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This study addresses the crucial issue of reducing the size of medical photographs while
preserving vital diagnostic information, especially the Regions of Interest (ROI). Because
state-of-the-art lossless and lossy compression techniques are limited in their ability to
execute an initial data reduction prior to further decomposing images, they typically
cannot achieve great compression efficiency without the reduced image quality associated
with lossy approaches. We create a unified hybrid compression framework that
simultaneously models segmentation and compression in a single deep neural network in
order to mitigate such problems. A CNN-based segmentation network that uses an
autoencoder-based compression module with selective encoding (with near-lossless
compression applied to the ROI areas for diagnostic quality & lossy in NROI regions to
maximize storage gains) and coarse-level layers for medical image sub-stringing.
Combining the two into a single architecture allows for the elimination of distinct

processing steps and the use of integrated message-classification/constraint-based
compression, which reduces computational complexity through improved compression
performance while simplifying processing accuracy. Experiments using the BRATS MRI
and CLEF MED X-ray datasets show that good performance across different modalities
may be achieved using an effective yet general approach. The testing findings confirmed
the excellent trade-off between picture quality and data reduction provided by this
approach, achieving 56.07 dB for PSNR of ROI and 45.12 dB for NROI while retaining an
overall compression ratio of 6.73.
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1. INTRODUCTION

The continuous increase in generated and shared medical data has made it more important to develop
trustworthy methods for storing and transmitting medical images. X-rays and magnetic resonance imaging (MRI) scans
are used for diagnosis, treatment planning, and long-term patient records. However, this enormous amount of data puts
strain on network infrastructure and storage [1][2]. A solution to this issue is digital image compression, which tries to
compress an image without losing visual information while maintaining the best quality and paying particular attention to
the Region of Interest (ROI), which typically encodes diagnostically useful information.The trade-off between great
compression efficiency and visual quality is especially crucial for medical applications [3][4].

The three primary streams of current medical picture compression technologies are lossless, lossy, and hybrid
approaches. There exist lossless methods that have very low compression ratios but perfect visual fidelity as well. Lossy
approaches produce visual artifacts that are unacceptable for medical diagnosis, even though they achieve better
compression ratios. To overcome this trade-off, hybrid techniques are employed by fitting lossless compression in ROI
regions and lossy compression in non-ROI regions, hybrid techniques aim to address this trade-off [5-6]. However,
they come with an additional segmentation and compression step that reduces throughput performance and adds new
complexity to the system. Also, nearly all of the existing approaches cannot change other medical imaging modalities
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by themselves without human editing or re-training when their capacity is required.The lack of unified, adaptive, and
computationally efficient compression frameworks that can produce local-regional segmentation solutions while
preserving diagnostic quality throughout the full dataset is the key research issue this work attempts to solve. This
research presents a sophisticated hybrid neural network approach that results in segmentation and compression together
in an end-to-end framework since we need a much larger and more intelligent solution. This approach, which is based on
[7-9], uses an auto-encoder-based compression strategy with adaptive compression levels throughout the image, and
CNN automatically detects the ROI. Overall, this eliminates the redundancies while enabling a faster and more automated
all-in-one form processing pipeline through the pixel quality being focused only on clinically relevant regions. Here we
assessed the proposed method on both proprietary datasets and benchmark datasets (CLEF MED 2009 X-ray, BRATS
2015 MRI).

The result demonstrate that the suggested approach achieves superior PSNR (56.07 dB and 45.12 dB,
respectively) with a very high compression ratio (6.73), suggesting its effective potential in real-world medical image
archiving and telemedicine applications. This study primarily contributes to the development of a single training
framework that allows for adaptability to numerous modalities by combining features like segmentation and compression
to achieve significant storage savings while maintaining diagnostic accuracy.By combining segmentation and
compression into a single neural network architecture, we present an end-to- end hybrid compression system for medical
images. The suggested system completes both tasks in a single run, increasing efficiency and scalability, in contrast to
current methods that divide both processes and suffer from high complexity and low adaptability. In order to achieve
large file-size reduction while maintaining high-fidelity visual quality where it is most crucial, the model uses lossy
compression on non-ROI areas and near-lossless compression of diagnostically significant Regions of Interest (ROI) with
lossless methods. Additionally, because the segmentation component is modular, it may be readily modified to
accommodate different imaging modalities (such MRI and X-ray) by just reusing portions of it rather than retraining the
entire network.

A vast amount of digital medical images has been produced as a result of the quick growth of medical imaging
technologies including CT, MRI, and ultrasound. Numerous compression methods have been developed due to the
increase in data and the desire to maintain diagnostic accuracy. These can be broadly classified into three categories:
hybrid, lossless, and lossy [10]. Lossless compression algorithms guarantee that the information in the compressed image
will be exactly the same as what was present before to compression after decompression. Although these techniques are
useful for medical diagnostics, they are considerably too ineffective for compression. Lossy techniques (JPEG,
JPEG2000, and fractal coding) provide a slight deterioration in image quality for comparatively greater compression
ratios, which may be more beneficial for general applications than medical ones, where the identification of fine features
is crucial and significant indicators of diagnosis [11-12]. The drawbacks of lossless and lossy approaches are addressed
by a hybrid technique. One hybrid strategy is to use lossy compression for the NROI and lossless or almost lossless
compression for the ROI in order to preserve diagnostically significant information. By incorporating techniques like
SPIHT (Set Partitioning in Hierarchical Trees), Wavelet Transform, etc., these systems' performance has been enhanced.
Recent years have seen an increase in the use of ANNs for segmentation and compression tasks in medical image
processing due to their capacity to learn complex patterns. Since we concentrated on ROI-based techniques, we are aware
that a number of models, including Auto-encoders and Multi-layer Perceptrons (MLP), were employed to eliminate
redundancy and increase savings. ANNs were frequently used for either image feature extraction or classification in
earlier research. However, there is currently no research for dynamic management of both ROI and NROI areas, and only
a small number of them have used an ANN-integrated technique directly into the compression process [13—14]. Finally,
this work suggests a deep learning-based hybrid compression framework that combines adaptive compression and ROI
segmentation into an end-to-end model that comprehensively addresses all of the aforementioned issues with complexity,
generalizability, and diagnostic reliability.

2. METHOD

The suggested approach provides a hybrid deep learning-based medical picture compression framework that
simultaneously minimizes storage and transmission costs and satisfies the requirement for diagnostically significant areas
to be concisely enclosed. It distinguishes ROI from NROI[15][16] by intelligently classifying picture segmentations and
compression in the same pipeline. It strikes a good balance between image quality and compression ratio by combining
ROI-near-lossless and NROI-aggressive lossy compression. In order to learn from significant portions of an image while
it is being compressed, all of the designated neural networks are combined. This method enables us to create low-
resolution medical images with a high degree of fidelity in crucial diagnostic domains, which is crucial for real-time
diagnostic processes, telemedicine, and medical image archiving. Figure 1 shows a summary of the entire system
pipeline, showing how data moves via the segmentation and compression units
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Figure 1. Framework of the proposed methodology
Source : Generated by the authors

The suggested network architecture, the Segmentation Autoencoder (Figure. 1), is made up of two closely
related parts: an autoencoder and a segmentation network. We used U-Net, a well-known convolutional neural network
architecture designed especially for biomedical picture segmentation, as the segmentation component. This generates a
binary mask with each pixel representing the likelihood of being in ROI at the same spatial resolution as the input image.
A 256 x 256 x 2 two-channel input tensor is created by concatenating this mask with the original grayscale image. After
the input is concatenated, the aggregated vector is fed through an autoencoder that uses several learned convolutional and
pooling layers to compress the image into a 32x32x1 bottleneck layer. Before recreating the image, the bottleneck
representation is decoded. The network is separated into its encoder and decoder components. The encoder compresses
the image while 8 are model variables in terms of theta vectors 0, and the decoder uses the compressed representation to
reconstruct the normalized version. The bottleneck layer's output is encoded using Huffman entropy coding to reduce
redundancy and increase compression efficiency.

One of the fundamental components of this system's segmentation and compression is Artificial Neural
Networks (ANN). The negotiated loss is defined in Equation (1) to represent the overall loss.

LOSS:1'(&'SSIMROI+ﬁ'SSIMNROI)+% (1)

Here, B is the output of bottleneck layer and a=0.8 and § =0.2 are weight parameters given to ROI importance
respectively. Definition of SSIM structure similarity index (SSIM) between I1 and 12 is defined as:

(2u1y+C1) 2012+C))
SSIMUL L) g e @

The constants Ci and C: prevent division by zero, whereas p and ¢ represent the mean and standard deviation,
respectively. For effective compression, it limits the number of unique values in the bottleneck channel while encouraging
the Region of Interest to maintain its comparable appearance. Unlike segmentation weights, which are fixed, the network is
optimized with backpropagation [12]; therefore, segmentations should be always detected during training for compression.
This architecture retains diagnostic information encoded into the compressed outputs and allows the system to learn generic
features shared between many medical imaging modalities.The examination is based on four key metrics. The Peak Signal-
to-Noise Ratio (PSNR) [22][23], was chosen as first measure provided by Equation (3), an approximate measure of the
quality of reconstructed image.

PSNR=20 log ,(MAX;)-10 log, (MSE) 3)

MSE stands for Mean Squared Error between the reconstructed and original images [24] [25]. Equation (4) defines the MSE.

MSE=__ 3 517 [1G)-RG) ?

o Zi=0
Here, MAXI stands for an image's maximum pixel value, and R and I stand for the original image and the

reconstructed image (as used in Equation 1). As stated in Equation (5), the second metric is the Structural similarities
Index Measure (SSIM), which highlights structural and visual similarities [26].
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where p, 6%, and 6 IR represent the mean, variance, and covariance of the original and reconstructed images.
Use the C: and C: constants to stabilize the division of two probability distributions. The third metric, known as the
Compression Ratio (CR), can be defined using equation (6).

_ Original File Size
CR Compressed File Size (6)
This metric reflects how effectively the image is compressed. Equation (7):
thend'tstart (7)

where t-start and t-end indicate when the compression process began and ended. Finally, the Execution Time
(T), described in measures the time required to finish the compression operation. Together, these metrics evaluate the
system's capacity to lower storage needs without sacrificing diagnostic image quality. Tables, figures, and dataset
comparisons are used in the following sections to discuss the results and interpretations.

3. RESULTS AND DISCUSSION

Experiments And Evaluation Results As well as detailed discussion of the proposed hybrid compression method
for medical images Two benchmark datasets, the CLEF MED 2009 [17-19] and BRATS 2015 [20-21], are used with
different parameter settings to evaluate. It essentially checks how well this particular system is capable of compression
and visual quality, especially considering ROIs.
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Figure 2. Validation results of the trained autoencoder using the CLEF MED and
BRATS datasets.

Source : Generated by the authors

Figure 2 shows the Peak Signal-to-Noise Ratio (PSNR) values from the image that this novel hybrid
compression method evaluated. A common metric for comparing the visual quality of compressed or reconstructed
images to the original image is the Peak Signal-to-Noise Ratio (PSNR). According to Table [6], image 3 had the greatest
PSNR among the several test instances in this investigation, which ranged from 31.11 dB to 38.94 dB. The similarity
between the original and related decompressed images is indicated by the values' proximity to one, demonstrating how
our suggested approach aids in both the preservation of important visual content and the provision of clinically significant
diagnostic data required for medical imaging applications.When such data is usually limited to the ROI or its
surroundings. However, in order to demonstrate the correctness of the will reduction approach, the specific PSNR
numerical values are rather high.
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Figure 3. PSNR values of the ROI and NROI versus different values of « using
the BRATS 2015 dataset.

Source : Generated by the authors

One of the most crucial metrics that shows how successfully the compression method compresses the data is the
compression ratio. Additionally, the ratios displayed range from 4.27:1 to 5.23:1, with Figure. 4 having the strongest
ratio. The application of our proposed method for high-quality medical picture compression in key areas is supported by
the MSE-based results. Because of its effectiveness and practicality, the method may be used in actual clinical settings
where high-quality medical picture compression may be essential. The performance of the hybrid compression approach
described in this research on the CLEF MED 2009 and BRATS 2015 datasets is shown in Table 1. Three measures are
tested: Compression Ratio (CR), PSNR in ROI, and PSNR in NROI. The o values used to measure these indicators range
from 0.1 to 0.9. The table shows that while the PSNR for NROI somewhat falls, the PSNR of ROI grows dramatically as
o increases. This suggests that as a rises, ROI quality is preserved more effectively, leading to more aggressive lossy
compression on the NROI. Because less aggressive compression is used in that ROI, the Compression Ratio (CR)
deteriorates in relation to the global compression. Moreover, it is seen from the table results that for some specific ®
values corresponding to o values, BRATS 2015 dataset yields significantly better compression ratios compared to CLEF
MED 2009 dataset. This is because the BRATS dataset has a smaller ROI, which leads to more NROI and consequently,
higher probabilities of lossy compression. This result demonstrates that the proposed compression method can be
customized for different dataset characteristics exploiting a trade-off between efficiencies on compaction and image
quality.

Table 1. Effect of a on PSNR and Compression Ratio Across Two Medical Image Datasets

a ROI PSNR NROI CR ROI PSNR NROI CR
(CLEF) PSNR (CLEF) (BRATS) PSNR (BRATS)
(CLEF) (BRATS)

0.1 8.16 63.18 20.12 8.23 638 56.58
0.2 12.24 59.32 18.73 13.02 56.59 53.97
0.3 18.62 54.82 16.81 17.73 49.87 52.56
0.4 24.16 51.11 15.22 2435 43.87 50.32
0.5 30.66 49.82 13.82 33.4 38.75 47.67
0.6 38.12 47.53 12.18 41.96 33.47 46.89
0.7 49.07 46.74 9.68 473 31.53 46.18
0.8 56.07 45.12 6.73 58.31 27.58 45.53
0.9 59.16 43.62 5.18 64.05 22.41 45.42

Source : Generated by the authors based on test result

4. CONCLUSION

Effective image compression methods that can maintain important visual information while reducing storage and
transmission costs are required due to the growing reliance on medical imaging for everything from diagnosis to therapy.
To perform aggressive lossy manipulations on an NROI while maintaining the ROI losslessly, a novel hybrid
compression technique is suggested. Unlike traditional multi-stage approaches, the suggested approach combines
segmentation and compression into a single end-to-end hybrid neural net. When suitable hardware resources, like as
GPUs, are available, this architecture can decrease the execution time because it is well-suited to parallel processing.This
approach's primary benefit is flexibility:
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The entire method might be applied to medical pictures (X-rays, MRIs, CT scans) without retraining the autoencoder
because the segmentation portion can be updated independently with transfer learning. Through experimental results, we
show that the suggested technique can achieve competitive compression ratios while significantly increasing processing
time while maintaining high visual quality in specific areas of interest. Next, we construct the suggested system, a high-
performance generic solution for medical image compression in contemporary healthcare settings..

5. ACKNOWLEDGEMENTS

The authors acknowledge that the assistance of numerous people and organizations made this research possible.
We appreciate the academic facilities and encouraging atmosphere provided by the Department of Medical Instruments
Engineering Techniques, Bilad Alrafidain University College, Diyala 32002-Iraq, during this study project. In light of
this, the authors recognize the extremely helpful advice, assistance, and support they received from colleagues who, to a
conservative estimate, either directly or indirectly contributed to this work. Additionally, I want to thank my family and
friends for their patience, encouragement, and spiritual support throughout my study. The authors hope that this study will
offer new perspectives and serve as a helpful resource for medical instrument engineering and related technical
advancements.

6. REFERENCES

[1] X. Dhouib, A. Nait-Ali, C. Olivier, and M. S. Naceur, “ROI-Based Compression Strategy of 3D MRI Brain
Datasets for Wireless Communications,” IRBM, vol. 42, no. 3, pp. 163—173, Jun. 2022.

[2] A. Kurmukov, B. Zavolovich, A. Dalechina, V. Proskurov, and B. Shirokikh, “The Effect of Lossy Compression
on 3D Medical Images Segmentation with Deep Learning,” arXiv preprint arXiv:2409.16733, Sep. 2024.

[3] S.Li, J.Lu, Y. Hu, L.S.Mattos, Z.Li, “Towards scalable medical image compression using hybrid model,”
Journal of Big Data, vol. 12, art. 45, 2025.

[4] U.P. Srivastava and T.Fujii, “Region of Interest based Medical Image Compression,” arXiv preprint
arXiv:2501.02895, Jan. 2022

[5] S. A. Ab Aziz, S. M. Sam, N. H. Hassan etal., “A Performance Review for Hybrid Region of Interest-Based
Medical Image Compression,” IEEE Access, vol. 11, pp. 1-18, Jan. 2023.

[6] Farahani, A. and Mohseni, H., 2021. Medical image segmentation using customized U-Net with adaptive
activation functions. Neural Computing and Applications, 33(11), pp.6307-6323.

[7] Y. Liu, R. Tu, L. Sun, Y. Wang, and Z. Liu, “Region-Adaptive Transform with Segmentation Prior for Image
Compression,” arXiv preprint arXiv:2403.00628, Mar. 2024.

[8] Q.-D. Pham, H. Nguyen-Truong, N. N. Phuong, and K. N. A. Nguyen, “SegTransVAE: Hybrid CNN-Transformer
with Regularization for medical image segmentation,” arXiv preprint arXiv:2201.08582, Jan. 2022

[9] David, P.F., Kothandapani, S.D. and Pugalendhi, G.K., 2024. Adaptive Compression and Reconstruction for
Multidimensional Medical Image Data: A Hybrid Algorithm for Enhanced Image Quality. Journal of Imaging
Informatics in Medicine, pp.1-20.

[10] P.V.Bindu, “ROI and Non-ROI Image Compression Using Optimal Zero Tree Wavelet and Enhanced
Convolutional Neural Network for MRI Images,” SN Computer Science, vol. 4, art. 259, Nov. 2023.

[11] N. E. Bourai, H. F. Merouani, and A. Djebbar, “Deep learning-assisted medical image compression: challenges
and opportunities—a systematic review,” Neural Computing and Applications, Springer, accepted Mar. 2024.

[12] Shi H, Zhou Z, Qin J, Sun H, Ren Y. A separable privacy-preserving technique based on reversible medical data
hiding in plaintext encrypted images using neural network. Multimedia Tools and Applications. 2024

[13] G. K. Pugalendhi, “Adaptive compression and reconstruction for multidimensional medical image data: a hybrid
algorithm for enhanced image quality,” Journal of Medical Systems, accepted Jan. 2025.

[14] Wu W, Wang Y, Liu Q, Wang G, Zhang J. Wavelet-improved score-based generative model for medical imaging.
IEEE transactions on medical imaging. 2023 Oct 19;43(3):966-79.

[15] Zhang X, Xiao Y, Wu J, Marshall S, Zhou X. Pharmacometric Model-Based Sample Size Allocation for a Region
of Interest in a Multi-Regional Phase 2 Trial: A Case Study of an Anti-Psoriatic Drug. CPT: Pharmacometrics &
Systems Pharmacology. 2025.

[16] Bindu PV, Afthab J. Region of interest based medical image compression using DCT and capsule autoencoder for
telemedicine applications. In2021 Fourth International Conference on Electrical, Computer and Communication
Technologies (ICECCT) 2021.

[17] Thibeau-Sutre E, Colliot O, Dormont D, Burgos N. Visualization approach to assess the robustness of neural
networks for medical image classification. InMedical Imaging 2020: Image Processing 2020.

[18] Menze, B. H., Jakab, A., Bauer, S., Kalpathy-Cramer, J., Farahani, K., Kirby, J. Wiest, R. (2014). The multimodal
brain tumor image segmentation benchmark (BRATS). IEEE transactions on medical imaging, 34(10), 1993-2024.

32


https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218111684759
https://issn.lipi.go.id/terbit/detail/20220218111684759

JISTR, Volume 5, Issue 1, January 2026 P ISSN 2828-3864; E ISSN: 2828-2973

Aggarwal M, Tiwari AK, Sarathi MP. Comparative analysis of deep learning models on brain tumor segmentation
datasets: BraTS 2015-2020 datasets. Revue d'Intelligence Artificielle. 2022.

Mehta R, Filos A, Baid U, Sako C, McKinley R, Rebsamen M, Détwyler K, Meier R, Radojewski P, Murugesan
GK, Nalawade S. QU-BraTS: MICCAI BraTS 2020 challenge on quantifying uncertainty in brain tumor
segmentation-analysis of ranking scores and benchmarking results. The journal of machine learning for biomedical
imaging. 2022.

Baid U, Ghodasara S, Mohan S, Bilello M, Calabrese E, Colak E, Farahani K, Kalpathy-Cramer J, Kitamura FC,
Pati S, Prevedello LM. The rsna-asnr-miccai brats 2021 benchmark on brain tumor segmentation and radiogenomic
classification. arXiv preprint arXiv:2107.02314. 2021.

Zhao XY, Liu GY, Sui YT, Xu M, Tong L. Denoising method for Raman spectra with low signal-to-noise ratio
based on feature extraction. Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy. 2021.

Jin P, Tang Y, Li D, Wang Y, Ran P, Zhou C, Yuan Y, Zhu W, Liu T, Liang K, Kuang C. Realizing nearly-zero
dark current and ultrahigh signal-to-noise ratio perovskite X-ray detector and image array by dark-current-shunting
strategy. Nature Communications. 2023.

Hodson TO. Root mean square error (RMSE) or mean absolute error (MAE): When to use them or not.
Geoscientific Model Development Discussions. 2022.

Yin Y, Shi D, Fairchild AJ. The effect of model size on the root mean square error of approximation (RMSEA):
The nonnormal case. Structural Equation Modeling: A Multidisciplinary Journal. 2023.

Mohammed IM, Isa NA. Contrast Limited Adaptive Local Histogram Equalization Method for Poor Contrast
Image Enhancement. IEEE Access. 2025.

33


https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218111684759
https://issn.lipi.go.id/terbit/detail/20220218111684759



