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Abstract. In the framework of the development of an automatic Balinese carving ornament
recognition application, a valid image dataset is needed. This paper describes the improved
new dataset of traditional Balinese carving ornaments and presents the benchmarking
results in an image classification task. The improvement of the new dataset involves the
increased number of image samples and involves the validation and addition of the number
of ornament classes. Some frequently used feature extraction methods, for example, Gabor
Filter, Zoning, Histogram of Gradient, Neighborhood Pixels Weights, and Kirsch edge,
were tested to benchmark the image classification task for this new dataset. The benchmark
results showed that this new dataset has a fairly high technical challenge for feature
extraction methods in the pattern recognition field. The new proposed dataset will support
further research steps in building a classification and recognition system for Balinese
carving ornaments.
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1 Introduction

The development of computer vision technology, especially in pattern recognition, has now
appeared to create socio-cultural-based applications to support the tourism industry sector.
Meanwhile, to the ancient manuscript collections that have been the center of attention of
researchers in document image analysis [1], other cultural objects have now begun to be
analyzed by researchers. They are traditional textile motif patterns, basic movement patterns of
traditional dances [2], [3], and traditional carving ornament patterns [4]. The aim of those
researches was not only to preserve the nation's cultural heritage but also to increase the interest
of tourists in exploring the cultural object by offering and using some technology-based tourism
programs and applications.

The first challenge faced by researchers to build a cultural-based pattern recognition system is
the absence of a dataset of those cultural objects. Nevertheless, the challenge of building a new
dataset is not easy either [5]. With all existing socio-cultural rules and limitations, the efforts to
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build datasets for those cultural objects must be carried out to support the research program.
One of the Balinese cultural objects rich in patterns and motifs is carving ornaments. This paper
describes the contribution of a new image dataset of traditional Balinese carving ornaments and
presents the initial benchmark for image classification task for those images of ornament. This
dataset will be very useful in helping the researchers develop applications for automatic carving
ornament pattern recognition for the wider community, especially for tourists. This work was
under the Project of DIORAMA (Digital Image of Ornament Analysis) from Virtual, Vision,
Image, and Pattern Research Group.

The following section will briefly describe the traditional Balinese carving ornaments. The
standard dataset construction for images of Balinese carving ornament will be presented in
section 3. Section 4 will show the initial benchmarking results and performances for the image
classification task by using our proposed dataset. The last section will draw some conclusions.

2 Traditional balinese carving ornaments

Traditional Balinese carving ornaments are the embodiment of human and natural beauty carved
as various decorations into the parts of Balinese buildings and temples. The forms of ornaments,
the color combinations, the carving process, and placement contain specific meanings and
purposes. Based on the book of Arsitektur Traditional Daerah Bali (Traditional Balinese
Architecture) [6], it is stated that Balinese carving ornaments are divided into two main
categories, namely plant (flora) ornaments and animal (fauna) ornaments.

Ornaments of type flora (see Figure 1) are carved in the forms of plants with various meanings
or expressions. This flora category is further divided into three subcategories, namely 1)
Keketusan, 2) Kekarangan, and 3) Pepatraan. Keketusan takes the most important part of a plant
carved in a repetitive pattern to beautify its prominence. Kekarangan shows the shape of a plant,
and it is focused on the beauty of that plant. There are several classes of Kekarangan, namely
Karang Simbar, Karang Bunga, and Karang Suring [7]. Kekarangan is also carved by taking the
forms of animal beauty. Pepatraan is carved based on the name/type of the plant that is
embodied. Pepatraan allows the possibility of using the name of the plant from the country of
origin. Several classes of Pepatraan exist, namely Patra Wangga, Patra Sari, Patra Pidpid, and
others.

Fig. 1. Examples of ornament of type flora — keketusan (batu-batuan and kakul-kakulan), kekarangan
and patra wangga.

Ornaments of type fauna (see Figure 2) display the beauty of fauna, and in its placement, it is
generally accompanied or equipped with related ornaments of type flora. Ornaments of type
fauna are displayed in various decorative ways with their respective names. They appear in the



form of sculptures or reliefs combined with decorations of various ornaments of type flora.
Ornaments of type fauna can be divided into two subcategories: Pepatraan and Kekarangan.
Pepatraan type fauna can be categorized into four classes: Patra Naga, Patra Garuda, Patra Singa,
and Patra Kera. Kekarangan in type fauna can be categorized into seven classes, namely Karang
Boma, Karang Sae, Karang Gajah, Karang Goak, Karang Tapel, Karang Bentulu, and Karang
Batu.

Fig. 2. Examples of ornament of type fauna — patra naga, patra garuda, patra singa, patra kera, and
karang boma.

3 Dataset construction

The new image dataset of Balinese carving ornaments proposed in this paper was the improved
version of the previous dataset introduced by Putra et al. [4]. This previous dataset only
consisted of 18 classes of ornaments. The sample images were captured using a DSLR Nikon
D5300 camera with ISO 500, and a pixel dimension of 6000 x 4000 pixels. The validation of
class name sample images was done by the experts and practitioners in Balinese carving.

3.1 Image corpus and samples

The new image dataset of Balinese carving ornaments would improve the previous dataset in
terms of class variety, verification of class label, and the number of image samples from each
ornament class. The new dataset consisted of 25 classes (see Table 1 and 2). Two classes from
the previous dataset, namely Karang Daun and Karang Guling, were deleted. Karang Guling
class was included in Patra Punggel class, while Karang Daun class was divided into two new
classes, namely Karang Simbar and Karang Bunga. Seven new other classes were also added,
namely Patra Tali Ilut, Patra Wangga, Patra Api, Karang Boma, Karang Sae, Karang Bentulu,
and Karang Batu. Three previous class names were corrected: Patra Mesir, Mote-motean, and
Pidpid. In terms of the quantity of sample images, all sample images from the existing class of
the previous dataset were still used, and five new sample images were added for each class in
the new dataset. All sample images were then manually cropped into pixel dimensions of 300 x
200 (see Figure 3).



Fig. 3. The capturing and cropping process of a sample image: patra tali ilut.

Table 1. Class name and number of image samples for dataset

No New Class Name old Daf[aset New D{:\taset
Nb Train Set  Nb Test Set  Total Samples Nb Train Set  Nb Test Set Total Samples
1 Batu-Batuan 7 5 12 10 7 17
2 Batun-timun 10 6 16 13 8 21
3 Kakul-kakulan 6 4 10 9 6 15
- Karang-Daun 10 6 16 Deleted Deleted Deleted
4 Karang-Gajah 8 6 14 11 8 19
5 Karang-Goak 8 5 13 11 7 18
6  Karang-Tapel 16 5 21 19 7 26
- Karang Guling 21 5 26 Deleted Deleted Deleted
7 Patra Mesir 7 5 12 10 7 17
(Prev: Kuta Mesir)
8  Mas-Masan 10 5 15 13 7 20
9  Mote-motean 4 4 8 7 6 13
(Prev: Mute-mutean)
10 Patra-Banci 8 5 13 11 7 18
11 patra-Cina 5 4 9 8 6 14
12 Patra-Punggel 8 5 13 11 7 18
13 Patra-Samblung 6 5 11 9 7 16
14 Patra-Sari 7 5 12 10 7 17
15 Patra-Ulanda 11 5 16 14 7 21
16  Pidpid 16 5 21 19 7 26
(Prev: Pipid)
17 Patra Tali llut Not available Not available Not available 3 2 5
18 Patra Wangga Not available Not available Not available 3 2 5
19  Patra Api Not available Not available Not available 3 2 5
20 Karang Simbar Not available Not available Not available 3 2 5
21 Karang Bunga Not available Not available Not available 3 2 5
22 Karang Boma Not available Not available Not available 3 2 5
23 Karang Sae Not available Not available Not available 3 2 5
24 Karang Bentulu Not available Not available Not available 3 2 5
25 Karang Batu Not available Not available Not available 3 2 5
TOTAL 168 90 258 212 129 341




Table 2. Image samples for each class in the new dataset

No  ClassName  Sample Image No  Class Name Sample Image No Class Name  Sample Image
1. Batu-batuan 9. Patra 17. Karang
Wangga Simbar
2. Kakul- 10. Patra Sari 18. Karang
kakulan Bunga
3. Mas-masan 11.  Patra 19. Karang
Punggel Boma
4, Mote- 12. Patra 20. Karang Sae
motean Samblung
5. Pidpid 13. Patra Ulanda 21. Karang
Gajah
6. Batun Timun 14. Patra Cina 22.  Karang Goak
7. Patra Tali 15. Patra Banci 23.  Karang Tapel
lut
8. Patra Mesir 16.  Patra Api- 24,  Karang
apian Bentulu

25.  Karang Batu




3.2 Ground truth data format

The class labeling process for each image sample was validated by three practitioners and
educators as experts in the Balinese art carving domain. Three experts labeled each sample
image based on their expertise. Each sample image file was named CLASSLABEL_XXX.jpg,
where XXX is the three digits number of the sample image. For example, Batu-batuan_001.jpg,
Mote-Motean_003.jpg, etc.

4 Benchmarking methods and results

4.1 Methods

The initial benchmarking process of the image classification task for the new dataset of
traditional Balinese carving ornaments was performed in three different methods/schemes as
follow:

Method A: Gabor Filter and Zoning as feature extraction method with the neural network as a
classifier (see Figure 4). In this method, the Gabor filter was combined with the Zoning method
to extract features of ornament images based on the previous finding by Putra et al. [4]. In our
experiment, the sample images were first pre-processed into greyscale images and resized into
the dimension of 500 x 500 pixels. The Gabor filter was first applied with a combination of
parameters, namely wavelength of 4 or 8, the orientation of 0, 45, ..., 315, aspect ratio of 0.5 or
0.9, and bandwidth of 0.5 or 1. All Gabor filtered images were then converted into a binary
image by using Otsu's binarization method [8]. Seven types of Zoning methods (horizontal,
vertical, block, left diagonal, right diagonal, radial, and circular) were applied on each binarized
image with a zone area of 50 pixels. The extracted features from each image and Zoning type
were finally concatenated to build a final feature vector of dimension 13,120.
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Fig. 4. Feature extraction steps with gabor filter and zoning.

A neural network with a single hidden layer of 500 neurons trained a classifier. This network
used 0.0001 for regularization strength and 0.0001 for step size for parameter values during the
training process. The network was trained until 40,000 epochs.



Method B: Histogram of Gradient (HoG) [9] and Neighborhood Pixels Weights (NPW) [10] on
Kirsch Edge image (see Figure 5). This combination of features was proposed by Kesiman et
al. [11]. The same pre-processing step as Method A was applied. The HoG feature was
calculated with the parameter values of 5 for bin size and step, 10 for cell size, and 9 for the
number of orientations. The NPW feature of level 3 with a block size of 50 was calculated over
the Kirsch edge image in four different directions. All HoG and NPW features were
concatenated to build a final feature vector of dimension 79,100. The same neural network was
used to train a classifier, but only with a hidden layer of 100 neurons. A neural network with a
single hidden layer of 500 neurons was used to train a classifier. This network used 0.0001 for
regularization strength and 0.0001 for step size for parameter values during the training process.
The network was trained until 40,000 epochs.

Method B: Histogram of Gradient (HoG) [9] and Neighborhood Pixels Weights (NPW) [10] on
Kirsch Edge image (see Figure 5). This combination of features was proposed by Kesiman et
al. [11]. The same pre-processing step as Method A was applied. The HoG feature was
calculated with the parameter values of 5 for bin size and step, 10 for cell size, and 9 for the
number of orientations. The NPW feature of level 3 with a block size of 50 was calculated over
the Kirsch edge image in four different directions. All HoG and NPW features were
concatenated to build a final feature vector of dimension 79,100. The same neural network was
used to train a classifier, but only with a hidden layer of 100 neurons.
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Fig. 5. Feature extraction steps with hog, kirsch edge, and npw.
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4.2 Results

Table 3 shows the initial benchmarking results of the image classification task for the new
dataset of traditional Balinese carving ornaments. Although this experiment aimed not to
compare the benchmarks of the two versions of the dataset, it is also important to note that the
benchmark for the image classification task using the previous dataset was 41.14% [4]. Other
than that, the benchmark of the previous dataset was calculated by averaging the performance
values from several parameters in the K-Fold validation experiments [4]. Whereas for the new
dataset, the benchmark was calculated using a fixed train/test set.



With the new, improved dataset, the benchmark was now lower. This is undoubtedly due to the
increased number of classes, from 18 classes to 25 classes. The applied feature extraction
methods and the classifier systems now face significantly increased challenges in gaining their
best performance to classify the sample images of Balinese carving ornaments. This initial
benchmark value did not justify the highest possible performance achieved with the proposed
method but only provided a preliminary overview of the new challenges in the new dataset.

Table 3. Benchmark of image classification task

No Methods Correct Classification
1 Method A 35.66 %
2  Method B 23.26 %

5 Conclusions

A new dataset of traditional Balinese carving ornaments for the image classification task was
proposed in this paper. This new dataset has high social-cultural value and offers new technical
challenges in image classification tasks in the field of pattern recognition. From the initial
benchmarking results, it can be seen that some well-known and frequently used feature
extraction methods for pattern recognition have not been able to achieve high enough
classification results. This is due to the visual characteristics possessed by each ornament class
varying greatly. The characteristics of these datasets will create new interesting challenges for
researchers in the pattern recognition field. The dataset will be publicly available for all research
and academic purposes on the Virtual, Vision, Image, and Pattern Research Group website
(https://research.undiksha.ac.id/vvip-rg/).
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