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Abstract.

Purpose: Applying the original batik image style to other object images and generating new batik patterns that applied
to clothing.

Methods: This research uses the Neural Style Transfer method to apply object images to batik to produce new batik
patterns, and Clothes Segmentation is used to select areas of clothing in the image so the new batik patterns can be
applied to clothing images. And Testing using SSIM, LPIPS and PSNR metrics. This research uses Google Colab, batik
image data, and clothing mockup images taken from the internet.

Result: This study shows high average results on SSIM, LPIPS and fair results on PSNR. The results show that the
similarity is relatively high with high detected noise.

Novelty: This research develops a new approach in the field of batik pattern innovation and its application to clothing
design images. The novelty of this research lies in the implementation of Neural Style Transfer and Clothes
Segmentation, which results in a method of exploring new batik patterns and applying them to clothing design images.
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INTRODUCTION

Batik is one of the Indonesian Cultures. Etymologically, the word batik comes from the Javanese language,
namely “tik”, which means the verb of making dots, which later developed into the term “batik”[1]. The
United Nations Educational, Scientific and Cultural Organization (UNESCO) has designated batik as an
intangible cultural heritage of Indonesia[2]. There are several processes for making batik on cloth, namely
by using a small-tipped canting. Batik produced from this technique is called batik tulis. This batik process
takes a month or more and can make a variety of beautiful art and patterns so that it is maintained and
preserved. The next technique is a batik cap or print. This technique uses copper plates to make batik on
cloth, which takes 2 to 3 days[3].

Each batik pattern has a meaning representing beauty and visual art. Over time, batik has undergone various
innovative changes, such as manufacturing techniques and its function in the art or fashion industry. In
recent years, digital technology has contributed to the development of creativity in the field of art and
design.

One of the technologies that is often implemented in the field of art and visuals is Neural Style Transfer
(NST), NST has always been an interesting and inspiring research topic driven by scientific and industrial
challenges. A large amount of research has been conducted in this field[4]. This method was first raised by
Leon A. Gatys, Alexander S. Ecker and Matthias Bethge in their research entitled “A Neural Algorithm of
Artistic Style” in 2015[5]. This research discusses how to exchange styles in two images by moving the
Artistic Style/Style of one image (Style image) into the content of another image (Content image)[6]. Neural
Style Transfer is emerging as a technology with potential in the fashion industry, especially in the field of
innovative design. According to the following research[7], NST has transformed digital art by allowing
individuals to incorporate distinctive artistic styles into their images, enabling realistic changes in portrait
images. This study also shows that NST can produce personalized output.

“Corresponding author.

Email addresses: farhanadalis@gmail.com (Farhan)*, agussa@unisnu.ac.id (Agus),
danang.umk@gmail.com (Danang)

DOI: 10.15294/sji.v12i1.19554

Scientific Journal of Informatics, Vol. 12, No. 1, Feb 2025 | 43


http://creativecommons.org/licenses/by/4.0/
https://journal.unnes.ac.id/journals/sji/article/view/19554

A study of Wang et al.[8], introduced a localized style transfer method specifically for clothing, which
showed impressive results in preserving the shape of original cloth and enabling design personalization to
transfer patterns into clothing images. According to the object discussed, which is batik, will become a
Style image and transfer its artistic style to the Content image, this Content image uses other objects. It will
produce new batik patterns by maintaining the batik style in other object images. In this research we
combine[7], [8] to produce design innovations and direct application to clothing images.

The new batik pattern (the result of Neural Style Transfer) can be applied to Fashion Design using clothes
segmentation, which functions to create a clothing object detection mask in the image[9], [10]. By
separating the Background and Fashion design objects, then applying the new batik pattern (the result of
Neural Style Transfer) to the Masking output, and combining the masking results on the Fashion Design as
before. Using a design method like this can increase the effectiveness and efficiency of trial in exploring
batik patterns in fashion designs. As for the quality results of this method is tested and compared with the
results of designs made using Adobe Photoshop with the same NST batik results.

METHODS

In general, this research combines the NST-generated image on a mockup or clothing image segmented
using clothing segmentation and generates NST image on the clothing image. The datasets used are JPG,
JPEG, and PNG format images downloaded from free platforms on the internet, then processed using
several steps applied in this research.

Ingredients

Google colab

Google Colab is a Google research product where users run Python code through browser access, and it is
very suitable for machine learning, data analysis, and education. Besides, its provides free GPU computing
with certain limitations. There is also paid access, which certainly offer more access[11]. The advantage of
this platform lies in the entire computing process is run on Google servers, and it does not require
configuration on the device.

Library

This research uses several libraries with different functions: Matplotlib library for image visualization,
NumPy library for array computing, OpenCV library for image processing, PyTorch library for machine
learning and neural network implementation, TensorFlow library for pre-trained image models, Pillow
library for opening and storing images [12].

Neural style transfer

Neural Style Transfer is a method in the field of computational art uses machine learning algorithms to
combine two images: First image is a style image, and another one is a content image to create a new image
that has content of the content image and art of the style image[13].

Content image X
Image tranform to OutputTensor Styling Function Output
tensor IMagenta

Style image Y

Figure 2. Flow diagram of neural style transfer

In this research, we use TensorFlow. TensorFlow is an open-source library in the Python programming
language that is often used in deep learning [14], because it can apply Neural networks, Loss functions and
Optimization.

To begins this procedure, the image must be loaded from a file for used in the TensorFlow model. Using
“tf.io.read file™ to read the image file, format the image into an RGB tensor using “tf.image.decode_image’,
then normalize image pixel values to the range [0, 1]. Then, resize image while maintaining the original
proportions by setting maximum dimension (this study uses 512 as maximum dimension to balance visual
quality and efficiency), and finally, add batch dimensions to prepare image for inclusion in the model. Next,
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Matplotlib is used to display the image. The next process is to convert tensor into an image in a format that
can be saved and displayed by returning pixel values to [0, 255], converting tensor into a NumPy array, and
if the tensor has more than three dimensions then only the first batch will be used. Finally, the NumPy array
is converted to an image using “PIL.Image.fromarray .

In Tensorflow, there is Magenta Arbitrary image Stylization, which is a project developed by Google and
focuses on art and creativity. TensorFlow allows Magenta to run Convolutional Neural Networks (CNN)
models on images, which Magenta models were prepared in TensorFlow Hub, such as Neural Style
Transfer, so users do not need to create or train models from scratch[15]. This process loads the image file
that has been processed at the beginning. After successfully applying TensorFlow and Magenta, the next
step is to display the results of the Neural Style Transfer, which becomes the output Content image and
Style image after the process carried out by the Magenta model. Results will be in the form of tensors and
converted into images using tensor_to_image.

Clothes segmentation

In clothes segmentation section, this research uses the Unet model. Unet is one of the well-known image
segmentation algorithms. Initially, Unet was invented and first used for biomedical image segmentation
[10]. Main purpose of this architecture is to provide a solution to overcome the challenges of limited
annotated data in the medical field. The selection of Unet model was based on its ease of application,
efficiency, and flexibility. Unet is designed to work effectively even with a limited amount of training data.
Due to its architecture, Unet is able to handle small objects properly while maintaining speed and accuracy,
which is often a challenge in other segmentation techniques[16].

Currently, Unet has been developed and can be used in many segmentation fields, the clothing field is one
of them. The Unet used for this clothing image segmentation is “Unet 2020-10-30” model provided on
Google Colab. This model can be used after installing Clothes_Segmentation. By using this model, masking
can be used on images to detect clothing.
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Figure 3. (a) Design image before segmentation and masking. (b) segmentation result of (a). (c) different
image from (a) by wearing glasses. (d) segmentation result of (c).

It can be seen in figure d that glasses are detected and entered into segmentation, we handle this by using
contour in filtering the mask. A contour is boundary or line that describes the shape of an object in image.
Contour is commonly used for image segmentation for medical purposes such as cells and organs, it is used
to limit certain objects to get a more relevant image with less noise [17]. That is also what we apply to this
clothing segmentation by applying contour to filter objects such as glasses.
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(@) (b)
Figure 4. (a) Segmentation result before contouring. (b) the result after applying contour to limit the
segmentation.

With this result, the clothing segmentation has been filtered and does not detect accessories that are
separated from the clothing design so that the next process can be carried out.

Adobe photoshop

Adobe Photoshop is a very popular editing software includes various advanced editing features. In addition,
this program is considered easier to use by researchers and has many features that make it easy to use[18].
Its function has penetrated the fields of Design and Fashion, such as batik. Designers often use Adobe
Photoshop to visualize their batik designs on mockup before production [19]. The purpose of using Adobe
Photoshop is to apply the Batik Patterns produced by NST by utilizing features such as in research[19]. The
advantage of this software in applying the design to a mockup is to maintain mockup’s texture so it looks
more realistic. This research applies Photoshop with the minimum possible features by only using the batik
from NST to the design by segmenting the clothing area and then applying NST batik image after adjusting
batik image’s size to equalized with the size of mockup image and combining the results to be realistic by
Multiply. And not using advanced features such as shadow, exposure and others.

Structure similarity index measure

SSIM is a method of calculating and measuring the similarity between two images with strong perception
as the quality of human perception, called as Human Visual System (HVS)[20]. This algorithm calculates
Luminance, Contrast and Structure in the image[21], so there will be a difference in the value of the results
if one of the three aspects is different. The flow of this SSIM calculation can be seen in the following
diagram.

>
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Figure 5. SSIM flow diagram

SSIM can also used in calculating the difference between the compressed image and the pre-compressed
image to see the difference in quality between two images, as in the following research[6].

The mathematical formulation of SSIM formulated as below, where Luminance, Contrast, and Structure
are calculated:
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C: and C;, are small constants used to stabilize the division when the denominator approaches zero.
Typically: C; = (Ky-L)?, C2= (Kz-L)? and C; = C2/2. Where K; and K; are small constants traditionally set
to 0.01 and 0.03, and L is the maximum value of the pixel (for example, 255 for an 8-bit image). As a
Result, the three components are combined into a unique expression weighted with a, , and y;

SSIM(z,y) = [l(z,y)]” - [e(z, y']]'j sz, )] 4

In the application, you can use the scikit-image library in the metrics module by importing
structural_similarity from skimage.metrics, and the output will show a value from 0 to 1, where the closer
to 1, considered to the more similar.

Peak signal to noise ratio

PSNR is a signal processing measurement that compares the received or processed signal to the original
source signal. This comparison allows us to identify possible signal’s disturbances or distortions that cause
differences results[22]. PSNR is the metric most often used to assess the quality of compression results.
The signal represents the original data, while the noise represents the compression error. PSNR is an
estimate of human perception of the quality of image reconstruction during comparison[23]. The ratio
between two images is calculated in decibels. Since the dynamic range of signals is very wide, PSNR is
usually calculated as the logarithmic term of the decibel scale (dB)[24]. PSNR calculation will be easily
defined through MSE, mathematically the MSE and PSNR values can be formulated as follows;
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MAX | is the maximum pixel value of the image. Images with 8 bits per sample, the MAX | value is 255.
While the value of 16 bit image, the MAX  is 65535. The application of PSNR can use the skimage.metrics
library just like SSIM where the module has function that automatically calculates the PSNR between two
images.

Learned perceptual image patch similarity

LPIPS is a metric that calculates the similarity between two images by extracting image’s features, then
calculating the distance between the feature vectors to compute the perceptual similarity[25]. This metric
is calibrated based on human judgment using data from the two-alternative forced choice (2AFC) test[26].
In testing this metric, the process involves transforming images, equalizing image dimensions and using
Alex.Net architecture on LPIPS, which is trained to understand human perception of visual similarity. The
LPIPS similarity value will show that the lower the value, the more similar the images are.

Likert scale

The Likert scale is a measurement method used to measure the opinions or perceptions of respondents. This
scale is often used in surveys and research[6].
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RESULTS AND DISCUSSIONS

After applying described method in previous section, the results of processed image’s design with NST
seen in Table 1.

Table 1. Result of styling content with style image using NST
Content image Style image NS result
V77 Fars

No.
1

Based on above results, The image focuses on maintaining the content of "Content image" and adding the
artistic style of "Style Image" so that it blends and becomes a new batik patterns. As part of the evaluation
of patterns generated by Neural Style Transfer, an interview was conducted with a CEO and a fashion
designer from the batik industry, CV. Rajasa Mas Jaya Cilacap. According to the feedback given, the
patterns produced by this technology are considered attractive and still maintain the distinctive
characteristics of adapted batik, especially in terms of color. They also highlighted that this innovation
positively impacts both the efficiency of the design process and production workflow. Compared to
conventional methods that require lengthy manual research, repeated pattern revisions, and additional costs
for pattern designers, NST offers a faster and more cost-effective solution. From a business perspective,
the use of NST has the potential to reduce production time and increase design variety more flexibly.
Meanwhile, from a design perspective, NST allows a wider exploration of patterns without losing the basic
characteristics of batik. Therefore, this technology is seen as a good approach to support innovation and the
development of modern batik designs.
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The result of Table 1 will be applied to fashion design images that have been processed using clothes

segmentation and will look like in Figure 6.

(d)

Figure 6. (a-€) is the application of the pattern of data in table 1 rows 1 — 5 to clothes, respectively.

This research uses images taken from the internet and applies the new Batik NST results with fashion
design. Then the obtaining results will be calculated as the level of similarity with the results of design
using Adobe Photoshop with the same Batik NST results. This similarity measurement uses SSIM and

LPIPS then assesses the difference in noise produced using PSNR.

Table 2. Comparison

Ours Photoshop SSIM LPIPS PSNR
0.8254 0.0288 20.36741980139766 dB
0.7042 0.0575 14.813716825896483 dB
0.9651 0.0282 25.202649825497776 dB
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0.4241 0.1190 16.642554963037213 dB

0.8739 0.0568 20.908969600229675 dB

Average 075854 0.05806 _ 19.5870

Based on above results, the differences can be seen visually in texture of the clothes, where this method
cannot maintain the texture of clothes such image designed using Adobe Photoshop. This is the reason why
the similarity metrics value shows different results.

The similarity value calculated by SSIM and LPIPS shows that the design image created by this method is
not completely similar to the results produced using Professional Software. The average results of SSIM
and LPIPS show 0.75854 and 0. 05806. This result is quite good considering the SSIM value is closer to 1,
the more similar it will be. And the lower LPIPS value, the more similar it will be. In contrast, results shown
in PSNR where the noise difference between two images produced is indeed very high, so the PSNR value
is low. However it should be noted that PSNR is not suitable for assessing image quality that depends on
visual perception[27], but only used to calculate the difference in reconstruction between images 1 and 2,
so the PSNR results show a fairly high noise difference between the two images assessed in Table 2.

After calculating the similarity of images using metrics, the next step is evaluation using the Likert scale.
We also conducted a Survey on 30 respondents with 5 questions from "very dissimilar" to "very similar"
with 5 levels, where each question represents 1 comparison. Table 3 shows the result of the survey.

Table 3. Questionnaire responses
Freq(l) Freq(2) Freq(3) Freq(4) Freq(5) Total Mean Median Mode Std Dev

QL O 1 13 13 3 30 3.6 4 4 0.72
Q2 0 0 6 17 7 30 4.03 4 4 0.67
Q3 0 1 7 12 10 30 4.03 4 4 0.85
Q4 1 1 7 12 9 30 3.9 4 4 0.99
Q5 0 2 12 14 2 30 3.53 4 4 0.73

Based on the table above, the highest mean values are observed in Q2 and Q3, both at 4.03, indicating that
respondents generally perceive the compared images in these Questions as highly similar. On the other
hand, Q5 has the lowest mean score of 3.53, suggesting that respondents find this comparison less similar
compared to the others. For Q1 mode, Freq scores 3 and 4 both appear 13 times, so the data is bimodal.
However, both scores are modes. Additionally, The standard deviation values are relatively low, indicating
that responses are fairly consistent across all questions. However, Q4 has the highest value at 0.99, which
suggests a greater variation in perception among respondents regarding the similarity of the images in that
question. Overall, the results suggest that most respondents perceive the compared images as similar, with
Q2 and Q3 being the most consistent in high similarity ratings. Meanwhile, Q5, despite having the lowest
score, still falls within the mid-to-high similarity range.

As seen in Figure 6, the design image processed using this method does not show the texture of the clothes.
An alternative to bringing up the texture is Blend the image, where the colour intensity of the batik will be
decreased, so the texture will be visible, but this causes the original colour of the clothes will be shown. As
in the following example;
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Figure 7. Ieed Result

The texture may be slightly visible, but the color of batik will fade. The previous results only show part of
the batik and do not show the entire object that is adapted into batik, such as the image of a peacock batik,
but the application results are only partial and not completely visible. Therefore, this experiment is
continued by making the peacock batik still look like batik in general by using the Scale Factor on Tile fill
image to replicate the peacock batik in design image.

@) (b)
Figure 8. (a) is result after applying Scale factor. (b) is blended result of scale factor.

Scale factors and blends can be changed as needed and adjusted manually, giving option to explore the
design more freely.

CONCLUSION

This design method cannot completely replace the utilization of professional design software. However, it
is an alternative for designers and digital artists to expand their exploration and trials in combining an object
with batik to get new batik patterns.

NST in the fashion industry can be integrated into textile production to create dynamic patterns and utilized
in e-commerce so that customers can customize clothing designs in real-time. However, the main challenges
in its commercialization and scalability include the need for clear regulations regarding design copyright
and the adoption of technology by the traditional fashion industry that still relies on conventional methods.
Education and gradual integration are needed for NST to be widely accepted. This can be an opportunity
for innovation in creativity, design personalization and production efficiency.
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