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Abstract. Automatic image annotation methods require a quality training image
dataset. The main problem of current methods is their low effectiveness and
scalability if a large-scale training dataset is used. We proposed a method to obtain annotations for target images based on a novel combination of local and
global features during search stage. We are able to ensure robustness and generalization needed by complex queries and significantly eliminate irrelevant results. We identify objects directly in target images. For each obtained annotation
we estimate the probability of its relevance. We evaluated our method on the
Corel5K corpus.

1. Introduction
Automatic image annotation (AIA) has been studied extensively for several years. Many of
us likely has hundreds to thousands photos and apparently each of us has probably at
least once thought “I would like to show her the photo, but I am unable to find it”. Searching images by content only is an extremely hard and very challenging task for researchers
in the content-based image retrieval (CBIR) field. With the expansion and increasing popularity of digital and mobile phone cameras, we need to search images effectively and exactly more than ever before.
Content based indexing of images is more difficult than for textual documents because they do not contain units like words. Image search is based on using annotations
and semantic tags that are associated with images. However, annotations are entered by
users and their manual creation for a large quantity of images is very time-consuming with
often subjective results. Therefore, for more than a decade, automatic image annotation
has been a most challenging task. Automatic image annotation methods are usually categorized into two categories, namely probabilistic modeling-based methods [2, 3, 5] and
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classification-based methods [4]. The significant drawbacks of the presented “art” models
are their performance and scalability if a large-scale image dataset is used; and/or use of
only global features during search or image classification, respectively. Therefore, in our
method we have focused on addressing these drawbacks.

2. Concept of Proposed Method for Automatic Image Annotation
In our approach [1], we combine global and local features to retrieve the best results. The
combination is more suitable to represent complex scenes and events categories. Global
and local features have limitations describing images and none of them appears to be
powerful enough to represent the large amount and variety of images. Global and local
features provide different kinds of information. They have their own advantages in classifying certain categories. However, they have several complementary strengths and there
are many situations where the automatic image annotation should be judged based on the
combination of global and local features.
We use grid segmentation for extracting the global features and efficient graph-based
segmentation for extracting local features. Compared to existing methods, we are able to
ensure the “robustness” and generalization needed by complex queries. In our method, in
analogy with text documents, the global features represent words extracted from paragraphs of a document with the highest frequency of occurrence and the local features represent keywords extracted from the entire document.
We place great emphasis on performance and have thus tailored our method to use
large-scale image training datasets. To cope with the huge number of extracted features,
we have designed disk-based locality sensitive hashing for indexing and clustering descriptors. We have chosen locality sensitive hashing (LSH) for several reasons. First, it is
not related to any learning corpus, it may be fast, and retrieval performance does not
evolve when modifying the database while this is not true for tree-based methods. Using a
K-Means approach would require updating the visual vocabulary regularly to avoid degraded performance (and to define when to do these updates). Our approach is particularly suitable solution for applications where the image corpus evolves, i.e., our solution provides a good compromise between precision and speed.
We are able to identify objects directly in target images. Our method estimates the
probability that the retrieved similar images (training images) contain the right words for a
given target image. We focus on the way, how people manually annotate images. We prioritize dominant objects and estimate relative importance of words in the training annotations. The estimated probability of words determines degree of accuracy with which the
words describe the visual content of the target image.
Our method (see. Figure 1) consists of two main stages, namely training dataset preprocessing and processing of the target image (query). Dataset pre-processing consists of
image processing (A), local and global features calculation (B) and their indexing and clustering according to similarity (C). Processing of the target image consists of image processing (1), local and global features calculation (2), querying the keypoint store and global
features index (3). After queries are executed, similar images (visual terms) to the target
image are retrieved as result sets (4). Subsequently, the result sets are refined (5). A final
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stage of obtaining annotation is performed and relevance of assigned words is estimated
(6).

Figure 1. Scheme of our method for automatic image annotation.

3. Evaluation and Conclusions
Our evaluation was conducted over the Corel5K corpus. It consists of 5,000 images from 50
Corel Stock Photo CDs and each CD includes 100 images with the same theme. The corpus
is used widely in the automatic image annotation area and includes a variety of subjects,
ranging from urban to nature scenes and from artificial objects to animals. It is divided
into 2 sets: a training set of 4,500 photos and a test set of 500 photos. Each photo is associated with 1-5 keywords. We evaluate our method using 500 images from the Corel5K test
set. The annotation problem can be understood as the problem of retrieving an image from
the test set using words from the test vocabulary. To evaluate the annotation performance,
we use the precision and recall metrics. Let A be the number of images automatically annotated with a given word, B the number of images correctly annotated with that word. C
is the number of images having that word in the manual annotation.
We calculate the mean precisions and recalls for a given query set. There are overall
260 words in the test set but not all of them can be predicted by the annotation system. A
word is predictable if its average recall is greater than 0. Our method is able to predict 92
words with 0.26 mean per-word precision and 0.35 mean per-word recall. We compare our
method with the Translation model [3] and the Co-occurrence model [5]. The number of
queries, which retrieve at least one relevant image, is dependent on the annotation models
– the Translation model has 49 with 0.20 mean precision and 0.34 mean recall and the Cooccurrence model has 19 with 0.21 mean precision and 0.39 mean recall.
The local features are very successful for problems involving retrieval of target objects (objects of interest). They exhibit very good robustness to moderate scaling, brightness changes and “in-plane” rotation. The global features capture the entire information of
an image (e.g. texture, color). Both have advantages and drawbacks, the local features are
much more precise than global features and their discrimination ability is relatively high.
When looking for a target object, this ability is welcome, however, when looking for a general category (e.g. find all yellow Ferrari), it may cause restrictions. A method for automat-
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ic image annotation should be able to ensure both the requirements, namely, robustness
and generalization and it was one of our goals. Via the combination of global and local
features, we achieved the required robustness for effective automatic annotation.
Because we use a combination of local and global features, our approach is relatively
resistant to common transforms (cropping, scaling). Traditional approaches based on global features cannot cope with. A potential drawback of using local features is that we need
to store and index a huge number of extracted features and there is a need to query hundreds to thousands of features which could be slow. This “side-effect” often causes performance issues (e.g. approaches based on k Nearest Neighbors search) and it limits using
large-scale image (training) datasets. For this problem, we employed efficient solution
through locality sensitive hashing which is based on the idea that similar objects are stored
to the same bucket. Our solution provides a good compromise between precision and
speed; it allows random access to stored data (in sub-linear time); and index is generated
dynamically. We have adopted the distributed database management system Cassandra,
which was specially designed for storing the huge number of data. For efficient access to
extracted data, we have designed data layouts for using with LSH.
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