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This study presents a systematic evaluation of three Cycle-Consistent Generative 

Adversarial Network (CycleGAN)-based neural style transfer frameworks: CycleGAN, 

Enhanced Spatial Attention CycleGAN (ESA-CycleGAN), and Adaptive Instance 

Normalization CycleGAN (AdaIN-CycleGAN) for translating floral images into 

Madurese batik motifs. A dataset comprising 360 images per domain was used for 

training, while five unseen floral images were reserved for testing. Although all models 

share the cycle-consistent adversarial learning paradigm, they differ in their 

mechanisms for encoding and transferring stylistic information. The baseline 

CycleGAN employs a ResNet-based generator architecture. ESA-CycleGAN integrates 

edge extraction and self-attention modules to enhance structural awareness. AdaIN-

CycleGAN incorporates adaptive instance normalization to explicitly modulate style 

statistics during translation. Model performance was quantitatively evaluated using 

peak signal-to-noise ratio to assess structural preservation and learned perceptual image 

patch similarity to measure perceptual alignment. Experimental results indicate that 

ESA-CycleGAN achieves the most stable and consistent performance across test 

samples. The baseline CycleGAN exhibits higher variability and occasional blurring of 

fine contours, whereas AdaIN-CycleGAN enables flexible style modulation but may 

introduce structural distortions in floral forms. Qualitative visual assessment 

corroborates the quantitative findings, with ESA-CycleGAN producing clearer 

boundaries and more coherent stylization. Overall, ESA-CycleGAN demonstrates 

superior reliability for the translation of floral imagery into Madurese batik motifs. 

Future work will expand the evaluation dataset, incorporate user-based perceptual 

studies, and explore additional generative architectures to further support AI-assisted 

cultural heritage preservation. 
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1. INTRODUCTION

Batik has long been a part of people’s daily life on Madura 

Island, Indonesia [1]. It is known for its vibrant colors, bold 

patterns, and the cultural stories associated with each motif [2, 

3]. How do you make batik? The process of making batik is 

heavily dependent on the expertise and skill of local batik 

artisans. Said artisans must learned their craft through years of 

experience preparing dyes, arranging motifs that reflect the 

local identity, and other processes [4-6]. Most artisans still 

choose the traditional dyeing method, even if it has issues. The 

two most common issues are uneven color and failure to keep 

up with demand because the whole workflow depends on 

individual expertise [5, 7]. In recent years, many batik artists 

have reported that younger generations are no longer 

interested in pursuing this kind of career due to the time it 

consumes and the extensive apprenticeships required [8, 9]. 

Floral elements appear in many Indonesian batik traditions 

and often serve as the starting point for the development of 

ornamental motifs [10, 11]. For instance, in Madurese batik, 

natural forms are simplified or exaggerated until they become 

patterns that local artisans recognize and use. Translating a 

flower’s structure into a motif is not always straightforward; 

artisans must make many small artistic decisions, which often 

lead to variations in line thickness, continuity, or color 

transitions because everything is done by hand [5, 12]. As of 

recently, some artists and researchers have begun 

experimenting with neural style-transfer techniques to assist 

parts of this process. But actually, maintaining the distinct 

visual identity of traditional works is still difficult.  

Neural style transfer (NST) is often used in newer digital 

batik projects to separate image content from visual 

appearance, allowing stylistic features like texture and color to 

be applied to different images. With this separation, textures, 

color schemes, and pattern characteristics typical of batik can 

be transferred onto many different types of images [13-16]. In 
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practice, most NST models rely on Visual Geometry Group 

(VGG) networks, and their results can vary considerably 

depending on which layers are used and how the content–style 

weights are set [17, 18]. Several studies have also pointed out 

that NST is quite sensitive to its hyperparameter choices and 

often produces distortions in batik motifs, especially in areas 

that contain fine lines, floral contours, or repetitive patterns 

[18]. Autoencoder-based improvements and layer 

modifications only partially solve these problems because 

NST is still unable to maintain optimal shape consistency and 

texture stability [16, 19]. Also, using NST in other places, like 

fashion design, ethnic motifs, and fractal transformation, tends 

to produce mixed results. Recurring visual artifacts and 

gradual loss of motif characteristic as design complexity 

increases have been reported to happened on previous studies 

[20-23]. 

Because of that limitation, recent research has shifted to 

Generative Adversarial Network (GAN)-based generative 

models to produce more stable batik styles. Previous studies 

show that GAN-based models perform well in tasks such as 

image reconstruction, feature transformation, and visual 

enhancement [24]. But in practice, GAN models still have 

some issues; they are prone to unstable training behavior and 

are sensitive to variations in the underlying data distribution. 

To address these issues within style-transfer tasks, CycleGAN 

introduces a cycle-consistency mechanism with two-way 

translation (A→B and B→A), which helps the model maintain 

content structure because the generated image must be 

recoverable to its original form [25], for example, Madurese 

Batik to Balinese Batik [26]. Meanwhile, approaches such as 

SegCycle-SPADE use segmentation and a conditional GAN to 

extract and reconstruct traditional craft motifs [27], but do not 

combine floral content with Madurese batik style. 

The cycle consistency feature of CycleGAN became the 

foundation for the development of advanced models. While 

the ESA-CycleGAN boosts contour preservation through edge 

extraction and self-attention mechanisms [28], the AdaIN-

CycleGAN introduces flexibility with adaptive instance 

normalization that dynamically adjusts content and style 

statistics [29]. CycleGAN and its variants are commonly used 

for translating floral images into Madura batik patterns. The 

reason why is that the model learns two-way mappings 

between domains, and that helps preserve structural 

information that is hard to maintain with conventional NST.  

In this context, the main difficulty lies in teaching the model 

to convert the shapes found in flowers (commonly used as 

references in Indonesian batik) into motifs that still resemble 

the traditional Madura design. The result images must have or 

retain the basic form of the flowers while having the typical 

Madurese batik color and visual.  

In this experiment, we analyze three models: CycleGAN, 

Enhanced Spatial Attention CycleGAN (ESA-CycleGAN), 

and Adaptive Instance Normalization CycleGAN (AdaIN-

CycleGAN). Because each model handles style transfer 

differently, all three are examined under the same floral inputs 

for a direct comparison. We focus on how much each model 

preserves the main shape of flowers after transformation into 

Madurese batik motifs and see if the outputs have any 

noticeable visual quality differences among them. Structural 

preservation is measured using peak signal-to-noise ratio 

(PSNR), but perceptual differences from the reference images 

are measured with learned perceptual image patch similarity 

(LPIPS).  

2. METHODOLOGY

This study explores three CycleGAN versions: CycleGAN, 

ESA-CycleGAN, and AdaIN-CycleGAN. Each model 

translates floral images into patterns that resemble Madurese 

batik. The overall workflow of the experiment follows a 

simple sequence of steps. First, the dataset is assembled, and 

then the images are processed and normalized. Next, each 

model applies its own transformation method, and the outputs 

are evaluated using PSNR and LPIPS. Although the same 

images are used for all three models, each architecture handles 

style information differently, leading to distinct visual 

outcomes. Figure 1 provides an overview of this process. 

Figure 1. Proposed method for neural style transfer (NST) 

from flora images to Madurese batik 

2.1 Dataset description and preprocessing 

The dataset contains two unpaired image domains (Figure 

2): floral photographs in Domain A and Madurese batik motifs 

in Domain B. We prepared 360 training images for each 

domain, along with five additional images for testing. One 

example from Domain A is a photograph of an orchid with 

petals showing a gradual color transition from pink to purple. 

In this image, the variation in the red and green channels is 

quite noticeable; the texture of the petals stays distinguishable, 

too. For Domain B, we use a Madurese batik motif with floral 

elements. The dominant colors are white, black, and maroon, 

combined with ‘isen’ pattern and bold outlines that are 

characteristic of beach-inspired Madurese batik. The 

corresponding histogram shows strong color contrasts, 

especially in the blue, red, and green channels. 

We adjusted all images to a size of 256 by 256 pixels. Then 

converted them into Red–Green–Blue (RGB) format and 

scaled them to a value range of -1 to 1. No data augmentation 

was applied, so every image used in the experiment was 

exactly as collected. This preprocessing was done to keep the 

input format uniform across the models, which helps when 

comparing how each one translates the floral images into 

Madurese batik motifs. 

2.2 Model-specific transformation modules 

Each architecture model introduces different modules for 

handling style and content features. 
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Figure 2. Sample images and Red–Green–Blue (RGB) histograms from the flora (Domain X) and batik (Domain Y) datasets 

Figure 3. Cycle-Consistent Generative Adversarial Network 

(CycleGAN) flora and batik Madurese 

2.2.1 Cycle-Consistent Generative Adversarial Network 

implementation 

CycleGAN is a Generative Adversarial Network class 

designed for image-to-image translation tasks with unpaired 

data. Unlike conventional methods, such as Pix2Pix, which 

require paired input and output images, CycleGAN maps two 

domains separately by applying the cycle consistency theory. 

Its architecture consists of two generators, G and F, and two 

discriminators, DX and DY. Generator G translates images in 

domain X (e.g., flower images) to domain Y (e.g., Madura 

batik design images), and generator F translates images in 

domain Y to domain X. 

In both domains, both discriminators distinguish between 

original and generated images. Through the collaboration of 

the generators and discriminators, CycleGAN produces 

realistic target images with the same organizational structure 

as the original images, without using paired data. For instance, 

a flower image can be transformed into a Madura batik pattern, 

as shown in Figure 3, using data from both domains. To 

generate realistic images while preserving the original content 

structure, CycleGAN applies three loss functions: adversarial, 

cycle-consistency, and total [25]. 

1. Adversarial loss: It ensures that the discriminator

cannot differentiate between the generated and original

images from the generator. It is used to make the

transformation results generated in the target domain

look realistic. The adversarial loss function is shown in 

Eq. (1). 

𝐿𝐺𝐴𝑁(𝐺, 𝐷𝑌 , 𝑋, 𝑌) =  𝔼𝑦~𝑃𝑑𝑎𝑡𝑎(𝑦)[log 𝐷𝑌]

+𝔼𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥)[(1 − log 𝐷𝑌𝐺(𝑥)))]
(1) 

2. Cycle-consistency loss: This loss function ensures that

the transformed images can return to their original form

with minimal difference. Supposing a flora image is

first changed into a batik pattern and then changed

back, the final image should look quite similar to the

original. Eq. (2) computes the cycle-consistency loss.

𝐿𝑐𝑦𝑐(𝐺, 𝐹) = 𝔼𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥) [‖𝐹(𝐺(𝑥)) − 𝑥‖
1

]

+𝔼𝑦~𝑃𝑑𝑎𝑡𝑎(𝑦) [‖𝐺(𝑓(𝑦)) − 𝑦‖
1

]
(2) 

3. The total loss function combines the two losses above

with a balance parameter λ, which determines how

strongly the model maintains cycle consistency

compared with its ability to produce realistic images.

The total loss function is computed using Eq. (3).

𝐿(𝐹, 𝐷𝑋, 𝐷𝑌 , ) = 𝐿𝐺𝐴𝑁(𝐺, 𝐷𝑌 , 𝑋, 𝑌)
 +(𝐹, 𝐷𝑋 , 𝑌, 𝑋) + 𝜆𝐿𝑐𝑦𝑐(𝐺, 𝐹)

(3) 

CycleGAN employs a ResNet-based generator with nine 

residual blocks arranged in an encoder–residual block–

decoder structure (Table 1). This design allows the model to 

maintain the floral image structure while applying the batik 

style. The discriminator uses a 70 × 70 PatchGAN (shown in 

Table 2), which examines small patches of the image to ensure 

that the generated batik textures appear detailed and realistic, 

similar to traditional batik. 
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Table 1. Cycle-Consistent Generative Adversarial Network 

(CycleGAN) generator architecture used for flora-to-batik 

style translation 

Block Layer 
Output 

Channels 
Kernel 

Input 
Red–Green–Blue (RGB) 

image 
3 - 

Encoder 

Conv2D + InstanceNorm + 

ReLU 
64 7 × 7 

Conv2D + InstanceNorm + 

ReLU (Downsampling) 
128 3 × 3 

Conv2D + InstanceNorm + 

ReLU (Downsampling) 
256 3 × 3 

Residual 

(9 blocks) 

Conv2D -> InstanceNorm 

-> ReLU -> Conv2D -> 

InstanceNorm 

256 3 × 3 

Decoder 

ConvTranspose2D (3 × 3, 

stride = 2) + InstanceNorm 

+ ReLU

128 3 × 3 

ConvTranspose2D (3 × 3, 

stride = 2) + InstanceNorm 

+ ReLU

64 3 × 3 

Output Conv2D (7 × 7) + Tanh 3 7 × 7 

Table 2. CycleGAN and Adaptive Instance Normalization 

CycleGAN (AdaIN-CycleGAN) discriminator architectures 

used for flora-to-batik style translation 

Block Layer 
Output 

Channels 

Kernel 

/Stride 

Conv Block 1 Conv2D + LeakyReLU 64 4 × 4 / 2 

Conv Block 2 
Conv2D + InstanceNorm 

+ LeakyReLU
128 4 × 4 / 2 

Conv Block 3 
Conv2D + InstanceNorm 

+ LeakyReLU
256 4 × 4 / 2 

Conv Block 4 
Conv2D + InstanceNorm 

+ LeakyReLU
512 4 × 4 / 1 

Output Conv2D 1 4 × 4 / 1 

The model is optimized using least squares GAN loss, 

cycle-consistency loss to maintain structural fidelity, and an 

optional identity loss to preserve color statistics when 

necessary. Training is conducted for 50 epochs with a batch 

size of 1 using the Adam optimizer (learning rate 2 × 10⁻⁴, β₁ 

= 0.5, β₂ = 0.999) and employs loss weights λcycle = 10 and 

λidentity = 10.  

2.2.2 Enhanced Spatial Attention CycleGAN implementation 

Figure 4 shows the ESA-CycleGAN model, which was 

developed as an extension of CycleGAN to address the 

weaknesses in unpaired image-to-image translation [28]. 

These problems include loss of edge details, fine textures, and 

pattern consistency in the style transfer results. But this model 

is highly relevant for converting flora images into Madura 

Batik motifs. That is because the conversion process requires 

the preservation of the natural structure of the flora objects 

(e.g., the contour of flowers or leaves), while also being able 

to incorporate the detailed ornamental patterns characteristic 

of Madura Batik. The ESA-CycleGAN architecture is based 

on the CycleGAN structure, which comprises two generators 

(G and F) and two discriminators (𝐷𝑋 and 𝐷𝑌). However, the

ESA-CycleGAN architecture is enhanced with two additional 

modules: the edge extraction module and the self-attention 

module. The edge extraction module adds a Canny edge 

detection map to the input of the generator, assisting the 

network in identifying contours and significant features in the 

source image. It provides contour information that guides the 

generator in retaining the basic shape of the flora during the 

transformation process. While the self-attention module is 

incorporated into the generator and discriminator to model 

dependencies between spatially distant regions of the image. 

When combined, they make the ESA-CycleGAN able to learn 

global color and texture and, on top of that, maintain precise 

spatial detail, resulting in the generated batik motif often 

appearing more harmonious throughout the image.

Figure 4. Enhanced Spatial Attention CycleGAN (ESA-CycleGAN) flora and batik Madurese 

This makes ESA-CycleGAN an effective architecture for 

producing richly ornamented Madura batik motifs while 

retaining the original flora’s natural character.  

The Self-Attention Mechanism shows that the feature maps 

have three channels. The corresponding feature maps are 

produced by convolving the input with three 1 × 1 

convolutional kernels for each branch. The feature map 

produced from the channel is transposed and calculated, 

subsequently undergoing matrix multiplication with the 

channel to yield a matrix resembling the covariance matrix, 

from which pixel correlation and similarity are evaluated. 

Thus, the attention feature map, particularly the feature 
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weights, is obtained from the Softmax output. Ultimately, it is 

multiplied pixel by pixel with the channel’s feature map to 

obtain the attention-weighted feature map, computed as Eq. 

(4). 

𝑂𝑗 = ∑
exp (𝑓(𝑥𝑖)𝑇𝑔(𝑥𝑗))

∑ exp (𝑓(𝑥𝑖)
𝑇𝑔(𝑥𝑗))𝑁

𝑖=1

𝑁

𝑖=1

× ℎ(𝑥𝑖) (4) 

• 𝑓(𝑥𝑖): the result of a 1 × 1 convolution on the input

features to generate the query vector at position 𝑖.
• 𝑔(𝑥𝑗): the result of a 1 × 1 convolution on the input

features to generate the key vector at position 𝑗.

• ℎ(𝑥𝑖): the result of a 1 × 1 convolution on the input

features to generate the value vector at position 𝑖.
• exp (𝑓(𝑥𝑖)

𝑇𝑔(𝑥𝑗)) : computes the similarity between

positions 𝑖 and 𝑗 using the dot product.

• The numerator and denominator form a Softmax

function, ensuring that the attention weights at each

position are positive and normalized.

• 𝑂𝑗: the final output of the attention aggregation process,

representing a new feature representation at position 𝑗
after considering the contributions of all positions 𝑖 in
the image.

Table 3. Enhanced Spatial Attention CycleGAN (ESA-

CycleGAN) generator architecture used for flora-to-batik 

style translation 

Block Layer 
Output 

Channels 
Kernel 

Input 

Canny Edge Detection 

Concatenated with the RGB 

image (RGB + Edge) 

4 (3 RGB 

+ 1 edge)
- 

Encoder 

Conv2D + InstanceNorm + 

ReLU 
64 7 × 7 

Conv2D + InstanceNorm + 

ReLU (Downsampling) 
128 3 × 3 

Conv2D + InstanceNorm + 

ReLU (Downsampling) 
256 3 × 3 

Residual 

(9 

blocks) 

Conv2D -> InstanceNorm 

-> ReLU -> Conv2D -> 

InstanceNorm 

256 3 × 3 

Self-

attention 

module 

Query–Key–Value 

Attention Operation 
256 - 

Decoder 

ConvTranspose2D (3 × 3, 

stride=2) + InstanceNorm + 

ReLU 

128 3 × 3 

ConvTranspose2D (3 × 3, 

stride=2) + InstanceNorm + 

ReLU 

64 3 × 3 

Output Conv2D (7 × 7) + Tanh 3 7 × 7 

ESA-CycleGAN expands the original CycleGAN model by 

adding two essential components to further reinforce structural 

preservation in its style translation: a canny-based edge 

extraction module and a self-attention module. The generator 

maintains the nine-residual-block ResNet-based encoder–

residual–decoder structure, as summarized in Table 3, with the 

addition of self-attention after downsampling to capture long-

range dependencies and preserve global motifs’ coherence. It 

also takes a concatenated edge map in addition to the RGB 

input to strengthen its retention of fine structural boundaries, 

such as the contours of the petals and ornamental edges. 

Meanwhile, the discriminator is based on a modified 70 × 70 

PatchGAN architecture and has added a self-attention layer 

before the last convolutional block; see Table 4 for the 

improved sensitivity toward spatial relations and micro-

texture realism typical of Madurese batik.  

Training is done with least squares GAN loss to encourage 

stable adversarial learning; it combines a cycle-consistency 

loss (λcycle = 10), to ensure structural fidelity and an identity 

loss (λidentity = 10), to stabilize color consistency. The model 

was trained for 50 epochs using the Adam optimizer (learning 

rate 2 × 10⁻⁴, β₁ = 0.5, β₂ = 0.999) with a batch size of 4. 

Table 4. ESA-CycleGAN discriminator architecture used for 

flora-to-batik style translation 

Block Layer 
Output 

Channels 

Kernel 

/Stride 

Conv 

Block 1 

Conv2D + 

LeakyReLU 
64 4 × 4 / 2 

Conv 

Block 2 

Conv2D + 

InstanceNorm + 

LeakyReLU 

128 4 × 4 / 2 

Conv 

Block 3 

Conv2D + 

InstanceNorm + 

LeakyReLU 

256 4 × 4 / 2 

Self-

attention 

Query–Key–Value 

Attention 
256 - 

Conv 

Block 4 

Conv2D + 

InstanceNorm + 

LeakyReLU 

512 4 × 4 / 1 

Output Conv2D 1 4 × 4 / 1 

2.2.3 Adaptive Instance Normalization CycleGAN 

implementation 

AdaIN-CycleGAN is an extension of the CycleGAN 

architecture (Figure 5). This model enhances the generator by 

integrating the AdaIN mechanism directly into its residual 

blocks [29, 30]. Embedding AdaIN within the residual blocks 

allows the network to adaptively control style statistics 

(modifying the mean and variance of feature maps) while 

preserving the essential content structure. 

This model relies on the AdaIN-CycleGAN architecture. 

That is because it works on two main ideas. The first is cycle 

consistency, which requires the network to recover the original 

image after a round-trip translation between domains. Second, 

AdaIN is used to align content features with style 

characteristics in a controlled manner. By combining cycle 

consistency and AdaIN, the model performs unpaired image-

to-image translation that smoothly applies stylistic elements 

without losing the important structural details. For translating 

tasks with a large visual difference between source and target 

domains, this design is very suitable. For example, this 

approach can convert flora images into Madura Batik motifs. 

AdaIN is analogous to style transfer. It adjusts the 

normalized channel-wise mean and variance of the content 

image to match those of the styled image, ensuring that the 

output image exhibits the same feature distribution as the ink 

painting. AdaIN lacks any trainable affine parameters. The 

supplied style image adaptively creates affine parameters. If x 

and y denote the feature maps of the content and style images, 

respectively, the AdaIN layer is as in Eq. (5): 

𝐴𝑑𝑎𝐼𝑁(𝑥, 𝑦) = 𝜎(𝑦) × (
𝑥 − 𝜇(𝑥)

 𝜎(𝑥)
) + 𝜇(𝑦) (5) 

• 𝑥: Feature from the content image (for example, a flora

image).
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• 𝑦 : Feature from the style image (for example, a

Madurese batik motif).

• 𝜇(𝑥): The mean value of the content feature 𝑥.

• 𝜎(𝑥): The standard deviation of the content feature 𝑥.

• 𝜇(𝑦): The mean value of the style feature 𝑦.

• 𝜎(𝑦): The standard deviation of the style feature 𝑦.

Figure 5. Adaptive Instance Normalization CycleGAN 

(AdaIN-CycleGAN) flora and Madurese batik 

AdaIN-CycleGAN is an adaptation of the CycleGAN 

framework that integrates AdaIN to provide a more flexible 

and adaptive style control during floral-to-batik translation. 

Similar to the baseline architecture, the generator uses a 

ResNet-based encoder–residual–decoder structure with nine 

residual blocks, as summarized in Table 5. However, AdaIN-

CycleGAN inserts AdaIN layers inside the residual block 

instead of the standard residual blocks, allowing the mean and 

variance of the feature maps to be dynamically aligned with 

the target batik style. This mechanism has facilitated smoother 

and more controlled style blending, especially in the case of 

floral textures combined with the color and ornamentation 

patterns of Madurese batik. As summarized in Table 2, the 

discriminator uses a similar PatchGAN-based architecture 

taken from CycleGAN, which evaluates local texture patches 

to ensure that the generated batik motifs preserve realistic 

micro-structural details. 

Table 5. AdaIN-CycleGAN generator architecture used for 

flora-to-batik style translation 

Block Layer 
Output 

Channels 
Kernel 

Input 

Canny edge detection 

concatenated with the 

RGB image (RGB + edge) 

4 (3 RGB 

+ 1 edge)
- 

Encoder 

Conv2D + InstanceNorm 

+ ReLU
64 7 × 7 

Conv2D + InstanceNorm 

+ ReLU (Downsampling)
128 3 × 3 

Conv2D + InstanceNorm

+ ReLU (Downsampling)
256 3 × 3 

The encoder captures basic patterns from the input

and gradually reduces the image resolution to learn

deeper and more abstract features. 

AdaIN ResidualBlock+AdaIN 256 3 × 3 

Decoder 

ConvTranspose2D (3 × 3, 

stride = 2) + 

InstanceNorm + ReLU 

128 3 × 3 

ConvTranspose2D (3 × 3, 

stride = 2) + 

InstanceNorm + ReLU 

64 3 × 3 

Output Conv2D (7 × 7) + Tanh 3 7 × 7 

Training is set up similarly to CycleGAN with least squares 

GAN loss for stable optimization and cycle-consistency loss 

to preserve structural integrity during the bidirectional 

translation. Accordingly, AdaIN-CycleGAN was trained, 

according to the training script, for 50 epochs using the Adam 

optimizer (learning rate 2 × 10⁻⁴, β₁ = 0.5, β₂ = 0.999) with a 

batch size of 1, and only cycle-consistency loss without any 

identity loss was used. These settings ensure stable adversarial 

learning while still allowing AdaIN to more adaptively 

modulate style statistics during the floral-to-batik translation. 

Table 6. Comparison of CycleGAN, ESA-CycleGAN, and AdaIN-CycleGAN architectures and hyperparameters 

Aspect CycleGAN ESA-CycleGAN AdaIN-CycleGAN 

Input channels RGB (3 channels) RGB + canny edge map (4 channels) RGB only (3 channels) 

Generator structure 
Encoder → 9 Residual 

Blocks → Decoder 

Encoder → 9 Residual blocks → 

Self-attention → Decoder 

Encoder → AdaIN-Residual Blocks → 

Decoder 

Residual block type 
Standard ResNet block with 

the InstanceNorm 

Standard ResNet block with the 

InstanceNorm 

Residual block with AdaIN + 

InstanceNorm 

Normalization method InstanceNorm InstanceNorm 
Adaptive Instance Normalization 

(AdaIN) and InstanceNorm 

The style modulation 

method 
None 

Edge + self-attention enhances the 

structure 

AdaIN aligns the mean/variance of 

content and style features 

Texture preservation 

strategy 
Relies on residual blocks 

Edge guidance + attention preserve 

the fine structure 

AdaIN preserves semantic structure 

through statistical alignment 

Edge extraction 

module 
None 

Canny edge detection (concatenated 

before the encoder) 
None 

Self-attention 

(Generator) 
No Yes (after downsampling) No 

Self-attention 

(Discriminator) 
No Yes (before the final conv block) No 

Discriminator type 70 × 70 PatchGAN 70×70 PatchGAN + self-attention 70 × 70 PatchGAN 

GAN loss Least squares GAN Least squares GAN Least squares GAN 

Cycle loss (λcycle) 10 10 10 

Identity loss (λidentity) Yes (λ = 10) Yes (λ = 10) None 

Additional loss None Edge consistency loss None 

Epochs 50 50 50 

Batch size 1 1 1 

Learning rate 2 × 10⁻⁴ 2 × 10⁻⁴ 2 × 10⁻⁴ 

Optimizer Adam (β₁ = 0.5, β₂ = 0.999) Adam (β₁ = 0.5, β₂ = 0.999) Adam (β₁ = 0.5, β₂ = 0.999) 
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Table 6 provides an overview of the differences among 

CycleGAN, ESA-CycleGAN, and AdaIN-CycleGAN. The 

table includes information on the input setup, normalization 

layers, types of residual blocks, and the addition of attention 

or edge features. Table 6 also shows the loss functions and 

main hyperparameters used for training. When compared, 

these features clarify the differences among the three models. 

Comparing the results, the effects of these adjustments on the 

conversion of floral images into Madurese batik motifs can be 

seen. 

2.3 Evaluation metrics 

The PSNR is used to determine the amount of the original 

structure retained in the output, while the LPIPS examines the 

visual changes introduced during the style transfer. In many 

NST cases, a very high PSNR indicates that the result has not 

moved far enough from the input image, so the style influence 

is weak. When the PSNR becomes too low, the underlying 

content can start to degrade. LPIPS usually increases after the 

style is applied, although very high values can indicate that the 

image has developed artifacts or looks off. Considering both 

measurements helps explain how each model balances content 

preservation with stylistic changes.  

3. RESULTS AND DISCUSSIONS

This study uses orchid photographs as the content images 

for transferring Madurese batik styles. Figure 6 shows one 

example from the test set. Orchids were chosen because they 

grow in many parts of Indonesia and show a wide variety of 

shapes and colors, which often influence batik artwork. Their 

petals and natural markings also provide the level of detail 

required to thoroughly test the models. Several Madurese batik 

motifs were included for the style images, representing the 

intricate designs common in coastal Madura. 

The following subsection compares the results of the 

models using both PSNR and LPIPS, as well as visual 

examples, to see how they handle different floral inputs. These 

two types of evaluation help show the differences in how each 

model applies the batik style to the floral images. Figures 6-11 

and Tables 7-9 provide examples of these outputs. 

(a)  (b) 

(c)  (d) 

(e) 

Figure 6. Flora image as content image: (a) Phalaenopsis 

amabilis ‘15’; (b) Phalaenopsis amabilis ‘1’; (c) 

Phalaenopsis amabilis ‘8’; (d) Phalaenopsis amabilis ‘6’; (e) 

Cymbidium Clarisse Austin ‘23’ 

3.1 Results of the quantitative evaluation 

As shown in Table 7, the PSNR values indicate that ESA-

CycleGAN produces the most stable results across all samples, 

indicating that it best preserves the flora structure. CycleGAN 

produces more varied and lower PSNR values, whereas 

AdaIN-CycleGAN produces values in the middle range but 

with less consistency. Because the PSNR reflects structural 

fidelity, ESA-CycleGAN provides the best content 

preservation.  

Table 7. Comparison of the PSNR of CycleGAN, ESA-

CycleGAN, and AdaIN-CycleGAN on five orchid images 

Content Image 

PSNR 

CycleGAN 
ESA-

CycleGAN 

AdaIN-

CycleGAN 

Phalaenopsis amabilis 

‘15’ (PA 15) 
4.757291 5.16 4.51 

Phalaenopsis amabilis 

‘1’ (PA 1) 
9.125671 7.42 6.86 

Phalaenopsis amabilis 

‘8’ (PA 8) 
6.876127 7.91 7.87 

Phalaenopsis amabilis 

‘6’ (PA 6) 
4.609799 5.09 4.87 

Cymbidium Clarisse 

Austin ‘23’ (CA 23) 
6.952485 6.86 6.40 

Note: PSNR: peak signal-to-noise ratio; LPIPS: learned perceptual image 

patch similarity 

Table 8. Comparison of LPIPS of CycleGAN, ESA-

CycleGAN, and AdaIN-CycleGAN on five orchid images 

Content Image 

LPIPS 

CycleGAN 
ESA-

CycleGAN 

AdaIN-

CycleGAN 

Phalaenopsis amabilis 

‘15’ (PA 15) 
0.701729 0.683 0.679 

Phalaenopsis amabilis 

‘1’ (PA 1) 
0.692705 0.715 0.705 

Phalaenopsis amabilis 

‘8’ (PA 8) 
0.518543 0.697 0.665 

Phalaenopsis amabilis 

‘6’ (PA 6) 
0.516275 0.660 0.610 

Cymbidium Clarisse 

Austin ‘23’ (CA 23) 
0.469227 0.630 0.760 

Table 8 shows that CycleGAN produces low and unstable 

LPIPS values, whereas ESA-CycleGAN produces moderate 

and consistent values. AdaIN-CycleGAN sometimes produces 

high values, indicating perceptual loss. Since LPIPS measures 

205



visual similarity, the stable values of ESA-CycleGAN indicate 

a more controlled style application process that does not 

excessively alter the original form.  

The best balance is achieved when the PSNR is neither too 

high nor too low, and the LPIPS increases but remains stable. 

This pattern shows that ESA-CycleGAN is most capable of 

maintaining the flora structure while applying the batik style, 

resulting in a level of visual change that remains recognizable. 

Thus, it is the most balanced model among the three. 

3.2 Model-specific analysis 

Figure 7 shows that CycleGAN produces different results 

across the test samples. The PSNR values ranged from 4.75 

dB (Phalaenopsis amabilis ‘15’) to 9.12 dB (Phalaenopsis 

amabilis ‘1’). Some structural information is kept at the higher 

end, but in many cases, the content is not preserved well. The 

LPIPS values also varied widely, from 0.469 (Cymbidium 

Clarisse Austin ‘23’) to 0.701 (Phalaenopsis amabilis ‘15’). 

When orchid images contain complicated petal shapes, the 

translated versions often lose noticeable details. 

Figure 7. PSNR and LPIPS evaluation scores for CycleGAN 

across different orchid image samples 
Note: PSNR: peak signal-to-noise ratio; LPIPS: learned perceptual image 

patch similarity 

Figure 8. PSNR and LPIPS evaluation scores for ESA-

CycleGAN across orchid image samples 

Figure 9. PSNR and LPIPS evaluation scores for AdaIN-

CycleGAN across different orchid image samples 

Figure 8 presents the results of the ESA-CycleGAN. The 

PSNR values fell within a tighter range, between 5.09 and 7.91 

dB, and the LPIPS values remained fairly steady at 0.471–

0.715. The edge-based features and attention layer help 

maintain the outlines and smaller textures in the flowers. 

Consequently, the generated batik images look cleaner and 

tend to follow the original floral shapes more closely. This 

trend is visible in many samples. 

Figure 9 displays the output of AdaIN-CycleGAN. Here, the 

PSNR values fall between 4.51 dB (Phalaenopsis amabilis 

‘15’) and 7.87 dB (Phalaenopsis amabilis ‘8’), and in some 

cases, the LPIPS score reaches 0.760 (Cymbidium Clarisse 

Austin ‘23’). The adaptive normalization gives the model more 

flexibility in adjusting the style, but it can also make the output 

sensitive to input feature variations. Artifacts may appear 

when this happens, which is not ideal for Madurese batik 

motifs that require a clear structure and consistent form. 

3.3 Visual comparison and interpretation 

Table 9 compares the visual output of CycleGAN, ESA-

CycleGAN, and AdaIN-CycleGAN. In several cases, 

CycleGAN produces slightly blurred images with unclear 

contour lines that are not as clear as expected. This can be seen 

in samples such as Phalaenopsis amabilis ‘15’ and 

Phalaenopsis amabilis ‘6’, where the petal edges start to blend 

into the surrounding batik pattern. These visual issues are 

consistent with the observed lower PSNR scores for both 

images. 

Table 9. Visual comparison of the style transfer results 

across the three models 

Content 

Image 
CycleGAN 

ESA-

CycleGAN 

AdaIN-

CycleGAN 

In ESA-CycleGAN, the contours of the petals are better 

preserved, and the batik patterns are neatly arranged. The 

coloring result also appears to be more balanced. These results 

are reflected in the stable PSNR and LPIPS values in Tables 7 
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and 8, indicating that ESA-CycleGAN is the most effective 

method for the preservation of flora structure while applying 

the Madura batik style. While AdaIN-CycleGAN has smooth 

color blending, some of its samples, such as Cymbidium 

Larisse Austin ‘23’, show distortion in shape and overly 

dominant batik patterns. This is supported by the higher LPIPS 

values in a few samples in Table 8. 

Overall, ESA-CycleGAN has the best balance between 

structural sharpness and stylization quality (Table 9). 

CycleGAN loses the contour details more easily; AdaIN-

CycleGAN allows for flexible style but becomes less stable 

while maintaining flower morphology. 

3.4 Discussion 

Figures 10 and 11 show a comparison of PSNR and LPIPS 

for the three models on five orchid samples. These results help 

identify each model’s strengths and limitations in preserving 

structure when the Madura batik style is applied. However, it 

often fails to maintain fine details such as petal contours and 

small patterns. This is evident from the low PSNR values in 

several samples and the inconsistent LPIPS values in Figures 

10 and 11. The ESA-CycleGAN performs best in preserving 

the structure and texture. Petal contours are clearer, and the 

batik style is applied neatly. The graphs in Figures 10 and 11 

show the stable values in almost all the samples. The main 

drawback of this model is its higher computational 

requirements owing to the use of edge extraction and self-

attention. 

Figure 10. Comparison of the PSNRs of CycleGAN, ESA-

CycleGAN, and AdaIN-CycleGAN across different orchid 

samples 

Figure 11. Comparison of LPIPS among CycleGAN, ESA-

CycleGAN, and AdaIN-CycleGAN across different orchid 

samples 

AdaIN-CycleGAN demonstrates more flexible style 

adaptation capabilities. This model can produce interesting 

visual variations; however, shape distortion is observed in 

some images. This can be seen in Figure 11’s increased LPIPS 

values of certain samples. The model’s sensitivity to feature 

variations makes it less stable for structural accuracy-requiring 

batik motifs. 

4. CONCLUSION

This study examined how CycleGAN, ESA-CycleGAN, 

and AdaIN-CycleGAN transform floral images into Madurese 

batik motifs. From the tests we ran, ESA-CycleGAN generally 

produced the most coherent and culturally recognizable 

patterns, particularly in keeping the outlines of the flowers 

intact while still introducing batik-style elements. Although 

CycleGAN handled simpler images reasonably well, it tended 

to lose finer textures. AdaIN-CycleGAN often generated 

interesting color and style variations, although the shapes of 

the flowers became less clear at times. 

The PSNR and LPIPS results were mostly in line with what 

we observed visually. ESA-CycleGAN showed steadier scores 

across samples, indicating that the combination of edge 

extraction and self-attention helps preserve structure. Both 

CycleGAN and AdaIN-CycleGAN displayed wider 

fluctuations in the metrics, especially on images with more 

complicated floral features. 

Several things are worth exploring next. Feedback from 

batik artisans would be valuable in understanding how the 

generated motifs align with traditional expectations. A larger 

dataset with more diverse floral shapes and different regional 

batik styles could also help reveal where each model performs 

best or struggles. Attempting other generative models may 

also be useful to address the remaining limitations. 

Overall, while the present results are encouraging, the work 

is still in its early stages. These methods could eventually 

become a supporting tool for documenting or experimenting 

with batik designs, but their role should complement rather 

than replace existing artistic practices. 
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