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Abstract. In this paper we present a novel system for content-based retrieval
and classification of cultural relic images. First, the images are normalized to
achieve rotation, translation and scaling invariant similarity retrieval. After
normalization, a combination of color and shape features is extracted from the
images. In order to improve the retrieval efficiency, a modified version of prin-
cipal component analysis is used to reduce the dimensionality of the feature
space. Retrieval performance of the system is evaluated for three different dis-
tance functions using the normalized recall measure. A multi-class support vec-
tor machine (SVM) classifier is used for classification. The results demonstrate
that the system is both effective and efficient.

1 Introduction

Content-based image retrieval (CBIR) has been a topic of considerable interest in
various applications domains such as trademark retrieval, fashion design, journalism,
digital museum browsing, etc. [1,2]. Numerous CBIR systems have been developed
to address these problems both in the industry and academia [8,11,12].

We have developed a digital archaeology museum, which contains 2740 cultural
relic images of high quality. Our project aims at advancing information technologies
related to the preservation, retrieval, and dissemination of digital imagery of cultural
heritages. This paper focuses on content-based retrieval and classification of cultural
relic images in our digital archeology museum.

The rest of the paper is organized as follows: Section 2 presents the image preproc-
essing phase. Section 3 describes the feature computation, dimensionality reduction,
and retrieval performance evaluation procedures. Section 4 describes the support
vector machine classification. Finally, Section 5 concludes the paper and provides
future research directions.
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2 Preprocessing

During data acquisition, the camera orientation or camera-to-object distance may
change. Hence the image fed to the system may contain a pattern that is rotated,
scaled, or translated compared to its original form. In such cases, either the system
should use features that are invariant to such transformations or there should be a
preprocessor to maintain the rotational, scaling, and translation invariancy [3]. This
study uses the latter approach.

Figure 1 shows a sample of images from our database. First, the images are bi-
narized using dynamic thresholding method described in [13]. Let f(x,y) and

¢=[C,,C,]" denote the binary image function and the center of gravity of the object,

respectively. To achieve translation invariance, we translate the object so that the
center of gravity coincides with the origin:
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The term radius for a pixel is defined to be the length of the straight line connecting
the pixel and the origin. The scaling process will bring a radial boundary to the pat-
tern in the image while adjusting the number of on-pixels. It thus alleviates any pos-
sible pattern deformation caused by scaling. The average radius is computed as:
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In order to achieve scale invariance we scale the object with a scaling factor
s=7/R, where R is equal to one-fourth of the grid size:
fTS(xi’yj):fT(S'xi’s'yj) 3)

To achieve rotational invariance we determine the major axis orientation. Thus, the
rotation angle in terms of the central moments of the object is given by:
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Figure 1. Sample cultural relic images from four different classes



3 Content Based Retrieval

3.1 Feature Computation and Dimensionality Reduction

For each image in the database, we compute the following 19 features: Circularity
[4], bending energy [4], 7 moment invariants {(1)1,(1)2,...,(137} [4], contour sequence

moments {E ,F,,F,,F,} [4], and 1™ & 2" order color moments [5] computed from

individual channels of the HSV color space. Since these descriptors are widely used
in the literature, we omit their formulae.

As a result of the feature computation step, we have feature space with 19 dimen-
sions. Well known problems associated with high dimensionality include (a) high
computational cost, (b) classifier accuracy degradation, and (c) difficulty in visualiza-
tion [10]. In this study we use a modified version of the Principal Component Analy-
sis (PCA) for dimensionality reduction. In the classical PCA method, the data is rep-
resented by N principal components (PCs), where N < K = the number of features.
However, we still need all of the K original features to compute the N PCs since each
PC is a linear combination of the original features. This modified version of PCA
differs from the classical one in that instead of using N PCs, we select N original
features to represent the data. We use Jolliffe’s B4 Method [6] for selecting N repre-
sentative features from K original features. In this method, starting from the largest
PC, we select the feature with the highest coefficient on the relevant PC to represent
that component, unless it has been chosen to represent a larger PC. In this way, a total
of N features are retained.

The eigenvalue and the percentage of explained variance for each PC are given in
Table 1.

Table 1. Eigenvalue and percentage of explained variance for each PC/ Eigenvector

PC/ Eigenvector Eigenvalue Variance% Cumulative Var.%
1 7.5273 39.617 39.617
2 3.7591 19.785 59.402
3 2.0371 10.722 70.124
4 1.6328 8.594 78.718
5 1.3688 7.204 85.922
6 0.8469 4.457 90.379
7 0.5656 2.977 93.356
8 0.3837 2.020 95.376
9 0.2911 1.532 96.908

In our analysis we decided to keep 9 PCs that account for 96.9% of the variation in
the original data. Using Jolliffe’s B4 method we decide to keep the following original



features: Circularity, F, , ®,,®, , ®,, the 1% order color moments for / and V, and the
2" order color moments for H and S. The remaining 10 features are discarded.

3.2 Retrieval Performance Evaluation

An important step between feature computation and similarity measurement is feature
normalization. In this study, we use z-score normalization.

Retrieval performance of the system is evaluated using the normalized recall (NVR)
measure [8]. NR is formulated as AVRR/IAVRR , where AVRR is the average rank of

all relevant, displayed images and [AVRR is the ideal average rank which is the
maximum when all relevant images are retrieved on the top. NR is equal to 1 for per-
fect retrieval and is greater than 1 for all other cases. For the experiments we selected
98 query images from 5 different classes. The relevant images in the database for
each query image are determined manually. A list of 32 best matches is displayed for
each query. Figure 2 (a) and (b) show snapshots of the query interface before and
after query execution, respectively.

(b)

Figure 2. Snapshots of the query interface (a) before query execution (b) after query execution

The choice of distance function can drastically influence the retrieval performance
[7]. For this reason, we compare the performance of three different distance func-
tions: Euclidean, chi-square, and K-L divergence. Figure 3 shows the NR values for
each combination of distance function and query image class. It can be seen that
Euclidean distance function outperforms both chi-square and K-L divergence distance
functions.
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Figure 3. Retrieval performance comparison using the NR measure



4 Support Vector Machine Classification

Support vector machines (SVMs) are non-parametric supervised classifiers with ex-
cellent generalization capabilities. They have been successfully used in numerous
applications such as hand-written digit recognition, object recognition, speaker identi-
fication, face detection, etc. [9].

SVMs are originally designed for binary classification. There are two main ap-
proaches for extending the basic SVM to handle multi-class classification: (1) Modi-
fying the design of the SVM in order to incorporate the multi-class learning directly
in the quadratic solving algorithm (2) Combining several binary classifiers: “One
against one” applies pairwise comparisons between classes, while “One against the
others” compares a given class with all the others put together. In this work we ex-
perimented with the second approach. In our experiments, the “one against the oth-
ers” approach often produced quite unbalanced two-class problems. Therefore, we
chose the “one against one” method to perform multi-class classification.

In a k-class classification problem, the “one against one” method requires
k(k-1)/2 binary classifiers, one for each pair of classes. In the training phase, each

binary classifier is trained to classify two classes. In the testing phase, the output from
each binary classifier in the form of a class label is obtained. The class label that
occurs the most is assigned to the data.

The general purpose Gaussian RBF is chosen as the kernel:

K(x,) = exp(=y(x = y)*) ©))
For k=2and k=5, i.e. 2—class and 5-class problems, we set the kernel parame-
tery as 0.5 and 0.2, respectively and estimate the classification error for each cost

parameter (C ) value in the set {2'',2'°,... 272} . For each (C,y) combination, the vali-

dation performance is calculated using 70% of the data as the training set and 30% as
the test set. Then, we calculate the average classification error rate using the leave-
one-out method with the (C,y) combination that achieves the highest validation rate.

Table 2 shows the optimal (C,y) value and the corresponding average classification

error rate for the 2 —class and 5— class cases.

Table 2. Average classification error rates

Problem < Error rate
2—class 2%, 0.5) 2%
5—class (27,0.2) 4%
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Conclusions

In this paper we presented a novel system for content-based retrieval and classifica-
tion of cultural relic images. First, the images are normalized to achieve rotation,
translation, and scaling invariant similarity retrieval. Following image normalization,
a combination of color and shape descriptors is extracted from the images. A modi-
fied version of principal component analysis is employed to reduce the dimensional-
ity of the feature space. To test the retrieval performance, three distance functions are
evaluated. Finally, a multi-class support vector machine is used for classification.

Future work will be directed towards incorporation of texture features and rele-

vance feedback to the system in order to improve the retrieval performance.
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