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Abstract: Recent advances in computer-generated holography (CGH) have significantly im-
proved visual quality through high-resolution rendering; however, the accompanying increase in
data size has become a critical obstacle to practical deployment. Conventional image compression
techniques such as JPEG and high efficiency video coding (HEVC) do not adequately account for
the unique statistical and spectral characteristics of holograms, thereby limiting both compression
efficiency and reconstruction quality. This study proposes an efficient compression framework
specialized for digital holograms by integrating a ringing reduction technique for diffraction
calculations with CompressAI, a deep learning-based image compression framework. We demon-
strate that ringing artifacts are a major factor hindering efficient hologram compression, and show
that neural networks can achieve superior performance by learning the intrinsic statistical and
spectral features of holograms. Our method achieves a superior balance between compression
efficiency and reconstruction quality compared to conventional approaches, particularly at low
bit rates. Furthermore, by introducing a multi-channel input representation, our method achieves
higher compression ratios.

© 2026 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

With the rapid advancement of computer technology, the resolution of computer-generated
holograms (CGHs) has increased dramatically, leading to substantial improvements in the quality
of reconstructed images. Recent studies have reported the realization of large-scale CGH
generation techniques. Time-sequential holographic displays use multiple CGHs to mitigate
speckle noise and expand the field of view [1,2]. They are driving progress toward practical
applications of large field-of-view holographic displays in next-generation VR/AR systems.

Alongside these developments, the demand for storage and transmission of CGHs and digital
holograms has grown significantly, rendering efficient delivery of holographic data over networks
indispensable [3,4]. However, holograms inherently contain fine interference fringes and rich
high-frequency components, resulting in data sizes that are orders of magnitude larger than
those of natural images [5,6]. As resolution continues to increase, storage and transmission
requirements have become major bottlenecks. To address this issue, establishing highly efficient
compression methods for holographic data is urgently required [7,8]. A variety of compression
methods tailored explicitly to holograms have been explored. Early approaches include vector
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quantization-based coding [9,10], as well as methods exploiting sparse representations and
domain partitioning [11–13].

Previous studies have attempted to apply conventional codecs such as JPEG [14], JPEG 2000
[15], and high efficiency video coding (HEVC) [16,17] to holograms. Since these codecs are
designed based on the assumption that most spectral energy of natural images lies in low-frequency
regions, they are not always suitable for holograms, which exhibit broad spectral distributions.

JPEG Pleno Holography [18–21] is a standardization effort by the JPEG committee focused
on the efficient representation and compression of holographic data. JPEG Pleno aims to provide
interoperability, scalability, and optimized storage for hologram data, with applications ranging
from medical imaging and cultural heritage to virtual reality and scientific research.

The emergence of deep learning has spurred active research on learning-based hologram
compression [22]. Various learning-based approaches have been introduced in recent years. These
include end-to-end trainable methods that optimize the entire compression pipeline, covering both
phase hologram generation and coding [23]; integrative frameworks such as neural holographic
video compression (NHVC) [24], which jointly address generation and video compression; and
joint optimization techniques that explicitly account for reconstruction quality degradation during
the coding process [25]. Additionally, deep learning-based compression specifically targeting
complex-valued holograms has been explored [26].

In addition to fully trainable models, hybrid schemes have been investigated wherein holograms
undergo conventional compression (e.g., JPEG) followed by deep learning-based enhancement to
recover lost high-frequency details and suppress artifacts [27]. These methods are particularly
effective for improving the fidelity of phase-only hologram reconstructions. Their significance lies
in the seamless integration with existing compression standards, combined with the specialized
capacity of neural networks to counteract typical holographic degradations introduced during
bit-depth reduction or transform-based coding.

Perceptual optimization frameworks that incorporate human visual characteristics have
also been developed, and more recently, hologram compression leveraging foveated render-
ing—representing the foveal region in high resolution while coarsely encoding the periphery—has
achieved high compression ratios [28].

In this work, we extend the deep learning-based image compression library CompressAI
[29] to propose a novel compression method tailored for complex holograms. Specifically, we
employ the scale hyperprior model [30], an extension of the hyperprior architecture that captures
spatial dependencies to minimize bitrate. We train it using the real and imaginary components of
holograms to achieve efficient coding beyond the capabilities of natural-image-oriented codecs.
We further investigate the effect of ringing artifacts, an issue largely overlooked in prior studies,
on hologram compression and demonstrate that their reduction enables higher compression ratios
in both conventional codecs and learning-based methods. Two ringing reduction techniques
are considered: the fast Fresnel integrals method [31] and the blank aperture method [32]. In
addition, we introduce a multi-channel input representation that allows multiple holograms to be
jointly encoded, reducing redundancy and enabling even higher compression. To validate the
effectiveness of the proposed approach, we conducted comparative experiments against standard
codecs such as JPEG 2000 and HEVC, as well as state-of-the-art learning-based methods. The
results show that our method achieves superior compression efficiency and reconstruction quality
for both holograms and their reconstructed images.

In the remainder of this paper, Section 2 presents the proposed method, Sections 3 and 4
describe the experimental results, and Section 5 concludes the paper.

2. Method

This section describes the proposed framework for hologram compression and its implementation
details.
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2.1. Outline

We aim to achieve efficient compression of hologram image data by leveraging CompressAI [29],
an open-source deep learning–based image compression framework implemented in PyTorch.
CompressAI provides end-to-end training and evaluation pipelines for image compression, upon
which we build a framework tailored explicitly to complex holograms.

An overview of the processing pipeline is shown in Fig. 1. The input consists of complex
holograms, represented as paired real and imaginary components for both training and inference.
Furthermore, by flexibly increasing the number of input channels, the framework can jointly
process multiple holograms in a single pass, thereby allowing the network to exploit inter-hologram
correlations and reduce redundancy. The C-channel input holograms are first transformed by an
encoder into a latent representation, which is subsequently decoded to reconstruct the original
holograms.

Fig. 1. Overview of the proposed method.

As a preprocessing step, we apply two ringing reduction techniques — the Fresnel integrals
method and the blank aperture method — to mitigate diffraction-induced ringing artifacts. Both
ringing-processed and unprocessed holograms are independently used as input datasets, allowing
for a comparative evaluation of the impact of ringing reduction on compression performance.
In this way, the proposed framework effectively captures and compresses the complex spatial
structures and rich high-frequency content characteristic of holograms.

2.2. Scale hyperprior model

This study adopts the scale hyperprior model [30] as the backbone for learning hologram
compression. The factorized prior model [33], which serves as a baseline approach, assumes that
each element in the latent representation is statistically independent and models their distributions
with a fully factorized density. The distribution parameters are typically shared globally across
all spatial locations in the latent space. Compared to the factorized prior, the hyperprior model
captures spatial dependencies in the latent representation by introducing an additional set of
latent variables that model the distribution parameters. This leads to a more accurate entropy
model and significantly improves compression efficiency.

By contrast, the scale hyperprior model introduces additional mechanisms to capture spatially-
varying statistical properties of the latent representation, leading to improved compression
performance.
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The network architecture is illustrated in Fig. 2. In addition to the conventional encoder–decoder
structure, the scale hyperprior introduces a hyperencoder ha and a hyperdecoder hs to estimate
the statistical properties of the latent representation.

Fig. 2. Network architecture of the scale hyperprior model used in the proposed method.
Top-left: encoder (analysis transform) ga. Top-right: hyperencoder ha. Bottom-left:
decoder (synthesis transform) gs. Bottom-right: hyperdecoder hs. The input hologram is
transformed by ga into the latent y, while the hyperpath extracts an auxiliary latent z. Both y
and z are quantized (Q) and entropy-coded (AE). During decoding, ẑ provides a prior for
optimal entropy decoding of y, and gs reconstructs the output image. (Conv: convolution;
GDN/IGDN: Generalized Divisive Normalization/Inverse GDN; ReLU: activation function;
Q: quantization; AE/AD: arithmetic encoder/decoder. ABS denotes the absolute value
operation.

Given a C-channel input hologram x, the encoder (analysis transform) ga converts it into
a latent representation y. The encoder consists of four convolutional layers with generalized
divisive normalization (GDN), progressively reducing spatial resolution while compressing
features. The latent y is quantized (Q) to ŷ and entropy-coded into a bitstream using an arithmetic
encoder (AE).

To improve entropy modeling, the scale hyperprior extracts auxiliary features z from y via the
hyperencoder ha, which is implemented using convolutional layers with ReLU activations. The
auxiliary latent z is quantized to ẑ and entropy-coded as well. On the decoder side, the arithmetic
decoder (AD) first recovers ẑ, which is then fed to the hyperdecoder hs to predict spatially varying
scale parameters σ̂ for y. Conditioning the probability model p(y | ẑ) on these scales enables a
more precise entropy model during arithmetic decoding, thereby improving coding efficiency
compared to simpler priors.

Finally, the recovered latent ŷ is passed to the decoder (synthesis transform) gs, which mirrors
the encoder and employs inverse GDN (IGDN) and transposed convolutions to progressively
restore spatial resolution, yielding the C-channel reconstructed hologram x̂.

The scale hyperprior model achieves efficient compression and faithful reconstruction of
holograms by accurately capturing statistical dependencies in the latent space through side
information. This is particularly effective for holographic data, where redundancy and regularity
are intricately intertwined.

2.3. Training strategy and implementation details

We optimize the network using a rate–distortion loss [34] that balances distortion between the
reconstructed and original holograms and the resulting bitrate. The loss L is defined as:

L = αD + R, (1)
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where D denotes the distortion (we use mean squared error), R is the bitrate after entropy coding,
and α is a weight parameter. Higher α prioritizes reconstruction quality, while lower α aims for
higher compression. During training, quantization is approximated by additive uniform noise,
while rounding is used at inference time. The rate R is computed as the expected code length
under the scale-Gaussian entropy model provided by the hyperprior. The weighting parameter
α was determined through empirical evaluation: we tested values of 0.001, 0.003, 0.01, 0.03,
0.1, 0.3, and 1.0, and selected α = 0.01 as it yielded the optimal balance between reconstruction
quality and compression efficiency across the evaluated configurations.

In the multi-channel setting, we jointly input the real and imaginary components of the
holograms, so that cross-channel correlations are learned. This configuration enables the model
to potentially exploit inter-component redundancy, leading to lower bitrate R and, in some cases,
improved reconstruction accuracy D. Extensions to more than two channels (e.g., concatenating
multiple holograms) are also possible, but in this work, we focus on real and imaginary pairs.

It is known that hologram generation via diffraction can introduce ringing artifacts. Prior
work on hologram compression has largely ignored this issue, even though such artifacts degrade
reconstructed image quality and add high-frequency noise that is challenging to compress. To
investigate the impact of ringing on compression performance, we construct three datasets from
identical source images: (i) original holograms without ringing reduction [31], (ii) holograms
processed with the Fresnel integrals method, and (iii) those processed with the blank aperture
method [32]. By using the same compression architecture and hyperparameters for all experiments,
any performance difference can be attributed solely to the effect of ringing reduction.

The blank aperture method [32] suppresses ringing by dividing the diffraction result on the
hologram by the diffraction result of a unit-amplitude aperture:

u2(x2, y2) =
P{u1(x1, y1)}

P{1}
, (2)

where u1(x1, y1) is the hologram, u2(x2, y2) is the ringing-reduced hologram, and P{·} denotes a
diffraction operator (e.g., angular spectrum or Fresnel propagation). P{1} is the diffraction result
of an aperture whose pixel values are all ones.

The fast ringing reduction method [31] based on the Fresnel integrals is computed as follows.
Unlike Eq. (2), this approach requires no additional diffraction computations or memory: the
diffraction result of the unit-amplitude aperture, F(x2, y2), is obtained analytically via the Fresnel
integrals in advance, and ringing is suppressed by

u2(x2, y2) =
P{u1(x1, y1)}

F(x2, y2)
, (3)

where
F(x, y) =

exp(ikz)
2i

(︂
[C(α2) − C(α1)] + i[S(α2) − S(α1)]

)︂
×

(︂
[C(β2) − C(β1)] + i[S(β2) − S(β1)]

)︂
,

(4)

where C(·) and S(·) denote the Fresnel cosine and sine integrals, respectively. The variables
are defined as α1 = −

√︁
2/(λz) (ω + x), α2 = −

√︁
2/(λz) (ω − x), β1 = −

√︁
2/(λz) (ω + y), and

β2 = −
√︁

2/(λz) (ω − y), with k = 2π/λ being the wavenumber. λ and z denote the wavelength
and propagation distance, respectively. Here, ω indicates the calculation window size, so the
computational domain is 2ω × 2ω.
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3. Implementation details

3.1. Dataset

We used the Caltech256 dataset [35] as the source images. Each image was resized to 2048×2048
pixels. Under the optical settings (wavelength 520 nm, pixel pitch 6.4 µm), we synthesized
complex holograms at propagation distances from 0.20 m to 1.00 m in 0.20 m increments.

From 300 source images, we generated a total of 1, 500 complex holograms (300 images × 5
distances), each represented by its real and imaginary components. Each hologram was then
divided into non-overlapping 256 × 256 patches, which yielded a data set of 96,000 samples.
This patching strategy increases the amount of training data and helps mitigate overfitting. We
used 80% of the data (76,800 samples) for training and 20% (19,200 samples) for validation.

3.2. Environment

Table 1 summarizes the hyperparameters and the environment. We used Adam for optimization
and the rate–distortion loss in Eq. (1). The batch size was fixed to 32. The learning rate was
initialized at 1 × 10−4 and decayed during training.

Table 1. Experimental settings

Parameter Value
Number of pixels [px] 2048 × 2048

Wavelength [nm] 520

Pixel pitch [µm] 6.4

Propagation distance [m] 0.20–1.00 (step = 0.20)

Batch size 32

Loss function Rate–distortion loss

α 0.01

Optimization algorithm Adam

Learning rate 1 × 10−4 (with decay)

The computing environment consisted of an AMD EPYC Genoa CPU, 256 GB RAM, and an
NVIDIA RTX 6000 Ada Generation GPU. The software stack included Python 3.12.3, PyTorch
2.6.0, and CompressAI 1.2.8.

4. Result

4.1. Compression rate

The bits per pixel (bpp) of a compressed hologram are computed as

bpp =
8 × B

C × H × W
, (5)

where B is the compressed bitstream size in bytes, H and W are the image height and width in
pixels, and C is the total number of input channels (e.g., the real and imaginary parts of one or
more holograms). Here, we assume the uncompressed data are represented by 8 bits per pixel per
channel. Accordingly, the compression ratio (CS) is given by

CS =
8

bpp
=

C × H × W
B

. (6)

A higher CS denotes greater data reduction relative to the original uncompressed holograms.
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4.2. Relationship between input channel and bitrate

In the proposed framework, we can input multiple pairs of real and imaginary holograms as well
as concatenate holograms corresponding to different propagation distances to expand the input
channel count. This design improves robustness across propagation distances and aggregates
cross-channel correlations and redundancy into the latent space, enabling more efficient coding.
We therefore evaluated the relationship between the number of input channels and the compressed
bitrate.

Figure 3 illustrates the variations in bpp, PSNR, and MS-SSIM as the number of input channels
increases from 2 to 256 in powers of two. The results show that bpp decreases approximately
exponentially as the number of channels increases. In particular, for eight channels and above, the
scale hyperprior model consistently achieves lower bpp than the factorized prior, indicating that
it captures inter-channel correlations more effectively. Furthermore, in terms of PSNR, the scale
hyperprior consistently outperforms the factorized prior across nearly all channel configurations.
A similar trend is observed for MS-SSIM, where the scale hyperprior yields superior scores in
most cases; however, at the 32-channel mark, the factorized prior exhibits a marginal advantage.
This minor discrepancy is likely attributable to the inherent training variability of deep learning
models. These results suggest that the synergy between the scale hyperprior architecture and
channel expansion enhances compression efficiency beyond the bitrate reduction afforded by
simply increasing the channel count. Consequently, the individual contributions of model
architecture and channel capacity to overall performance can be clearly decoupled.

Fig. 3. Relationship between the number of input channels and compression performance.
The figure illustrates the changes in bpp, PSNR, and MS-SSIM as the number of input
channels increases from 2 to 256 in powers of 2. As the number of channels increases, BPP
gradually decreases. For most channel configurations, the scale hyperprior achieves a lower
bitrate and higher reconstruction quality than the factorized prior, demonstrating the synergy
between the architectural differences and channel expansion.

These findings indicate that multi-channel input offers intrinsic advantages for compression
beyond mere data augmentation. The model can represent the data with shorter code lengths by
integrating duplicated structures shared between the real and imaginary components and across
multiple propagation distances into the latent representation. We therefore conclude that the
multi-channel design is an effective strategy for reducing data volume in hologram compression.

4.3. Evaluation based on reconstructed images

In this section, we evaluate the image quality based on numerically reconstructed images
obtained after hologram compression. Figure 4 presents reconstructions for holograms generated
from Caltech256 test images that were not included in the training set. Each hologram was
compressed and decoded with the compared methods, followed by numerical reconstruction. The
reconstruction wavelength was 520 nm, and to assess robustness with respect to the propagation
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distance, we used z = 0.20, 0.50, and 1.00 m. As quality metrics, we report the peak signal-
to-noise ratio (PSNR) and multi-scale structural similarity (MS-SSIM) [36], together with the
bitrate (bpp).

Fig. 4. Reconstructed images evaluated by PSNR, MS-SSIM, and bitrate (bpp). These
results are based on holograms generated from test images not included in the training set.
Each hologram was compressed, decoded, and then numerically reconstructed. Here, z
denotes the propagation distance. Evaluation at multiple propagation distances enables a
robust, distance-independent performance assessment.

For comparative analysis, we included results obtained from conventional general-purpose
codecs, specifically JPEG2000, WebP, and high efficiency video coding (HEVC), along with
a vector quantization-based approach. For the latter, the Linde–Buzo–Gray (LBG) algorithm
[37] was employed. To achieve high compression ratios, the codebook size and block size
were set to 4 and 8, respectively. WebP compression was implemented via the FFmpeg library,
and its performance was evaluated across various compression levels by adjusting the quality
parameter. To ensure a fair comparison, both the factorized prior and scale hyperprior versions
of the proposed method were trained and evaluated using a fixed input channel count of 16.

Although prior studies commonly computed PSNR and MS-SSIM directly on the compressed
holograms, such pixel-domain errors do not necessarily correlate with the quality of the
reconstructed images, which are the final observable. Therefore, we evaluated the quality by
comparing the reconstructed images before and after compression.

The upper row of Fig. 4 shows results for a basketball-hoop image. JPEG 2000 and HEVC
exhibit loss of high-frequency content and blocking artifacts, leading to blurred edges in the
reconstructions. Vector quantization–based coding suffers from severe quality degradation due to
aggressive compression, while WebP compression likewise struggles to preserve fine structural
details. The factorized prior model attains PSNR comparable to conventional codecs but produces
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higher MS-SSIM, indicating better preservation of structural features. Our scale hyperprior
model achieves the best performance in both PSNR and MS-SSIM; in particular, PSNR is higher
by approximately 1.7 dB compared to JPEG 2000. This suggests that by modeling the latent
distribution more precisely, the scale hyperprior preserves both global and local structures as well
as high-frequency components without degradation. Consequently, these results demonstrate that
the proposed method achieves superior reconstruction quality relative to conventional codecs,
particularly under low-bitrate conditions.

4.4. Comparison of rate–distortion (R–D) characteristics

Sections 4.2 and 4.3 demonstrated that increasing the number of input channels markedly improves
coding efficiency, confirming the effectiveness of the multi-channel design for reducing data
volume. This section further assesses the proposed method from an image-quality perspective by
evaluating its rate–distortion (R–D) characteristics.

For comparison, we considered factorized prior, JPEG 2000, WebP, HEVC, and vector
quantization-based coding. Conventional codecs (JPEG 2000, WebP, and HEVC) and vector
quantization were applied directly to complex holograms, while factorized prior and scale
hyperprior models were trained on the same hologram dataset under identical settings.

Figure 5 shows the R–D curves: the horizontal axis is the bitrate (bpp), and the vertical
axis reports PSNR (left) and MS-SSIM (right). The results indicate that the conventional
codecs (JPEG 2000 and HEVC) generally underperform the learned methods, with pronounced
degradation in the low-bitrate regime. In contrast, the learned factorized prior and scale hyperprior
models substantially outperform the conventional codecs. Moreover, the scale hyperprior model
surpasses the factorized prior across the entire bitrate range, with a particularly notable gap
around 0.01 bpp. This improvement is attributable to the hyperprior’s more precise modeling of
the latent distribution.

Fig. 5. Rate–distortion characteristics for reconstructed images. PSNR versus bitrate (bpp)
(left) and MS-SSIM versus bitrate (bpp) (right).

These findings confirm that the proposed multi-channel scale hyperprior model is effective for
hologram compression and can significantly mitigate quality degradation at low bitrates.

4.5. Computational cost evaluation

Beyond compression performance and reconstruction fidelity, we evaluated the computational
complexity of the proposed method to assess its practical viability. Specifically, we report the
number of model parameters alongside the execution times for both encoding and decoding.

Regarding model complexity, the factorized prior model comprises approximately 3.1 × 106

parameters, whereas the scale hyperprior model contains roughly 5.2 × 106 parameters. This
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represents an approximately 1.7-fold increase, primarily attributed to the introduction of the
hyper-encoder and hyper-decoder networks. Nevertheless, given the gains in compression
performance and reconstruction quality established in Sections 4-1 and 4.2, the overall model
size remains within a practical and relatively lightweight range.

Next, we evaluated the execution time of the proposed method, using the widely adopted
JPEG2000 standard as a baseline for comparison. For the proposed approach, we employed the
scale hyperprior model with 16 input channels and measured the average execution time required
to compress and decompress 320 holograms. Table 2 summarizes the encoding, decoding, and
total execution times per hologram.

Table 2. Comparison of execution time per hologram

Method Encode [s] Decode [s] Total [s]

JPEG2000 0.39807 0.00014 0.39821

Scale hyperprior 0.01833 0.02250 0.04083

As shown in Table 2, the proposed method achieves an approximately 9.8× reduction in
total processing time per hologram compared to JPEG2000. Notably, a substantial acceleration
is observed in the encoding stage; this can be attributed to the inherent parallel processing
capabilities of the deep learning architecture and the efficiency of batch-based compression for
multiple holograms.

On the other hand, regarding decoding time, JPEG 2000 is exceptionally efficient as it involves
only entropy decoding and the inverse discrete wavelet transform. In contrast, the proposed method
relies on deep neural network inference, leading to a longer decoding latency. We acknowledge
this as a current limitation and identify it as a key area for future optimization. Nevertheless, the
substantial reduction in encoding time demonstrates that our approach offers distinct advantages
for applications requiring the rapid compression and transmission of large-scale holographic data.

Overall, while the learning-based nature of the proposed method results in a higher compu-
tational cost than non-learning-based codecs like JPEG 2000, both the encoding and decoding
times remain within a practical range, and the model size is relatively lightweight. Given the
substantial improvements in compression efficiency and reconstruction quality established in
Sections 4.3 and 4.4, we conclude that this additional computational overhead is well justified by
the resulting performance gains.

4.6. Evaluation of compression performance with ringing suppression

In this section, we evaluate model performance when ringing reduction is applied to the dataset. To
isolate the impact of ringing artifacts on compression, we processed existing complex holograms
with two methods—Fresnel integrals and blank aperture—and constructed two additional datasets.
Together with the original dataset (without ringing reduction), we trained and evaluated the same
scale hyperprior model under identical settings.

Figure 6 shows the relationship between input channel count and bpp for each dataset. We
observe that in the range of 16–64 channels, the datasets with ringing reduction yield notably lower
bpp than the original dataset. This suggests that ringing reduction removes unnecessary high-
frequency components, improving the efficiency of the latent representation and thereby reducing
the bitrate. In other words, ringing reduction is effective for achieving higher compression with
learned codecs.

Figure 7 presents reconstructed images obtained from holograms generated using Caltech256
test images not included in the training set. Following compression and decoding with each
method under ringing-reduction datasets, numerical reconstruction was performed with a
wavelength of λ = 520 nm and propagation distances of z = 0.20, 0.50, and 1.00 m. For
the proposed method, the input comprised 32 channels. The results show that the proposed
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Fig. 6. Relationship between input channel count and bitrate (bpp) for each dataset. Datasets
with ringing suppression show reduced bpp, particularly for 16–64 channels.

method maintains a high compression ratio while minimizing degradation across all propagation
distances. In particular, the scale hyperprior model combined with blank-aperture preprocessing
achieves an approximately 1, 600× compression ratio with a PSNR of 31.2 dB, outperforming
conventional codecs such as JPEG2000 and HEVC. Furthermore, even at short propagation
distances (z = 0.20 m), the method accurately reproduces high-frequency components without
loss, effectively preserving edges and text regions.

Fig. 7. Numerical reconstructions from Caltech256 test images after compression and
decoding with each method under ringing-suppressed datasets (λ = 520 nm, z = 0.20, 0.50,
and 1.00 m; 32 input channels for the proposed method). The proposed method maintains
a high compression ratio with minimal degradation across all propagation distances. In
particular, the scale hyperprior with blank-aperture preprocessing achieves approximately
1, 600× compression and 31.2 dB PSNR at z = 1.00 m.
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These findings demonstrate that the proposed framework exhibits low dependency on propaga-
tion distance and successfully learns both high-frequency and spatial characteristics inherent in
holograms. The combination of ringing reduction and a learned codec enables more efficient
coding in the latent space.

Figure 8 shows the rate–distortion characteristics across the three datasets. As in Fig. 4, we
evaluate the image quality of numerically reconstructed results for holograms generated from the
basketball-hoop image. For all datasets, PSNR and MS-SSIM increase with bitrate. However, in
the low-bitrate regime (0.003–0.015 bpp), the datasets with ringing reduction exhibit superior
quality metrics compared with the original dataset, for both the proposed method and conventional
codecs (JPEG 2000 and HEVC). Between the two suppression methods, the Fresnel-integrals
dataset yields relatively higher PSNR and MS-SSIM than blank aperture. A plausible explanation
is that Fresnel-integral-based suppression preserves components closer to the original hologram
structure, thereby maintaining compressibility.

Fig. 8. Rate–distortion characteristics across datasets. In the low-bitrate regime, ringing
reduction yields better quality metrics for both neural network and conventional codecs.

Overall, these results suggest that suppressing ringing reduces high-frequency noise com-
ponents, stabilizes latent learning in the scale hyperprior model, and improves compression
efficiency. Ringing artifacts are thus a non-negligible factor limiting compression performance at
low bitrates; removing them as a preprocessing step benefits both neural codecs and conventional
image codecs in terms of compression efficiency and reconstruction quality.

4.7. Evaluation on high-resolution dataset

Finally, to evaluate the generalization capability of the proposed method, we applied the model
trained on the Caltech256 dataset to a high-resolution dataset, DIV4K-50 [38], and assessed
its compression performance and reconstruction quality. DIV4K-50 consists of 4K-resolution
images (4096×4096 pixels). In this experiment, two images were selected, and the central
2048×2048 regions were used as evaluation data.

Figure 9 shows numerically reconstructed images from holograms generated using DIV4K-50
after compression and decoding with each method. Numerical reconstruction was performed
at a wavelength of λ = 520 nm for propagation distances of z = 0.20 m, 0.50 m, and 1.00 m.
In general, high-resolution images contain abundant high-frequency components, which are
prone to loss during compression, often leading to severe degradation in reconstruction quality.
However, the experimental results confirm that the proposed method successfully maintains
high compression efficiency (low bpp) while minimizing reconstruction degradation across all
propagation distances. In particular, at z = 1.00 m, the proposed approach achieved substantially
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higher PSNR and MS-SSIM values than conventional methods, demonstrating its ability to
reconstruct high-quality images even under low-bitrate conditions. These results indicate that
the proposed model, although trained solely on Caltech256, generalizes well to high-resolution
datasets such as DIV4K-50, achieving both high compression performance and faithful image
reproduction. This confirms the strong generalization capability of the proposed framework.

Fig. 9. Numerical reconstructions from the DIV4K-50 dataset after compression and
decoding with each method under ringing-suppressed conditions (λ = 520 nm, z = 0.20 m,
0.50 m, and 1.00 m). Despite being trained on Caltech256, the proposed method achieves
high compression ratios and superior reconstruction quality across all propagation distances,
demonstrating strong generalization to high-resolution data.

4.8. Applicability to 3D holograms

While this study primarily focuses on holograms generated from 2D images, efficient compression
of holograms derived from 3D object models is crucial for practical holographic applications.
Accordingly, to investigate the generalization capability of the proposed method, we evaluated its
compression performance on holograms generated from a 3D object model.

The 3D object model of a "papillon" butterfly [39] was employed as test data. Holograms were
generated under optical reconstruction conditions featuring a propagation distance of 0.50 m and
an object thickness of 1 cm. The wavelength and pixel pitch were configured according to the
parameters specified in Table 1. Following compression and decoding, numerical reconstruction
was conducted at multiple propagation distances (z = 0.50 m and 0.51 m), where the proposed
scale hyperprior method was benchmarked against JPEG2000 and HEVC. To mitigate artifacts, a
ringing reduction technique based on the Fresnel integrals method was applied. The resulting
comparisons are presented in Fig. 10.
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Fig. 10. Numerical reconstructions of holograms generated from a 3D papillon object model
[39] after compression and decoding with each method. The proposed method maintains
a high compression ratio with minimal degradation and achieves a PSNR of 35.8 dB at a
propagation distance of z = 0.51 m.

As illustrated in Fig. 10, the proposed method can be effectively applied to holograms generated
from 3D objects. Compared with conventional methods, the proposed approach achieves high
objective quality metrics. In particular, for numerical reconstruction at a propagation distance
of z = 0.51 m, the proposed method achieves a PSNR of 35.8 dB while maintaining a high
compression ratio. The proposed method also yields higher MS-SSIM values than the conventional
methods, indicating superior perceptual quality.

Furthermore, it is confirmed that the depth information intrinsic to 3D objects is effectively
preserved throughout the compression process. As illustrated in Fig. 10, the reconstructed
images at distinct propagation distances (0.50 m and 0.51 m) exhibit selective focus and blurring
depending on the focal plane, thereby demonstrating that three-dimensional spatial information
is faithfully reproduced. This result indicates that the proposed method is not merely limited
to compressing two-dimensional representations but is capable of encoding holograms without
compromising the depth-related cues inherent to 3D scenes.

It is worth emphasizing that the model utilized in this evaluation was trained exclusively on
holograms derived from 2D images in the Caltech256 dataset, as detailed in Section 4.1, and did
not include any 3D object-based holograms during the training phase. Nevertheless, the proposed
method achieves favorable compression performance on 3D object holograms, suggesting that the
deep learning-based framework effectively captures generalized feature representations even from
a limited data domain. Furthermore, by fine-tuning the training datasets and hyperparameters, it
is anticipated that models specifically optimized for the unique characteristics of 3D objects can
be further developed.

These results demonstrate that the proposed method is effective not only for holograms
generated from 2D images but also for those derived from 3D object models, thereby exhibiting a
high degree of generalization. This confirms that the proposed framework is versatile and can be
broadly applied to a diverse range of holographic applications.

4.9. Optical experiments

For the optical experiments, we utilized holograms of the 3D object "Papillon" [39], as previously
evaluated in Section 4.8. First, the complex holograms compressed and decoded by each method
were obtained as numerical data. Subsequently, these complex holograms were converted
into phase-only holograms using the binary amplitude encoding method [40,41]. Finally, the
corresponding optical reconstruction images were captured using a dedicated optical setup.
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Figure. 11 presents the optical reconstruction results. The proposed method preserves edges
and intricate structural details more effectively than conventional methods, demonstrating high
consistency with the numerical reconstruction results shown in Fig. 10. While some degradation
is present relative to the original hologram, the overall geometry and depth information of the 3D
object are sufficiently reproduced. These results confirm that the essential information required
for optical reconstruction is accurately retained even under high compression ratios.

Fig. 11. Optical reconstruction results of the Papillon hologram. Although slight degradation
is observed compared with the original hologram, the proposed method (scale hyperprior)
enables successful optical reconstruction. Compared with conventional methods, edges and
fine structural details are better preserved.

5. Conclusion

We extended CompressAI to develop a hologram-aware learned compression method tailored
to complex holograms. By training a scale hyperprior model on paired real and imaginary
components, the proposed approach achieved more efficient encoding of hologram-specific high-
frequency content compared with conventional codecs designed for natural images. Furthermore,
introducing a multi-channel input representation that jointly encodes multiple holograms (e.g., at
different propagation distances) effectively exploited inter-hologram redundancy, yielding higher
compression ratios.

We further investigated the impact of diffraction-induced ringing on compression by construct-
ing datasets in which ringing was suppressed using the Fresnel integrals method and the blank
aperture method, and by training and evaluating the same model under identical settings. The
ringing-suppressed datasets improved rate–distortion performance, especially at low bitrates,
confirming that ringing components hinder coding efficiency.

In addition, experiments applying the model trained on the Caltech256 dataset to the high-
resolution DIV4K-50 dataset demonstrated that the proposed method maintains high compression
performance and reconstruction quality even for unseen, higher-resolution data. This confirms
that the proposed framework exhibits strong generalization and adaptability across different
holographic data distributions.

These results validate the effectiveness of learned compression specialized for holographic data.
Future work includes designing loss functions that directly optimize the quality of numerically or
optically reconstructed images, and extending end-to-end training to full-resolution holograms.
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