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ABSTRACT

The semantic image compression is revolutionizing the intelligent visual communication by compressing the
image representation for machine perception and downstream tasks instead of human viewing. Although there
have been great improvements with learned compression, semantic communication, and task-aware coding,
there are still problems with architecture design, evaluation protocols, benchmark datasets, and deployment.
This review, based on the PRISMA framework, examines 54 selected studies published from January 2018 to
June 2026. Study-level coding was used to create a common coding scheme to perform a descriptive
quantitative evidence synthesis, and frequencies and percentages calculated across learning architectures,
optimization objectives, semantic preservation strategies, benchmark datasets, evaluation metrics, and
application domains. The results demonstrate the straightforward shift from conventional rate—distortion
optimization to semantic and task-aware compression. There are several major difficulties, including lack of
standard evaluation frameworks, low cross-domain generalization, low reproducibility, and low unified metrics
that combine compression efficiency and semantic fidelity. The review summarizes the existing
methodologies, introduces new research trends, and offers useful insights for designing efficient semantic
image compression systems for edge intelligence, medical imaging, autonomous platforms and communication
networks empowered by artificial intelligence. The emphasis is on what steps can be taken towards learned
image compression, which is a subject pursued by the Deep Learning (DL) community.

Keywords: Deep learning, Learned image compression, Rate-distortion optimization, Semantic image
compression, Task-aware compression

INTRODUCTION

The field of image compression has shifted from traditional transform coding techniques to data-driven
techniques to learn compact image representations from data. The conventional standards, such as JPEG, JPEG
2000 (J2K), HEVC, rely on optimization of rate—distortion (RD) trade-offs for human visual perception.
However, the proliferation of Artificial Intelligence (AI), Machine Vision (MV), and Intelligent
Communication Systems (ICS) has turned the way of generating, conveying and using visual information
upside down. Images mostly used by the human eye, but are increasingly more and more processed on the
level of an intelligent system for automatic analysis, decision-making and control.

The last few years have seen remarkable advances in learned image compression technology, such as
variational autoencoders and hyperprior-based algorithms that have improved compression efficiency (Minnen
et al., 2018). However, novel applications like autonomous systems, remote sensing, medical imaging,
intelligent healthcare, edge intelligence and Al-enhanced learning platforms require compressed information
representations, which not only accurately reconstruct images but also, more importantly, capture the essential
data for subsequent machine learning (ML) tasks. Thus, the semantic-aware image compression is now a hot
topic of research that focuses on retaining image semantic information useful for image classification, object
detection, segmentation, retrieval and intelligent decision-making support.

The recent growth of both the number of distributed Al systems and the volume of high-resolution visual data
has just added to this momentum. Edge computing environments have strict latency, computation and energy
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constraints (Friha et al., 2024), and bandwidth limitations continue to be a challenge in wireless sensor
networks, satellite communications and low-altitude communication infrastructures (Lungisani et al., 2022;
Hui et al., 2025). The practical needs have promoted the development of compression methods that provide the
highest semantic gain for the lowest communication cost. In recent years, the use of semantic representations
has proven to be helpful for RSM, and this has led to the increased relevance of the development of intelligent
visual communication (Carlos et al., 2021), explainable Al systems (Bali, 2025), and semantic-aware
segmentation (Minaee et al., 2021; Sun et al., 2021; Wu et al., 2024). Similarly, the need for fidelity (Getu et
al., 2024; Guo et al., 2024) has been replaced by semantic information needs due to the use of semantic
communication.

Nevertheless, there is still a lack of standardization in the field of semantic-aware image compression due to
the variety of architectures, optimization goals, datasets, and metrics used. So far, studies that have been
conducted dealing with all three objectives are rare. The majority of studies focus on different aspects of
compression, and as such, it is difficult to compare and identify best practices. The present reviews mainly
focused on specific models, applications or techniques with little regard for the compression efficiency, quality
of reconstruction and semantic preservation.

The purpose of this review is to examine recent works on image compression technologies that include
semantic information and analyze the comparisons of the various learning architectures, semantic preservation
techniques and optimization methods. It helps understand the benefits and drawbacks of the compression
quality and precision of the tasks, identify methodological shortcomings and identify trends in the datasets and
in the application fields. The review provides a concise overview of techniques, benchmarks, metrics and
applications, highlighting challenges such as reproducibility, semantic robustness and multi-objective
optimization.

METHODOLOGY

The PRISMA 2020-based systematic review methodology consisted of six phases: identification, screening,
eligibility check, quality appraisal, data extraction and qualitative synthesis to review advancements on
semantic-aware image compression in Al domain, computer vision, and ICS. The search process is divided
into the following steps:

Searching for data sources

The two reviewers independently searched the following databases: Scopus, Web of Science, IEEE Xplore and
ACM Digital Library (11 to 20 June 2026) for publications that appeared in the databases between January
2018 and 20 June 2026. Records retrieved were exported in BibTeX format and combined in one reference
library. The choice of these databases was due to their large scope of peer-reviewed and conference
proceedings research in areas of Al, computer vision, image processing, multimedia systems and
communication engineering. All databases were searched under the same search strategy, which included:

("learned image compression" OR "neural image compression” OR "deep image compression" OR "image
compression") AND ("semantic compression" OR "semantic communication" OR "task-aware compression"
OR "machine vision" OR "perceptual compression")

Automatic deduplication along with manual verification was performed. Studies were screened by two
reviewers independently according to a pre-established criteria and in case of disagreement a consensus was
reached. Inter-reviewer agreement in the process of title and abstract screening was evaluated through Cohen's
k coefficient with an almost perfect agreement (k = 0.89).

Table 1. Summary of the Literature Search Strategy

Database Search Period | Search String Final Studies

Scopus 2018-2026 ("learned image compression" OR "neural image compression" | 24
OR "deep image compression" OR "image compression") AND
("semantic compression" OR "semantic communication" OR
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"task-aware compression" OR "machine vision" OR "perceptual
compression")
WoS 2018-2026 Same search strategy 11
IEEE 2018-2026 Same search strategy 15
ACM 2018-2026 Same search strategy 4
Total 2018-2026 — 54

Study Selection

Study selection followed PRISMA 2020 phases: identification, screening, eligibility, and inclusion as shown in
Figure 1.

Identification of studies via databases and registers
Time filter: January 2018 - June 2026
z Records identified from databases (n = 4,876) (
o Records removed before screening (n = 1,488)
= Scopus n=1782
g Web of Science n=129 —p . Duplicate records removed (n = 1,138)
’; IEEE Xplore n=1062 * Records outside time range (n = 350)
a ACM Digital Library n= 736
A 4 < Records excluded (n = 2,312)
2 Records screened (title & abstract) ¢ Not related to semantic image compression (n = 1,084)
é (n=3,388) I ¢ Not semantic/task-aware (n = 678)
§ J ¢ Not deep learning or learned methods (n = 550)
v
S ) o Full-text articles excluded (n = 1,022)
5 Full-text articles assessed for eligibility * No explicit semantic or task-aware component (n = 420)
§ (n=1,076) ’ ¢ Insufficient methodology o results (n = 230)
o o ;
= * No quantitative evaluation (n = 180)
w
o Not original research (n = 96)
® Not in English (n = 96)

Studies included in qualitative analysis
(n=54)

o)
w
o)
=)
-
(%}
<

Figure 1: PRISMA flow diagram for the process in selecting studies.
After screening and eligibility assessment, 54 studies were included in the final synthesis.
Eligibility Criteria

The studies were selected, and the inclusion criteria were that they were based on learned/ semantic-aware
image compression, included appropriate optimization criteria, included optimization problem or optimization
goals that were identifiable, included validated datasets and were published in English in peer-reviewed
journals and conference proceedings. Studies that were only about traditional compression, did not have
methodological details or quantitative results, did not cite references and were not on the topic of semantic
image compression and intelligent visual communication were excluded.
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Data Extraction

A data extraction protocol was developed to ensure that all studies extracted data in a standardized manner,
considering the variety of studies that could be included. For each publication, the following information was
also extracted: Information about the publication; Learning architecture (Convolutional Neural Networks
(CNN), variational autoencoders (VAEs), Transformer, GAN or hybrid models); Compression methodology;
Benchmark datasets; Evaluation metrics; Compression performance (bitrate or bits-per-pixel); Reconstruction
quality metrics Peak Signal-to-Noise Ratio (PSNR), Multi-Scale Structural Similarity Index Measure (MS-
SSIM), and SSIM); Downstream task performance (classification accuracy, mean Average Precision (mAP) or
Intersection over Union (IoU) scores). Information that was retrieved was used for systematic comparison of
methods, data, evaluation practice, application area and reported performance in the literature. Studies were
coded using a predefined protocol covering architecture, optimization, datasets, evaluation metrics, application
domain, semantic strategy, and limitations. Coding was independently verified by both reviewers before
descriptive analysis.

Quality Assessment

Four methodological criteria for evaluating methodological quality were used and each criterion scored on a 0—
2 scale (maximum score = 8): (1) dataset quality, (2) experimental rigor, (3) evaluation completeness, and (4)
reproducibility. The studies were categorized as low (0—4), moderate (5—6) and high (7-8) quality. Only high
and moderate quality studies were included in the final synthesis.

Data Synthesis

Selected studies were synthesized by a systematic comparative approach by considering the architectural
structures, semantic strategies, compression goals, datasets, metrics and applications. The analysis of the
performance trends, limitations, research gaps and future directions of the semantic-aware image compression
was conducted.

Background

The traditional signal processing techniques of image compression have been upgraded to intelligent
representation learning by using Al techniques. Traditional applications focused on minimizing storage and
transmission expenses, while still preserving a "human quality", while current applications must guarantee that
the semantic information is stored for machine interpretation. This change has resulted in the emergence of
learned, semantic and task-oriented compression techniques. In classical standards (e.g., JPEG, JPEG 2000,
HEVC), transform coding, quantization, prediction and entropy coding are used to reduce the redundancy and,
quite importantly, improve the reconstruction quality and compression efficiency. Hence, Mean Squared Error
(MSE) and PSNR generally judge the quality of the image based on the distortion, which is evaluated. With
the help of better design of transform and adaptive filtering techniques, and optimized quantization techniques
(Canterle et al., 2020; Igbal & Kwon, 2021), the traditional coding methods have been modified. In addition,
ML has been integrated into classical coding processes to improve the application of traditional applications in
a specific field, such as medical images in medical image compression (Dimililer 2022).

Although widely used, classical compression techniques have some drawbacks in the AI world. This is
because they assume that the less distortion at the level of the pixels, the more meaningful content will be
retained in the image. This is not the case, however, with machine vision applications, since the success of the
application is based on the semantic information and not similarity in the visual content. In previous perceptual
image quality studies, many pixel-based quality metrics were found to be inadequate to measure perceptual
similarity or semantic relevance (Ahn et al., 2022; Zhang et al., 2018). Classical image compression is
accordingly still very suitable for human visual communication, but not for intelligent systems, where
information relevant to the task has to be preserved.

DL has revolutionized image compression by introducing end-to-end trainable neural networks to replace the
manually designed transforms that have been used before (Bali et al., 2020; Bali, et al., 2026a). For learned
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image compression, encoder-decoder architectures are used, which learn a compact latent representation for
compression and image reconstruction. VAEs and hyperprior models were introduced in Minnen et al. (2018),
and it was shown that neural networks can be as competitive as traditional codecs under the same bitrate and
can learn efficient entropy models.

Subsequent efforts have greatly enhanced coding efficiency through the use of context-adaptive entropy
modelling (Fu et al., 2021), the development of attention mechanisms (Cheng et al., 2020), the creation of
hierarchical latent representations ( Chen et al., 2025) and the design of lightweight network structures suitable
for resource-limited environments (Liu et al., 2024). In addition, some studies address wavelet-inspired neural
transforms (Ma et al., 2020), low-complexity transform design (Canterle et al., 2020), recognition-aware
restoration (Yang et al., 2023), inpainting-based reconstruction, recurrent quality assessment (Chen et al.,
2020), hybrid attention models (Bao et al., 2022), and progressive compression strategies supporting multiple
downstream tasks (Lei et al., 2022).

Recently, some machine vision compression learning frameworks have been introduced to integrate the
machine vision preprocessing, diffusion-based reconstruction, and hierarchical semantic restoration in large
Visual Language Models (LVLs) (Li et al., 2024; Lu et al., 2024; Xu et al., 2025; Li et al., 2025). These
developments make it clear that learned image compression is not just about reconstructing images anymore,
but about learning to represent them under adaptation, allowing for more advanced applications of Al.

However, the majority of learned compression models are still based on distortion-distortion objective
functions for optimizing the reconstruction of the pixels. While these techniques can greatly enhance the
compression efficiency, they do not explicitly ensure the preservation of semantic information that is important
for follow-on applications. Training instability (Kim et al., 2022), lack of interpretability (Linardatos et al.,
2020), and the application of different evaluation protocols make it difficult to make a direct comparison of
different approaches. As a result, learned image compression is a great step forward relative to traditional
coding, but also carries with it numerous drawbacks of distortion-based optimization.

The idea of semantic compression represents an enhancement of conventional image coding with the aim of
transmitting meaningful information than exact reconstruction of the pixels. Unlike the approach of preserving
visual content, semantic compression aims to retain an image representation that facilitates inference tasks
performed downstream, such as image classification, object detection, semantic segmentation, retrieval and
decision support. This paradigm is similar to the semantic communication paradigm, which aims to convey
meaning instead of signals (Getu et al., 2024; Guo et al., 2024; Liang et al., 2024). In this context, semantic
fidelity is defined as how well compressed representations maintain the information necessary for correct
machine interpretation when there are communication constraints.

Multiple solutions have been proposed to help semantic-aware image coding. Saliency-guided methods
(Fischer et al., 2023) partition the bits into informative parts of the image, and semantic decomposition (Chang
et al., 2023) first separates the information content of the image that is relevant to the task from background
information before compressing it.

Semantic segmentation for communication directly incorporates semantic understanding into compression and
transmission processes (Wu et al., 2024). This has come on the heels of the rise of foundation models and
multimodal learning. Vision-language models learn shared semantic representations across different modalities
(Radford et al., 2021); unimodal semantic compression takes advantage of complementary textual and visual
information to achieve better transmission efficiency (Shen et al., 2025). In recent years, semantic correction
with LLMs has been explored in recent works to enhance robustness under bandwidth constraints, and feature-
driven semantic communication has been explored as a way to improve robustness under bandwidth
constraints (Guo et al., 2025; Zhang et al., 2025). Although some recent advances have been made, the current
situation of heterogeneous architectures, datasets, metrics, and evaluation protocols still poses serious
challenges to reproducibility and comparative evaluation.

For lossy image compression, RD theory can be used to control the trade-off between coding efficiency and
reconstruction quality, as measured by PSNR, MSE and SSIM. While RD optimization has been used for
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decades in image compression research, it comes with a number of limitations for Al applications due to the
pixel-based fidelity measures it uses. Preserving semantic content does not necessarily mean there is high
reconstruction quality, and images with relatively low PSNR can have a great task performance on the
downstream side. In addition, deep feature-based perceptual metrics have been shown to confirm that semantic
similarity can significantly vary from pixel similarity (Zhang et al., 2018).

Conventional RD optimization has been extended to include perceptual quality, semantic preservation and
downstream task performance in compression goals in recent advances in learned image compression (Guerin
et al., 2022). But there is still no universal framework to evaluate compression efficiency, visual quality and
semantic usefulness in various applications. As a result, it is hard to compare different methods of evaluation
because of poorly defined metrics and protocols.

Task-aware compression moves the goal from visual reconstruction towards capturing task-relevant details for
efficient downstream tasks and low communication cost. Recent studies have shown that task-aware
compression works well for a wide range of Al tasks. Recognition-aware learning enables improved accuracy
of image classification in low bit rate conditions and semantic segmentation for compression improves the
understanding of the scene during transmission (Wu et al., 2024). Other methods have been proposed in the
fields of object detection, remote sensing, multimedia Internet of Things (IoT), mobile vision systems, and
intelligent edge computing (Carlos et al., 2021; Noura et al., 2023; Hu et al., 2025). Adaptive Compression
Strategies: Emerging foundation models, multimodal architectures, and generative Al further enable adaptive
compression strategies that jointly optimize communication efficiency and downstream intelligence (Liang et
al., 2024; Liang & Li, 2025; Shen et al., 2025).

Though great strides have been made, there are still obstacles to overcome. Current approaches often use
domain-specific data sets, use different evaluation metrics, and have limited generalizability to other domains
(Anantrasirichai & Bull, 2022; Liu et al.,, 2024). Other issues are computational complexity, resource
limitations, security, privacy and trustworthiness in semantic communication systems (Won et al., 2024). To
overcome these drawbacks, benchmarking, evaluation protocols, and assessment frameworks must be
standardized, reproducible and integrated to be able to assess compression efficiency, reconstruction quality
and downstream task performance in combination. In general, the development of classical to semantic- and
task-aware compression is the transition to intelligent visual representation and forms the basis of the
comparative analysis in the subsequent sections.

LITERATURE REVIEW

Semantic image compression involves a variety of learning paradigms that have different architectures,
optimization goals and application areas. In this review, the literature is, therefore, organized thematically,
allowing for a systematic comparison of the various approaches available. The advent of CNNs laid the
groundwork for learned image compression, where the handcrafted transforms were replaced by an end-to-end
trainable feature extraction/reconstruction network. Early CNN-based codecs showed that learned
representations are able to outperform standard codecs that separately optimize each of the three components:
latent feature extraction, entropy modeling, and image reconstruction.

Some representative studies consist of the hyperprior framework proposed by Minnen et al. (2018), attention-
guided compression of Cheng et al. (2020), wavelet-inspired neural transforms of Ma et al. (2020), context-
based entropy modeling of Fu et al. (2021), and hybrid attention models of Bao et al. (2022). Typical
evaluation is done with benchmark datasets like Kodak, DIV2K, COCO and ImageNet data, and the
performance is measured in terms of PSNR, MS-SSIM, bits-per-pixel (bpp), and compression ratio.

CNN-based approaches always obtain higher compression efficiency than traditional codecs with a high
quality of reconstruction. Their relatively mature architectures, efficient optimization procedures and their
ability to leverage existing hardware make them the dominant technique for learned image compression.
Although CNN-based models have achieved good performance, they focus mainly on the reconstruction
accuracy instead of semantic preservation. Limited modeling in context and reliance on large datasets
annotated with human efforts restrict the downstream machine vision performance of their system.
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The hyperprior models are a significant improvement in learned image compression, where adaptive latent
probability distributions lead to improved entropy coding. Minnen et al. (2018) used a hyperprior design to
improve over traditional codecs; this architecture has since become the paradigm for variational hyperpriors.
Minnen et al. (2018), who added joint autoregressive and hierarchical before enhancing context modeling,
further extended this work. Later, context-adaptive entropy models (Fu et al., 2021), rate-constrained
optimization algorithms (Guerin et al., 2022), successive learned compression instability analysis (Kim et al.,
2022), and adaptive parameter estimation methods (Chen et al., 2025) were added.

In most hyperprior methods, performance is assessed on Kodak, Tecnick, DIV2K and CLIC datasets, and the
following are the main evaluation metrics: PSNR, MS-SSIM, bpp and RD curves. Hyperprior models offer
benefits in terms of entropy coding and rate—distortion performance, but most importantly, in terms of
semantic preservation. They are also limited in their use in resource-limited environments due to their
computational complexity.

Self-attention mechanisms in transformer architectures boost learned image compression by allowing for
global context modeling, thus improving semantic representation. Recent works making use of Transformers
with applications to image restoration include hierarchical semantic restoration (Li et al., 2025), machine
vision compression (Lu et al., 2024), large visual language models (Li et al., 2024), diffusion-assisted
perceptual compression (Xu et al., 2025), enhanced structural fidelity (Zhou et al., 2024), and semantic-aware
restoration for multiple degradations (Yang et al., 2023). These methods are usually tested on the ImageNet,
COCO, Kodak, DIV2K and application-specific datasets, with the PSNR, MS-SSIM, LPIPS, FID,
classification accuracy and mAP metrics used to compare them. In general, transformer models outperform
CNN-based architectures in holding on to the context and enabling downstream Al tasks. In particular, they are
excellent for long-range semantic relations, which are useful for intelligent visual communication and
multimodal reasoning.

Although they offer benefits, Transformer-based compression models are demanding in terms of compute and
use varying evaluation protocols, which hinder edge deployment and comparative studies. Semantic-aware
compression redefines the optimization goal from pixels to information that is used for downstream inferences.
These techniques do not aim at just maximizing the visual similarity, but rather explicitly represent semantic
features that are relevant for ML applications. Some representative approaches are semantic-aware visual
decomposition (Chang et al., 2023), recognition-aware learned compression, semantic segmentation-based
communication (Wu et al., 2024), joint perception-distortion enhancement (Duan et al., 2022), progressive
semantic compression (Lei et al., 2022), and task-driven semantic-aware image compression (Zhou et al.,
2024).

Semantic-aware compression is usually assessed in the COCO, ImageNet, Cityscapes and remote sensing
datasets by means of compression (PSNR, MS-SSIM, bpp) and task-level metrics (accuracy, mAP, IoU).
Although these approaches can improve the performance of a downstream system, there are still significant
issues with lack of common datasets, optimization routines, and assessment protocols that make the system
difficult to reproduce and standardize.

Recent advances in foundation models have enabled a new generation of semantic image compression systems
that learn rich multimodal representations from large-scale datasets. Beyond conventional image
reconstruction, vision-language models, large language models, and generative Al provide semantic priors that
improve representation quality and downstream task performance. Representative studies include CLIP-based
representation learning (Radford et al., 2021), multimodal semantic communication (Liang et al., 2024),
semantic communication with large language models (Guo et al., 2025), image generation for semantic
communication (Liang & Li, 2025), and multimodal foundation-model compression (Shen et al., 2025).

By integrating visual, textual, and semantic information, multimodal compression enables context-aware
reconstruction and enhanced semantic preservation beyond unimodal approaches. Related advances include
point-cloud semantic communication (Huang et al., 2023) and feature-driven semantic communication (Zhang
et al.,, 2025). Despite these improvements, challenges remain in computational efficiency, explainability,
security, privacy, reproducibility, and the lack of standardized benchmarks. Overall, the field has evolved from
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distortion-based coding toward semantic- and task-driven compression, although inconsistent datasets and
evaluation protocols continue to limit objective comparison across studies.

Comparative Analysis

This comparative analysis compares different semantic-aware image compression techniques, their
architectures, semantic strategies, benchmark datasets, evaluation metrics, advantages, drawbacks, and
prospects for future research. Based on the amount of semantic representation used in the compression process,
there are five types of existing methods. Perceptual compression is used to obtain reconstruction quality with
perceptual losses without any semantics modelling. Representative methods use deep perceptive similarity
measures and attention-guided reconstruction to increase perceptual fidelity (Zhang et al., 2018; Ahn et al.,
2022; Bao et al., 2022). They are a good quality to look at, but they are not good for downstream Al tasks.

Feature-preserving compression: stores intermediate features rather than pixel level features. To retain
discriminative representations for machine vision (Minnen et al., 2018; Cheng et al., 2020; Wang et al., 2022;
Noura et al., 2023). But these techniques are generally based on the pre-trained feature extractors. Task-aware
compression optimizes image compression and downstream tasks (including image classification, object
detection and semantic segmentation) together. Representative methods, such as recognition-aware
compression and progressive learned compression (Lei et al., 2022; Zhou et al., 2024; Zhang et al., 2025; Tang
et al., 2026), enhance downstream performance, but may lack generalization to other tasks.

Semantic coding is the most abstracted representation because it represents the semantic units instead of the
pixels. Some representative studies are semantic decomposition and semantic communication frameworks
(Duan et al., 2022, Chang et al., 2023, Getu et al., 2024, Guo et al., 2024, Huang et al., 2023). These methods
are very effective for specific communication tasks, but are application dependent and are costly in
computations. Attention-based semantic compression assigns the coding resources adaptively based on the
importance of semantics. The representative approaches include attention-guided learned compression,
saliency-aware coding, perceptually important neural compression (Cheng et al., 2020; Qin et al., 2022; Bao et
al., 2022; Fischer et al., 2023; Li et al.,, 2025). These methods are effective at efficiently coding the
semantically relevant areas while retaining extra computational complexity.

In summary, this taxonomy highlights the progression of image compression techniques from pixel-level
coding to semantic representation learning, showing how the field of image communication has become
increasingly intelligent in recent years, particularly in the context of Al applications. This trend is also
reflected in recent studies. In semantic segmentation, for instance, Wu et al. (2024) proposed a semantic
communication framework for semantic segmentation on Cityscapes that boosts segmentation accuracy; Tang
et al. (2025), however, proposed a multitask learned compression framework for ImageNet that achieves better
performance on downstream tasks while maintaining comparable compression performance.

Table 2. Comparative Analysis of Representative Semantic-Aware Image Compression Methods

Author Model Dataset Compression Evaluation | Advantages Limitations
Objective Metrics
Minnen et | Joint Kodak Entropy PSNR, Improved High  decoding
al. (2018) | autoregressive modelling MS-SSIM | compression complexity
prior efficiency
Cheng et | Attention- Kodak, Attention-guided | PSNR, Better Increased
al. (2020) | based CNN CLIC compression MS-SSIM | perceptual computation
quality
Lei et al. | Progressive ImageNet | Task-aware Accuracy, | Supports Limited
(2022) compression optimization PSNR classification transferability
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tasks
Chang et | Semantic COCO Semantic coding | mAP, Preserves Computationally
al. (2023) | decomposition PSNR semantic intensive
regions
Fischer et | Saliency- COCO Machine- Accuracy, | Efficient Limited
al. (2023) | driven coding oriented coding | bpp semantic benchmark
allocation evaluation
Wu et al. | Semantic Cityscapes | Semantic IoU, PSNR | High Domain specific
(2024) segmentation communication segmentation
compression accuracy
Li et al. | Vision- ImageNet | Large-model PSNR, Supports High
(2024) language compression LPIPS foundation computational
compression models cost
Shen et al. | Multimodal Multi- Foundation LPIPS, Excellent Early-stage
(2025) semantic domain model Accuracy | semantic research
compression compression preservation
Tang et | Multi-task ImageNet | Multi-task Accuracy, | Strong Limited
al. (2025) | learned semantic mAP downstream standardization
compression optimization performance

From the comparison, it can be seen that the semantic-oriented optimization is replacing the distortion-driven
image coding. Previous research has mainly focused on the quality of reconstruction, while the performance of
ML has become part of the process of evaluating models in recent research. Evaluation of performance has
consequently evolved from pixel-level fidelity to multidimensional assessment. PSNR remains the most
widely reported metric for reconstruction accuracy, with hyperprior and Transformer-based models achieving
superior rate-distortion performance at comparable bitrates (Minnen et al., 2018; Cheng et al., 2020). For
perceptual quality, MS-SSIM better reflects human visual perception and consistently demonstrates the
superiority of learned compression over conventional codecs (Cheng et al., 2020; Chen et al., 2025).

Equally, LPIPS has become a standard metric for perceptual similarity by measuring deep feature
representations rather than pixel differences, with diffusion-based reconstruction and foundation models
achieving improved semantic preservation (Xu et al., 2025; Shen et al., 2025). For machine vision
applications, task-specific metrics such as classification accuracy, mAP, and IoU have become essential, as
recognition-aware and semantic-aware compression consistently outperform distortion-based methods by
explicitly preserving task-relevant information (Chang et al., 2023; Wu et al., 2024; Tang et al., 2025).
Nevertheless, inconsistent evaluation protocols and benchmark datasets continue to limit fair comparison and
standardized assessment.

Four main research trends are shaping semantic-aware image compression. First, Transformer architectures are
increasingly replacing conventional CNNs because of their ability to capture long-range contextual
dependencies and semantic relationships (Li et al., 2025; Xu et al., 2025). Second, foundation models and
generative Al are advancing semantic communication through multimodal representation learning and context-
aware reconstruction (Radford et al., 2021; Liang et al., 2024; Guo et al., 2025; Shen et al., 2025; Yao et al.,
2026). Third, growing interest in Edge Al has accelerated research on lightweight compression methods that
satisfy bandwidth, latency, energy, and inference constraints for resource-constrained devices (Friha et al.,
2024; Liu et al., 2024; Hu et al., 2025). Finally, reproducibility and open science have received increased
attention through the adoption of public benchmark datasets, including Kodak, DIV2K, ImageNet, COCO,
CLIC, and Cityscapes, and open-source implementations. However, fragmented codebases, evaluation
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methodologies, and benchmark protocols continue to hinder independent verification and objective
comparison.

DISCUSSION

In image compression area, the compression based on pixels has evolved into smart visual communication that
retains information for subsequent MV applications. Yet, there are still methodological and practical issues to
be addressed. This section addresses the strengths, weaknesses and future research directions that arose from
the analyzed literature.

A major success of recent work is the successful application of DL to image compression. The superior RD
performance of VAEs, hyperprior models, attention mechanisms and Transformer architectures over
conventional codecs like JPEG and JPEG2000 has been shown consistently. The hyperprior-based models
presented by Minnen et al. (2018) set a new standard for learned image compression by jointly optimizing
latent representations and entropy models. The reconstruction quality and bitrate efficiency were further
improved by subsequent improvements with attention mechanisms (Cheng et al., 2020).

Now, the second major challenge is changed from distortion- based optimization to task-based learning.
Recognition-aware compression, semantic decomposition (Chang et al., 2023), and task-driven compression
frameworks (Zhou et al., 2024; Tang et al., 2025) highlight the potential of preserving semantic attributes to
support a variety of downstream applications, including image classification, object detection, and semantic
segmentation tasks with competitive compression capabilities.

Recent researches shows the increasing significance of semantic communication. Instead of transmitting all
visual data, semantic communications are tailored to preserve intelligence in information that is beneficial for
guiding decision-making, which results in the removal of information from communication without causing
severe degradation to the task performance (Getu et al., 2024; Guo et al., 2024). This strategy finds good use
in bandwidth-limited application scenarios, including wireless sensor networks, edge intelligence, and satellite
communications.

Transformer architectures represent another major milestone by capturing long-range contextual dependencies
through self-attention mechanisms, leading to improved compression performance in complex scenes
containing multiple semantic objects (Li et al., 2025; Xu et al., 2025). More recently, semantic compression
has expanded beyond image reconstruction toward context-aware visual understanding through the integration
of vision-language representations, multimodal learning, and foundation models (Radford et al., 2021; Liang et
al., 2024; Shen et al., 2025).
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Figure 2. Evidence synthesis of semantic image compression research (2018-2026)

Figure 2 presents an evidence synthesis covering learning architectures, optimization objectives, benchmark
datasets, application domains, evaluation metrics, research gaps, and future research directions based on the 54
included studies. Frequencies refers to the number of studies reporting each characteristic and totals exceed
100% because individual studies contributed to multiple categories. Overall, the synthesis is interpreted as an
ongoing transition from conventional rate-distortion optimization toward semantic- and task-aware image
compression.

While all these developments have come, a number of obstacles still exist. Current research is mainlybased on
benchmark datasets such as COCO, DIV2K, Kodak, and ImageNet, limiting cross-domain generalization. In
addition, inconsistent datasets, compression frameworks, training strategies, and evaluation metrics hinder fair
comparison and reproducibility. Existing models also face high computational complexity and difficulties in
deployment on resource-constrained edge devices. Achieving an effective balance between bitrate,
reconstruction quality, and downstream task performance while ensuring robustness against adversarial attacks
and protecting semantic privacy remains an important research challenge (Won et al., 2024; Guo et al., 2024).

Future research should emphasize foundation models, multimodal semantic communication, adaptive agentic
compression, lightweight Edge Al, and hardware-aware optimization. Vision-language models and generative
Al have the potential to provide richer semantic representations with lower communication overhead (Radford
et al., 2021; Liang et al., 2024; Shen et al., 2025; Li et al., 2026), while lightweight architectures will improve
deployment on edge devices (Friha et al., 2024; Liu et al., 2024). In addition, federated learning, Green Al,
Explainable Al, and secure semantic communication are expected to improve privacy, interpretability, energy
efficiency, and trustworthy deployment in future intelligent communication systems (Linardatos et al., 2020;
Won et al., 2024; Guo et al., 2024).

Semantic-aware image compression has significant application potential across multiple domains. In
healthcare, it can reduce communication overhead in telemedicine, Al-assisted diagnosis, and cloud-based
clinical care while preserving diagnostically relevant information (Dimililer, 2022; Bali, 2025). Interpretable
semantic representations supported by Explainable Al will further strengthen clinical trust and decision-
making (Linardatos et al., 2020). Beyond healthcare, semantic-aware compression improves communication
efficiency for autonomous systems, remote sensing, satellite communications, environmental monitoring,
disaster management, smart cities, robotics, and Industry 5.0 by preserving task-relevant information while
reducing transmission latency and bandwidth requirements (Lei et al., 2022; Wu et al., 2024; Carlos et al.,
2021; Getu et al., 2024; Hui et al., 2025; Bali et al., 2026b; Friha et al., 2024; Guo et al., 2024; Liu et al.,
2024). Collectively, these applications demonstrate that semantic-aware image compression is becoming a
foundational technology for next-generation intelligent visual communication systems.

CONCLUSION

This review synthesized research on semantic-aware image compression published from 2018 to June 2026
using a PRISMA-guided approach. The findings demonstrate a clear transition from conventional
reconstruction-oriented image compression toward semantic and task-aware frameworks that support
downstream machine vision applications. Recent advances in DL, including hyperprior models, Transformer
architectures, foundation models, and multimodal semantic communication, have substantially improved
compression efficiency while preserving information that is essential for intelligent decision-making. Despite
these advances, important challenges remain, including dependence on benchmark datasets, limited cross-
domain generalization, inconsistent evaluation methods, lack of standardized benchmarks, reproducibility
issues, and the computational demands of advanced models. Addressing these challenges will be essential for
enabling robust real-world utilization. Emerging technologies such as foundation models, lightweight Edge Al,
federated learning, Explainable Al, Green AIl, and secure semantic communication provide promising
directions for developing more efficient, interpretable, scalable, and trustworthy compression systems. By
consolidating current advances, identifying research gaps, and outlining future research priorities, this review
provides a comprehensive reference for researchers and practitioners working toward the next generation of
intelligent visual communication systems.
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