A Metadatabase System for Semantic Image Search by a Mathematical Model of Meaning

Yasushi Kiyoki, Takashi Kitagawa and Takanari Hayama

Institute of Information Sciences and Electronics University of Tsukuba Tsukuba 305 Japan

phone: 81-298-53-5349, fax: 81-298-53-5206 e-mail: fkiyoki,takashi,takig@is.tsukuba.ac.jp

Abstract

In the design of multimedia database systems, one of the most important issues is to extract images dynamically according to the user’s impression and the image’s contents. In this paper, we present a metadatabase system which realizes the semantic associative search for images by giving keywords representing the user’s impression and the image’s contents.

This metadatabase system provides several functions for performing the semantic associative search for images by using the metadata representing the features of images. These functions are realized by using our proposed mathematical model of meaning. The mathematical model of meaning is extended to compute specific meanings of keywords which are used for retrieving images unambiguously and dynamically. The main feature of this model is that the semantic associative search is performed in the orthogonal semantic space. This space is created for dynamically computing semantic equivalence or similarity between the metadata items of the images and keywords.

1 Introduction

In recent years, the design and implementation of metadatabase systems is one of the key issues in the field of multimedia database research. In the design of the metadata for images, the important issues are how to define and represent the metadata items of images and how to extract images dynamically according to the user’s impression and the image’s contents.

There are many approaches to image retrieval. Two major approaches are direct retrieval using partial pattern matching and indirect retrieval using abstract information of images. We use the latter approach for extracting images.

In this paper, we present a new method and a metadatabase system for extracting appropriate images according to the user’s impression and the image’s contents. In this method, the images are selected by using our proposed mathematical model of meaning[4, 5] which realizes the semantic associative search. The semantic interoperability for multidatabases is the important issue in the research field of multidatabase systems[1, 10, 11]. This model has been applied to support the semantic interoperability for multidatabase environments[5]. In this paper, the mathematical model of meaning is extended as a fundamental framework for representing the metadata and extracting images.

The mathematical model of meaning is a new model for realizing the semantic associative search and extracting information by giving a keyword and its context words which explain the context of the keyword. This model can be applied to extract images by giving the keyword and its context words which represent the impression and contents of the images.

The extended mathematical model of meaning consists of:

1) A set of m words is given, and each word is characterized by n features. That is, m by n matrix is given as the data matrix.

2) The correlation matrix with respect to the n features is constructed. Then, the eigenvalue decomposition of the correlation matrix is computed and the eigenvectors are normalized. The orthogonal semantic space is created as the span of the eigenvectors which correspond to nonzero eigenvalues.

3) Images and keywords are characterized by using the specific features(words) and representing them as vectors.

4) The images and keywords are mapped into the orthogonal semantic space by computing the Fourier expansion for the vectors.

5) A set of all the projections from the orthogonal semantic space to the invariant subspaces (eigen spaces) is defined. Each subspace represents a phase of meaning, and it corresponds to a context or situation.

6) A subspace of the orthogonal semantic space is selected according to the user’s impression or the image’s content, which is given as a context represented by a sequence of words.

7) The closest image to the keyword in the user’s impression and the image’s contents is extracted in the selected subspace.

Several information retrieval methods, which use the orthogonal space created by mathematical procedures like SVD (Singular Value Decomposition), have been proposed. Our model is essentially different from those methods using the SVD (e.g. the Latent Semantic Indexing (LSI) method [3]). The essential difference is that our model provides the important function for semantic projections which realizes the dynamic recognition of the context. That is, in our model, the context-dependent interpretation is dynamically performed for computing the distance between words and images by selecting a subspace from the entire orthogonal semantic space. In our model, the number of phases of the contexts is almost infinite (currently 2^{800}, approximately). Other methods do not provide the context dependent interpretation for computing equivalence and similarity in the orthogonal space, that is, the phase of meaning is fixed and static.

We present three methods for representing the metadata items for images which are mapped into the orthogonal semantic space. Furthermore, we present basic functions which extract the appropriate images from the orthogonal semantic space.

2 Metadatabase System

2.1 The overview of the metadatabase system

The metadatabase system selects appropriate images for requests of database users by using metadata items and basic functions. This system consists of the following subsystems:

(1) Image Selection Subsystem: This subsystem supports the facilities for selecting appropriate images by using the extended mathematical model of meaning. Three methods are provided for representing the metadata items for images.

(2) Metadatabase Management Subsystem: This subsystem supports the facilities for keeping metadata consistent in the orthogonal semantic space.

(3) Metadata Acquisition Subsystem: This subsystem supports the facilities for acquiring metadata from the database storing the source images.

2.2 Basic functions and metadata for images

The metadatabase system is used to extract image data items corresponding to the words which represent the user’s impression and image’s contents. Each metadata item of images are mapped in the orthonormal semantic space. This space is referred to as “orthogonal metadata space” or “metadata space.” The mathematical model of meaning is used to create the orthogonal metadata space. The mathematical model of meaning gives the machinery for extracting the associated information to the keyword according to the context which explains the keyword.

In extracting images, context words that represent the user’s impression and the image’s contents are given as the context. According to these context words, a semantic subspace is selected dynamically. Then, the keyword is given and the closest image to the keyword is extracted in the semantic subspace.

Metadata items are classified into three different kinds. The first kind of data items are used for the creation of the orthogonal metadata space, which is used as a search space for semantic image retrieval. These data items are referred to as “data-item for space creation.”

The second kind of metadata items are used as the metadata items of the images, which are the candidates for semantic image retrieval. These metadata items are referred to as “metadata for images.”

The third kind of metadata items are used as the keywords and context words, which represent user’s imagination and impression in image retrieval. These metadata items are referred to as “metadata for keywords.”

The basic functions and metadata structures are summarized as follows:

1. Creation of metadata space:

To provide the function of semantic associative search, basic information on m data items (“dataitems for space creation”) is given in the form of a matrix. Each data item is provided as fragmentary metadata which is independently represented one another. No relationship between data items is needed to be described. The information of each data item is represented by its features. The m basic data items is given in the form of an m by n matrix M. For given m basic data items, each data item is characterized by n features. By using this matrix M, the orthogonal space is computed as the metadata space MDS.

2. Representation of image data items in ndimensional vectors Each of the image data items is represented in the n-dimensional vector whose elements correspond to n features used in 1. These vectors are used as “metadata for images”. The image data items become the candidates for the semantic associate search in this model. Furthermore, each of the keywords and context words, which are used to represent the user’s impression and the image’s contents in semantic image retrieval, is also represented in the n-dimensional vector. These vectors are used as “metadata for keywords.”

3. Mapping data items into the metadata space MDS. Metadata items (data-items for space creation, metadata for images and metadata for keywords) which are represented in n-dimensional vectors are mapped into the orthogonal metadata space. Those data items are used as keywords, context words, and target image data items which are extracted according to users’ requests.

4. Semantic associative search

When a keyword and a sequence of context words which determine the user’s impression and the image’s contents are given, the corresponding metadata for images is extracted from a set of metadata items for images in the metadata space.

2.3 Creation methods of metadata for images

We present three methods for creating metadata for images. In these methods, the metadata is represented as an n-dimensional vector.

2.3.1 Method-1

Each image data item is explained by using the n features of the data matrix M as the metadata of the image. In this explanation, the impression of the image is represented by using these features. Then, each image data item is represented as an n-dimensional vector in which the non-zero value is assigned to the corresponding elements of the vector to these features.

The image P is explained and defined by using some of the words which are used in n features. Then, the image is represented as an n-dimensional vector.

P = (w_{i1}, w_{i2}, . . . , w_{in}). (1) Each metadata item is mapped into the metadata space by computing Fourier expansion for the vector corresponding to the image data item itself.

2.3.2 Method-2

The image P consists of t objects o_1, o_2, . . ., o_t, where each object is defined as a t dimensional vector:

o_i = (o_{i1}, o_{i2}, . . . , o_{it}), (2)

which is characterized by t specific features.

Namely, we define the image P as the collection of t objects which appear in the image.

P = {o_1, o_2, . . . , o_t}. (3)

Moreover, we define the operator union ⨁ of objects o_1, o_2, . . . , o_t, to represent the metadata for the image P as a vector as follows: t⨁ i=1 o_i ≡ (sign(o_{ℓ11}) max_{1≤i≤t} |o_{i1}|, sign(o_{ℓ22}) max_{1≤i≤t} |o_{i2}|, . . . , sign(o_{ℓnt}) max_{1≤i≤t} |o_{it}|), (4) where sign(a) represents the sign (plus or minus) of “a” and ℓ_k, k = 1, . . ., t, represents the index which gives the maximum, that is: max 1≤i≤t |o_{ik}| = |o_{ℓkk}|. (5) 2.3.3 Method-3

In this method, the metadata for images is automatically created by using the image data items themselves. This method is implemented by using image processing facilities which are studied in the field of image processing. That is, this method is based on using the media-dependent metadata.

If we consider the case that the impression which we obtain from an image can be estimated from the elements composing the image, we can derive the following formula: P = N∑ i=1 a_iI_i, (6)

where P is an impression vector of an image itself, N is a number of elements composing the image, a_i is some kind of coefficient for element i in the image, and I_i is an impression vector of the element i. Each impression vector is expressed as follows:

I_j = (w_{j1} , w_{j2} , ..., w_{jm}), (7) where w_{ji} is a word expressing an impression, and m is the number of features for expressing the impression. The actual value of w_{ji} is the weight of that word.

In this method, we consider the case that the colors used in the image can derive the impression of the image, that is, the color is the dominant factor which decides the impression of the image[2, 7]. Images and colors are described by expression words such as ’warm’, ’bright’ and so on.

The coefficient a_i of the formula is the percentage of the region of specific color, and I_i is the impression vector of that color, that is, its elements correspond to colors. The impression vector of the image P , that is, the metadata for the image, can be expressed as follows: P = (c_{p1} , c_{p2} , ..., c_{pm}), (8) where c_{pi} is a color used on the image. Actual value of c_{pi} is the weight of that color in the image. In the case that only the area size of each color is considered, c_{pi} should be calculated by the following formula: c_{pi} = k A_{cpi} A , (9)

where k is a constant value, A_{ci} is the unit area of a color c_i, and A is the unit area of the whole image. Note that c_i must be within [0, 1]. Similarly, the word w_i, metadata for a keyword, is expressed as follows:

w_i = (c_1, c_2, ..., c_m). (10)

As the result, the distance between images and words can be measured.

We use the Munsell color system to express colors, which is much more familiar to the human sense than that of CIE such as XYZ color system or RGB color system. The correspondence of names of colors and actual color in the Munsell color system is defined by ISCC^1 and NIST^2. The names of colors defined in this standard are used as the features.

We can use the results of psychological experiments, as many word association tests have been done on the relation between colors and psychological effects, e.g. showing a single color and asking the reminded words. According to the results, there seems to be an association between words and colors. For instance, from the color ’strong orange’ (e.g. 5YR7/14), the word ’warm’ is likely to be associated with it. Naturally, the association between colors and words is not oneto-one correspondence, but many-to-many.

1Inter-Society Color Council.

2National Institute of Standards and Technology.

3 Creation of a Metadata Space and Basic Functions

In this section, we introduce a creation method of a metadata space for systematically storing fragmentary metadata and implementing the semantic associative search for images. The overview of the creation of a metadata space and semantic search for metadata items is shown.

3.1 Creation of a metadata space

The semantic associative search for images is realized by extending the mathematical model of meaning [4, 5] which we have proposed. For the data items for space creation, a data matrix M is created. When m data items for space creation are given, each data item is characterized by n features (f_1, f_2, · · ·, f_n). For given d_i(i = 1, · · ·, m), the data matrix M is defined as the m × n matrix whose i-th row is d_i. Then, each column of the matrix is normalized by the 2-norm in order to create the matrix M.

Figure 1 shows the matrix M. That is M = (d_1, d_2, d_3, · · · , d_n)^T .

f_1 f_2 · · · f_n d_1 →

d_2 → . . d_m → M

Figure 1: Representation of metadata items by matrix M

1. The correlation matrix M^T M of M is computed, where M^T represents the transpose of M .

2. The eigenvalue decomposition of M^T M is computed.

M^T M = Q λ_1 .. . λ_{ν 0.} ·_0 Q^T ,

0 ≤ ν ≤ n. The orthogonal matrix Q is defined by

Q = (q_1, q_2, · · ·, q_n)^T ,

where q_i’s are the normalized eigenvectors of M^T M . We call the eigenvectors ”semantic elements” hereafter. Here, all the eigenvalues are real and all the eigenvectors are mutually orthogonal because the matrix M^T M is symmetric.

3. Defining the metadata space MDS. MDS := span(q_1, q_2, · · ·, q_ν ), which is a linear space generated by linear combinations of {q_1, · · · , q_ν }. We note that {q_1, · · ·, q_ν } is an orthonormal basis of MDS.

3.2 The set of the semantic projections �_˚

The projection P_{λi} is defined as follows: P_{λi}^d⇐⇒ Projection to the eigenspace corresponding to the eigenvalue λ_i, i.e. P_{λi} : MDS → span(q_i). The set of the semantic projections Π_ν is defined as follows:

Π_ν := { 0 , P_{λ1}, P_{λ2}, · · · , P_{λν} , P_{λ1} + P_{λ2} , P_{λ1} + P_{λ3} , · · · , P_{λν}�_1 + P_{λν} , . . P_{λ1} + P_{λ2} + · · · + P_{λν} }.

The number of the elements of Π_ν is 2^ν , and accordingly it implies that 2^ν different phases of meaning can be expressed by this formulation. 3.3 Semantic operator

The correlations between each context word and each semantic element are computed by this process. The context word is used to represent the user’s impression and the image’s contents for images to be extracted. A sequence s_ℓ = (u_1, u_2, · · · , u_ℓ) of ℓ context words and a positive real number 0 < ε_s < 1 are given, the semantic operator S_p constitutes a semantic projection P_{εs} (s_ℓ), according to the context. That is, S_p : T_ℓ −→ Π_ν where T_ℓ is the set of sequences of ℓ words and T_ℓ ∋ s_ℓ, Π_ν ∋ P_{εs} (s_ℓ). Note that the set {u_1, u_2, · · · , u_ℓ} must be a subset of the words defined in the matrix M. The constitution of the operator S_p consists of the following processes:

1. Fourier expansion of u_i(i = 1, 2, · · ·, ℓ).

The inner product of u_i and q_j u_{ij} is computed, i.e. u_{ij} := (u_i, q_j) , for j = 1, 2, · · ·, ν.

We define ^u_i ∈ I as ^u_i := (u_{i1}, u_{i2}, · · · , u_{iν}). This is the mapping of the context word u_i to the metadata space MDS.

2. Computing the semantic center G^+(s_ℓ) of the sequence s_ℓ.

G^+(s_ℓ) := (∑_ℓ i=1 u_{i1}, · · · , ∑_ℓ i=1 u_{iν} ) ‖ (∑_ℓ i=1 u_{i1}, · · · , ∑_ℓ i=1 u_{iν} ) ‖_∞ ,

where ‖ · ‖_∞ denotes infinity norm.

3. Determining the semantic projection P_{εs} (s_ℓ).

P_{εs} (s_ℓ) := ∑ i∈Λε_s P_{λi} ∈ Π_ν ,

where Λ_{εs} := { i | | (G^+(s_ℓ))_i | > ε_s}.

3.4 Dynamic metric

A dynamic metric ρ (x, y; s_ℓ) for x, y ∈ MDS is introduced to compute the similarity between keyword and metadata items for images. This metric changes dynamically depending on the context. This metric is designed in order that the model faithfully reflects the change of the context. The metric ρ (x, y; s_ℓ) is defined as follows:

ρ (x, y; s_ℓ) = √ ∑ j∈Λ_{εs} {c_j(s_ℓ) (x_j − y_j )}^2,

where the weight c_j(s_ℓ) is given by

c_j (s_ℓ) := ∑_ℓ i=1 u_{ij} ‖ (∑_ℓ i=1 u_{i1}, · · · , ∑_ℓ i=1 u_{iν} ) ‖_∞ ,

j ∈ Λ_{εs} . 4 Semantic Associative Search for Metadata for Images

The proposed system realizes the semantic associative search for metadata items for images.

The basic function of the semantic associative search is provided for context-dependent interpretation. This function performs the selection of the semantic subspace from the metadata space. When a sequence s_ℓ of the context words for determining a context are given to the system, the selection of the semantic subspace is performed. This selection corresponds to the recognition of the context, which is defined by the given context words. The selected semantic subspace corresponds to a given context. And then, when a keyword for the semantic associative search is given with the semantic subspace, the metadata items for images with the closest meaning to the keyword in the selected semantic subspace are extracted from the specified image data item set W. By using the dynamic metric defined in Section 3, the function finds the image data item with the equivalent or closest meaning to the given keyword in the selected semantic subspace. This semantic associative search is performed by the following procedure:

1. When a sequence s_ℓ of the context words for determining a context(the user’s impression and the image’s contents) are given, the Fourier expansion is computed for each context word, and the Fourier coefficients of these words with respect to each semantic element are obtained. This corresponds to seeking the correlation between each context word and each semantic element.

2. The values of the Fourier coefficients for each semantic element are summed up to find the correlation between the given context words and each semantic element.

3. If the sum obtained in the step 2 in terms of each semantic element is greater than a given threshold ε_s, the semantic element is employed to form the semantic subspace P_{εs} (s_ℓ)MDS. This corresponds to recognizing the context which is determined by the given context words.

4. The Fourier expansion of the given keyword is executed and the Fourier coefficients are computed with respect to each semantic element involved in the selected semantic subspace. This corresponds to seeking the correlation between the given keyword and each semantic element of the semantic subspace.

5. The metadata item for the image with the closest meaning to the given keyword is selected among the candidate metadata items for images in W in the selected semantic subspace. This corresponds to finding the image with the closest meaning of the given keyword from W in the given context.

5 Implementation for the Metadata Space Creation

To clarify the feasibility of the semantic associative search for images in the metadatabase system, the metadata space for the Methods-1 and 2 has been actually created. To create the metadata space, we have used “General Basic English Dictionary [9]” in which 850 basic words are used to explain each English definition. Those 850 basic words are used as features, that is, they are used for characterizing fragmentary metadata as the features corresponding to the columns in the matrix M. Two thousand data items are used as fragmentary “data items for space creation” to create a metadata spaceMDS . Those data items are used as the basic words in the English dictionary “Longman Dictionary of Contemporary English [8].” Those data items are explained by using the features and correspond to the rows in the matrix M. The procedure for the creation of the metadata space is as follows:

1. Each data item for space creation corresponds to a row of the matrix M. In the setting of a row of the matrix M, each column corresponding to the features which appear in the explanation of the data item is set to the value “1”. If the feature is used as a negative meaning, the column corresponding to it is set to the value “-1”. And, the other columns are set to the value “0”. This process is performed for every data item. And then, each column of the matrix is normalized by the 2-norm to create the matrix M.

2. By using this matrix M, the metadata space is created as described in Section 3. This space represents the semantic space for computing contexts and meanings of the metadata items.

To automatically create the data matrix M from the dictionary, we have implemented several filters which remove unnecessary elements (words), such as articles and pronouns, and transform conjugations and inflections of words to the infinitives. Those elements are removed from the features characterizing each data item. The unnecessary words are not used as features in the data matrix M.

(filter-1) This filter eliminates the unnecessary elements, such as articles and pronouns.

(filter-2) This filter transforms conjugations and inflections to the infinitives.

(filter-3) This filter transforms the large characters to the small ones.

(filter-4) This filter transforms clipped form words to the corresponding original words.

(filter-5) The rows of the matrix M is created for each data item by using the filtered features which characterize the data item.

Each metadata item (metadata item for images, metadata item for keywords) is mapped into the metadata space, by computing Fourier expansion for the n-dimensional vector representing the metadata item itself. These metadata items are defined as fragmentary metadata by using the n features. These metadata items are used as keywords, context words, and candidate image data items for realizing the semantic associative search according to the user’s impression and the image’s contents.

6 Examples of Creating Metadata

6.1 Method-1

We currently have 850 basic words from “General Basic English Dictionary” as the features. To create the metadata as vectors for images by using those 850 words, the creator of metadata looks at an image and checks features that correspond to the image. If the feature corresponds to the image, the value 1.0 is put for that feature. If it does not correspond to the feature, the value 0.0 is put., and if it negates the image, the value −1.0 is put. Although the cost is very expensive, the simplest way is to check for 850 features one by one for each image. A vector is created for each image, and mapped into the metadata space which is created as shown in Section 5.

6.2 Method-2

As the previous method, the same features from “General Basic English Dictionary” are used. This method creates metadata by referring to objects composing the original image. The names of the objects which appear in the image are referred to from “General Basic English Dictionary,” and the explanatory words for each object are used as features, and the value for each feature is calculated by the operator union defined in Section 2.3.2.

6.3 Method-3

This method doesn’t use the features from “General Basic English Dictionary.” The color names defined by ISCC and NBS are used as the features.

The creation of the metadata for images can be done automatically, as the color of the image in the CIE color system can be obtained easily and can be transformed to the Munsell color system. Then, the value for corresponding color is put in the range of 0.0 and 1.0 according to some rule such as the area size of colors. The creation of the metadata can be done automatically.

However, the difficulty of this method is how to correspond the colors with explanatory keywords, that is, how to create the metadata for keywords. To solve this difficulty, the results of psychological experiments can be used, because many word association tests had been done on the relation between colors and psychological effects, e.g. showing a single color and asking for the reminded words.

7 Conclusion

In this paper, we have presented a metadatabase system for extracting image data items according to the user’s impression and the image’s contents. This system provides several functions for performing semantic associative search for images. Those functions are realized by using the extended mathematical model of meaning. This model is used as a basic computational system for extracting appropriate images.

We are currently implementing our proposed metadatabase system to clarify its feasibility and effectiveness. As our future work, we will extend this system for realizing a multimedia metadatabase environment. The system will support multimedia data retrieval for video, and audio data. This system will be integrated in the distributed multimedia database system[6].

References

[1] Bright, M.W., Hurson, A.R., and Pakzad, S.H., \A Taxonomy and Current Issues in Multidatabase System," IEEE Computer, Vol.25, No.3, pp.50-59, 1992.

[2] Chijiwa, H., \Chromatics," Fukumura Printing Co., 1983 (in Japanese).

[3] Deerwester, S., Dumais, S. T., Landauer, T. K., Furnas, G. W. and Harshman, R. A., \Indexing by Latent Semantic Analysis," Journal of the American Society for Information Science, Vol.41, No.6, pp.391-407, 1990.

[4] Kitagawa, T. and Kiyoki, Y., \A Mathematical Model of Meaning and its Application to Multidatabase Systems," Proc. 3rd IEEE International Workshop on Research Issues on Data Engineering: Interoperability in Multidatabase Systems, pp.130-135, April 1993.

[5] Kiyoki, Y. and Kitagawa, T., \A Metadatabase System for Supporting Semantic Interoperability in Multidatabases," Information Modelling and Knowledge Bases, Vol. V, IOS Press, 1993.

[6] Kiyoki, Y. and Hayama, T., \The Design and Implementation of a Distributed System Architecture for Multimedia Databases," Proc. 47th Conference of International Federation for Information and Documentation, pp.374-379, Oct. 1994.

[7] Kurita, T., Kato, T., \Learning A Cognitive Schema for Multimedia Indexing {Experiments on Image Database{," Technical Reports of IE- ICE, DE93-3, May 1993.

[8] \Longman Dictionary of Contemporary English," Longman, 1987.

[9] Ogden, C.K., \The General Basic English Dictionary," Evans Brothers Limited, 1940.

[10] Sheth, A. and Larson, J.A., \Federated Database Systems for Managing Distributed, Heterogeneous, and Autonomous Databases," ACM Computing Surveys, Vol.22, No.3, pp.183-236, 1990.

[11] Shimizu, H., Kiyoki, Y., Sekijima, A. and Kamibayashi, N., \A Decision Making Support System for Selecting Appropriate Online Databases,", Proc. 1st IEEE International Workshop on Interoperability in Multidatabase Systems, pp.322-329, Apr. 1991.