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ABSTRACT

Batik is a traditional textile from Indonesia, and automatic batik pattern generation can help enrich
its diverse motifs. This research explores the use of a generative convolutional neural network, a generative
random field model that learns its own filters directly from training data without relying on pre-trained
features. The model parameters are estimated by minimizing the difference between the synthesized
images and the training images. To improve image quality, k-means clustering and block-matching and
three-dimensional (BM3D) filtering denoising are incorporated to reduce noise and enhance the Fréchet
Inception Distance score. Two experiments are conducted. The first evaluates the model’s ability to
generate batik patterns from single input images using both high-quality (ITB-mBatik) and lower-quality
internet-sourced datasets. The second examines the generation of blended batik patterns from pairs of
internet-sourced batik images with complementary color and texture features. The results show that
applying a simple denoising step improves the Fréchet Inception Distance score for the high-quality
ITB-mBatik images, while showing little to no benefit for the lower-quality internet-sourced batik images.
In addition, the model is able to generate visually appealing blended patterns, particularly when the input
images share complementary color and texture features. These findings highlight the role of data quality
and post-processing in generative batik pattern synthesis.
Keywords: Generative Convolutional Neural Network, Random Field, Blended Batik Pattern, K-means
Denoising, and BM3D Denoising

1. Introduction

Batik is one of the most iconic traditional textiles of Indonesia, characterized by rich and
diverse motifs that vary across regions. Efforts to preserve these cultural patterns while enabling
the creation of new designs have motivated research in automatic batik pattern generation. Prior
studies on batik image analysis and synthesis have evolved from classical pattern recognition
to modern deep learning approaches. Early work, for example, relied on handcrafted features;
Azhar et al. [1] applied support vector machines with SIFT descriptors for batik classification,
while Situngkir [2]] explored generative batik design using an L-system and the Thue—Morse
algorithm.

More recently, deep generative models have significantly improved the ability to synthesize
realistic batik motifs. Generative adversarial networks (GANs) [3} 4, 5, 16, [7/] and denoising
diffusion probabilistic models [8]] have shown strong performance. However, these approaches
are primarily based on adversarial or diffusion frameworks, while energy-based generative
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models, such as generative convolutional neural network (ConvNet) [9], remain relatively less
explored, particularly for structured texture synthesis like batik patterns.

Generative ConvNet originate from energy-based models and are closely related to the
FRAME (Filters, Random field, and Maximum Entropy) model introduced by Zhu et al. [10].
This framework was later extended by Lu et al. [11] using pre-learned filters, and further
developed by Xie et al. [9] into a fully trainable generative ConvNet that learns both filters
and model parameters without relying on pre-trained weights. Under a Gaussian white noise
reference, the model represents images as structured, piecewise Gaussian patterns and can also
be interpreted in an autoencoder-like manner for image synthesis [12]].

An important aspect of generative ConvNet is the presence of noise introduced during the
learning and sampling process. In particular, Langevin dynamics injects Gaussian noise at each
iteration to facilitate exploration of the image distribution. While necessary, this process can
introduce high-frequency artifacts and minor structural inconsistencies in the generated images.
In batik pattern synthesis, such noise may reduce the clarity of fine texture details and affect
quantitative measures such as the Fréchet Inception Distance (FID). To reduce these effects,
post-processing through denoising can be applied to improve the FID score of the synthesized
batik patterns after denoising.

Motivated by these considerations, this study not only investigates the capability of
generative ConvNet to synthesize batik patterns from single input images and to generate blended
patterns from pairs of images, but also examines how noise and post-processing affect visual
quality and FID scores. The model is applied to both high-quality and low-quality batik datasets,
followed by post-processing using k-means and BM3D denoising methods. The study further
analyzes whether denoising improves image quality or alters underlying texture characteristics,
and how noise introduced during learning influences the resulting patterns and their FID scores.

2. Methodology

This section presents the theoretical background of the methodology used in this study. It
includes the mathematical formulation of the generative ConvNet model, learning procedure for
parameter estimation, and denoising methods applied to enhance the quality of the synthesized
batik images.

2.1. Generative ConvNet Model

Following notation in [9], let an image defined on a rectangular (or square) domain O
be denoted by I(x), where x = (x,x;) represents the pixel coordinates. The image I(x) can
be considered either as a two-dimensional function or as a vector with a fixed pixel ordering
[9]. Let the filtered image be denoted by F = I, and the filter response at position x be written
as F = I, for a given filter . In [9], the generative ConvNet is defined recursively, consisting
of multiple layers of linear filtering followed by a Rectified Linear Unit (ReLU) as a nonlinear
transformation.

Following [9], the generative ConvNet applies filtering and non-linear activation recursively
across layers. The response at position x from filter F ]El) at layer / is:

Ny
(A 1| o = | ) 3w LR e ey + b, (1)
i=1 yeS§;
or, in vector form:
A 1| () = b (W PO 1) 4 1) @)

where:
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F ]El) *1 : the filtered image using filter k at layer [

F,El) . the k' filter at layer [, where k € {1,2,...,N;}

h(-) . the Rectified Linear Unit (ReLU), defined as 4(r) = max(r, 0)

N; : the number of filters at layer /

/ . the index of the layer, where [ € {1,2,..., L}

S; . the spatial support of filters at layer /

wgy’k) the weight of filter k at layer /, applied to input channel i at position y
bix . the bias term of filter k at layer /

FO «I : a3D feature map consisting of all NV, filtered outputs at layer [

W]((ll a locally supported 3D basis function aligned with FU=1 « I

Let f(I,w) and g(I) be the scoring function and the Gaussian white noise distribution,

respectively:
K
fawy =" 3D | ), 3

k=1 xeD,;

1 1
qg(@) = W exp [_F ||I||2] , “4)

where |D]| is the number of pixels in the domain 9. Then the convolutional version of the
generative ConvNet, defined by [9] as a Markov random field model, can be written as:

p(Lw) = exp [f(L;w)] q(D), (&)

Z(w)

where w includes the weights and bias terms that determine the filters (F ,El), k=1,...,K =N,
Z(w) = E{exp[f(L;w)]}, f(I,w) is the scoring function, and ¢(I) is the Gaussian white noise
distribution.

Sampling from this model is carried out using Langevin dynamics:

2
€
Lig=1- E [It - Bw,é(l,;w)] +€Z;, (6)

where ¢ and € represent the time step and step size, respectively, and Z; ~ N (0, 1). The term
B,, s is computed via the top-down deconvolution process:

N
BU-D = Z Z B,(C”(x)cil(f’i(l; w)w,g{l, (7)
k=1 xeD;

where B() = (B,((l)(x), k=1,...,N;,, x € D), and B(L)(x) =1lforallk =1,...,Ny and
x€Dy.

The activation pattern at each layer, denoted 6 (I, w) = (6,(3 (Iw), Vk,x,1), is computed
in the bottom-up process using:

5wy = 1 (Wi, FOD 1) + by > 0), ®)

A 1| () = 60wy (W FO0 1) + by ) ©)
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(1)
k.x

input layer, F© « I is defined as L.

This formulation enables the generative ConvNet to define an energy-based probability
model over natural images, making it particularly suitable for synthesizing structured textures
such as batik patterns.

where w, ’ is a Gabor wavelet centered at position x, and 1(+) is the indicator function. For the

2.2. Learning Procedure for Parameter Estimation

The generative ConvNet is trained following the algorithm proposed in [9]], which is used
to estimate the parameters w and to generate synthesized images. Given a set of training images
I,,, where m = 1,..., M and M denotes the number of training samples, the weights w are
estimated by maximizing the following average log-likelihood function:

1 M
L(w) = 57 D logp(Tusw), (10)
m=1

where p(I; w) is defined in Equation (9)
Following [9], the gradient of the log-likelihood with respect to the parameters w is given
by:

onn) Z — f (L w) - [%f(l;w)]- (1)

To approximate the expectation term, the synthesized images I,, are updated by running
Langevin dynamics (Equation (6))) for L steps. These synthesized samples serve as Monte Carlo
approximations. The parameters w are then refined by computing the difference between the
gradients obtained from the training data and those from the synthesized images. The overall
learning procedure follows the iterative framework proposed by Xie et al. [9].

2.3. Denoising Methods

The synthesized batik images produced by generative ConvNet model often contain noise
that degrades visual quality and affects quantitative evaluation. This noise is closely related
to the learning and sampling process of the generative ConvNet. During training, the model
learns the image distribution using Langevin dynamics, where Gaussian noise is injected at each
iteration to enable exploration of the image space [9]]. As a consequence, the generated images
contain stochastic noise in the form of high-frequency pixel-level variations and small structural
inconsistencies, particularly in homogeneous regions and smooth color areas.

This noise may affect the research results in two ways. First, it may reduce visual quality by
introducing random pixel noise and irregular textures that are not present in real batik patterns.
Second, it may affect the Fréchet Inception Distance (FID) by altering the feature statistics
of the synthesized images, leading to greater differences between generated and real images.
Consequently, this may result in higher FID scores.

To reduce this effect, post-processing via denoising is applied to the synthesized images. In
this study, two denoising methods are considered: k-means clustering and Block-Matching and
3D Filtering (BM3D), applied individually and in combination. K-means denoising simplifies
the image by clustering pixel colors into a fixed number of groups [[13]. This reduces color
variations caused by noise and produces smoother regions. However, since it operates only in the
color space, it is less effective at removing random pixel noise and preserving structural details.
BM3D denoising helps address this limitation by operating in both spatial and transform domains.
Itidentifies similar image patches, groups them into 3D stacks, and applies collaborative filtering.
As a result, BM3D can reduce noise while better preserving edges and texture details [14].
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To systematically evaluate the effect of noise and denoising, FID scores are computed
for both the original synthesized images (before denoising) and the denoised images. Three
denoising scenarios are considered: (1) k-means denoising alone, (2) BM3D denoising alone,
and (3) a sequential combination of k-means followed by BM3D. By first reducing color variation
with k-means and then removing fine spatial noise using BM3D, this two-stage approach is
expected to produce smoother and more structurally consistent batik patterns. The comparison
between FID values before and after denoising provides a clearer assessment of how noise
influences the evaluation and how effectively each method improves both visual quality and
statistical similarity to real batik images.

3. Experimental Setup
3.1. Dataset

This research utilizes two data sources: (1) thirty clean, high-quality images randomly
selected from the ITB-mBatik dataset (Figure|[T)), obtained from publicly available sources [[15],
and (2) modern batik images collected from the internet using search queries such as “modern
batik pattern”, which generally have lower pixel clarity compared to the ITB-mBatik dataset.
Although approximately thirty modern batik images were initially gathered from online sources,
only three images (Figure [2)), are selected for further use due to their complementary color and
texture features. This selection ensures that the patterns are compatible for blended pattern
synthesis.

Both datasets are used to evaluate the model’s performance in generating batik patterns
from single input images, by comparing high-quality inputs from the ITB-mBatik dataset with
lower-quality internet-sourced images. This allows us to examine whether lower-quality inputs
affect the model’s ability to generate visually coherent and realistic batik patterns. In addition,
the three selected internet-sourced images are specifically used for the blended batik generation
task to produce new motifs.

Although the number of training images is limited, the dataset consists of patterns with rich
structural details. This study adopts a controlled experimental setting to examine the behavior of
the generative model. This approach is consistent with common practices in texture synthesis,
where representative patterns can be effectively learned from a relatively small number of
samples.

Figure 1. Thirty batik images from the ITB-mBatik dataset.
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(a) (b) (©)

Figure 2. Internet-sourced batik images

3.2. Experimental Framework

Internet-sourced Experiment 2 Generative
batik (pairwise-image training) ConvNet learning
Experiment 1
(single-image training)

Generative
ConvNet learning

ITB-mBatik

Trained Model 1

Trained Model 2

Synthesized batik Blended batik pattern

BM3D
denoising

Synthesized batik
after denoising

3 Evaluating using FID

k-means

denoising

Synthesized batik
after denoising

k-means + BM3D
denoising
Synthesized batik
after denoising

Analize the results ¥

Figure 3. Flowchart of the experimental framework showing the workflow from input data and
experimental setup to generative ConvNet training, image generation, denoising with three
strategies, and evaluation using FID.

Figure[3|presents the overall workflow of the experimental framework. The process begins
with two input sources, namely the ITB-mBatik dataset and internet-sourced batik dataset. These
data are used in two experimental settings of the generative ConvNet model: Experiment 1
(single-image training) using both datasets, and Experiment 2 (pairwise-image training) using
only the internet-sourced batik images.

In Experiment 1, the model is trained on a single image to evaluate its ability to generate
batik patterns. The generative ConvNet s trained separately on the ITB-mBatik dataset (Figure[T))
and the internet-sourced batik images (Figure 2). In Experiment 2, the model is trained on pairs
of images to generate blended batik patterns, where the selected pairs share similar color and
texture characteristics. Specifically, Experiment 2 uses two image pairs: (a) and (c), and (b) and
(c) in Figure

During training (generative ConvNet learning), the model is initialized and optimized
through an iterative process that alternates between image synthesis and parameter updates. The
model learns the image distribution defined by p(/; w) in Eq. (5). At each iteration, synthesized
images are generated using Langevin dynamics (Eq. (6)), and the model parameters are updated
by matching statistics between real and synthesized images through the gradient of the log-
likelihood (Eq. (11)), which depends on the score function f(7;w) in Eq. (3). Gaussian noise
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is injected at each step to facilitate exploration of the image distribution, although it may also
introduce noise into the generated images.

Both experimental setting are implemented using the original code from [9] within the
MatConvNet framework [[16]. The generative ConvNet is trained in a layer-wise manner, where
filters in the lower layers are refined via backpropagation as new layers were progressively added.
Let M, L, and T denote the number of synthesized images used during Langevin sampling, the
number of Langevin steps between consecutive parameter updates, and the number of learning
iterations for each layer, respectively, following [9].

In Experiment 1, the model is trained with M =1, L =3, T = 4000, and a Gaussian
reference distribution variance of o> = 1. The architecture consisted of three convolutional
layers: 150 filters of size 15 X 15 in the first layer, 64 filters of size 5 X 5 in the second layer, and
30 filters of size 3 X 3 in the third layer. Sub-sampling rates are set to 3 for the first layer and 1
for the remaining layers, and all layers are trained simultaneously using a one-step contrastive
divergence method. In Experiment 2, the model is trained with M =2,L =10,and T = 700 for
each layer, using the same filter configuration and sub-sampling rates. In this case, each layer
was added sequentially, and no contrastive divergence step was applied during training.

The trained models are then used to generate new images. In Experiment 1, the model
produces synthesized batik images, while in Experiment 2 it generates blended batik patterns.
As described earlier, the generated images may contain noise due to the injection of Gaussian
noise during the iterative sampling process. This noise can affect the synthesized batik patterns
by degrading fine texture details, introducing random pixel noise, and increasing the difference
between synthesized and real images.

To reduce these effects, three denoising methods are applied to the synthesized batik
images: k-means clustering, BM3D filtering, and a combination of both. This post-processing
step is introduced in this study as an additional enhancement and is not part of the original
generative ConvNet implementation in [9]. The resulting images are then evaluated using
the Fréchet Inception Distance (FID) to assess their similarity to real batik images, and the
results are further analyzed to compare the performance across different denoising methods.
This framework enables a systematic analysis of how denoising affects both visual quality and
statistical similarity.

4. Result and Discussion

Figure [] and Figure [5] present the synthesized batik images generated in Experiment 1
before applying any denoising method. The patterns derived from the ITB-mBatik dataset
(Figure 4) closely resemble the training images, indicating that the model successfully captures
the motifs and reproduces them with similar structure and color distribution. Similarly, the
images generated from the internet-sourced batik dataset (Figure[5) also show visual consistency
with their references. Although the ITB-mBatik dataset contains higher-quality images and
the internet-sourced images have lower quality, the synthesized images from both datasets still
contain slight noise, which appears as small dot-like patterns (random pixel noise) in the images.

To reduce this noise, three post-processing (denoising) strategies are applied: (1) k-means
denoising, (2) BM3D denoising, and (3) a sequential combination of k-means followed by
BM3D. Figure [|illustrates the effect of these methods on two representative synthesized images
from the ITB-mBatik dataset, along with their corresponding original images. The figure is
organized into five columns: (1) the raw synthesized image before denoising, (2) the result
after k-means denoising, (3) after BM3D denoising, (4) after sequential k-means and BM3D
denoising, and (5) the original image. For this high-quality dataset, the denoising process
improves visual clarity and structural consistency of the generated batik patterns, resulting in
fewer dot-like patterns in the images, while the sequential combination of both methods yields
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the best results.

Figure 4. Synthesized batik patterns from the ITB-mBatik dataset.

Figure 5. Synthesized batik patterns from internet-sourced batik references

Figure 6. Denoising results for two synthesized images from the ITB-mBatik dataset. Each row shows:
(1)synthesized image before denoising, (2) synthesized image after k-means denoising, (3)
synthesized image after BM3D denoising, (4) synthesized image after k-means followed by
BM3D denoising, and (5) the original training image.

Figure[7|shows all 30 synthesized images after applying the combined k-means and BM3D
denoising method, where each image is generated from a single training image in the ITB-
mBatik dataset. Compared to the results before denoising in Figure {4} this post-processing step
improves image quality, particularly by reducing the noise and enhancing pattern smoothness.

Table[I|reports the Fréchet Inception Distance (FID) scores for both datasets under different
denoising strategies. In this study, the FID is computed by comparing the distribution of all
synthesized images with the distribution of the corresponding real images for each dataset (ITB-
mBatik and internet-sourced batik). Thus, the FID is calculated at the dataset level rather than on
individual images, reflecting how well the model captures the overall data distribution. The FID
metric measures similarity in feature distributions, where lower values indicate better quality.
A high FID score suggests a large difference between generated and real images, often due to
the noise or structural inconsistencies, indicating that the model has not accurately captured
the underlying patterns. In contrast, a lower FID indicates improved similarity in texture, color
distribution, and overall structure.
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For the ITB-mBatik dataset, the FID score decreases from 158.28 to 125.33 after k-means
denoising, 119.03 after BM3D, and 88.90 with the combined method, indicating a better match
with the real data distribution. This suggests that denoising enhances both visual quality and
statistical similarity for this dataset. In contrast, for the internet-sourced dataset, the initial
FID of 74.34 does not improve consistently after denoising, increasing to 91.74 with k-means,
slightly decreasing to 74.02 with BM3D, and reaching 82.91 with the combined method. This
indicates that denoising may not always be beneficial, particularly when the input images already
contain variability or lower pixel clarity. Therefore, only FID values are reported for this dataset
without additional visual examples.

Figure 7. Synthesized batik images from the ITB-mBatik dataset after applying sequential denoising:
k-means followed by BM3D.

Table 1. FID scores for synthesized images generated by the generative ConvNet from the ITB-mBatik
and internet-sourced datasets. Generative ConvNet: original generative ConvNet output before
denoising, K: after k-means denoising, B: after BM3D denoising, K+B: after sequential k-means

and BM3D denoising.
Dataset generative ConvNet K B K+B
ITB-mBatik 158.28 125.33 | 119.03 | 88.90
Internet-sourced 74.34 91.74 | 74.02 | 82.91

The results of the Experiment 2 are presented in Figure [8) which shows blended batik
patterns generated from pairs of training images. The first three images are produced using
images (a) and (c) from Figure [2, while the remaining three are generated from images (b) and
(c). These results demonstrate the model’s ability to combine color and texture characteristics
from different images into coherent and visually appealing batik motifs, particularly when the
input images are carefully selected to have complementary color and texture characteristics.

(a) (b) (©) (d) (e) ®)

Figure 8. Blended batik patterns generated from two training images. (a), (b) and (c) were synthesized
from training images (a) and (c) in Figure [2| while (d), (e) and (f) were synthesized from
training images (b) and (c) in Figure

Overall, the generative ConvNet demonstrates the ability to learn and reproduce batik
patterns from both single images and image pairs. In Experiment 1, the model generates
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structurally consistent patterns, while in Experiment 2, it successfully produces blended designs
when the input images share complementary color and texture features. However, noise from
the Langevin sampling process affects both visual quality and FID evaluation. The application
of denoising, particularly the combination of k-means and BM3D, improves the results for
the high-quality ITB-mBatik dataset, but shows limited or inconsistent improvement for the
internet-sourced batik images.

5. Conclusions

This study demonstrates that the generative ConvNet is capable of synthesizing rich and
realistic batik patterns, effectively capturing color and structural characteristics from both high-
quality (ITB-mBatik) and low-quality (internet-sourced batik) datasets. In Experiment 1,
the model successfully generates convincing batik patterns from a single training image,
showing its ability to learn detailed texture representations. In Experiment 2, the model
produces blended batik patterns by learning from pairs of images. The generative ConvNet
produces visually appealing blended batik patterns, particularly when the source images share
complementary color and texture; otherwise, the outputs become less coherent. To improve
structural consistency, future work may incorporate a symmetry-aware loss, which is well-suited
for preserving the geometric characteristics of traditional batik motifs.

The results also show that denoising plays an important role in improving the quality of
synthesized images. The combination of k-means and BM3D significantly enhances image
quality for the ITB-mBatik dataset, reducing the FID score from 158.29 to 88.90. However,
this improvement is not observed for low quality internet-sourced batik dataset, indicating that
the effectiveness of denoising depends on the quality and consistency of the input data. Further
improvements may be achieved by exploring more advanced approaches, such as denoising
diffusion probabilistic models [8]], or classical techniques including non-local means and wavelet
thresholding, as well as improved model design, to better generate batik patterns while preserving
key visual characteristics.
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