CommlT Journal 20(2), 219-231, 2026

Efficient Image Encoding for DNA Data
Storage Using Latent Space Representation of
Variational Autoencoder

Muhammad Rafi Muttaqin', Yeni Herdiyeni®*, Agus Buono?,

3

Karlisa Priandana*, and Iskandar Zulkarnaen Siregar®
L34ADoctoral Program in Computer Science, School of Data Science, Mathematics, and Informatics,
IPB University
Jawa Barat, Indonesia 16680
"Unformatic Engineering, Sekolah Tinggi Teknologi Wastukancana
Jawa Barat, Indonesia 41151
2 Artificial Intelligence Study Program, School of Data Science, Mathematies, and Informatics,
IPB University
Jawa Barat, Indonesia 16680
"Department of Silviculture, Faculty of Forestry, IPB Ufiiversity
Jawa Barat, Indonesia 16680
Email: !rafiaginmuttagin @apps.ipb.ac,id, ?yeni.herdiyeni@apps.ipb.ac.id,
3agusbuono@apps.ipb.ac.id, “karlisa@dpps.ipbac.idsifegar @apps.ipb.ac.id

Abstract—Deoxyribonucleic Acid (DNA)-based data
storage as a revolutionary approach to long-téerm, high=
density information storage faces the challenge of high
costs and biological constraints in DNA synthesis. Unlike
conventional binary encoding, DNA storage requires
efficient data compression techniques to aninimize the
length of the resulting DNA sequences The research
explores the use of a Variational Autoencoder (VAE) as a
deep learning-based compfession method to'reduce image
complexity. VAE enables significant data reduction while
retaining essential structuralfeatures. The dataset used
is from the Modified"National Institute of Standards and
Technology (MNIST)) database. The proposed method
involves encoding images into latent variables, followed
by binarization and, translation into DNA sequences while
applying biological constraints such as maintaining GC
balance and avoiding_homopolymers, to ensure stabil-
ity and sequencing accuracy. Reconstruction quality is
assessed using the Structural Similarity Index Measure
(SSIM) and Peak Signal-to-Noise Ratio (PSNR), yielding
an average SSIM of 0.8017 and an average PSNR of 18.91
dB. Analysis of variance shows that digits with greater
variability suffer more noticeable degradation, whereas
digits with lower variability preserve their structural
integrity. These results suggest that integrating VAE
into DNA data storage can reduce sequence complexity
while still preserving recognizable image structures. The
research contributes to the advancement of DNA-based
data storage by presenting optimized coding techniques.
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I. INTRODUCTION

EOXYRIBONUCLEIC Acid (DNA)-based dig-

ital storage has seen rapid progress in recent
years [1-4]. This technology combines massive storage
density with exceptional longevity and a tiny physical
size relative to traditional storage media. The main
barrier to real-world adoption remains economic. Syn-
thesizing the long nucleotide sequences required for
data representation is expensive [5]. In a direct com-
parison, DNA excels over conventional binary media
thanks to its extreme density, resistance to chemical
degradation, and minimal footprint, while conventional
media face challenges in terms of long-term durability
and scalability. These realities motivate for continued
research into DNA-centric encoding methods.

Since image files require large amounts of storage
space, minimizing the length of DNA sequences gen-
erated from such files requires an efficient compres-
sion approach. Variational Autoencoder (VAE), a deep
learning model class, generate low-dimensional latent
variables that capture the core features of the data [6].
By retaining important information despite the reduced
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size, this representation is a promising alternative for
usage in DNA data storage systems [5].

Recent work on DNA-based data storage spans a
range of strategies crafted to address both efficiency
issues and biological constraints. Although schemes
that directly translate binary code into DNA have been
proposed, they continue to suffer from elevated error
rates and sequence instability. This occurs because
GC balance and homopolymer limitations are not
taken into account [7]. Therefore, to overcome this
challenge, fountain codes have been developed that
allow for higher storage density and better compliance
with biochemical limitations. However, this approach
requires complex decoding and repeated reading to
ensure data integrity [7, 8]. On the other hand, com-
pression techniques that have been proven to retain
critical information while reducing storage size have
been discovered, namely vector quantization and stan-
dard formats (Joint Photographic Expert Group (JPEG)
and DNA) [8, 9]. Deep learning approaches, such as
DNA encoding scheme based on Quantized ResNet
Variational Autoencoder (QRes-VAE) and Levenshtein
Code (LC) (DNA-QLC), have recently been used in re-
search because of their advantages in terms of stability
and information density [10-12]. However, approaches
using autoencoders and VAE show more potential
than all other strategies in producing compact latent
representations that can be adjusted to biochemiecal
constraints [7, 12].

Therefore, this research integrates VAEdnto the dig-
ital compression process before the dafa are engoded
into DNA sequences. Then, the image repieséntation
is converted into binary and translated inte, DNA
sequences in latent space, takifigyinto account bielog-
ical constraints (homopolymers andiGuanine-Cytosine
(GC) content). The outputyef DNA “synthesis is read
and decoded to reconstitute, the 1mages. In summary,
this step improves stotage efficiency, preserves recon-
struction accuracy, and euts the'€ost of synthesis [13].

Beyond reducing sequenge, length, the research op-
timizes the full storage retrieval workflow by inte-
grating VAE-based compression step. It also assesses
reconstruction fidelity, compliance with biological con-
straints, and overall compression efficiency to secure
savings in both cost and storage. Trade-offs between
nucleotide efficiency and image fidelity are measured
with Structural Similarity Index Measure (SSIM) and
Peak Signal-to-Noise Ratio (PSNR). Overall, the re-
searchers employ VAE to reduce image complexity
within a deep-learning compression framework.

II. RESEARCH METHOD

The research uses the VAE model approach to
compress digital image data. The compressed data are

then converted into DNA sequences for DNA-based
data storage. The steps used in the research are shown
in Fig. 1.

A. Data Collection

At this stage, the image used is from the Modi-
fied National Institute of Standards and Technology
(MNIST) database of handwritten digits dataset from
Yann Lecun’s official website at http://yann.lecun.
com/ or the Keras library (https://keras.io/api/datasets/
mnist/). The collected data are prepared for the com-
pression process. MNIST is a standard benchmark in
pattern recognition and widely used to evaluate image-
classification methods in machine learning. It is known
for its practical applicationsj espécially in handwriting
classification [14]. MNIST comprises, 70,000 grayscale
images of handwritten digitse((0-9), each at 28x28
resolution, split integ60,000 for training and 10,000 for
testing samplesdCharacterized dysits’small and uniform
image dimensions, thedMNIST dataset offers low com-
putational@¢overhead, allowing a focus on algorithmic
designd Its suitability stems from a normalized and
centéred struefure, which mitigates handwriting irregu-
laritiesy, The resulting consistency among the numerical
images creates anideal and standardized environment
for classification. It is effective for testing diverse al-
gorithmic approaches, including Convolutional Neural
Networks®(CNN) [15-21].

BoyImage Compression

The prepared image data are compressed using the
VAE model. The VAE is chosen over the autoencoder
for several reasons. First, it has probabilistic represen-
tation. A VAE produces a representation in the form of
a probabilistic distribution (mean and variance) instead
of a fixed point, as in a regular autoencoder [22].
It provides more flexibility in the data reconstruction
process because the VAE can sample from the resulting
distribution. Second, it has control on latent space.
With Kullback-Leibler Divergence (KL Divergence)-
based regulation, VAE produces a better-organized la-
tent space [23]. It ensures that the latent representation
is more meaningful and does not overfit the training
dataset. Third, it has a better generalization. The VAE
can produce a more robust representation, thus working
better for data with high variation [24]. It is suitable for
datasets with MNIST handwriting images of various
handwriting styles. Fourth, it has optimization for
compression. By utilizing the probabilistic distribution
property, the VAE can significantly reduce the data
dimensions without losing important information [25].
It helps to minimize the length of the generated DNA
sequence. Last, it has sampling capability. The VAE

220


http://yann.lecun.com/
http://yann.lecun.com/
https://keras.io/api/datasets/mnist/
https://keras.io/api/datasets/mnist/

Cite this article as: M. R. Muttaqin, Y. Herdiyeni, A. Buono, K. Priandana, and I. Z. Siregar, “Efficient image
encoding for DNA data storage using latent space representation of variational autoencoder”, CommlIT Journal

20(2), 219-231, 2026.

Image Compression Image
Data Collecting > Image »| with Deep Learning »| Compressed /
(VAE) - Encoder Latent Variable
e o T Phase
Biological
Constraint
(Homopolymer
& GC-
Content)
4 v
Binary Data of
DNA Sequence | DNA Sequence | ; < Image < e
Bualstion « Encodmg < Compressed < Binarization
Y
; Image
Binary Data of Image Decompress with
Decoding » Image » Reading $"§eompressed / »  Deep Learning
Compressed Latent Variable (VAE) - Decoder
\/N \/_\ Phase
v
Image
Evaluation (PSNR | Compressed /
&ssiv) [T Latent Variable

Fig. 1. The research stages. Note: Deoxyribonucleic Acid (DNA), Variational Autoencoder (VAE), Guanine-Cytosine (GC) content, Structural
Similarity Index Measure (SSIM), and Peak Signal-to-Noise Ratio (PSNR).

TABLE 1
DETAILED ARCHITECTURE OF THE FULLY CONNECTED
VARIATIONAL AUTOENCODER (VAE)

Encoder
Layer Type Input, Dim Output Dim  Activation
El Flatten 1x28,°x28 784 -
E2 Dense 784 400 ReLU
E3 Dense 400 200 ReLU
Z_mean Dense 200 10 Linear
z_logvar Dense 200 10 Linear
Reparam - u, log o2 2(10) -
Decoder
Dl Dense 10 200 ReLU
D2 Dense 200 400 ReLU
D3 Dense 400 784 Sigmoid
Reshape - 784 1x28, x28 -

allows for new sampling of the latent space, which
can be used for new data generation or simulation,
something that ordinary autoencoders cannot do [26].

The model used is a fully connected VAE for 28 x28
single-channel images. Details regarding the encoder

and decoder layers, including layer type, dimension
size, activation function, Zmean, Zlogvar» and the repa-
rameterization mechanism, are shown in Table I. In the
encoder, the input is flattened into a 784-dimensional
vector and projected through Dense (784 — 400,
ReLU) followed by Dense (400 — 200, ReLLU). Two
linear branches form the parameters zpea, € R'? and
Zlogvar € R0, and the latent sample z is generated
using the reparameterization trick. The decoder maps
z through Dense (10 — 200, ReLU) — Dense (200
— 400, ReLLU) — Dense (400 — 784, Sigmoid), then
reshapes it into 1x28x28. Training is carried out with
a reconstruction loss of Binary Cross-Entropy and KL
divergence (8 = 1.0), using the Adam optimizer with
a learning rate of 1 x 1073, a batch size of 128, and
10 epochs. Then, data are taken from a directory in
ImageFolder format, processed with Grayscale,
resized to 28 x 28, and converted to tensors so that
pixel values fall within [0, 1]. The dataset is split into
80% for training and 20% for testing. The random
seed is set to 42 for torch, numpy, and random.
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Meanwhile, training is executed on Central Processing
Unit (CPU) or Graphic Processing Unit (GPU), de-
pending on availability. The resulting latent variable
z represents the data in a lower-dimensional space
and is subsequently used for the next stage, namely
binarization.

C. Binarization

At this stage, the data represented in latent space
using the VAE is converted into a binary format. A
binarization process is performed to convert the numer-
ical representation into a series of bits (0 and 1) [27].
Before encoding, this research applies binarization to
condense the raw data into binary form. The goal is
to retain essential characteristics while streamlining
the encoding process, thereby preparing clean, efficient
input for the later DNA conversion step.

D. Encoding

At this stage, the binary data are encoded into a
DNA sequence using an encoding algorithm [28] that
considers biological constraints. First, homopolymers
are curtailed by capping runs of identical nucleotides
at three bases to mitigate synthesis and sequencing
issues [29]. Second, GC content is regulated to remain
within a balanced range, avoiding extremes that com-
promise thermal stability [30]. This procedure yields,a
stable, efficient DNA sequence suitable for _symthesis.
This stage results in a DNA sequence that is stable,
efficient, and ready for synthesis.

E. DNA Sequence Evaluation

The validation of encoded sequences involves an
assessment of their adherence to biological constraints
and encoding efficiency.“This‘proeess includes two key
checks. First, a homépolymer analysis ensures that no
nucleotide is repeated more than three times consec-
utively. Second, the GC-centent'is evaluated against
a 40-60% threshold, a critical, range due to its direct
impact on DNA stability, efficiency of synthesis, and
sequencing fidelity. After verification, the researchers
perform the reverse mapping, converting the DNA
sequence back into its binary form to reconstruct the
original representation as a series of bits (0 and 1).

F. Reading

The decoded binary data are transformed into nu-
meric latent codes using an inverse map aligned with
the prior binarization procedure. Aligning these two
steps preserves consistency with the initial latent rep-
resentation. The recovered codes are subsequently used
by the VAE to decompress the image.

G. Image Decompress with Deep Learning

The decoded binary data are first converted back
into numerical values representing the latent variables.
These recovered values form a 10-dimensional latent
vector that is used as the input to the decoder com-
ponent of the trained VAE. During decompression, the
decoder transforms the compact latent representation
using a sequence of fully connected layers. The latent
vector is projected from 10 to 200 neurons and subse-
quently to 400 neurons using the Rectified Linear Unit
(ReLU) activation function. It is then mapped to 784
output values via a sigmoid-activated layer, ensuring
the reconstructed pixel intensities remain between 0
and 1.

The resulting 784-dimensional output vector is re-
shaped into a grayscalefimage with a resolution of
28 x 28 pixels. This processfreconstructs the main
structural charactetistics of the original image from the
compressed latént representationgHowever, because
the original 784 pixelgValues are represented by only
10 latentgvariablés, some fine details, sharp edges,
and loecal intensity variatiens may not be completely
presérved. Cofisequently, the reconstructed image may
exhibit, blufring or smoothing while remaining visually
recognizable. Thefsimilarity between the original and
reconstructed dfmages is subsequently evaluated using
the SSIM and PSNR.

H. Evaluation

The evaluation stage is conducted to assess the
quality of the reconstructed data. The reconstructed
images are evaluated with several metrics, such as
SSIM and PSNR. They compare the image quality with
the original data [31, 32].

III. RESULTS AND DISCUSSION

At this stage, compression is carried out in the form
of an image size reduction process from 28 x28 or has
784 image intensity values into latent variables of 10
values only. The process carried out is to first train
the VAE model with the entire MNIST dataset with
a predetermined number of latent variables, namely
10 variables. The trained model is then saved in
PyTorch format with an extension .pth. Files with
.pth extension can be used to store the trained model
parameters.

After the model is stored, it is called to perform
the encoder or compression process by reducing the
number of input image variables to latent variables.
This result is then subjected to the binarization stage.
Tests are conducted for each class, each having 10
MNIST images with a size of 28x28 pixels or 784
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Fig. 2. Representative Modified National Institute of Standards and
Technology (MNIST) samples (digits 0-9) employed for Variational
Autoencoder (VAE)-based encoding and evaluation.

variables. An example image from each class is shown
in Fig. 2.

The VAE model used compresses the original
MNIST images. The images have dimensions of
28x28 pixels, totaling 784 intensity values, into only
10 latent variables. The latent variables serve as
compact representations of the original images, with
reduced dimensions while still preserving their key
structural features.

Encoding begins by inputting MNIST digits into
the VAE encoder, which generates latent codes. This
operation compresses the high-dimensional input into
10 variables. These variables are sampled from a prob-
ability distribution characterized by its statistical pa-
rameters, namely the mean (u) and standard deviation
(o). The objective of this dimensional reduction is t@
obtain compact storage and facilitate subsequent DNA
conversion, while retaining the essential information
required for accurate reconstruction of thef original
image.

The compression efficiency is assessed thfough
Principal Component Analysis (PEA). The analysis
demonstrates that the latent vafiables form distinet
clusters, which align with specific digitéclasses. Con-
sequently, the VAE framework proves capable of dis-
cerning the unique charagteristics of handwritten digits
while enabling a substantial, reduction in“the storage
space required for, DNA synthesis.

VAE offers data,compréssion hcapabilities, which
can reduce Storage requirements in DNA synthesis.
The ability to identify essential features has also been
confirmed through"P€A. The model’s latent variables
form separate clustersi@ecording to digit classes.

The PCA result confirms that 10 latent variables
successfully capture the essential information present
in the original imagery. This argument is based on
a dataset consisting of 100 images in total, with 10
samples selected from each of the 10 classes. The PCA
plot of the latent variables is shown in Fig. 3.

Figure 3 presents the patterns produced by the latent
variables derived from the 10 MNIST classes. From the
visualization pattern, the images in one class are mostly
close to each other owing to the similarity of their
features. If those are located far away, it is possible that
there are slightly different writing patterns, and there
may be patterns that resemble other classes, such that

their position is closer to images from other classes.
The MNIST dataset contains image data of hand-
written numbers from O to 9. There are many handwrit-
ing models for just one number. Therefore, the features
contained in the image, such as concave, straight, thick,
and thin patterns, in each image significantly affect
the latent variable values that have been generated and
visualized with PCA. For example, images with ID
50. jpg digit 6 and 84 . jpg digit 8 are located close
to each other in the PCA projection, indicating that
they share structural similarities. Both digits exhibit
closed circular loops and curved strokes, which make
their latent representations overlap despite belonging
to different classes. It suggests that the VAE cap-
tures dominant geometsic patterns, such as rounded
contours, rather than class-specific details, explaining
why digits with similar strictural motifs tend to cluster
together in the latent'space, asshown in Fig. 4.
Based ooh the”analysis results’ shown in Figs. 3 and
4, it can be concluded that"the majority of the latent
variable values tend to\cluster based on the same class.
Therefore, the latent variables successfully represent
the original ddtasdfi the case of size compression for the
development of DNA data storage, this latent space can
befused toaeduce the number of variable values that
willhbe stored in the DNA medium through synthesis.
The generated latent variables are of the floating
type- Therefore, the process of converting latent vari-
ables into binary data uses the concept of floating
points with the IEEE 754 32-bit single-precision stan-
dard [33, 34]. Detailed results of the binarization
process using the IEEE 754 32-bit single-precision
standard are provided in Table Al in Appendix.
After the latent variable data are converted into
binary data, the encoding process is carried out on
DNA Sequence-based data consisting of four bases,
namely adenine, thymine, guanine, and cytosine, which
are represented by the letters A, T, G, and C, re-
spectively. In making DNA sequences, it is also nec-
essary to pay attention to the biological limitations
of DNA sequences, including homopolymers [35]. A
homopolymer refers to a sequence of DNA bases con-
sisting of the same nucleotide repeated in a sequence.
In this case, an excessively long homopolymer can
increase errors during DNA synthesis and sequencing.
Therefore, controlling their length is essential for main-
taining the accuracy of the encoded data [36]. Based
on several studies, the recommended maximum length
of repetition is three repetitions [35, 36]. The results
of the encoding from the binarization process are
presented in Table A2 in Appendix. The resulting DNA
sequence is stored in the DNA medium through the
synthesis process, both in Vivo and in Vitro. However,
this synthesis process is not performed in the research.
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Fig. 5. Guanine-Cytosine (GC)-content boxplots by digit class: Most sequences fallswithin 40-60%, with a few outliers.

The next step is to evaluate the DNA sequenc€
results with predetermined constraints, namely ho-
mopolymer and GC Content. Homopolymef “cons
straints occur during the encoding process t@ generate
DNA sequences. GC content is the percentage ofsthe
number of guanine (G) and cytosine4(€) bases in a
DNA sequence compared to the tOtal length ofithe
sequence [37]. The recommended threshold is 40-60%:
The formula for obtaining the GC'¢contefit 1s shown as
follows:

G+C
AT+ G+C

The variables are definédpas-follows. The G repre-
sents the number of guanine bases. Then, C' represents
the number of ‘eytosinebases, A is the number of
adenine bases, and ¥[' shows the number of tymine
bases.

GC-Content =

The GC content evaluation result of DNA sequences
generated from the MNIST images is presented in
Fig. 5. Most sequences fall within the recommended
threshold of 40-60%, although outliers appear across
nearly all digit classes (0-9), indicating that the devi-
ations are widespread rather than confined to specific
classes. Several factors may contribute to this varia-
tion. First, differences in image structure influence GC
content distribution, as thinner or irregularly shaped
digits often produce more extreme values. Second,
several constraints may affect the GC content and
stability of the DNA sequence produced, especially
when the thickness of the scratch varies. Third, this

TABLE 11
SUMMARY STABISTICS OF DNA SEQUENCES GENERATED FROM
VARIATIONAL AUTOENCODER (VAE)-BASED ENCODING

METRIC.
Metric Value
Average sequence length 155 bases
Minimum sequence length 152 bases
Maximum sequence length 158 bases

48.7%

96.5% of sequences

3 bases (all sequences)
100%

Average GC-content

GC-content within recommended 40-60%
Maximum homopolymer length (min—max)
Sequences complying with homopolymer < 3

model struggles to handle unstandardized handwriting.
For some complex numbers, such as ‘9’ and ‘4’, it
produces a wider variety of shapes compared to simple
numbers, such as ‘1’, which in turn causes output
fluctuations. Noise in the image causes the risk of
reconstruction inaccuracy and errors that damage GC
content. The key metrics for assessing this impact
are detailed in Table II, including sequence length,
GC content, and homopolymer, which is encoded by
VAE. The final sequence result is determined by these
factors.

After evaluating the DNA sequences, the next stage
is decoding, where the DNA sequences are converted
into binary latent variable data again. The binary
values are transformed into decimal latent variables
and inserted into the decoder phase of the VAE. In
this stage, every set of 10 latent variable values is
reconstructed into an image. Figure 6 illustrates an
example of a reconstructed image derived from its
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(a)

(b)

Fig. 6. Digit “7’: (a) original image, (b) reconstruction from Variational Autoencoder (VAE) latent codg after Deoxysibonucleic Acid (DNA)

encoding—decoding pipeline.

TABLE III
CLASS-WISE STRUCTURAL SIMILARITY INDEX MEASURE
(SSIM) AND PEAK SIGNAL-TO-NOISE RATIO (PSNR) ACROSS
DiGIT CLASSES.

Class Name PSNR (dB) SSIM
0 18.70 0.8606
1 24.38 0.8916
2 16.85 0.7383
3 17.63 0.7639
4 18.51 0.7768
5 17.34 0.7537
6 18.64 0.8184
7 20.05 0.8160
8 16.79 0.7573
9 19.32 0.8247

original counterpart.

Visually, the original image (Figh6a) has a sharper
contour of the “7° lift, while the reconstructed image
(Fig. 6b) looks blurrier and less sharpiThe)shape of the
number ‘7’ is still recognizable, but there is a change
in the upper left cornegywhere ‘the tang looks more
diffuse compared to the “otiginal” image. The center
of the number ‘7’ is faded, ‘Wwhich indicates that the
contrast information in the original image is not fully
retained in the reconstruction. The main difference in
the reconstructed image is the decrease in sharpness
due to excessive smoothing, which is probably caused
by the loss of information in the encoding-decoding
process and the decoder phase of the VAE architecture
used.

While earlier studies have examined JPEG, DNA,
and fountain code compression techniques, VAE-based
methods achieve advantages in terms of the balance
between nucleotide efficiency and reconstructed image
quality. Nevertheless, there are some remaining chal-
lenges, one of which is accurately reconstructing fine

details in complex figures. VAE models are able to
outperform classicalfdimension reduction tools, such
as PCA and standard autoencoders. Its main advantage
is thefadaptive latentyrepresentation, which allows it
to €onsidergbiochemical constraints directly, such as
GC balafice and diomopolymer constraints, without
compromising réconstruction accuracy. These benefits
are¢ consistent with previous studies, demonstrating
thatfléarning-based image compression and deep rep-
resentation models can improve the efficiency and
robustness of DNA-based image storage [8, 11, 12].
In particular, Qres-VAE-based image compression is
combined with Levenshtein coding and DNA mapping
rules to improve information density while satisfy-
ing GC-content and homopolymer constraints [11].
Nevertheless, due to the limited scope of the present
study, further comparative evaluations involving other
compression methods are required.

Image quality for the original and reconstructed ver-
sions is quantified using the standard SSIM and PSNR
metrics. A comparative analysis of the findings from
this assessment is detailed in Table III. As presented
in Table III, the model’s ability to reconstruct images
varies. This model performs optimally on digit ‘1’
(PSNR of 24.38 dB, SSIM of 0.8916). This finding
indicates that a simple and direct structure enables
the capture of features with the highest accuracy. On
the other hand, digit ‘2’ produces the worst results
(PSNR of 16.85 dB, SSIM of 0.7383), indicating a
degradation in quality. This degradation also occurs
for digits ‘3°, °5°, and ‘8’. For instance, digit ‘8’ has
a complex double-circle shape and complex curves,
which seem to make it difficult for the model to
maintain clear boundaries in the latent space. Similarly,
digits ‘3’ and °5°, which combine straight lines with
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Fig. 7. Digit ‘2’: (a) original inputs and (b) reconstructed

curved sections, experience a loss of important fine
details. These findings strongly support the suggestion
that the structural complexity of an objeethis a ey
factor in determining the success ofgreconstriiction,
with an increase in variation leadig to a\decrease,in
reconstruction performance.

The inherent structural variation‘of,thé digits greatly
influences the ability of VAE to reconstruct MNIST
digits. Digits with highémcomplexity, such as 2’ (=
7,501) and ‘8 (= 6,617), ®eceive the worst recon-
struction scores. Fosginstance; digit 2’ produces less
detailed output as measured"by?PSNR of 16.85 dB and
SSIM of 0.7383, although its variance has decreased.
Meanwhile, digit %1’, which has the lowest variance
(= 3,768), is suceessfully reconstructed with high
accuracy, achieving a PSNR of 24.38 dB and an SSIM
of 0.8916. These results indicate that the complexity
of the digit determines the accuracy of the model
reconstruction.

Statistical analysis finds a significant negative con-
nection between original variance and PSNR (r = -0.80,
p < 0.01; p = -0.64, p < 0.05). This result implies
that quantitatively, reconstruction accuracy is affected
by data complexity. Although in correlation analysis
is observed with SSIM, the lower values indicate
sensitivity compared to pixel-level metrics. This result
is illustrated in Fig. 7, where the reconstructed number
‘2’ is degraded in its curve and joints, which is a direct
result of the high variance in its class.

Although VAE-based methods are capable of short-
ening_sequences without sacrificing digit structure,
their. performance has not yet been directly bench-
marked against conventional 2-bit mapping techniques.
Future studies should critically evaluate the improve-
ments offered by VAE in terms of sequence efficiency
and accuracy. Moreover, the research is unable to
conduct this evaluation due to time and scope con-
straints. However, it is recommended that this kind of
comparative analysis for future studies in this field.

IV. CONCLUSION

The research discoveres that prior to DNA encoding,
VAE application for image compression successfully
reduces sequence complexity without damaging visual
structure. The results show that the reconstructed im-
ages are visually similar to the originals, this finding
is supported by SSIM values close to 1 (in the range
of 0.80-0.89) and PSNR below 25 dB. Despite the
numbers retaining their shape, the reconstruction expe-
riences blurring and white noise. The accuracy of this
process also correlates with the digits’ complexity. For
instance, digit ‘1’ is reconstructed more accurately than
the more complex digits ‘2’ or ‘8’. This relationship
is also measured through correlation analysis, which
reveals a significant negative relationship between im-
age variance and PSNR, reflecting that reconstruction
results are highly dependent on image complexity.
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Overall, the research successfully demonstrates that
integrating the VAE model into a DNA storage sys-
tem can reduce the amount of encoded information,
maintain storage efficiency, and preserve the main fea-
tures of the image after reconstruction. However, there
are challenges in maintaining high PSNR values and
preserving fine details, especially in digits with high
variance and complex structures. There is an absence
of a direct comparison with 2-bit mapping, practical
validation through actual DNA synthesis and sequenc-
ing, and evaluation limited to MNIST. Future research
should focus on optimizing the VAE architecture and
improving encoding techniques, exploring alternative
VAE variants (e.g., S-VAE or Vector-Quantized Vari-
ational Autoencoder (VQ-VAE)), conducting head-to-
head benchmarking (JPEG DNA, PCA, and standard
autoencoders), and extending the evaluation to more
complex datasets (e.g., Fashion-MNIST or CIFAR-10
grayscale).

Furthermore, to address the PSNR of < 25 dB issue,
future studies will need to systematically increase the
VAE latent dimensionality (z > 10) until it reaches
similar biochemical constraints, and determine the op-
timal distortion-ratio point at a fixed nucleotide budget.
As for direct comparison, future studies can adopt a
unified assessment protocol with the same binarizationd
GC/homopolymer threshold, and matched nucleotide
budget, reporting PSNR, SSIM, nucleotides per image,
and constraint compliance, including an incomplete
autoencoder baseline (latent ~ 10) alongside JPEG-
DNA and PCA. Subsequently, further r€search will be
conducted using a stratified MNIST subset andé@xtend-
ing the same protocol to broader datasets ‘described
above.
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TABLE Al
RESULTS OF BINARIZING VARIATIONAL AUTOENCODER (VAE) LATENT VARIABLES INTO IEEE 754 32-BIT FLOATING-POINT
BINARY STRINGS. THESE BINARY REPRESENTATIONS SERVE AS THE BASIS FOR SUBSEQUENT DEOXYRIBONUCLEIC ACID (DNA)
ENCODING.

Class  ID Image  Data Biner

0 1.jpg 00111111001000010110000000010000
10111111100000100001100001110111
10111111011001011001000011011011
10111101010100010011101100010111
00111110110101110000101010111101
00111111100111111011011110110101
10111111101000101111111110010110
00111111010101011100101001111000
00111111101010100001100111000101
00111101110011100110011001001000

1 1002.jpg 00111111011101001000010011001000

00111111101110000011111110110010,

2 1011 jpg

TABLE A2
D YRIBONUCLEI ID (DNA) SEQUENCE GENERATED FROM BINARY DATA.

Class  ID Image  DNA Sequence

0 Lipg ATTTCCAAGTAAACCAAGTTTG
AACAATAATGTTCTTGTAGTAG
ACCTTCTTGGGTACATGTACCT
ATTGTCCTAAGGGTTGGCTTTC
CTTGTCTGTCCGTTTGCACCTTT
GCCCATTTTCGGTTAGGCTGA
ATTTGCCCAACGCTACCATTCT
ATGCCGCAGA

1 1002jpg  ATTCTGGCAAGCGCAACTTTC
TGAATTTGCGCCCTTGAGTTCT
CAATCAATCAGCAATAGCAAC
ATTGAACGACGGACAAAGTTTG
CCAGCCCTGAAACTTTCAAAGA
GCGGAGAGTTGTTGTACCGGTG
TGTTTGCCTCTGAGCCAGCTTG
ATGACGGTTGC

2 1011jpg  GTTTGATATCTAGCGTGAAAC
ACATGACCCAGTCTTGAACTCT
ATACGTCTCTTGCTTCCCATTC
CTTCGTTATGTTCCGGTTGCAG
CAGCCTTCCCTTCCGAGCGCC
ACCCATTCGTAGTGTCACGAT
TGTCTACATCATGATTCCCA
GCTAACTGA
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