explore more effective local fea-

ture matching method and test on larger datasets, as well as

incorporate the correlations of multiple labels.
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