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Abstract. DOGI (Dog OntoloGy Image annotator) is a complete and
fully automated semantic annotation system for images of dog breeds.
Annotation relies on feature extraction and on associating low-level features with image concepts in an ontology. Because general purpose ontologies for all image types are not yet available, we choose the problem
of annotating images of dog breeds as a case study and for the evaluation
of our methodology. Nevertheless, DOGI can be adapted to more image
types provided that an ontology for a new image domain becomes available. Therefore, DOGI oﬀers an ideal test-bed for experimentation and
sets the grounds for the annotation and evaluation of virtually any image type. Evaluation results are realized using images collected from the
Web. Almost 95% of the test images is correctly annotated (i.e., DOGI
identiﬁed their class correctly). DOGI is accessible on the Internet.
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Introduction

Image annotation (or tagging) is the task of assigning a class (i.e., a label) or
description to an unknown (query) image [1]. Typically, image annotations are
compact consisting of a few meaningful words of phrases summarizing image
contents. Annotations can be assigned to images manually or can be extracted
automatically by computers. Although humans tend to provide more comprehensive image descriptions than computers can do, the quality of annotations is
questionable due to the speciﬁcity of image content and subjectivity of image
content interpretations. In addition, the process is slow and costly and, does not
scale-up easily for the entire range of image types or for large data collections,
such as the Web [2]. Overcoming problems of subjectivity, cost and scalability
calls for automatic image annotation. Automatic annotation by computers relies
on automatic feature extraction from images (e.g., color, texture measurements
⋆
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etc.) and on associating image features with high level concepts in an ontology
[3], to a set of keywords [4] or, to any combination of concepts, keywords and
sentences [5]. A popular approach relates to extracting image annotations from
text. This approach is particularly useful in multimedia collections or the Web,
where images co-exist with text. For example, images on the Web are described
by surrounding text or attributes associated with images in html tags (e.g., ﬁlename, caption, alternate text etc.). Google Image Search1 is an example system
of this category.
Automatic annotations can be fast and cheap but, compared to annotations
by humans, they can be less accurate, as general purpose image analysis algorithms for extracting meaningful and reliable descriptions for all image types
are not yet available. An additional problem relates to imprecise mapping of
image features to high level concepts, typically referred to as the“semantic gap
problem [6]. To handle issues of domain dependence, diversity of image content
and achieve high quality results, automatic image annotation methods need to
be geared towards speciﬁc image types.
Li and Wang [4] show that a computer can learn (from a large set of example
images) to annotate images in real-time. They apply statistical modeling and optimization methods for establishing probabilistic relations between images and
keywords. Schreiber et.al. [7] introduced an animal ontology providing a description template for annotation. Their solution is not fully automatic, it is in fact a
tool for assisting manual annotations to images of animals and aims primarily at
alleviating the burden of human annotators. Park et. al. [8] use MPEG-7 visual
descriptors in conjunction with domain ontologies. Annotation in this case is
achieved using inference rules. Along the same lines, Mezaris et.al. [9] focus on
object ontologies (i.e., ontologies deﬁned for image regions or objects). Visual
features of segmented regions are mapped to human-readable descriptor values
(e.g., “small”, “black” etc.). Lacking semantics, the above descriptors can’t be
easily associated with high-level ontology concepts. Also, the performance of the
method is constraint by the performance of image segmentation. SIA [5] follows
the ontology approach too: high-level concepts (dog breeds) together with lowlevel image features are organized in a generalization (IS A) hierarchy and are
associated with concept descriptions, natural language (text) descriptions, and
low-level image features.
DOGI builds-upon our previous work for SIA [5] where the core ideas are
discussed. It is a fully functional image annotation system which, in addition,
extends SIA methodology in the following ways: DOGI incorporates a more
elaborate ontology of 40 dog breeds (30 in SIA) which is enhanced with more
image information and textual descriptors. All possible associations between
classes and associations between image classes and class properties (e.g., partof, functional associations) are depicted. To deal with the diversity of image
content on the Web and handle uncertainty due to variations in lighting, noise,
scaling and posing, each class is represented by a suﬃcient number (i.e., 9) of
image instances (6 in SIA).
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Class descriptions are complemented by an enhanced set of low-level features extracted from the image instances of the class. Images of dog breeds are
mainly characterized by the spatial distribution of color intensities. These representations are computed in terms of descriptors of color and texture (such
as those implemented in LIRE2 ) and may be augmented with more descriptors
(e.g., features of shape and image structure will be added in future implementations). Feature selection for computing the relative importance of features is
implemented by machine learning. Nevertheless, the focus of this work is not on
novel image feature extraction but on showing how to enhance the accuracy of
automatic annotation for a given and well established set of image features.
Annotation is modeled as an image retrieval process: the unknown (query)
image is compared with images in the ontology (whose class descriptions are
known). DOGI incorporates more elaborate criteria for computing the likelihood of the query image to belong to each one of the candidate classes yielding
an improvement of the overall annotation accuracy from 89% in SIA, to 95%.
Evaluation results of the method are realized on images of 40 dog breeds (30 in
SIA) collected from the Web. Finally, DOGI annotations are stored in the exif3
meta-data tag of the annotated image. Overall, DOGI is a fully automatic image
annotation system for images of dog breeds and is available on the Web4 .
DOGI is discussed in detail in Sec. 2. The discussion includes DOGI resources
and processes in detail, namely the ontology, image analysis, image similarity
and image annotation. Evaluation results are presented in Sec. 3 and the work
is concluded in Sec. 4.

DOGI System

2

DOGI provides a graphical user interface for loading and displaying images
and their properties, for loading and viewing ontologies and annotation results.
The user can also select annotation method (a feature useful for evaluating the
performance of the 4 competing methods implemented and discussed in Sec. 2.3)
and subsequently, save the result in MPEG-7 format in the images’ exif metadata header. Fig. 1 illustrates DOGI interface.
Because an image may contain several regions, a user may select a region of
interest (e.g., by manually dragging a rectangle around the region surrounding
the dog’s head) or, let the system apply feature extraction and annotation on
the entire image.
2.1

DOGI Ontology

Information about 40 classes of dog breeds is organized in an ontology [5,10]. The
ontology consists of an IS A (generalization) hierarchy of dog breeds together
with the “traits hierarchy” holding properties of dog breeds (e.g., coat color, fur,
2
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Fig. 1: DOGI Graphical User Interface.
size, personality, country of origin). The traits hierarchy is also enriched with
textual information (from Wordnet5 and Wikipedia6 ). The leaf classes in the
hierarchy correspond to the diﬀerent semantic categories of the ontology (i.e.,
40 dog breeds). To deal with the diversity of image content on the Web and
handle uncertainty due to variations in lighting, noise, scaling and posing, each
class is represented by 9 image instances (i.e., 6 in SIA). Therefore, the ontology
stores 360 images total (i.e., 40 classes with 9 instances each) together with their
representations.

Fig. 2: DOGI Ontology.
The image content representation of a class comprises of the representation
of each of its 9 instances. In turn, this is computed as a vector of 12 image descriptors (7 in SIA). DOGI incorporates the following set of 10 LIRE7 features
with the addition of Color Structure Descriptor (CSD) and Fuzzy-Color Tex5
6
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ture Histogram Descriptor (FCTHD): Color Layout Descriptor (CLD), Scalable
Color Descriptor (SCD), Auto-Corellogram Descriptor (ACD), Fuzzy-Color Histogram Descriptor (FCHD), Simple-Color Histogram Descriptor (SCHD), Gabor
Descriptor (GD), Tamura Descriptor (TD), Edge Histogram Descriptor (EHD),
Color-Edge Directivity Descriptor (CEDD) and Joint CEDD-FCTH Descriptor(JD).
Object properties connect instances of the leaf classes with features in the
traits hierarchy. Each class is characterized by it’s own property values (e.g., a
border collie has country of origin “Scotland”, main color “black and white”)
and, in addition, each one of its 9 instances is associated with the values of its 12
image features in the traits hierarchy. The ontology is constructed using Protégé 8
in OWL. Protégé OWL-API was used for implementing the links between OWL
properties and the image instances of a class. Fig. 2 illustrates a snapshot of the
ontology with two instances (i.e., “saint-bernard” and “harrier”). Not all classes
and image properties are shown.
2.2

Image Annotation Methodology

Image annotation is modeled as a retrieval process. The query image is compared
with the 360 images in the ontology. The output consists of the same 360 images
ordered by similarity. Image similarity between a query (Q) and an image (I) is
computed as a weighted sum of similarities between their corresponding feature
vectors
12
∑
D(Q, I) =
(1)
wi (1 − di (Q, I)),
i=1

where i indexes features from 1 through 12, di (Q, I) is the distance between the
two images for feature i and wi represents the relative importance of feature i.
All distances di (A, B) are normalized in [0, 1] by Gaussian normalization. The
advantage of Gaussian normalization is that the presence of a few large or small
values does not bias the importance of a feature in computing the similarity.
Not all features are equally important. Appropriate weights for all features
are computed by a decision tree: the training set consists of 3,474 image pairs
collected from the Web (1584 pairs of similar images and 1890 pairs of dissimilar
images). For each image pair, a 12-dimensional feature vector is formed. The
attributes of this vector are computed as the Gaussian normalized feature distances. The decision tree accepts pairs of images and classiﬁes them into similar
or not. The decision tree was pruned with conﬁdence value 0.25 and achieved
85.15% classiﬁcation accuracy. Notice that, weights can take 0 values (i.e., their
respective features are ignored). The evaluation method is stratiﬁed cross validation. Appropriate weights are computed from the decision tree as follows:
wi =

∑
nodes of f eature

8

maxdepth + 1 − depth(f eaturei )
,
∑all nodes
maxdepth + 1 − depth(nodej )
j=1
i
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(2)
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where i indexes features from 1 through 12, j indexes tree nodes (nodej is the
j-th node of the decision tree), depth(f eaturei ) is the depth of feature i and
maxdepth is the maximum depth of the decision tree. The summation is taken
over all nodes of feature i (there may exist more than one node with feature i in
the tree). This formula suggests that the higher a feature is in the decision tree
and the more frequently it appears, the higher its weight will be.
2.3

Image Annotation Criteria

The input image is compared with the 360 ontology images (40 classes with 9
instances each) by applying Eq. 1. The answer is sorted by decreasing similarity.
The class description of the input image can be computed by any of the following
methods (the ﬁrst 4 of them are also from [5]). The query image inherits the
properties of its classes higher in the hierarchy.
Best Match: Selects the class of the most similar instance.
Max Occurrence: Selects the class that has the maximum number of instances
in the ﬁrst n answers (in this work n is set to 20). If more than one classes
have the same number of instances within the ﬁrst n answers, then Best
Match is applied to choose between them.
Average Retrieval Rank (AVR): Selects the description of the class with
the highest AVR. Assuming that there are N G(q) images having the same
class with the input image q (i.e., 9 in this work) and rank(i) is the rank of
the i-th ground truth image in the results list, AVR is computed as:
∑ rank(i)
N G(q)
i=1

N G(q)

AV R(q) =

(3)

Max Similarity: The query is compared with all the N G(q) (i.e., 9) image
instances of each category and their similarities are added. The method
selects the category with the maximum similarity score.

3

Experimental Evaluation

The purpose of the following experiment is to demonstrate the annotation efﬁciency of DOGI . For the evaluation, 40 test (unknown) images are used as
queries. Fig. 3 illustrates that the Max Similarity method has recognized the
class of the query image of Fig. 1 correctly with conﬁdence 95.41%. Fig. 4 illustrates the annotation assigned to the query image.
Table 1 illustrates the accuracy of the Best Match, Max. Occurrence, AVR
and Maximum Similarity methods of Sec. 2.3. All measurements are average
over 40 test images. The image ranked ﬁrst has always higher probability of
being annotated correct. However, there are cases where the correct annotation is
provided by the image ranked second or third. Maximum Similarity outperforms
all other methods followed by AVR (the best method in [5]): the image ranked
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Fig. 3: Annotation results for the query image of Fig. 1.

Fig. 4: Annotation assigned to the example image of Fig. 1.
ﬁrst is correctly annotated in 72.5% of the images tested. Overall, the correct
annotation is provided by any of the top 3 ranked images in 95% of the images
tested.

4

Conclusion

We introduce the DOGI annotation framework for images of dog breeds. It is
easily extendible to images of more categories provided that an ontology of such
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Annotation Result Max Similarity AVR Ma. Occurrence Best Match
Ranked 1st

72.5%

62.5 %

65.0%

50.0%

Ranked 2

nd

17.5%

22.5 %

15.0%

10%

Ranked 3

rd

5.0 %

10.0 %

10.0%

10%

95.0 %
92.5 %
90.0 %
Table 1: Performance of Annotation.

90%

Overall: 1-3 answers

images is given. This is an interesting subject for future research. Enhancing the
ontology with features of shape and image structure are also issues for future
work. DOGI demonstrated certain performance improvements over our previous
work [5] for more (i.e., 40) image categories (30 in SIA). Additional experiments
[10] demonstrate that the performance of DOGI and the number of image categories are clearly traded-oﬀ, implying that the performance of annotation can
be improved further by reducing the number of image categories from 40 (in this
work) to 20 or 10.
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