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Abstract

Javanese script is an important part of Indonesia’s cultural heritage, representing cultural values from the past. However,
recognizing and classifying Javanese characters within manuscripts is challenging due to the limited availability of data and
uneven distribution of character classes. The decline in formal use of Javanese script has drastically reduced the pool of
manuscript samples, causing certain characters to appear rarely and skewing class frequencies. Existing methods that utilize
Generative Adversarial Networks (GANSs) attempt to address this problem. However, they often struggle to generate characters
that are both consistent and visually accurate in terms of structural details. To address these issues, this study introduces a
skeleton-based balancing GAN (SkelBAGAN), which improves the structural details of the previous method for generating
characters. The proposed method introduces three main enhancements: (i) a layer for extracting the character skeleton
structure, (ii) an optimized pretrained network using an autoencoder for learning the skeleton distribution, and (iii) refinement
of the evaluation function, preserving both the distribution and structural fidelity in the adversarial process. The performance
of the proposed model is evaluated against previous methods using the Fréchet Inception Distance (FID) to assess distribution
quality and the Structural Similarity Index Measure (SSIM) to evaluate structural fidelity. The results indicate that the proposed
methods outperform previous methods in balancing the FID and SSIM metrics. The integration of all enhancements in
SkelBAGAN achieves the lowest FID, indicating improved generative quality while maintaining competitive SSIM values. The
qualitative study indicates that SkelBAGAN outperforms previous methods in character generation. These results highlight
how the skeleton-based improvement of the quality of generated characters enhances the recognition performance for
underrepresented Javanese characters in imbalanced datasets. Ultimately, this work contributes to the broader effort to
preserve the Javanese script as a vital element of Indonesia’s cultural identity.
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1. Introduction caused a decrease in the use of Javanese script in
manuscripts, resulting in limited availability of

The Javanese language is a local language mainly used Javanese script data [4].

in Java, Indonesia, which holds cultural and social

values [1]. In the past, the Javanese language was
written using Javanese script. It was actively used in
literature and daily writing. However, its use has
declined over time. Today, although the Javanese
language is still often used in daily life, most of its use
has switched to the Latin script due to several factors.
Some of these factors are the dominance of the national
language, limited use in education, technological
advancements, lack of cultural awareness, and shifting
preferences and lifestyles [2], [3]. These factors have

This limited availability results in uneven character
usage in manuscripts, causing several characters to
appear far less frequently than others, leading to
imbalanced distributions between characters. This
imbalance can bias recognition models toward frequent
characters, making it difficult to recognize the
underrepresented ones [5].

To address this issue, various traditional methods have
been employed, particularly using data resampling by
applying minority oversampling, majority
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undersampling, or hybrid approaches. Standard
methods, such as random sampling, SMOTE, and
cluster sampling, are widely used in implementing data
resampling. However, these techniques have
limitations; for example, the undersampling may
discard useful data, while the oversampling can lead to
model bias in learning, especially when the dataset has
few samples in minority classes [6].

A more recent strategy for addressing this issue
involves the use of generative models. Generative
Adversarial Networks (GANs) are deep learning
models designed to generate synthetic data by learning
the distribution of real samples through adversarial
training. A generator network creates data, while a
discriminator evaluates its authenticity, allowing the
model to produce increasingly realistic results.
Compared to traditional augmentation techniques (flip,
rotate, shear, scale, etc.) GANs can create more
realistic, diverse, and unambiguous data compared with
the traditional augmentation method [7] - [9]. This
ability makes GANs well-suited for handling data
imbalance. By generating new samples for
underrepresented classes, GANs can improve the
performance of recognition models [10].

The initial variation of GANs can generate a sample
with its classes, such as Conditional GAN (cGAN) [11]
and Auxiliary Classifier GAN (ACGAN) [12]. Both
utilize class properties to create single GANs with
multi-class capabilities [13]. Another variation of
GANSs namely Wasserstein GAN (WGAN) [14] focuses
on improving the stability of learning using Wasserstein
distance, which provides valuable learning curves. The
improved WGAN with gradient penalty, called
WGAN-GP [15] is proposed to handle the weight
clipping problem that limits the learning ability of the
critic [16].

To address the real-world multi-class data imbalance,
more specific generative models have been developed.
The Balancing GAN (BAGAN) [17] proposed a method
using an autoencoder’s encoder and decoder as a
discriminator and a generator to explore the minority
class distribution. BAGAN is specifically designed to
address class imbalance in training datasets. BAGAN
successfully generates sample images from MNIST,
CIFAR-10, Flowers, and GTSRB datasets even when
the minority classes are reduced by as little as 2.5% of
the original dataset. Further research [18] proposed the
Enhanced BAGAN that handles the weakness of
BAGAN, such as instability in similar images and
inseparable latent vectors between classes. The
Enhanced BAGAN adapts the gradient penalty
mechanisms from WGAN-GP to limit the continuous
latent and uses the adaptation of the cWGAN-GP’s [19]
discriminator to eliminate dependency on the
autoencoder’s encoder. These improvements allow
Enhanced BAGAN to handle imbalanced datasets more
effectively.

Moreover, the variety of handwriting styles in Javanese
script characters increases the complexity of the script,
making the recognition more complicated [20]. Some
studies have used structural features to address the
different styles [21]. The structural features are
essential for extracting the character features and
making characters easier to recognize. Some studies use
skeletonization as the main method of structural
extraction in character recognition [22]. The use of
skeletons in character recognition shows better results
by capturing fine-grained details. The adaptation of the
skeleton on GAN using L1 loss in SkelGAN [23] shows
good results for learning the structural features.

To address the imbalance distribution and improve its
structural features, this study proposes a skeleton-based
GAN method to enhance the structural shape details of
Javanese characters while handling data imbalance. By
extracting and enforcing the skeleton consistency
through additional network and loss function, the
proposed method aims to improve both structural
fidelity and class-specific generation quality.

The main improvement in this research can be described
in three points: first, it introduces the use of GAN-based
augmentation for generating Javanese manuscript
characters. As this research is written, no research uses
generative-based data as the augmentation method in
this case. Second, an improvement on the structural
similarity of the previous works by increasing the
structural similarity of the handwriting using
skeletonization. Third, this study provides a detailed
analysis by examining the data characteristics,
quantitative results, and qualitative quality of the
generated samples.

This research aims to contribute to the development of
data augmentation methods that enhance the
classification models of the Javanese script in
manuscripts.

2. Methods

The research is divided into three focuses: the review of
Enhanced Balancing GAN (Enhanced BAGAN)
Architecture, which focuses on main points of the
previous works, the proposed enhancement with
SkelBAGAN, which explains the adaptation and use of
skeleton on the existing architecture within refinement
on the loss function, and the experimental environment
and case for the evaluation.

2.1 Enhanced BAGAN Architecture

The previous version of Enhanced Balancing GAN
(Enhanced BAGAN) [18] implements the two steps for
training the GANSs, named autoencoder initialization
and balanced training in GANS.

The basic idea of the Balancing GAN (BAGAN) [17] is
to learn the distribution of imbalanced data through the
decoder and encoder in the autoencoder. The decoder
and encoder are trained on the entire image to build
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common knowledge about the dataset within each class, original BAGAN, which initialize the labeled latent
serving as the initialization steps. vector before training the GAN. The decoder translates
the labeled vector into a reconstructed image. The
Enhanced BAGAN minimizes the L1 loss between real
images and reproduced images for training the
autoencoder networks. The L1 loss minimizes the pixel-
by-pixel difference between the real images and
reconstructed images, producing sharp images [24].
Unlike the original BAGAN, the label embedded in the
layer provides information about the classes to the
decoder, enabling the generator to generate supervised
images. The illustration of initialization steps in
Enhanced BAGAN is shown in Figure 1.

The encoder uses convolutional layers to extract the
features of the image into a latent vector, while the
decoder uses the transposed convolutional layer
combined with normalization to reconstruct the latent
vector as a reconstructed image. Different from the
original BAGAN, the Enhanced BAGAN uses a
decoder to generate latent vectors from real images
within the label to be passed to an embedding layer. The
embedding layer generates a labeled latent vector as the
decoder’s input. These are the different parts from the

e ieieteteteieieietetete e nlelels .
LeakyRelLU Image Embedding onv2D Image

t Encoder U Trans Decoder
'
I D 4
1
i
1

— 000 — — — 000 —

Original
Image
1

Reconstructed
Image
¥ 1
BatchNorm

v

Labeled
ConvaD Latent abele

Vector Latent
Vector
---------------------------------- + L1l0SS #+====-mm s e e e e

Figure 1. The initialization steps in Enhanced BAGAN

By inheriting the same structure and weights from the trained encoder and uses the cWGAN-GP [19]
trained decoder, the enhanced GAN generator obtains  discriminator architecture by using the validity score
information from the trained autoencoder. The from the combination of features extracted from the
generator is retrained with the discriminator using an embedded label and the simple convolutional encoder
adversarial loss function of real and fake images. of the image. The Enhanced BAGAN employs
gradient-penalty adaptation from [25] to constrain the
gradient to a determined value. This implementation
introduces a training ratio between the discriminator
and generator bigger than one to train the discriminator
more convergently. An illustration of the training steps
in Enhanced BAGAN is shown in Figure 2.

The label and random latent vector are used to produce
a labeled latent vector using an embedding layer, which
then generates fake images with the pre-trained image
decoder. Unlike the original BAGAN, the discriminator
tries to eliminate the dependency on inheriting the
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Figure 2. The training steps in Enhanced BAGAN

2.2 Proposed Enhancements with SkelBAGAN Figure 3 shows the proposed method’s autoencoder
initialization. A specialized layer that extracts the real
image or generated image into a skeleton is proposed
using Zhang-Suen thinning algorithm [26]. These
generated skeletons are used to gain both distribution
and structural features. The extracted skeletons are used
in the skeleton autoencoder, which is trained together
with the 1image autoencoder. This specialized

This work proposes Skeleton-enhanced BAGAN
(SkelBAGAN), which adapts the Enhanced BAGAN
[18] as the baseline. SkelBAGAN proposes three main
enhancements compared with the baseline, the skeleton
extraction layer, a pre-trained skeleton autoencoder,
and a modification of the skeleton-based refinement
loss. The changes are primarily aimed at enhancing the
structural similarity of the generated images.
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autoencoder on skeletons learns the distributional
features of the skeletons during the initialization steps.
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Figure 3. The autoencoder initialization steps for image and skeleton in proposed SkeBAGAN

Figure 4 illustrates the proposed method’s adversarial
training steps. There are the discriminator and the
skeleton discriminator, both using a module using
CWGAN-GP [19] discriminator architecture for
adversarial purposes. This module uses features
extracted from the embedded label and the
convolutional encoder of the image. Adversarial loss is

used in the discriminator, and the skeleton adversarial
Label

loss is used in the skeleton discriminator. Meanwhile,
the generator employs a skeleton adversarial loss,
combined with an L1 loss, to preserve the distribution
and structural quality of the generated images during
adversarial training. Moreover, the detailed adversarial
equation used in the training is explained in Section
2.2.3.
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Figure 4. The training steps in proposed SkelBAGAN

2.2.1. Skeleton Extraction Layer

To preserve the skeleton information from the images,
SkelBAGAN uses an extraction layer in the pipeline.
The extraction layer is used in both autoencoder training
and the adversarial learning process. This layer converts
the pixel-based outputs of the generator into skeleton
representations. The extracted skeletons are then used
as input to the skeleton-specific discriminator, which
evaluates the quality and fidelity of the generated

skeletons. This layer receives the pre-trained decoder
layer, which outputs the generated image from the
previous layers.

The skeleton extraction layer uses the Zhang-Suen
thinning algorithm [26] for skeleton extraction. The
Zhang-Suen thinning algorithm was chosen due to its
computational efficiency, which utilizes simple
Boolean operations, and its fast parallel processing
capability that enhances speed during training,
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compared to other methods [27]. The Zhang-Suen
thinning algorithm could preserve the general shape and
stroke continuity of binary character images, which is
crucial for guiding skeleton-based generations. These
additional layers are used to prevent the usage of
skeletons in the autoencoder process that might
interfere with the distribution learning process. The use
of skeletons helps to provide small but useful features
in recognizing characteristics, even on poor quality
images [28].

2.2.2. Pre-trained Skeleton Autoencoder

SkelBAGAN proposes an additional autoencoder for
learning the structural information from the image
distribution. Inspired by Enhanced BAGAN [18],
which uses a pre-trained autoencoder that learns the
distribution between real images and generated images
in an imbalanced manner. The Skeleton Enhanced GAN
[26] utilizes a similar approach to enhance the structural
qualities of the generated image, which is then
separated by the image discriminator. The pre-trained
skeleton autoencoder is attached to the autoencoder
training and the discriminator.

Instead of using the mean absolute error loss when
training the autoencoder, this paper proposed using the
dice coefficient loss to measure the overlap between
two binary skeleton lines. This loss is claimed to be
more sensitive than the mean absolute error loss. For S,
as the real ground truth skeleton and S, as the generated
skeleton of the generated image, the dice coefficient is
defined as in Equation 1.
XS§yrX

Laice (Sr'sg) =1- %

(1)

The skeleton autoencoder also uses the embedding
function to make different latent for each class, which
will help the discriminator process to improve the loss.
The proposed skeleton autoencoder is shown in Figure
3.

2.2.3. Skeleton-based Refinement Loss

SkelBAGAN proposes an enforcement of structural
consistency in generating Javanese characters by
explicitly guiding the generator to match the skeleton
features of real samples. This can be achieved by
integrating skeleton loss into adversarial processes to
have a better effect on the generated characters.

SkelBAGAN still relies on the core of the adversarial
framework of GANs, where a generator G and
discriminator D compete in a min-max game. For X,
probability distribution of real images, X, probability
distribution of generated images, x, sampled real
images, and x,; sampled generated images, where x; =
G(z) and z is a sample of random noise taken from
normal distribution z~N(0, Iyim(,)), then the value
function of GAN is defined as in Equation 2.

mGin max V(G,D) =E, -x, [log(D (xr))] +
Ex,~x, [log (1 - D(xg))] 2

This function loss then builds on a series of GAN
advancements. WGAN [14] introduces the Wasserstein
distance loss for achieving more stability when training
GAN. The WGAN approach then further improved
training smoothness and 1-Lipschitz enforcement
through gradient penalties in WGAN-GP [15]. The
draGAN [29] then adapts the gradient penalty to the
log-sigmoid loss, enhancing the “critic” robustness.

Meanwhile, the advancements in handling imbalanced
data in GAN were introduced by Balancing GAN
(BAGAN) [17] by adding autoencoder initialization to
shape a class-aware latent shape. The Enhanced
BAGAN [18] adapts this concept and combines the
CWGAN-GP’s discriminator [19], gradient penalties,
and auxiliary classifier loss for better stability and class
separation.

Enhanced BAGAN proposed the additional cross-
entropy loss of misclassified classes by selecting a
random fake label from the balanced label Y for each
fake image to strengthen the class information learning.
For z is a sample of a random noise vector from a
normal distribution where z~2, 2~N (0, Igim(z) ), ¥y is
the fake labels y,~Y;, y,~U{0,1,2,...}, and y, is the
fake wrong random sampling label where y,~Y,,,
v»~U{0,1,2, ... }, then the overall Enhanced BAGAN
discriminator or critic loss is defined as in Equation 3.
With the same approach, the definition of generator loss
is defined as in Equation 4.

max Lc(X, 2, Y, Yy,)

= _IE(XTJ’r)'“(Xr»Yr) [lOg(C(XT, yr))]
=~ E(ayp)~(arp)llog(1
= C(G(z.yr) 5]

- IE(xTIyW)~(XTvYW) [log(l
- C(er’w))] + Lgp

®)

mGin Le(Z,Yr) = “E@yp~@yp [log (C (G(Z’ yf)))]
4)

Although Enhanced BAGAN is improving the former
BAGAN, the approach is still limited to general
problems [30]. Enhanced BAGAN uses the basic
autoencoder as the initialization training. Better
initialization may be focused on the problem of specific
data, such as feature-based or statistical-based. In the
Javanese character classification problem, the
important main feature that might influence is structural
features, which distinguish between the classes.

SkelGAN [23] and Skeleton Enhanced GAN [31]
successfully transfer the style and content of the
character using the skeleton-based feature to learn the
structural features. SkeBAGAN proposed adapting the
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L1 loss from SkelGAN to compare the real skeleton
with the generated skeleton, which is more reliable for
skeleton comparison compared to the L2 loss, which is
blurrier. The L1 loss is applied in the generator instead
of in the discriminator (referenced from [32]) to guide
the generator to create an image that is structurally
consistent with minimum distance from the real image.
For 1., as the weight of L1 loss, s,. is the real or ground
truth skeleton of the real image, and S is the function
that extracts the generated image into skeleton and
H(z,y) is the extracted skeleton from the generated
image H(z,y) = S(G(z,)), then the skeleton loss is
defined as in Equation 5. The generator loss is then
defined as in Equation 6.

’/‘:Skt?l(z' Yf) = ALlIE(sr,z.yf)~(Sr,Z,Yf) [”ST

—H(z )l
()
m(l;n L (Z' Y}) = _E(Z;Yf)N(Z'Yf) [10g (C (G(Z’ yf)))]
+ Lskel
(6)

To improve the understanding of the generator on the
skeleton, this paper proposed a skeleton adversarial loss
applied in the generator. The skeleton adversarial loss
as defined in Equation 7 is formulated by introducing a
separate discriminator trained to distinguish between
real and generated skeletons. This discriminator is
explained in the next section. The generator loss is
updated as in Equation 8.

Ltszlc{lv(z' Y}) = Ask ([E(Sr)~(5r) [log(Dsk(sr))] +
Ezyn~@yp [log (1 — Dy (H(Z: J’f)))]) ()
min L (zY) =

_IE(Z,yf)N(Z‘Yf) [log (C (G(Z, yf)))] + Lskel + L;I((iv
(8)
2.3 Experiments

In this study, several key hyperparameters are
configured for training the models. The latent
dimensions of the encoder and decoder are set to 128.
The training between the discriminator and the
generator was conducted similarly to the training of the
skeleton discriminator and the skeleton generator, with
a ratio of 5:1. The image autoencoder was trained for 30
epochs. In comparison, the skeleton autoencoder is
trained for 50 epochs. Both autoencoders are trained
using a learning rate of 0.0002, with betal set to 0.5 and
beta2 set to 0.9, and a batch size of 128. The gradient
penalty loss weight is set to 1, and the skeleton L1 loss
is fixed at 0.1, and the skeleton adversarial loss is set to
0.1. The overall adversarial training consists of 50 steps
per batch, each for two epochs. The models are trained
with consistent hyperparameters, and evaluation is
carried out using the test image set. Almost all these

parameters were initially chosen based on the
implementation of Enhanced BAGAN in [33], with the
rest determined based on experiments.

The proposed method is evaluated against the Enhanced
BAGAN as the baseline method. There are three
variants of the proposed method, which utilize skeleton
L1 loss, skeleton autoencoder, and skeleton adversarial
loss. The purpose is to evaluate the advantages and the
drawbacks of the different components in enhancing the
quality of generated images. The evaluation is applied
by comparing the test image set and a sample of 800
generated images.

These models are evaluated using two metrics: FID
(Fréchet Inception Distance), which assesses
distribution-based quality, and SSIM (Structural
Similarity Index), which evaluates the structural
similarity of the generated images. The FID is
calculated by the mean and covariance of feature
vectors from a pre-trained Inception V3 network for real
and generated images. For p,, Z,, and 4, £, as the mean
and covariance of the real and generated image features,
the FID score is given as in Equation 9. The lower FID
represents better quality and variety of the generated
images.

1
FID(p,q) = ||up = ug|; + Tr <2p +2g - Z(szq)z)
9)

The SSIM score measures the perceptual similarity
between two images in terms of luminance, contrast,
and structural features. For u,,u, as the mean
intensities, oy, 0, as the standard deviations, and o, is
the covariance of the images x and y, the SSIM score is
defined as in Equation 10. The higher SSIM values
indicate better structural similarity between the two
images [34].

(2uxty+C1)(20xy+C2)
uE+u3+C1)(0Z+03+C2)

SSIM (x,y) = i (10)

3. Results and Discussions

The results of the research are mainly directed to the
problem of augmenting the dataset using SkeBAGAN
to improve its structural similarity. This research aims
to provide an in-depth analysis by examining the
Javanese character dataset used, analyzing both the
quantitative and qualitative results of the proposed
method. A discussion of the proposed method is
provided to answer the research questions.

3.1 Javanese Characters Dataset

This study utilizes the Handwritten Javanese Character
Sewaka Detection (HJICS_DETC) dataset, a Javanese
character dataset from our previous research [35], [36]
that initially designed for object recognition tasks. This
dataset was collected from a digitized manuscript called
"Sewaka". It is part of the national library's public
collection of manuscripts from Indonesia. The dataset
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was labeled and annotated by Javanese experts. This
dataset is available for limited access in Zenodo [37].

The dataset consists of YOLO-labeled annotations
collected from 60 images, representing 74 classes of the
Javanese script. This study focuses on a subset of 20
basic characters from the wianjana category, which are
fundamental to the Javanese script. Figure 5 illustrates
a sample of character positions and the number of
characters in a sample of a page.

ol
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[ e

‘ m ey )em hy @ L !"‘
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Characters mSa :6 Characters mNga :1

Figure 5. lllustration between over-represented and under-
represented sample characters in HICS_DETC

Figure 5 also shows the different number of characters
between over-represented characters and under-
represented characters, indicating that the dataset is
imbalanced.

Every character is taken as a separate image and then
processed to ensure data consistency. Preprocessing
steps involve converting images to grayscale, applying
a Gaussian blur, and using binary thresholding to
improve contrast. These steps reduce complexity and
ensure consistency, as color information is not relevant
for handwritten script. The process simplifies data
distribution and guides the generator to learn the
structures and the main shapes. The characters are
resized to 32x32 pixels with added padding to center-
align them within the frame. This process ensures
uniformity and prepares the dataset for effective use in
the generative framework. Figure 6 shows samples of
preprocessed real images. The visual results show that
the conversion of the color features from RGB into
grayscale makes characters clearer and recognizable.
The grayscale conversion helps simplify and reduce the
complex computation in generating characters [38].
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Figure 6. Sample real images of HICS_DETC dataset

The distribution of the dataset is illustrated in Table 1,
which shows the uneven distribution of the Javanese
character datasets. Let N,,,, represent the sample
number in the majority classes and N; represent the
sample number in the class i, then the Imbalance Ratio
(IR) of each class is defined in Equation 11. The value
of IR in minority classes shows that the dataset is
imbalanced. Using the definition of Imbalance Degree
(ID) in [39], for d.., is the empirical Euclidean
distance and d;  is the worst-case distance among the
m minority classes, then ID is defined as in Equation
12. The calculated ID of train and test dataset are 9.33
and 10.33 respectively, showing that the dataset is mid-
imbalanced.

Nmax
NI.

IR() = (11)

ID =22 4 (m — 1) (12)

This dataset features variations in the handwriting styles
of the characters, including differences in thickness,

size, connectivity, and distortion. Figure 7 shows
several samples of the different variations in the dataset.

Table 1. Class distribution of 20 characters in HICS_DETC dataset

Class Train Data Test Data
id-name !\lum. of Imb_alance !\Ium. of Imb_alance
image Ratio image Ratio
1-Ha 812 2.32 71 2.48
2-Na 1881 1.00 176 1.00
3-Ca 116 16.22 6 29.33
4-Ra 590 3.19 61 2.89
5-Ka 1119 1.68 105 1.68
6-Da 454 4,14 40 4.40
7-Ta 713 2.64 79 2.23
8-Sa 911 2.06 81 2.17
9-Wa 606 3.10 46 3.83
10-La 658 2.86 53 3.32
11-Pa 616 3.05 60 2.93
12-Dha 74 25.42 5 35.20
13-Ja 193 9.75 11 16.00
14-Ya 349 5.39 30 5.87
15-Nya 72 26.13 7 25.14
16-Ma 756 2.49 53 3.32
17-Ga 353 5.33 29 6.07
18-Ba 271 6.94 23 7.65
19-Tha 23 81.78 5 35.20
20-Nga 408 4.61 24 7.33
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Figure 7. Sample of variety in historical styles of the characters
3.2 Quantitative Results

To perform a detailed quantitative evaluation
comparing the baseline model (Enhanced BAGAN
[18]) with the proposed model (SkelBAGAN), this
comparison  defines several versions of the
SkelBAGAN: The first version (v1) implements the
SkelBAGAN using a skeleton loss function (L1 loss);
The second version (v2) builds on v1 by incorporating
a pre-trained skeleton autoencoder; The third version
(v3) further enhances v2 by adding a skeleton
adversarial loss.

This comparison will also include an assessment of the
real image score against the FID and SSIM target score,
which represents the distribution of real and desired
data. Table 2 presents a comparison of the average FID
and SSIM scores between the models.

Table 2. Average FID and SSIM scores between the models

Method FID| SSIM1
Real images 121.26 0.546
Enhanced BAGAN [18] 189.50 0.511
SkelBAGAN v1 213.85 0.552
SkelBAGAN v2 184.24 0.549
SkelBAGAN v3 176.12  0.547

As shown in Table 2, the baseline Enhanced BAGAN
achieves a moderately low FID score of 189.50. This

Real Images Enhanced BAGAN

350,00
320,00
290,00
260,00

230,00

FID Score

200,00
170,00
140,00
110,00

80,00

(I Y - TP - N - S - R . - S v -3
F e @R PP

SkelBAGAN v1

score indicates that the generated images are not
sufficiently close to the real data distribution. The
introduction of L1 loss in SkelBAGAN v1 results in a
higher FID score of 213.85, meaning that the model
focuses more on the structural alignment than the
overall distribution. The addition of the skeleton
autoencoder in SkelBAGAN v2 results in a significant
reduction of the FID score to 184.24, illustrating that the
autoencoder effectively enhances the alignment
between the generated image and the real image
distributions. The inclusion of the skeleton adversarial
loss in SkelBAGAN v3 achieves the best FID of 176.12
among the tested methods, demonstrating that
adversarial training on skeleton representations
substantially improves the alignment of the generated
image and real image distributions.

This highlights the importance of adversarial training
on skeletons in refining generated sample distributions,
bringing them more similar to real images. The detailed
FID scores of each class are compared in Figure 8.

The detailed comparison of SSIM scores in each class
is shown in Figure 9. The SSIM score provides a
different perspective, focusing on the structural fidelity
of the generated images. The baseline Enhanced
BAGAN achieves relatively low SSIM with a score of
0.511, reflecting its limitations in preserving structural
details. The introduction of skeleton L1 loss in
SkelBAGAN v1 yields a higher SSIM score of 0.552,
demonstrating the direct impact of skeleton L1 loss on
maintaining character structure. However, the induction
of a pre-trained skeleton autoencoder in SkelBAGAN
v2 achieves a slightly lower SSIM of 0.549, likely due
to the balance between structural accuracy and
distribution alignment. Similarly, the use of skeleton
adversarial loss in SkeBAGAN v3 slightly decreases
SSIM to 0.547, indicating that while the adversarial loss
enhances distribution alignment, it introduces a minor
trade-off in structural fidelity.

SkelBAGAN v2 SkelBAGAN v3

Figure 8. Class-based comparation of FID scores between the models
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Figure 9. Class-based comparation of SSIM scores between the models

The results reveal a trade-off between FID and SSIM.
While SkelBAGAN v1 resulting in the highest SSIM,
SkelBAGAN v3 achieves improved FID with a slight
reduction in SSIM. Since FID was sensitive to noise and
SSIM was incorporating structural information [40],
this trade-off highlights the need to balance
distributional alignment and noise with structural
fidelity, depending on the requirements. For tasks
prioritizing structural preservation, SkelBAGAN vl
might be preferable, while SkelBAGAN v3 is more
suitable for generating diverse and realistic datasets.

3.3 Qualitative Results

The comparison between the results of each model was
presented in Table 3. A visual comparison between
several models reveals slight visual differences,
particularly in the “Da”, “Ja”, and “Tha” classes. This
result validates the advantages of SkelBAGAN in
enhancing structural features.

In addition to the quantitative evaluation, the qualitative
assessment was conducted to focus on classes that
exhibited lower SSIM scores in the quantitative results,
specifically: 6-Da, 8-Sa, 11-Pa, 13-Ja, and 19-Tha as
visualized in Figure 10. The red circle highlights the
loss of the skeleton structures, while the yellow circles
indicate the addition of incorrect structural elements in
some classes.

Visual examination of the generated images between
the models reveals the proposed SkelBAGAN models
(v1, v2, and v3) consistently maintain the structural
details of the characters. In contrast, the baseline
Enhanced BAGAN struggled to accurately reproduce
the structure of these characters, often generating
corrupt or misrepresented characters. The red circles in
Figure 10 show where the baseline model lost critical
skeletal features, failing to preserve essential structures.
The yellow circles highlight the incorrect or extraneous
elements, distorting the intended character shape. These
examples demonstrate the baseline model's limitation in
handling complex structural details effectively,
showing the advantages of the proposed skeleton-based
regularization methods. The addition of a skeleton
autoencoder and skeleton adversarial loss in
SkelBAGAN v3 enhances the generated image quality
by refining both the global and local characteristics of
the characters.

To complement FID and SSIM, a user study is
conducted involving both expert and non-expert
participants, tasked with ranking character images
based on realism. For each character class, participants
were shown five randomly ordered images: one real
image, and one from each of Enhanced-BAGAN,
SkelBAGAN v1, v2, and v3. Participants ranked the
images from most to least realistic.

Table 3. Comparation between sample of real images, Enhanced BAGAN, SkelBAGAN v1, v2, and v3

Method Ha Na Ca Ra Ka Da Ta Sa Wa

Enhanced

v
o R

SkelBAGAN "lﬂ
v2

SkeIBAGAN
v3

La Pa

- e SR T TR T T
AT
IO

Dha Ja  Ya Nya Ma Ga Ba Tha Nga

Eﬂmﬂﬁﬂﬂ
)
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Figure 10. Comparation between sample real images, Enhanced BAGAN, and proposed SkeIBAGAN

Figure 11 shows the results of the user study, which
yielded 1,380 completed rankings (3 samples x 20
classes per respondent) with 23 respondents. The
frequencies of each method are calculated using ranks
1-5, with rank 1 being the most realistic and rank 5
being the least realistic. The results of the study show
that SkelBAGAN v2 received the highest number of
Rank 1 votes with 318, surpassing the Enhanced-
BAGAN, which received 307 Rank 1 votes, and the
other methods evaluated. In addition, SkelBAGAN v3
yields the best results in the top three ranks compared
to all other methods, with a total of 879 votes consisting
of 271 votes in Rank 1, 301 votes in Rank 2, and 307
votes in Rank 3. These results indicate that
SkelBAGAN v2 and v3 are the most effective
approaches in terms of qualitative evaluation, and that
the proposed methods are highly compatible with
human perceptual preferences.

Rank Distribution Per Method

=Rank 1

mRank2 = Rank3 mRankd

mRanks

SkelBAGAN v3 307

SkelBAGAN v2 274
SkelBAGAN v1 267

Enhanced-BAGAN 263

Real Images 269

o

B3

10% 20% 30% 409 BO% B0%

Value Percentage

T0%: B0% H0% 100%

Figure 11. Rank distribution on user study results
3.4 Discussions

The results from the study demonstrate the
effectiveness of SkelBAGAN as a GAN-based
augmentation method in addressing data imbalance in
Javanese manuscript characters, improving FID and
SSIM scores by 176.12 and 0.552, compared to
previous work using Enhanced BAGAN [18], which
achieved improvements of 189.50 and 0.511. This
improvement shows that the proposed method is
feasible for generating characters in Javanese
manuscripts. For Javanese character classification or
recognition, the SkeIBAGAN can be used to augment
the data with an imbalanced distribution. Qualitative
examinations in human perception show that the
proposed method is more realistic than the previous

method with 879 votes to 843 votes in the top three
ranks. These observations confirmed that the GAN-
produced samples closely resemble the original
authentic manuscript characters in real-world scenarios,
which are critical for recognition tasks such as
digitization and restoration of manuscripts.

However, while the method shows potential
improvements, some limitations remain. The usage of
the skeletonization process and the additional
autoencoder layer introduces extra complexity, which is
not good and could limit the scalability of the approach
in more complex tasks, such as large-scale or real-time
applications. Moreover, some unexpected results in
terms of variability between the results of different
character classes require further investigation to
determine the optimal balance between real and
synthetic data.

In terms of broader societal impact, this research
contributes to Sustainable Development Goal 4
(Quality Education) by supporting the creation of
digital ~ educational  resources that include
underrepresented scripts, enabling broader access to
regional cultural knowledge. It also aligns with SDG 11
(Sustainable Cities and Communities) by promoting
cultural preservation through digital restoration and
accessibility of ancient manuscripts. By enabling more
accurate and scalable digitization methods, this work
helps safeguard intangible heritage for future
generations.

Future work may explore further refinements in
adversarial training and consider additional forms of
regularization to enhance the visual quality of the
generated images. Additionally, future works may
explore the development of simpler architectures
optimized for generating high-quality samples with
reduced computational complexity.

4. Conclusions

This paper proposes a novel method to improve the
generation of Javanese manuscript characters using
several skeleton-based enhancements of the previous
techniques called Skeleton Balancing GAN
(SkelBAGAN). The proposed approach incorporated a
skeleton extraction layer, a pre-trained skeleton
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autoencoder, and skeleton-based loss refinements,
including skeleton L1 loss and skeleton adversarial loss
to overcome the challenges of structural preservation
and class imbalance in the dataset.

The experimental results demonstrated that the
SkelBAGAN outperforms the baseline model in both
FID (Fréchet Inception Distance) and SSIM (Structural
Similarity  Index)  metrics, indicating  better
distributional similarity and structural fidelity. The
combination of the enhancement components led to an
improvement in the quality of the generated images by
increasing the structural similarity and maintaining the
class distribution. The analysis of data characterization
and evaluation on both quantitative and qualitative
aspects validates SkelBAGAN’s effectiveness in
generating samples for underrepresented classes. This
study contributes a promising direction for handling
data imbalance in historical manuscript datasets using
GANE.

Future research could explore further optimizations in
adversarial training and skeleton extraction to refine the
model’s performance. Additionally, expanding the
approach to other types of imbalanced datasets could
further validate their versatility and applicability across
different domains.
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