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ABSTRACT

We propose a new framework for automatic image annotation (AIA)
of regions through segmentation based semantic analysis and dis-
criminative classification. Given a test image, it is first segmented
by a proposed texture-enhanced JSEG algorithm. Then these regions
are represented by an extended bag-of-words model in which afea-
ture vector, based on a visual lexicon with its vocabulary consisting
of a visual word or a co-occurrence of multiple visual words,is con-
structed to represent the region content. Finally a conceptclassifier
learned by a maximal figure-of-merit algorithm is used to predic-
t the region labels. These models are discriminatively trained from
image regions with multiple associations between regions and con-
cepts. Experiments on a subset of the Corel 5K data set illustrate
that our proposed approach to region AIA achieves more accurate
annotation results than some sate-of-the-art algorithms.

Index Terms— image segmentation, texture enhanced JSEG,
region annotation, automatic image annotation, MFoM.

1. INTRODUCTION

Automatic image annotation (AIA) is a fundamental problem in
computer vision, which is a core technology of image understand-
ing and retrieval [1]. There are many AIA methods and frameworks
have been proposed and achieved good performance in image under-
standing and semantic detection [2], but most of them annotate the
images as a whole and haven’t considered the semantics of regions.

For achieving more accurate image semantic information, every
semantic region of images needs to be analyzed and annotated. Re-
gion based annotation methods focus on every independent seman-
tic area, which makes the visual features more accurate to present a
certain semantic concept. Compared with global based imageanno-
tation, region based methods can achieve more precise and detailed
semantic information and become the research hotspot of image un-
derstanding in recent years [3][11].

Image segmentation is the basis of region based image annota-
tion methods, which is very important for image content representa-
tion and further image content analysis. Accurate image segmenta-
tion makes every region having independent semantic information,
which is the foundation of region content representation and mod-
eling. Though many image segmentation algorithms have beenpro-
posed and used widely in image annotation and retrieval [21]-[25],
such as JSEG [21] and NCUT [22]. We still couldn’t find one algo-
rithm that can deal with semantic segmentation well.

This research was conducted while visiting Georgia Tech. Ithas been
supported by the National Nature Science Foundation of China (Grant
61402174 and 61370174).

Representation of the image/region content is a fundamental step
in AIA, which influences the results to a great extent. Image content
representation based on BoW model is proposed by Li et al. [5],
and then it is widely used in image and video retrieval fields [6]-
[8], such as object recognition [6], image categorization [4] and near
duplicate detection [7]. The obvious benefit of BoW model is that
we can explore the modeling of syntactic and semantic relationship
among the visual symbols.

Based on the image content representation, various statistical
image annotation models [2] have been utilized to obtain therela-
tionship between visual features and semantic labels. One of them
transforms multi-label annotation problem into several single-label
classification problems, such as support vector machine (SVM) [12]-
[14] and artificial neural network (ANN) [9][10]. Another one us-
es specific algorithms to process multi-label data directly, such as
cross-media relevance model (CMRM) [11], continuous-space rel-
evance model (CRM) [15], Markov random field (MRF) [16] and
conditional random fields (CRF) [17]-[19].

We first propose a textual-enhanced JSEG algorithm, which im-
proves the segmentation results by fusing the texture and color class
maps. We then propose a new point-line-region (PLR) model tore-
duce the over segmentation problem. We also enhance the BoW
model to represent the image region content and study the semantic
relationship between visual words by learning ensemble visual lex-
icons. Finally a multi-class maximal figure-of-merit (MC MFoM)
approach [27] is used to construct model for region label prediction.

2. TEXTURE-ENHANCED JSEG ALGORITHM

JSEG is one of the popular region-based segmentation algorithm-
s widely used in image annotation and retrieval [21] in whichthe
color information is fully considered. However it is not effective to
separate the regions with the same color distribution. Here, an im-
proved texture-enhanced JSEG (TJSEG) algorithm is proposed. To
better distinguish the regions with different texture distributions, we
combine the texture and color class maps. Then a point-line-region
(PLR) model is proposed to reduce over-segmentation.

2.1. Texture-color class map

Due to that texture feature is not considered in JSEG, the regions
with similar color and different texture will not be segmented well.
We proposed a texture-enhanced JSEG algorithm, in which theorig-
inal color class map is replaced by a Texture-Color (TC) class map.
TC class map is produced by fusing color class map and textureclass
map, in which color and texture features are considered simultane-
ously and makes up the shortage of JSEG.

For achieving texture class map, the Gabor texture featuresof
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the original images are extracted and clustered by Kmeans. Then the
texture map is constructed by giving every pixel a certain class label.
Next, we will produce a new texture-color class map by fusingcolor
class map and texture class map.

Suppose that there areM classes in color class map andN class-
es in texture class map, and there are at mostM ∗ N classes in TC
map. We record the pixels with the same Color map label and the
same Texture map label as a new TC class label. There are too many
classes in TC map, and some classes only have a few pixels. Hence
we combine some classes with few pixels into nearby classes by their
color and texture similarity.

We merge the similar regions based on the color class map and
Gabor feature image. Two regions whose size is less than a specific
size, will be merged due to the color class map if the Gabor texture
features of them are similar. Hence in the TC class map, the regions
with similar color and different texture will not be merged.On the
other hand, the regions with similar texture and slightly different
color will be merged in terms of its surrounding color map.

After obtaining the TC class maps, J value is calculated. We add
the texture feature to construct the TC class map, which makes the
segmentation more reasonable, and decreased the over segmentation
in some degree by reducing the number of seed points. Howeverthe
segmentation results are still unsatisfactory. For further resolving
the problem of over segmentation, we propose a new PLR model
(point-line-region model), which adopts the method of removing the
dividing line between two regions to merge them.

2.2. Point-line-region model

Over segmentation is often caused by many wrong boundaries in the
segmented image. In the proposed PLR model, there are three dif-
ferent stages, including ‘point’, ‘line’ and ‘region’, to remove some
incorrect boundaries and merge over-segmentation regions. In our
preliminary experiments, we found that the similarity between two
sides of a boundary is important to judge a correct segmentation.

In the ‘point’ algorithm, we remove boundaries by the similarity
between points as illustrated in Fig. 1 (I). SupposeLi is a dividing
line, we choose three points including two endpoints and midpoint to
judge the similarity of the regions on both sides. Points A, Band C
are chosen and the RGB values of the three points on each side of the
picked points are counted. For example, points 1-6 on the twosides
of line Li are chosen. The RGB distancedp of the two horizontal
sides at Points A and C is obtained by Eq. (1), or by Eq. (2) for two
vertical sides at Point B:

dp =

3
∑

i=1

3
∑

j=3

Euc(Pi(x+ j, y), Pi(x− j, y)) (1)

dp =
3

∑

i=1

3
∑

j=3

Euc(Pi(x, y + j), Pi(x, y − j)) (2)

in which,Pi(x, y) is the RGB values of thei-th chosen pixel in the
boundary, andEuc(Pi(x, y), Pj(x, y)) is the Euclidean distance of
the RGB values between pixelsPi and and two regions on its sides
will be merged if the distance is below a threshold.

Similarly we propose the line algorithm to evaluate the simi-
larity between two regions near the dividing line and removing the
segmentation line if the two bands are similar as shown in Fig. 1 (II),
there are two pixel bandsA andB on each side of the lineL. Then
the HSVH of each band area is extracted. The distancedl of the two
band areas for each boundary is obtained by:

dl = Euc(HSVHbA ,HSV HbB ) (3)

Fig. 1: Point and line algorithms

in which, HSVHbA is the HSVH of pixel bandA, and the Euc is
Euclidean distance. If the ”line” similarity is less than a threshold
we set, the boundary will be removed.

After processing by the point and line algorithms, most of the
wrong boundaries have been removed. Then we use the proposed
region algorithm as the last step with scalable color descriptor (SCD)
to be abstracted to represent every region, and the Euclidean distance
dr is used to compare the similarity between two regions:

dr = Euc(SCDri , SCDrj ) (4)

whereSCDri is SCD of regioni.
Due to the PLR model, over segmentation can be reduced sub-

stantially. Experiments on the Corel 5K dataset illustrated that our
texture-enhanced JSEG algorithm can achieve more accurateseg-
mentation results than JSEG and NCUT, and deal with the over seg-
mentation problems well. In Fig. 2, there are several comparative
results with the three segmentation algorithms. Obviously, the re-
sults of texture-enhanced JSEG method are always superior.

Fig. 2: The examples of segmentation results

3. IMAGE REPRESENTATION BY VISUAL CODEBOOK

To obtain accurate image annotation and retrieval results,represen-
tation of the image content is the most fundamental step and influ-
ences the results to a great extent. The aim of image representation
is to express the image content by visual features, which is desired to
associate a given image with several concepts describing the objects
and their spatial relations in an image. There are many imagecontent
representation methods have been proposed during the last decades,
and Bag of Words (BoW) as the famous one is widely used in image
annotation and retrieval in recent years. Next we will introduce an
extended BoW based image content representation method, which
represents the region of image by a set of visual words considering
the contextual and spatial dependency.
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Every image is divided to several regions with different seman-
tic concepts after image segmentation. Our aim is to represent these
regions by visual features which implied the contextual andspatial
dependency. We extend BoW model by several aspects. The firstone
is that we learn a collection of visual terms, each of them maybe a
single token or a combination of tokens. Secondly, we learn an en-
semble of visual lexicons from the different sets of low-level visual
features, each describing a partial content of an region. Thirdly, we
learn co-occurrence statistics of visual terms to reflect the contextual
and spatial relationship.

Different from the conventional BoW model, we segment every
region by blocks of4 × 4 pixels. Due to the irregular shape of the
region, we use the rule that for each gridG which hasM0 × M0

pixels, if most of the pixels belong to a certain region, the grid is
labeled according to that region.

Preliminary experiments prove that color and texture features are
more effective for image annotation and retrieval. We chosethree
low-level visual features, including HSV color histogram (HSVH),
color moments (CM) and Gabor texture as the features of region
content representation. We extract HSVH, CM and Gabor from ev-
ery grid and group each of them into a vector,Xij , for the block
located at thei-th row andj-th column. All vectors from training
images are quantized as a codebook index.

The visual words in a lexicon consist of not only the tokens but
also patterns inferred from the token relations (e.g., location, spatial,
n-gram, etc.). Here, we construct the visual words by combining un-
igram and bigram patterns to represent the content of regions. Every
block centered atX22 in a3× 3 block group has eight neighbouring
blocks with its direction-specific bigram patterns obtained from its
neighboring blocks. These bigrams are treated as distinctive pattern-
s. When we express a region by extended BoW model, we use not
only the patterns of unigram but also the bigrams. After a region of
an image is tokenized and the occurrence statistics of visual lexicons
are tabulated, a feature vector is extracted for content representation
by the techniques in [26].

We extract the low-level visual feature from every block, and
cluster them intoN clusters. Then a visual lexicon,A=A1, A2, ...,
AN , with N visual terms is constructed. For traditional BoW mod-
el, every region will be represented as a vector ofN dimensions,
V =(v1, v2, ...,vN ), each component being the statistics of the visual
term occurred in the region. In our extended BoW model, we com-
bined unigram and bigram patterns in the codebook, which makes
the number of tokens becomeN+N*N . Hence every region in our
method is represented as a vectorV with N+N*N dimensions. For
more accurately representing the visual contextual and spatial depen-
dency, we can extend the codebook withn-gram patterns. However
as you can see, the tokens of codebook will increase apace andthe
vectorV will have a high dimension, which will influence the ac-
curacy of region annotation. During many experiments on different
patterns, we choose the one which combines unigram and bigram
patterns to construct codebook and represent the regions byvisual
words.

4. IMAGE REGION ANNOTATION ALGORITHM

We use an MC MFoM approach [27] to build the concept models
for image region annotation. It learns multi-category classifiers by
optimizing a metric-oriented objective function. Therefore it is more
robust and better than the popular SVM and CRF classifiers, espe-
cially for learning in the case with sparse training.

All the training images are segmented by texture-enhanced
JSEG and every region is assigned a concept manually. A training
set is defined asT = {(V, l)|V ∈ RD, l ∈ C}, where(V, l) is
a training sample,V is aD-dimensional feature extracted from a
region as discussed in Section 3.l is the manually assigned label of
corresponding region. Usually one label corresponds to oneregion.
C = {Cj , 1 ≤ j ≤ K} is denoted as the predefined label set,
in which K is the total number of labels andCj is thej-th label.
We will learn a discriminant function for thej-th keyword with the
parameter setΛj andgj(V ; Λj),.

According to the multiple-label decision rule in Eq.(5), region
V are assigned multiple relevant labels in the evaluation stage.
{

Accept V ∈Cj if gj(V;Λj)−gj
−
(

V;Λ−
)

>0

Reject V ∈Cj , Otherwise
1≤j≤N (5)

whereg−j (V ; Λ−) is named as class anti-discriminant function for
thej-th keyword, which is defined as in Eq.(6).

g−j (V ; Λ−) = log







1
∣

∣C−

j

∣

∣

∑

i∈C
−

j

exp (gi(V ; Λi))
η







1
η

(6)

whereC−

j is a subset containing the most competitive keyword mod-
els againstCj , |C−

j | is its cardinality,Λ− is the parameter set for all
competitive keyword models, andη is a positive constant. Eq.(6)
measures the score as a geometric average of scores among allcom-
peting categories, which works as a negative model for thej-th label.

In the learning stage of MC MFoM, we estimate the parameter
setΛ = {Λj ,1 ≤ j ≤ N} by optimizing a metric-oriented ob-
jective function. A one-dimensional class misclassification function
dj(V ; Λ) is used to smooth the discrete decision rule in Eq.(5),

dj(V;Λ) = −gj(V;Λj) + gj(V;Λ−

j ), (7)

wheredj(V ; Λ) < 0 when a correct decision is made. Otherwise,
dj(V ; Λ) ≥ 0. It works similar to Eq.(5). Since Eq.(7) is valued
from -∞ to +∞, for the keywordCj , a class loss functionkj(V ; Λ)
is defined for normalization as Eq.(8).

kj(V;Λ)=
1

1+e−α(dj(V;Λ)+β)
, (8)

whereα is a positive constant controlling the size of the learning
window and learning rate, andβ is a constant measuring the offset of
dj(V ; Λ) from 0. They are determined by amounts of experiments.
Eq.(8) simulates the error count made by thej-th region model for
a given sampleV . With the above definitions, most commonly used
metrics, precision, recall andF1, are approximated over training set,
T by Eq.(9)-(11).

FNj ≈
∑

V∈T
kj(V ; Λ)·1(V ∈ Cj), (9)

FPj ≈
∑

V∈T
(1− kj(V ; Λ))·1(V /∈ Cj), (10)

TPj ≈
∑

V∈T
(1− kj(V ; Λ))·1(V ∈ Cj), (11)

whereTPj is the true positive,FPj is the false positive, andFNj is
the false negative for thej-th keyword.1(.) is an indicator function
of any logical expression. In the experiment, the micro-averagingF1

is our preferred objective function defined as:

K(V;Λ)=2
∑N

i=1
TPi/

⌊

∑N

i=1
FPi+

∑N

i=1
FNi+2

∑N

i=1
TPi

⌋

, (12)

solved by a generalized probabilistic descent algorithm [27].
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5. EXPERIMENTS

We choose the Corel 5K datasets as experimental data, which is
publicly available and diffusely used to evaluate the methods of im-
age annotation and retrieval [20]. Three themes including ‘build-
ing’, ‘seaside’, ‘transportation’ are chosen as our experimental im-
age datasets. 300 images are chosen for each theme, of which 200
images are used to train models and 100 images for testing. Inthe
image dataset of building, there are 5 labels:sky, building, plant,
road,water. And in the image dataset of seaside, there are 8 labels:
sky, building, plant, sand, sea, boat, rock, sun. In the dataset of
transportation, there are 5 labels:sky, building, plant, car, plane.
All shown experimental results are measured by the averagesof pre-
cision (mP ), recall (mR), and F-measure (mF ) over all labels and
the number of concepts detected.

In our experiments, we segmented every image by the proposed
texture-enhance JSEG algorithm first, then every region is segment-
ed into grids with a grid size of4× 4. After that, a 256-dimensional
HSVH vector, a 225-dimensional CM vector and a 60-dimensional
Gabor texture vector are extracted from each grid [19]. Thenk −
means clustering is used to get 64 or 128 symbols of each fea-
ture for region tokenization. Every region is represented by a visual
words with unigram and bigram patterns of the codebook. A linear
classifier is trained using MC MFoM for label prediction, which was
illustrated in Section 4.

The experimental results on three different datasets are illustrat-
ed in Table 1. From these results, our proposed method is veryeffec-
tive for image region annotation. The average precision andrecall on
the ‘building’ dataset are 58.47 and 53.86. For the ‘transportation’
dataset, the precision and recall are 77.06 and 76.84 respectively,
which are very good performance for region annotation.

Table 1: Average precision, recall andF1 of three concept groups
Dataset mP mR mF

Buildings 58.47% 53.86% 54.25%
Seaside 56.76% 52.21% 53.45%

Tansportation 77.06% 76.84% 76.29%

For achieving more accurate annotation results, We have done
many experiments with different parameters, codebooks andfea-
tures. The first set of experiments is the comparison of differen-
t features. There are three features in our experiments, including
HSVH, CM and Gabor textrue, in which two of them are about color
and one is texture. We illustrated the experimental resultsin Table
2 with color feature HSVH, texture feature Gabor texture, combi-
nation of HSVH and Gabor textrue, and combination of all the three
features. It is seen that the results of HSVH is better than Gabor Tex-
ture, and fusion of three features is better than all of otherfeatures.

Table 2: Average precision, recall andF1 of features and fusions
Features mP mR mF
HSVH 57.30% 56.50% 56.09%

Gabor Texture 44.01% 44.47% 41.70%
HSV+Gabor Texture 58.63% 55.91% 55.96%

HSVH+Gabor Texture+CM 64.10% 60.98% 61.33%

The second set of experiments is comparison of different code-
books. We compared the experimental results with differentnum-
ber of tokens and different patterns of codebooks, mainly including
64-token codebook with unigram patterns, 64-token codebook with
two-dimensional unigram patterns, 128-token codebook with uni-
gram and bigram patterns, and 64-token codebook with unigram and

bigram patterns. Codebook with unigram patterns is similarwith
traditional BoW model, which represents the region as the statistics
of visual words. Codebook with unigram and bigram patterns,de-
scribed in Section 3, adds the contextual and spatial dependency of
grid into the patterns, which makes the region content representa-
tion more detailed and approaching semantic. Codebook withtwo-
dimensional unigram patterns which combined HSVH feature and
Gabor texture feature from the level of patterns, which constructed
more new patterns with different color and texture information and
makes the region content representation more rich. The experimental
results are illustrated in Table 3. As we can see, 64-token codebook
with unigram and bigram achieves the best performance than others.

Table 3: Average precision, recall andF1 of different codebooks

Patterns of Codebook mP mR mF
64-token unigram 55.84% 56.85% 54.81%

64-token two-dimensional unigram56.58% 53.86% 53.84%
128-token unigram and bigram 54.01% 50.71% 50.41%
64-token unigram and bigram 64.10% 60.98% 61.33%

To indicate the superiority of our method, we compared it with
the algorithm proposed in [19]. Since these two algorithms are all
region based automatic image annotation methods, we did theexper-
iments on the same datasets with similar conditions, which makes
our results more credible and comparable. The comparison ofper-
formance achieved by the two algorithms is shown in Table 4.

Table 4: Average precision, recall andF1 of two algorithms

Algorithms mP mR mF
Our algorithm 57.61% 53.04% 53.85%

MLSIA 45.55% 37.93% 41.44%

To make the annotation results more visual, we illustrated some
examples of image segmentation and region annotation results in
Fig. 3. Our proposed algorithm can achieve accurate region an-
notation results close to the ground truth.

Fig. 3: Some image region annotation results

6. CONCLUSION AND FUTURE WORK

In this paper, we proposed a new framework for automatic image
region annotation. An image is first segmented by our proposed
texture-enhanced JSEG algorithm, and the co-occurrence statistics
of the visual words are used to characterize the content of region.
For accurate image region annotation, we use MC MFoM to train
discriminative concept models to predict the labels of image region.
Experiments on the subset of Corel 5K dataset illustrates that our
proposed framework can achieve good performances on image re-
gion annotation. In the future, we will experiment on the whole
Corel 5K dataset and prove the framework is effective on all kinds
of concepts. In addition, we will add semantic position relationship
analysis to our framework for even better image region annotation.
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