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Image annotation by searching semantically related regions

DATI Lican, YU Nenghai
(Department of Electronic Engineer and Information Science, USTC, Hefei 230027, China)

Abstract: Based on abundant partially annotated images on the web, a novel framework for image
annotation was proposed. By utilizing both the visual and textual knowledge of public available
image database Image-Net, the proposed framework first learnt a set of weakly labeled visual
concept classifiers, and then used the outputs of these learnt classifiers on image regions as
descriptors to conduct the region-based search in a large scale image database for a query image.
After that, search results mining and clustering was introduced to generate annotations to the
query image. Compared with image-level representation, the proposed region-based semantic
representation performs better at capturing image’s multi-objects/semantics. The proposed
framework takes advantage of both traditional classification-based approaches and large scale
data-driven approaches. Experimental results conducted on 2.4 million web images and
challenging image database have demonstrated the effectiveness and efficiency of the proposed approach.
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0 Introduction

The number of digital images has exploded
with the prevalence of digital cameras and the

which

retrieval techniques. Currently, there are mainly

Internet necessitates effective image
two image retrieval frameworks: Text-based image
retrieval (TBIR) and content-based image retrieval
(CBIR). Due to the semantic gap between low-
level image visual features and high-level semantic
concepts, most users prefer textual queries instead
of abstract image content such as color or texture.
However, manually annotating large quantities of
images for the text-based searches is a tedious and
time-consuming task, not scalable to large scale
Therefore,

annotation becomes a highly desired feature for large

image databases. automatic image
scale image retrieval and management applications.

Image annotation has been extensively studied
in recent years. Many different approaches have
been proposed to solve the problem in the
computer vision and multimedia communities™"",
Although great improvements have been achieved,
image auto-annotation is still far from practical,
especially when we face an unlimited number of
images and an unlimited vocabulary. By treating
Web as a huge repository of weakly labeled
images, data-driven approaches have demonstrated
great potential for image annotation. As an
example, search-based image annotation
(SBIA)F ) is a representative work in this domain.
Compared with traditional classification-based or
probabilistic modeling-based methods, search-
based

information (filename, URL and surrounding text)

image annotation utilizes rich media

which is publically available on the web, and

therefore effectively avoids two challenging
problems: Limited images for training and limited
lexicon for annotation. Though this framework has
made good progress in image annotation, how to
effectively measure the semantic similarity between
key problem for further

images remains a

improving the annotation accuracy. In Ref. [5],

low-level visual distance (64 dimensional color and
texture feature) is directly employed to search for
visually similar images. However, because of the
well-known semantic gap problem and different
concept distributions in different visual spacest™,
this simple similarity measure in one visual space
inevitably limits the system’s performance.
Although the search result mining can bridge the
semantic gap to some degree, it is obvious that the
mining stage would benefit a lot if the search
results could be improved. Recently, to overcome
the semantic problem, a few researchers™'" have
proposed image representations based on a set of
attributes. Rather than directly represent visual
content by low-level visual features, such
approaches use the techniques in machine learning
to generate a middle-level representation and have
shown promising progress in image relevance ranking.

Actually, images wusually have multiple
objects/regions and different regions may have
totally different contents, representing different
semantic meanings. Therefore, it is intuitive to
divide an image into regions and extract region-
based features for semantic representation of
a framework is

images. Motivated by this,

proposed to annotate uncaptioned images by
searching semantically related regions in a large
scale image database. Firstly, 200 visual concepts
which have object bounding boxes are selected

U1 These concepts are

from Image-Net ontology
used to construct a semantic space which we call
classeme space in this paper. The corresponding
classeme classifiers are trained using these object
regions’ visual features. Secondly, millions of
images with rich textual information are crawled
from the Web and segmented into multiple stable
regions. And each region is represented by the
output scores of the trained classeme classifiers.
With the supervised information and the fusion of
multiple types of visual features, the learned
classeme features can better represent the image
regions’ semantics. Furthermore, as shown in

Ref. [12]. these trained object category classifiers
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are capable of expressing not only those

handpicked

concepts which share more or less common visual

concepts but also thousands of

characteristics  with  the  classemes. This
generalization capability makes it possible for our
classeme features to remarkably improve image
search results as well as image annotation accuracy.
The framework of the proposed region-based
image search for annotation is depicted in Fig. 1.
To conduct image annotation for a query image, we
first compute its stable segmentations and extract
their region-level visual features to compute the
classeme features by feeding the visual features to
the trained 200 concept classifiers. Then, we use
the classeme features as region descriptors to search
for images with semantically related regions. Finally,
search results mining is conducted to rank and

generate the final annotations.

1 Search semantically related regions
for annotation

1.1 Classeme learning

To construct a classeme space, a set of C
category labels was drawn from the concepts in
t[m]

Image-Ne which have object bounding boxes.

Taking both effectiveness and efficiency into

consideration, we chose the number of 200 as an

Input query Image
image segmentation
Trees,

River, Lake /
Grass —
Sky, Clouds \

Output image
annotations

Search results
mining

S

attempt. To pursue large coverage in real-world
semantic space, we utilize a greedy strategy and
use the minimal spanning tree algorithm to choose
the final concepts which comprise our classeme
space with largest diversities. For each category
¢€ {1+-C},150 images with their bounding boxes
were collected from Image-Net. To capture the
visual characteristics of each region, the following
four visual Color
Histogram (CH), pyramid of HOG (pHOG),

color SIFT descriptors ( ¢SIFT)M and  self-
e,

features were computed:

similarity descriptors (SSIM
For CH, we wused LAB

Histograms with 23 bins for each channel were

color space.
computed and concatenated into a 69 dimensional
descriptor. pHOG descriptors were computed as in
Ref. [15], using three pyramid levels with 8 bins.
¢SIFT descriptors were computed at interest points
detected with the Hessian-Affine detector. These
descriptors were then quantized using a vocabulary
of 20 000 code words. The SSIM descriptors were
computed at the same locations with the detected
cSIFT descriptors, and then quantized into a
vocabulary of 400 code words. We normalized each
descriptor to sum 1 and then employed the kernels
to define the y* distance between feature vectors,

i.e. k(xyx)=exp(— Xz(:fc, /.

Classeme vector
learning

Feature
extraction

region based
N ) search
Images with semantically

related region

Fig. 1 The flowchart of our image auto-annotation process which mainly contains five steps:

(1) Image segmentation, (2) Feature extraction, (3) Classeme vector learning, (4) Region-based search,

(5) Search results mining. The final annotations are ranked according to the clusters’ relevant scores



70 T EAFHERKFFR

% 44 %

Finally. binary one-versus-all SVM classifiers

were trained using multiple kernel learning
(MKL)OM for each category, and then the
corresponding posteriors was obtained by Ref.
[17]. These classifiers’ outputs are all real-valued,
and the expression ¢.(x2) > ¢, (y) implies that x is
more similar to class ¢ than y. After the classeme
learning, given an image region z,, the region-level
feature called classeme feature vector is computed
as follows to conduct later similarity search.
Sl =[x s sde(a)] (D
1.2 Data collection
To build a large scale image region database,
we crawled about 2.4 million images from several
photo forum websites, e. g. Photosig Chttp://
www. photosig. com). Images of such websites are
usually of high-resolution and have rich textual
information, such as the title, photographer’s
descriptions and some semantically related comments.
As shown in Fig.2, the textual information
roughly reflects the content of the image and the
corresponding objects’ semantics. For each image
in the database, we employ the algorithm called
JSEG™ to segment it into multiple stable regions.
Then multiple visual features are extracted from
each image region, and used to compute the
classeme feature vector as region descriptor for

indexing the large scale region collection D.

Title: Sunset at Parker, Colorado
Description: Picture taken on my
way home from work. One of
those days there was a partial
cloudy sky and the sun had a
beautiful color. 1 tried to prevent
the Sun’s blow out for a clear
mountain and grass view, but as
a beginning photographer-+- |
might need to gain experience.

Fig.2 An example image with its textual description

1.3 Region based search and search results mining

Our annotation algorithm is generally based on
the k-nearest neighbor prediction. The proposed
framework is motivated by the following
observation. If the region representation x;; of
image a; is one neighbor of our query region x,
from image a in the constructed classeme feature

space, the region x;; may share common semantics

with the query region x,. Moreover, the closer x;;
is to the query region z, in the feature space, the
more likely x; contains the labels of the shared
semantics. This observation naturally leads to a
k-nearest neighbor search for annotation procedure.

In the search stage, neighbors are retrieved by
using the y* distance in the classeme feature space:

S () — ()t

D s Liyj /) —
(Iu x,]) ; <i)k(xu)+¢k(‘ri'j)

In order to improve the retrieval efficiency, as

(2

in Ref. [19], we first employ the Multi-Index
algorithm to index database images and retrieve the
top 50 000 images as candidate results for the
query image. And then we conduct region-based
search within the set of resulting images. After
obtaining nearest neighbors for each query region,
we adopt Search Result Clustering (SRC)™ as our
search result mining algorithm to generate
candidate annotations for this region. The SRC
algorithm is an effective clustering technique which
can generate clusters with highly readable names.
And distinct from other clustering approaches, it
clusters documents by ranking salient phrases. It
is worth noting that, due to the lack of region-level
annotations, SRC is performed on the image-level
textual information of the nearest neighbor
regions. This simple operation will inevitably
introduce some noises due to the mismatching
between the image-level description and the
regions’ semantic meaning. However, this is a
compromising solution given that there are not
enough labeled regions and we leave this problem
to our future study. After obtaining textual
clustering results for each query region, we
calculate a relevant score for each cluster based on
the average member score criterion which has been
proven effective in Ref. [5]. The average similarity
of the members to the corresponding query region
is computed for each cluster. Finally, the image
annotation is generated by merging and ranking the
clusters for all the query regions according to their
relevant scores.

To summarize, the proposed auto-annotation
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for a test image is processed in five steps:

@ Query image I is partitioned into stable
segments X. Regions that are too small are discarded.

@ Multiple types of visual features are
computed for each image region.

@ For each z, € X, we apply the learned
classeme classifiers x, = [ (x,) = [ ¢ (2,0, *+s
$c(x,) ] to compute its classeme feature vector.

@ The k-nearest neighbors NC D of f(x,)
are retrieved and then used to generate candidate
annotation keywords for this query region.

® Post-processing is employed to merge and
rank the candidate annotation keywords for all the

query regions to obtain the final image annotations.

2 Experiments

2.1 Dataset

In our experiments, two query datasets are
used to evaluate our annotation performance. The
first one is 150 Google images of 15 categories
selected in the same way as Ref. [5]. The second
one is U. Washington dataset (UW) which is a
content-based image retrieval database and has
been widely used in CBIR and SBIA. Images in
this dataset have about five manually labeled
And for

many images, not all objects are annotated. In our

ground truth annotations on average.

evaluation, we stick to the UW ground truth which
means Synonyms Or correct annotations that do not
appear in UW annotations are treated as incorrect.
2.2 Evaluation criterion

Since no ground truth is available for our crawled
Google images, we simply asked the labelers to judge a
suggested annotation as positive or not, based on
which the annotation precision was evaluated for this
query set. Ten volunteers were involved in the
evaluation and each of them evaluated all the results.
An annotation was assumed as positive only if seven

out of ten labelers marked it positive.

1 correct(I;)
| J, | %4 automatic(I;)
€,

&)

Precision@ m =

where m is the number of returned top-ranked

image annotations, J, represents the image query

set. The correct (I;) is the number of correctly
annotated words for the query image I;, and
automatic ( I;) is the number of automatically
For the 1109

images in UW, we introduce the recall to measure

annotated words for image I..

the annotation performance as well.

1 correct(I;)
| J, | &= groundtruth(I)

Recall @m = 4)

where groundtruth(I;) is the number of the given
ground truth annotations for the testing image I,.
2.3 Results

In the evaluation, another two SBIA methods
are conducted to compare with our approach based
on the Google dataset. The first one (AS) is the
approach adopted in Ref. [5] and the second one
(RF) utilized the random forest based on multiple
features for image annotation®!. Fig. 3 shows the
experimental results where P@1, P@ 3 and the
overall precision (i. e. all the annotation results

were included in evaluation) were measured.

0.65
0.60
0.55
0.50
0.45
0.40
0.35
0.30
0.25
0.20

EAS
mRF
= Qur

precision

Overall Top3 Topl

Fig. 3 Annotation precision of different approaches

From the results, we can derive the following
observations:

(I ) RF and our approach have a great
improvement compared with AS, which demonstrates
the effectiveness of supervised learning and multiple
feature fusion for image semantic representation.

(Il ) Compared with DF, our approach can
still obtain a remarkable gain especially when more
which

demonstrates the effectiveness of proposed region-

than one annotation is generated,
level image representation in capturing images’
multi-objects and semantics.

To better understand the effect of the two

components, i. e. classeme learning and region-
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level representation to the final annotation results,

another three comparative experiments were
conducted on the UW dataset, namely “SBIA-
pure” (i. e. the same technique as in Ref. [5]),
“SBIA-region” (i.e. use the same visual feature as
SBIA-pure which is conducted at region-level for
image retrieval ), and “ SBIA-region-classeme ”
which uses the learned classeme features at region-
level for the related image search. Fig. 4 shows the
corresponding experimental results in which both

annotation precision and recall were evaluated.

0.34 4
0.321 —+—S5BIA-region-classme
0.301 =& 5BlA-region
L 028 —+—SBIA-pure
Z 0.26
8 0.24+
=022
0.20 1
0.18 1
0.16 - - - v
2 3 4 5
number of returned annotations
0.204
0.18-
0.164
0.144
5 0.12
B 0.104 —+— SBIA-region-classme
' —=— SBIA-region
0.08 —i— SBIA-pure
0.06
0.04
1 2 3 4 5

number of returned annotations

Fig. 4 Effects of different components

” and

Performance gap between “SBIA-pure’
“SBIA-region” suggests the effectiveness of region-
level image representation in capturing multiple
semantics; whereas the performance gap between
“ SBIA-region ”

indicates the effectiveness of our classeme feature

“ SBIA-region-classeme ” and

learning. From the results, several observations
can be drawn;

(1) The precision of SBIA-region whose
image search is conducted at the region-level has a
considerable improvement compared with the
baseline. Moreover, as the number of returned
annotations increases, the obtained improvements

are more obvious, which demonstrates once again

that the region-based feature is a better representation
in capturing an image’s multiple semantic meanings.

(Il ) Based on the learned classeme feature,
the annotation precision is further improved, which
demonstrates that the human-edited knowledge base is
very useful for object semantic representation.

(Il Compared with the above precision, the
annotation recall is relatively low. This is partially
caused by the incomplete annotations in the ground
truth. In fact, it is well-known that one image is
worth a thousand words, but no one knows which
thousand words should be chosen. Nevertheless,
we can still obtain a remarkable improvement via
our region-level semantic representation model.

We list some exemplar image annotation
results (top 5 are displayed) in Fig. 5 to illustrate
the above problem. This demonstrates that the
real performance of our approach on UW is much
better than that shown in Fig. 4. As the evaluation
did not take the synonyms into consideration and at
the same time the given UW ground truth may
ignore some contents of an image, many
semantically relevant annotations generated by our

approach were treated as incorrect.

Rock _ Tree
Water, lake 05T ity River
= Sunset, clouds Mountain
Island, river City, building
City = Town
Clouds Mountain
Island, boat Water
City Beach
Mountain t = Sunset, clouds
Lake Road, window
Sunset | Tower, castle
Island, lake Boat
Water Bl iy Church
Beach ; T Sky
Clouds o = St Water, falls
Trees Lake
Falls, Blue sky
House, - Beach
Building : River
Road, car Water

Fig.5 Some annotation examples, and the italic words
are those relevant ones not in the ground truth

and treated as incorrect

3 Conclusion

In this paper, we have presented an image

auto-annotation framework by searching semantically
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related regions. To build the database, millions of
images together with rich textual information were
crawled from the Web and segmented into multiple

stable regions for experiments. To reduce the

impact of semantic gap to SBIA. we built a
classeme feature space for similarity measure and
conducted image representation at region-level for
searching. Experimental results demonstrate the

effectiveness and efficiency of our proposed approach.
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