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ABSTRACT

Digital imaging applications which require both reconstruc-
tion and semantic accuracy pose challenges to both conven-
tional codecs, which fail to preserve semantics in very noisy
conditions, and learned codecs, which fail to achieve recon-
struction accuracy even though they preserve semantics. To
address this challenge, we propose a semantic autoencoder
that preserves high-level image structures in a compact la-
tent representation combined with a progressive bitplane re-
finement mechanism employing Enhancement Networks and
Bitplane Correction Functions to minimize reconstruction er-
rors, which also effectively prevents error propagation across
bitplanes while enabling flexible rate adaptation. Experimen-
tal results demonstrate significant improvements over con-
ventional image compression codecs, achieving up to 10 dB
higher PSNR and 0.12 higher SSIM at low bitrates. In par-
ticular, the proposed system reaches quality saturation at just
3.2 bpp, while conventional codecs require 8 bpp to achieve
comparable performance. These advances establish a new
paradigm for scalable compression, where latent semantics
guide iterative refinement.

Index Terms— Bitplane coding, Bitplane refinements,
Scalable image compression, Semantic communication

1. INTRODUCTION

This paper introduces a groundbreaking image compres-
sion framework that bridges the gap between semantic-aware
representation and precision bitplane coding. The proposed
codec makes three fundamental contributions. Firstly, we
present a semantic autoencoder architecture that learns to
preserve high-level image structures in an extremely compact
latent representation. Secondly, we develop a novel bitplane
refinement system combining Enhancement Networks (EN)
and Bitplane Correction Functions (BCF) that progressively
reconstructs image details to achieve very high bitplane ac-
curacy. Third, we demonstrate how context-adaptive binary
arithmetic coding (CABAC) can optimally compress both
semantic and residual information in a unified framework.

The proposed system has the potential to revolutionize
scalable image compression by simultaneously achieving two
critical advances that elude conventional methods, which are
structural preservation at ultralow bitrates and seamless pro-
gression to lossless quality reconstruction at higher bitrates.
Through comprehensive evaluation, our framework demon-
strates consistent improvements across all scalable quality
layers, delivering up to 10 dB improvements in peak signal-
to-noise ratio (PSNR) compared to established standards at
equivalent bitrates. A particularly noteworthy achievement is
reaching visual quality saturation at merely 3.2 bpp, whereas
traditional codecs require more than 8 bpp to attain compara-
ble fidelity.

These performance improvements stem from our novel
approach of integrating semantic-aware base coding with
precision bitplane enhancement, enabling highly efficient
bandwidth utilization. This creates new opportunities for
its use in demanding applications, including high-precision
telemedicine diagnostics, adaptive mobile visual commu-
nication, and bandwidth-constrained professional imaging
workflows. The progressive refinement capability of the pro-
posed framework ensures optimal quality at every decode
point, making it particularly valuable for scenarios where
transmission interruptions or bandwidth fluctuations might
otherwise compromise image utility.

The exponential growth of digital imaging across applications 
ranging from mobile photography to medical diagnostics has 
created an unprecedented demand for efficient compression 
technologies that preserve both perceptual quality and se-
mantic content. While conventional image compression for-
mats such as the Joint Photography Experts Group (JPEG) 
codecs including JPEG2000, and the High Efficiency Im-
age Format (HEIF) have served as industry standards for 
decades, their reliance on handcrafted transforms and fixed 
compression paradigms limits their effectiveness in modern 
use cases where they often fail to maintain critical image 
semantics at aggressive compression ratios. In contrast, deep 
learning-based alternatives can maintain image semantics, 
but frequently neglect the precise bit-level control needed for 
scalable compression.
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2. RELATED WORK

Classical image compression has been led for decades by
standards such as JPEG [1], which uses the Discrete Co-
sine Transform (DCT), quantization, and Huffman coding.
Although effective, JPEG suffers from blocking artifacts at
low bitrates and lacks scalability. JPEG2000 [2] improved
upon this with wavelet-based compression and progressive
transmission, offering better rate-distortion performance.
However, both rely on fixed, hand-crafted transforms that
may not generalize well to modern image content. More re-
cent standards such as HEIF based on High Efficieny Video
Coding (HEVC)[3], and Versatile Video Coding (VVC) [4]
integrate advanced prediction and filtering techniques from
video coding, achieving better compression efficiency, but
still adhering to the conventional transform-based paradigm.

The advent of deep learning has transformed image com-
pression. Ballé et al. [5] introduced a variational autoencoder
(VAE) approach with learned entropy models, outperforming
classical methods. Follow-up works have incorporated hyper-
prior models [6] and attention mechanisms to improve adapt-
ability. Recently, transformer-based architectures [7] have
been proposed, extending VAE frameworks with enhanced
encoder-decoder structures.

Scalable image compression enables progressive qual-
ity refinement by supporting multiple layers of resolution,
quality, or bit-depth. The JPEG2000 embedded block cod-
ing with optimized transcription of embedded bit streams
(EBCOT) [8] achieves fine-grained rate scalability by bit
plane coding of wavelet coefficients, while scalable video
coding (SVC) [9] allows spatial, temporal, and quality scal-
ability through interlayer prediction. Traditional scalable
codecs use hierarchical transform decomposition, but face
challenges like error propagation and inefficient rate allo-
cation. Progressive coding methods [10] partially address
these issues through adaptive quantization and prioritized bit
allocation.

Recent progress in semantic image communication has
markedly improved the efficiency and dependability of image
transmission systems through context-aware compression
methods and advanced deep learning techniques. Founda-
tional research on region-of-interest scalable image com-
pression [11] and context-sensitive semantic coding [12] has
paved the way for the incorporation of joint source-channel
coding frameworks [13] and edge-supported processing ar-
chitectures [14] to achieve reliable, low-latency communi-
cation. Furthermore, the use of reinforcement learning for
optimized resource allocation [15] and innovative coding
approaches designed for machine vision applications [16]
has driven significant performance gains. Privacy-preserving
techniques that leverage federated learning [17] and perceptu-
ally focused quality assessment methods [18] have addressed
essential security and user-oriented concerns. A compre-
hensive end-to-end wireless image transmission system that

embodies these integrated semantic communication princi-
ples highlights the transformative potential of these advances
for next-generation networks [19].

Although the existing literature has made significant con-
tributions to individual aspects of image compression, such
as deep learning-based coding, semantic communication,
scalable compression, and bitplane processing, there remains
a critical gap in unifying these approaches into a coherent
framework. Traditional scalable codecs suffer from error
propagation and suboptimal semantic preservation, while se-
mantic communication approaches have not been effectively
integrated with practical scalable compression requirements.
Our work addresses these limitations by introducing the first
integrated framework that combines semantic-aware repre-
sentation learning with neural bitplane coding, enabling both
semantic interpretability and fine-grained rate adaptation
while maintaining compression efficiency.

3. PROPOSED SYSTEM

The proposed system introduces a scalable bitplane compres-
sion framework that combines semantic feature extraction
with hierarchical bitplane refinement. The architecture con-
sists of an encoder-decoder pipeline designed to process RGB
images through two complementary stages: a semantic-aware
base compression layer and a multistage bitplane enhance-
ment mechanism.

The initial stage employs a semantic encoder imple-
mented using the encoding layers of an Autoencoder (AE)
to compress the input image into a latent representation,
capturing high-level semantic features through a series of
convolutional and downsampling layers [20]. This latent vec-
tor is quantized and encoded using context-adaptive binary
arithmetic coding (CABAC) [21] for efficient transmission.
The corresponding semantic decoder implemented using the
decoding layers of the same autoencoder (AD) reconstructs
a base approximation of the image from this latent repre-
sentation, serving as the foundation for subsequent bitplane
refinements. By prioritizing semantic content in this initial
stage, the system ensures robust preservation of structural
features (e.g., edges, textures) even under aggressive com-
pression. After generating the semantic-aware base layer
reconstruction, we calculate the residual image by subtract-
ing this reconstruction from the original input image. This
residual image then undergoes a sophisticated bitplane pro-
cessing procedure, which makes use of BCF and EN blocks
to achieve improved performance compared to conventional
scalable image coding methods.

3.1. Bitplane Correction Function (BCF)

For a given bitplane i (where i ∈ {8, 7, . . . , 1}), we first cal-
culate the accumulated value of all higher bitplanes (already
corrected) as shown in (1).
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where bk ∈ {0, 1} represents the corrected binary value
of the k-th bitplane.

Let Vpred be the pixel value predicted by AD for the cur-
rent stage. We define the bitplane correction rule as follows:
let the corrected pixel value be defined by V
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we trust the decoder’s prediction for the remaining uncor-
rected bits. The floor/modification operation in (3) properly
extracts the corrected bit value while preserving higher bit-
plane corrections. This formulation mathematically captures
your described logic while maintaining proper bitplane arith-
metic and correction propagation. Based on the above, we
can update the bitplane for the ith bitplane as given in (3).
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3.2. Enhancement Network (EN)

The proposed Enhancement Network (EN) is a deep learning
module designed for progressive refinement of compressed
images in a scalable bitplane coding framework. Based on
a modified U-Net architecture, the EN predicts and corrects
residual errors between bitplanes using both the base layer
reconstruction from a semantic autoencoder and previously
decoded higher bitplanes. The U-Net encoder-decoder struc-
ture with skip connections enables it to capture multiscale fea-
tures, preserving global and local details during reconstruc-
tion. Each EN is trained on the CIFAR dataset. For example,
EN8 is trained on the auto-decoder output images, and EN7
is trained on the corrected images of bitplane 8. Each stage
consists of pairs of convolutional layers, followed by batch
normalization and ReLU activation, with a sigmoid activation
applied at the final layer.

The EN and BCF integrate with CABAC, which com-
presses only the corrected residuals. This efficient pipeline
achieves high compression with minimal quality loss. The
progressive structure allows stopping at any bitplane, en-
abling flexible and scalable compression.

The end-to-end system decomposes the residual image
into 8 bitplanes, processing them sequentially from the Most
Significant Bitplane (MSB) to the Least Significant Bitplane
(LSB). The processing begins with the MSB (8th bitplane),

where our EN predicts the MSB values from the base layer
reconstruction. This is then compared with the original MSB
to generate an error signal which is losslessly encoded us-
ing CABAC. This encoded error signal ensures perfect recon-
struction of the MSB on the decoder side. The system utilizes
error-corrected MSB to predict subsequent bitplanes through
a specialized U-Net architecture [22].

For each bitplane from the 7th to the 1st, the process fol-
lows a rigorous refinement pipeline. First, the current bitplane
is predicted using the proposed U-Net enhancement network.
This prediction then undergoes correction through our BCF
before the resulting residual is encoded using CABAC. This
dual-stage prediction-correction approach ensures optimal ac-
curacy before final encoding.

The enhancement networks employ an U-Net architecture
specifically optimized for bitplane prediction. Each network
takes as input both the current reconstruction state and the
preceding bitplane data, enabling it to predict the residual er-
rors between the intermediate reconstruction and the target
bitplane with high precision. The BCF then applies an addi-
tive correction to these predictions, incorporating error feed-
back from previously processed bitplanes to progressively re-
fine the reconstruction.

This cascaded correction mechanism addresses the sus-
ceptibility to error propagation across bitplanes, which is a
critical limitation of traditional scalable image compression
methods. Our system’s iterative refinement at each bitplane
level provides three key advantages: immediate error correc-
tion prevents the accumulation of artifacts, each correction
informs and improves subsequent predictions, and the pro-
cess maintains consistent performance across varying scal-
able compression ratios.

The hierarchical nature of this approach ensures a differ-
entiated treatment of visual information. Higher bitplanes,
containing more critical structural data, benefit from direct
correction and precise encoding. Lower bitplanes, represent-
ing finer details, gain accuracy through the cumulative effect
of preceding corrections. This strategic allocation of process-
ing resources contributes significantly to our codec’s superior
rate-distortion performance while maintaining computational
efficiency.

The complete pipeline is illustrated in Fig. 1, forming a
closed-loop system where each stage’s output progressively
refines the next stage’s input. This iterative refinement mech-
anism enables reconstruction quality that consistently exceeds
conventional compression methods. The semantic encoder-
decoder pair in our architecture is built on [20], optimized
here for scalable bitplane processing. The following two sec-
tions detail the bitplane refinement process - the core innova-
tion enabling our codec’s superior scalability and precision.



Fig. 1: Architecture of Proposed System

4. RESULTS AND DISCUSSION

To evaluate the performance of the proposed scalable bitplane
compression system, we performed experiments comparing it
against JPEG, HEIF, and JPEG2000. The evaluation metrics
used are Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index (SSIM), which assess the quality of recon-
structed images across varying bits per pixel (bpp) rates. The
experiments were performed on the CIFAR-10 dataset [23],
which consists of 60,000 RGB images, ensuring a diverse
range of image types for robust evaluation.

4.1. Rate-Distortion Performance Evaluation

The proposed system demonstrates superior compression effi-
ciency across all tested bitrates, as evidenced by its dominant
performance in both PSNR and SSIM metrics as shown in
Fig. 2. At low bitrates (0-2 bpp), where conventional codecs
typically struggle to maintain fidelity, the proposed method
achieves a remarkable 10 dB PSNR improvement over JPEG
and 8 dB gains over both HEIF and JPEG2000. In terms of
perceptual quality, the system provides SSIM improvements
of 0.12, 0.09, and 0.10 against JPEG, HEIF, and JPEG2000,
respectively, which is a clear testament to its effective prioriti-
zation of perceptually critical data through advanced bitplane
correction.

The proposed system also maintains its performance ad-
vantage as bitrates increase from 2 to 6 bpp, demonstrating
near-linear quality improvement that reaches SSIM > 0.98 by
4 bpp, significantly better than conventional codecs. Quality

(a) bpp vs. PSNR

(b) bpp vs. SSIM

Fig. 2: Rate Distortion Performance of the Proposed Scalable
Codec

saturation occurs at just 6 bpp (PSNR ≈45 dB, SSIM ≈1.0),
showing the proposed method achieves optimal reconstruc-
tion quality while requiring approximately half the bitrate of
HEIF and JPEG2000, and one-third the bitrate of JPEG for
equivalent fidelity. This early saturation point highlights the
remarkable efficiency of our hybrid architecture, where the
semantic base layer effectively preserves global image struc-
tures while the bitplane enhancement mechanism precisely al-
locates the remaining bandwidth to critical local details.

Visual evaluations provide compelling evidence to sup-
port these quantitative metrics. Across all tested bitrates, the
proposed reconstructions exhibit noticeably sharper edges
and cleaner textures compared to conventional codecs. At 2
bpp, a particularly challenging operating point for bandwidth-
constrained applications, the advantages become especially
apparent. The proposed method completely avoids the
characteristic blocking artifacts of JPEG and the excessive
smoothing exhibited by HEIF, while maintaining superior
preservation of fine textural details and object boundaries that
are often lost in traditional approaches.

The consistent performance gaps observed in both PSNR
and SSIM metrics demonstrate that the proposed architecture
successfully overcomes the fundamental trade-off between
pixel-level accuracy and perceptual quality that has long



challenged image compression systems. This breakthrough
is directly attributable to the proposed novel combination of
semantic-aware encoding and systematic bitplane refinement,
which work in concert to optimize objective and subjective
quality measures throughout the entire bitrate range.

4.2. Reduction in Bitplane Errors Using BCF and EN

Table 1 presents the percentage reduction in bitplane errors
achieved by BCF and EN on bitplanes 1 to 8, compared to the
initial bitplane errors. These results demonstrate the effective-
ness of the proposed system in mitigating errors during the
compression process, which is critical to maintaining image
quality in a scalable bit-plane compression framework. This
suggests that the proposed system is particularly effective in
correcting errors in bitplanes that contribute significantly to
image quality.

Bitplane BCF Reduction (%) EN Reduction (%)
8 - 10.53%
7 26.61% 4.58%
6 64.72% 9.24%
5 43.42% 13.16%
4 30.09% 14.42%
3 20.45% 15.45%
2 11.11% 13.60%
1 2.33% 5.12%

Table 1: Bitplane-wise BCF and EN Reduction Percentages

4.3. Comparative Insights

The superior performance of the proposed system can be at-
tributed to its use of an auto-encoder-based semantics en-
coder and bit-plane correction mechanism, which effectively
capture and preserve semantic features during compression.
The EN and BCF further refine the bitplane data, improving
the reconstruction quality, which is needed for a scalable im-
age codec. In contrast, traditional methods like JPEG and
JPEG2000 struggle at lower bpp rates due to their reliance
on frequency-domain transformations, which can introduce
noticeable distortions. HEIF, although more advanced, does
not match the scalability and fidelity of the proposed system,
particularly at lower bit rates. These results validate the effec-
tiveness of the proposed architecture in achieving high com-
pression efficiency without sacrificing image quality, making
it a promising solution for scalable image compression appli-
cations.

4.4. Complexity Analysis

JPEG, JPEG2000, and HEIF exhibit progressively higher
computational complexity, with JPEG remaining the simplest
due to its block-based DCT and entropy coding architecture.

JPEG2000 increases complexity through wavelet transforms
and EBCOT, achieving better rate distortion performance
than JPEG while supporting scalable decoding. HEIF in-
troduces the highest complexity among traditional codecs
through advanced prediction modes and transform coding,
delivering superior compression efficiency.

Although JPEG offers the fastest processing, it suffers
from blocking artifacts. JPEG2000 provides a balance of
speed and quality with inherent scalability, and HEIF achieves
the best compression at the cost of greater computational
demands. The proposed semantic-aware codec introduces
marginally higher complexity than traditional codecs dur-
ing inference due to its neural network components, but
this is substantially outweighed by its breakthrough perfor-
mance across all scalable layers, demonstrating unmatched
compression efficiency while maintaining perceptual quality
even at ultra-low bitrates. The architectural efficiency of its
pre-trained models ensures this complexity increase remains
practical for real-world deployment.

5. CONCLUSION

This paper presented a novel scalable image compression
framework that synergistically combines semantic-aware en-
coding with hierarchical bitplane refinement. The proposed
system establishes new state-of-the-art performance, demon-
strating consistent superiority over conventional codecs
(JPEG, HEIF, JPEG2000) across all evaluated bitrates. Key
innovations of the propsed system include an autoencoder-
based semantic compression layer that preserves critical
structural information and a progressive bitplane correction
mechanism that systematically reduces reconstruction errors
through EN and BCF. The success of the proposed approach
comes from its unique ability to combine the strengths of
semantic compression with precise bitplane processing. The
semantic base layer efficiently encodes global features, while
the bitplane enhancement mechanism sequentially allocates
residual bandwidth to local details through an iterative bit-
plane correction. This dual strategy effectively resolves the
traditional trade-off between compression ratio and recon-
struction quality. Future work will focus on extending the
framework in exploring scalable video compression and
other media coding tasks where scalable, quality-adaptive
compression is crucial. The code and models will be made
publicly available to support further advancements in learned
image compression.
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