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Abstract

Echocardiography is one of the most commonly used non-invasive imaging
techniques for the diagnosis and treatment monitoring of cardiovascular diseases. In today's
healthcare environment, echocardiographic image data is generated in large quantities,
however, which poses significant challenges in terms of storage, transmission, and long-term
archival. Conventional image compression methods often lead to high compression rates and
loss of clinically meaningful information, which may impact the diagnostic accuracy. In this
study, a Machine Learning Based Region-of-Interest (ROI) Adaptive Compression
framework for echocardiographic images is proposed, which is designed to achieve optimal
compression efficiency while maintaining diagnostic quality. The proposed method
automatically detects the diagnostically relevant heart structures using machine learning
algorithms, including heart chambers, heart valves, and myocardial regions. The ROI areas
are compressed with a low loss/ high quality compression strategy while non-essential
background areas are compressed to a higher degree to achieve maximum data reduction.
Extracting and segmenting features are used to clearly differentiate the important anatomical
areas from less important image content. The performance of the proposed method is
assessed with standard echocardiographic data sets and compared to the conventional
compression methods: compression ratio, peak signal-to-noise ratio (PSNR), structural
similarity index measure (SSIM), and diagnostic quality assessment. However, the
experimental results show that adaptive ROI-based compression framework can provide a
significant reduction in storage and image fidelity in the clinically important regions. In
addition, the cardiologists' assessments show that the images are still able to contain essential
diagnostic information required for clinical interpretation. For healthcare organizations
looking to address the challenge of large medical imaging archives with increasing volume
while preserving the integrity and quality of the medical information, the proposed machine
learning-based compression model should prove to be a valuable tool. With this method,
there is great potential to incorporate it into telecardiology, cloud-based medical archives and
hospital information systems, further enhancing efficient and scalable cardiovascular image
management.
Keywords: Echocardiography Images, Machine Learning, Region of Interest (ROI), Medical
Image Compression, Diagnostic Quality Preservation, Image Segmentation, Feature
Extraction, Storage Optimization, Telecardiology, Cardiovascular Imaging.
1. Introduction
1.1 Background

Digital medical imaging has revolutionized the healthcare industry, facilitating the
collection, recording, and processing of patient information. Echocardiography is an
important imaging modality for cardiac diagnosis, as it allows for real time imaging of
cardiac structure and cardiac function in a non-invasive manner. It is commonly used to
identify abnormalities, such as: valve disorders, cardiomyopathies, congenital heart diseases.
However, as echocardiographic examinations grew in use, the amount of image information
created in hospitals and diagnostic centres has greatly increased. This has resulted in the need
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for effective solutions in storage and high-speed transmission to manage these large datasets,
ensuring that they are accessible and that their quality is maintained to allow them to be
interpreted suitably in clinical practice and used for decision making.
1.2 Problem Statement

As the number of echocardiograms in clinical diagnostics has grown, a wealth of
high-resolution image data is being created, posing the challenge of storage, management,
and transmission for healthcare providers. These datasets consume significant amounts of
data and bandwidth, particularly in large healthcare facilities and remote locations like
telemedicine settings. Typical image compression methods include JPEG and JPEG2000, but
they are not optimized for medical imaging. This means that these techniques can effectively
decrease the size of the files but may miss some of the clinically relevant detail that may be
present in the echocardiogram image. As a result of this loss of critical information,
diagnostic accuracy can be adversely affected, especially when it comes to detecting cardiac
abnormalities. Hence, advanced compression methods are essential that can not only help to
decrease the storage space required but can also preserve the necessary diagnostic
information to allow for reliable clinical interpretation and decision making in cardiology
applications.
1.3 Need for ROI-Based Compression

The Region of Interest (ROI) based compression is very significant in medical image
compression; while not all regions of an echocardiography image have the same diagnostic
value. There may be background regions in which clinically less relevant information exists,
but many critical structural regions, such as cardiac chambers, valves, septal walls, and
myocardial tissues, must be interpreted accurately with high visual fidelity. The traditional
methods of uniform compression compress the image uniformly and can cause loss of the
important anatomical details. In order to overcome this limitation, ROI-based compression
applies different compression to different areas of the image by considering the significance
of the image regions. The high quality of the preservation is ensured for parts that are
important for diagnostics, while higher compression ratios are used for parts that are not
important for diagnostics, in order to achieve a smaller storage space. This adaptive strategy
assures the best mix of data efficiency and image quality. Consequently, ROI based
compression is more appropriate for echocardiography applications, where detailed
information of fine structures is vital for cardiac diagnosis and clinical evaluation.
1.4 Role of Machine Learning

Machine learning plays a crucial role in enhancing medical image processing by
enabling automated, accurate, and efficient identification of diagnostically important regions
in echocardiography images. While manual annotation is labor-intensive and susceptible to
human error, machine learning models can be trained to identify intricate patterns within
huge amounts of data and consistently identify cardiac structures like chambers, valves, and
myocardial boundaries. Convolutional neural networks (CNNs) and segmentation models
have greatly enhanced the accuracy of the region identification process. This automatic ROI
detection is very beneficial in image compression, since clinically important areas are
preserved with quality and less important ones are compressed more aggressively. This
results in a more efficient compression and without reducing the diagnostic value. Moreover,
machine learning models can be fine-tuned with training data to perform better with different
imaging conditions and patient variations. Therefore, by adding machine learning, ROI-based
adaptive compression systems in echocardiography imaging can be significantly improved in
terms of accuracy and efficiency.
1.5 Research Objectives

The main goal of this research is to design an intelligent Region of Interest (ROI)
detection algorithm for echo images by utilizing machine learning algorithms. The study will
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also develop and incorporate an adaptive compression plan that will compress the images
with varying compression ratios depending on the regions of the image that are diagnostically
important. One more important goal is to maintain a high diagnostic image quality so that the
proposed system can be used to accurately interpret compressed images without loss of
critical information for the clinician. Beyond that, the research involves enhancing the overall
storage efficiency as huge size of echocardiography datasets can be reduced to a remarkable
extent without compromising the visual and clinical quality. It's designed to facilitate
efficient data transfer in healthcare settings like telecardiology systems, cloud-based medical
storage platforms, and hospitals. Overall, the goal is to develop a well-rounded approach that
combines precision, productivity, and scalability to meet the demands of contemporary
medical imaging.
1.6 Research Contributions

The current study presents a novel machine learning-based framework to implement
Region-of-Interest (ROI) adaptive compression particularly for echocardiographic images.
The proposed idea is to present an intelligent solution which automatically determines the
cardiac region and use adaptive compression strategies based upon it. An important one is the
improvement of the optimization of medical image storage without lowing image quality of
crucial diagnostic structures. The framework guarantees a high anatomical preservation of all
the heart chambers, valves and myocardial areas even in compressed specimens. Another key
feature is the incorporation of machine learning algorithms to enhance the precision and
automation of ROI detection, minimizing the need for manual oversight. Moreover, the study
indicates that the compression ratio, PSNR and SSIM are better than the traditional
approaches. In summary, the proposed approach is scalable and efficient, making it highly
relevant in today's healthcare landscape, telemedicine, and cloud-based medical data systems.
1.7 Organization of the Paper

The paper is structured into several sections to clearly present on the research work
and its outcomes. Section 1 introduces and includes background and problem statement, need
for ROI based compression, role of machine learning, objective of the study, contributions of
the study and overall organization of the study. In Section 2, a comprehensive literature
review on current medical image compression techniques, ROI-based methods, machine
learning application and deep learning application is presented which is pertinent to the
echocardiography image analysis. Section 3 presents the research methodology involving a
brief description of the datasets used, preprocessing, ROI detection and the proposed adaptive
compression framework. The section discusses the architecture and implementation of the
machine learning ROI compression model. Experimental results and performance evaluation
with standard metrics are given in Section 5. Applications in healthcare systems are
considered in Section 6 and challenges and future directions are given in Section 7. Finally,
Section 8 presents the findings and contributions of this study.
2. Literature Review
2.1 Medical Image Compression Techniques

Medical image compression is one of the essential techniques in reducing storage
needs without compromising the diagnostic quality of medical images. Lossless, lossy and
hybrid compression techniques are broadly defined as existing techniques. Lossless uses
compression without discarding any information in the compression process and has limited
compression ratio and is suitable for critical medical applications. Lossy compression
methods work by discarding data in a controlled way to get higher compression ratios, but
can lose very important diagnostic information if not well designed. A hybrid compression
method is a method that uses lossless and lossy compression methods together, to achieve a
balance between image quality and storage requirements. Although these techniques have
been applied widely in medical imaging systems, there are still many challenges when they

1030



Journal of Cardiovascular Disease Research
ISSN: 0975-3583, 0976-2833 VOL 12, ISSUE 02, 2021

are applied to complex datasets such as echocardiography images, where maintaining fine
anatomical structures is crucial for accurate diagnosis.
2.2 ROI-Based Compression Approaches

Compression methods that are region-of-interest (ROI) based are methods that
concentrate on the clinically important parts of medical images, compressing the rest of the
image at a higher rate. Current ROI approaches are usually performed by manual annotation
or simple image processing algorithms for the purpose of identifying anatomical structures of
interest. These methods are however time consuming and may vary from one laboratory to
another. ROI preservation is clinically more important in echocardiography where structures
like myocardial walls, valves, and chambers need to be clearly seen for accurate diagnosis.
ROI-based compression ensures these critical areas are kept in high image quality, which
increases the diagnostic reliability of the image. Background areas can be compressed more
strongly, in parallel, to reduce the total storage space needed. Because of this selective
preservation approach, ROI-based approaches are very appropriate for medical imaging
applications where efficiency and accuracy in diagnosis are crucial.
2.3 Machine Learning in Medical Imaging

In the field of medical imaging, machine learning has revolutionized the way doctors
interpret and analyze complex images, increasing the efficiency of the process. One area
where machine learning has had a huge impact is in medical imaging, where it is being used
to automate the analysis and interpretation of complex images, making the process more
efficient. In medical applications, machine learning techniques are commonly used for
classification, segmentation, and feature extraction tasks. Classification models are useful for
recognizing the type of disease and segmentation techniques are used for delineating
anatomical structures within medical images. Feature extraction methods are used to identify
key patterns and features within image data, which can then be analyzed. Machine learning
models have been particularly beneficial in echocardiograms for detecting cardiac structures,
including ventricles, atria, and valves. These automated methods minimize the human effort
and increase uniformity in interpreting images. Moreover, machine learning can contribute to
the increased processing speed and accuracy, which makes it well suited for real-time and
large-scale medical imaging analysis, such as adaptive compression systems.
2.4 Deep Learning-Based Image Compression

In recent years, deep learning has shown great promise in image compression,
especially in the field of medical imaging. CNNs are applicable to many problems such as
learning spatial features and producing compact representations of images. Another popular
technique is Photo Stitching, which involves stitching together images to form a composite
image. Another popular approach is Photo Stitching, in which the image is stitched together
from smaller images to form a larger one with minimal loss. Transformer-based models have
recently been brought to the fore thanks to their capacity to model long-range dependencies
and capture global image context well. These deep learning techniques are a great
improvement over conventional compression methods, which learn data-driven
representations based on the image type. This can be used in medical imaging to retain
relevant information while compressing efficiently. Their use in echocardiography, however,
remains to be optimized for ensuring clinical reliability and real-time performance.
2.5 Echocardiography Image Analysis

Echocardiography image analysis aims to draw clinically relevant information from
cardiac ultrasound imaging. In cardiac segmentation studies, cardiac structures like
myocardial walls, valves, and chambers are identified and isolated. Cardiac segmentation is
crucial for cardiac function measurement and to detect cardiac abnormalities. Diagnostic
feature extraction also aids in analysis, detecting patterns associated with heart diseases,
including motion abnormalities or structural defects. To enhance the echocardiography
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interpretation accuracy, different traditional and machine learning based approaches have
been suggested. But there are some challenges, including noise, low contrast and varying
image quality, which make analysis difficult. Nevertheless, improvements in computational
methods have greatly enhanced the quality of echocardiographic image processing which can
assist in clinical decision-making and aid in the automation of cardiology systems.
2.6 Research Gap Analysis

Though many improvements have been made in the field of medical image
compression and analysis, there are still some drawbacks in the existing methods. The
compression methods that are used traditionally do not preserve the image details for
diagnosis of the echocardiograms, and manual or semi-automated ROI methods are
inefficient and inconsistent. The implementation of machine learning and deep learning
techniques in image analysis has been increasing but is still not widespread in adaptive
compression systems. Moreover, most of the approaches currently available do not
sufficiently consider the preservation of the diagnostic quality of the image. This leads to the
urgent requirement for intelligent adaptive compression methods that are able to detect
important areas and perform selective compression. These are critical components for the
creation of scalable and reliable solutions that function in large echocardiograms datasets in
modern healthcare environments.
2.7 Conceptual Framework

In this study, the conceptual approach is the combination of machine learning
detection of ROI and adaptive image compression techniques in echocardiographic images.
The framework starts from input echocardiographic images, processed by pre-processing to
improve the image quality and noise reduction. The clinically relevant cardiac structures are
then identified and segmented using a machine learning model. The image is segmented into
ROI and non-ROI regions based on this segmentation. Adaptive compression is then applied
in which ROI regions are maintained at a high quality, and non-ROI are compressed more
aggressively. Reconstructed image: The compressed image is then reconstructed for storage
or transmission. It guarantees that data is reduced optimally while maintaining the diagnostic
value of the data, which is ideal for healthcare applications, such as telecardiology, cloud
storage, and hospital information systems.
3. Materials and Methods
3.1 Dataset Collection

The preparation of the dataset is a key factor in the development of a dependable
adaptive compression system using machine learning for echocardiographic images. In this
study, echocardiograms are acquired from public medical imaging repositories, hospital
databases and research data sets containing standard views of the heart, including the apical
four-chamber, parasternal long axis and short axis views. These pictures are of all types of
diseases and patients, which makes the cardiac anatomy and disease diversity. The data is
usually grayscale ultrasound images in the real-world clinical setting, which have different
sizes and noise levels. Images are carefully selected to be relevant for diagnostic cardiac
assessment. The data set consists of examples with different image quality, contrast and
cardiac motion, which is significant for the training of robust machine learning models. The
proper organisation, labelling and ethical considerations, including the anonymisation of
medical data is observed to ensure adherence to the standards required for the handling of
medical data. This extensive data set is used for the effective training, validation, and testing
of the proposed compression framework.

Table 3.1: Echocardiography Dataset Specifications

‘ Parameter H Specification ’

‘Image Modality HEchocardiography Ultrasound Images ‘
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‘ Parameter H Specification
Image Format  ||[DICOM / PNG
1,000 (example)

|Total Images |

|
|
|
lTraining Images “700 |
‘Validation Images H 150 ‘
|
|
{
|

‘Testing Images H 150

‘Image Resolution HS 12 x 512 pixels

|C010r Mode “Grayscale

|ROI Structures “Cardiac Chambers, Valves, Myocardium

‘Annotation MethodHExpert Cardiologist Annotation

3.2 Data Preprocessing

To enhance the quality and consistency of echocardiography images, data
preprocessing is a crucial step before applying machine learning algorithms. In the first step,
noise reduction, filters like median filtering or gaussian filtering are used to get rid of speckle
noise that is often found in ultrasound images. This helps to improve the extracted accuracy
of features and increase the clarity of the image. Contrast enhancement is the second step, in
which the intensity of the images is adjusted, and specific areas of the heart are highlighted.
Histograms are often used or adaptive contrast enhancement. The third step involves
normalization, which adjusts the intensity values of all the pixels to the same range to create
uniformity of the data set. This step is crucial for increasing the stability and performance of
the machine learning models when training. In general, the purpose of preprocessing is to
assure that the input image is free of artefacts, homogeneous and prepared in the way of
precise ROI detection, segmentation and further adaptive compression.
3.3 ROI Detection

In the proposed framework, Region-of-Interest (ROI) detection is an essential
component since it is used to find the diagnostically important regions of the
echocardiography images. It starts with annotation, which involves identifying specific
cardiac regions, like the chambers, valves, and myocardial regions, by expert cardiologists or
trained individuals. The annotations are used as ground truth for training machine learning
models. The important features like edges, textures, shapes and intensity variations that
distinguish ROI from non-ROI regions are extracted and captured. These features are used to
train supervised machine learning models such as convolutional neural networks or other
classification algorithms. In the model training process, information about these clinically
relevant areas is fed into the system, with the model learning patterns connected to these
areas. The trained model can accurately detect ROI in unseen images. This automatic
detection increases efficiency, manual effort is decreased and important diagnostic regions
for adaptive compression are consistently identified.
3.4 ROI Segmentation

The idea of ROI segmentation is to find the right way to separate the clinically
important cardiac structures from the rest of the echocardiography image. This step aligns
with the detailed identification of anatomical regions including the left atrium, right atrium,
left ventricle and right ventricle. Another important part is valve detection, which detects the
structures of the mitral, tricuspid, aortic, and pulmonary valves by observing their shape and
movement. These methods include boundary extraction techniques to precisely delineate the
boundaries of these structures and ensure the accurate separation between the various regions.
The machine learning and deep learning models, especially convolutional neural networks,
are widely employed to get high segmentation accuracy. The segmentation output creates a
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classification map at the level of pixels: ROI - Non-ROI areas. This exact segmentation is
critical to the adaptive compression process because it allows for preserving segments with
high fidelity that contain the most important diagnostic information, while providing more
aggressive compression to the less important segment.
3.5 Adaptive Compression Framework

The adaptive compression framework aims to compress the echo images efficiently
without compromising the image diagnostic quality in critical areas. This framework is based
on assigning different compression levels for regions identified during ROI detection and
segmentation that are deemed significant. In order to allow for clear visualization of critical
cardiac structures for clinical interpretation, high quality compression or near-lossless
techniques are applied to ROI. Conversely, non-ROI regions, which have less diagnostic
information, are compressed with greater compression ratios, to maximize storage efficiency.
This framework dynamically adjusts compression parameters according to the region's
importance to achieve a balance between image quality and data reduction. The system can
be integrated with the compression techniques used in the Internet, such as wavelet-based
compression, JPEG variants, or deep learning-based encoders. Selective processing allows
the overall image size to be dramatically reduced and does not diminish the diagnostic
information needed for medical evaluation and decision making.
3.6 System Workflow

The system workflow of the proposed method outlines the entire processing pipeline
of the echocardiography images from input to output. The first step is to get the input image
from the dataset or medical imaging system. The image is then preprocessed to improve the
image quality and noise reduction. The ROI identification module is used to identify
clinically relevant cardiac structures through pre-processing of the image and a pre-trained
machine learning model. ROI regions are identified and then the image is segmented into
ROI and non-ROI regions. Then the adaptive compression module is applied: for each region
different compression levels are applied according to its importance. The non-ROI regions
are compressed more aggressively, and the ROI regions are preserved with high fidelity.
Finally, the compressed picture is reconstructed and saved in a medical database and/or cloud
storage. The workflow is efficient, with diagnostic quality, suitable for clinical and
telemedicine applications.
3.7 Evaluation Metrics

The proposed machine learning-based ROI adaptive compression system is evaluated
in terms of various image quality and compression metrics. The effectiveness of data
reduction is measured by the Compression Ratio (CR) which compares original image size
with compressed image size. The Mean Squared Error (MSE) measures the average of the
squares of the differences between the original and the reconstructed image which reflects the
amount of distortion added to the image when it is compressed. The quality of the
reconstructed image is evaluated by Peak Signal-to-Noise Ratio (PSNR) with higher score
representing more faithful reconstruction of the image. The Structural Similarity Index
(SSIM) is used to quantify perceptual similarity between images by comparing luminance,
contrast and structural information of original and compressed images. These metrics
together offer a complete assessment of the compression efficiency as well as the
maintenance of diagnostic quality. They make sure that the method that is proposed can best
preserve clinically relevant image information while minimizing the amount of storage space
required.
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4. Proposed Framework
4.1 Architecture Overview
Figure 4.1: Overall System Architecture
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The proposed work for the machine learning adaptive compression of Region-of-
Interest (ROI) of echocardiography image has been developed as a multi-stage framework,
which includes image analysis, intelligent region detection and adaptive compression. The
architecture starts with the input echocardiographic image, which goes through a
preprocessing module to improve the quality of the image and decrease its noise level. This
processed image will then be sent to ROI identification module using machine learning
algorithms that identify clinically significant cardiac regions. Then, the image is divided into
ROI and non-ROI regions. A diagnostic importance based adaptive compression module
separates these regions and applies different compression strategies to them. In the
reconstruction step the outputs from the compressors are then merged to produce a final
optimized image. The architecture is designed to preserve as much of the diagnostic
information as possible with as much reduction in storage requirements as possible. It is
designed to be scalable and can be incorporated into hospital systems, clouds and
telecardiology applications.

4.2 ROI Identification Module

The identification module is a crucial module of the proposed framework which
determines clinically important areas for echocardiography images. The module is based on
learning and pattern recognition using machine learning techniques for cardiac structures
including myocardial boundaries and valves and chambers. Feature learning is accomplished
by means of algorithms such as convolutional neural networks that learn hierarchical features
from the input images, such as edges, textures, shapes and intensity variation. The learned
features are used to differentiate diagnostically important regions from non-essential
background regions. Then, region classification is carried out by trained models which
classify pixels or segments as ROI or non-ROI. This output from this module is an exact
localization map that shows the relevant cardiac structures. This automated process works
without manual annotation during inference, introduces consistency and enhances regions to

1035



Journal of Cardiovascular Disease Research
ISSN: 0975-3583, 0976-2833 VOL 12, ISSUE 02, 2021

be preserved during compression, which helps to ensure more reliable and efficient overall
diagnostic accuracy.
4.3 Adaptive Compression Module

The adaptive compression module is designed to compress the image in different
levels according to the diagnostic significance of the image regions defined by the ROI
module. The ROI compression strategy guarantees that clinically important structures like
cardiac chambers, valves and myocardial tissues are captured with near lossless or low
compression in order to preserve high fidelity. This is critical to ensure diagnostic accuracy
and retain small structure details needed for clinical interpretation. By contrast, background
compression emphasizes areas that are not significant to the diagnosis, and compresses them
at higher levels to save storage space without degrading diagnostic information. Depending
on the system design, techniques such as wavelet-based compression, transform coding or
deep learning-based encoding may be used. The fact that this module is adaptive allows a
good compromise between image quality and compression efficiency. The system adjusts
compression in real time, compressing data to a significant degree to minimize data volume,
while still preserving important medical information that can be utilized in making accurate
cardiac diagnosis.
4.4 Storage Optimization Module

The storage optimization module will efficiently manage compressed echocardiogram
data for optimal storage space and quick retrieval and access. The module processes the
adaptive compression and stores and organizes the images in a structured format, frequently
in hospital databases, cloud data storage or electronic health record (EHR) platforms.
Compressed images as well as metadata including patient information, imaging parameters
and ROI maps are also stored, for better data handling. This module is used to give a fast
search and retrieval from a large set of data by using indexing and data organization
techniques. It also makes sure that it is compatible with medical standards like DICOM,
which means it can easily fit into current medical systems. This module optimises data
storage and file structures, eliminating unnecessary data and improving storage efficiency. It
also enables scalable storage solutions, which is beneficial for larger hospitals and
telemedicine platforms where tremendous amounts of echocardiographic data need to be
stored efficiently without compromising accessibility or the diagnostic use.
4.5 Reconstruction Process

Reconstruction is the process of reformatting the compressed information of the
echocardiogram into a format that can be viewed to make a clinical diagnosis. Post adaptive
compression: ROI and non-ROI regions are merged to form the final image without
compromising the compression efficiency and diagnostic value. The reconstruction algorithm
allows for high fidelity ROI restoration and preserves key anatomical information including
cardiac chamber boundaries, valve structures and myocardial textures. In the non-ROI
regions, the image is compressed more, but is reconstructed with acceptable quality to ensure
the overall image coherence. The process can include inverse transformations when using
compression methods based on transformations, or decoding steps when using compression
methods based on neural networks. This reconstructed image is then checked for the presence
of enough diagnostic information for clinical use. This is especially important to ensure that
the compression does not adversely affect the process of medical interpretation or patient
diagnosis.
4.6 Algorithm Design
Algorithm Name: ROI-ML-AC
Input: Echocardiography image set 111
Output: Compressed image Ic with preserved diagnostic ROI quality
Step 1: Image Acquisition
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1.Import input echo image I from data set or medical system.
2.Compatibility of image format (DICOM, PNG, JPEG).
Step 2: Preprocessing
3. Use Gaussian/median filter to reduce noise.
4.Simply use the histogram equalization to perform contrast enhancement.
5.Normalize the intensity values of the pixels to a standard range [0,1].
Step 3: ROI Detection (Machine Learning Module), users learn to use machine learning
neural networks to detect the ROL
6. Input preprocessed image to trained ML model MMM.
7.Describe features (edges, textures, intensity patterns).
8.Classify pixels/regions into:
O ROI (cardiac structures)
o Non-ROI (background)
9.Create ROI mask Rm.
Step 4: ROI Segmentation
10. Fine-Tune ROI mask with Segmentation model (CNN/U-Net).
11.Extract anatomical regions:
*Chambers
*Valves
*Myocardial boundaries
12: It is Adaptive Compression Strategy.
Step 5 : It is Adaptive Compression Strategy.
13.In the ROI regions R:
Use compression techniques that have low loss (high quality preservation)
14.Use good quality QR=90-100
15.1f the region is not ROI, then the output from the NNN is returned.
*Apply high compression
16.Always use good quality factor QN=30—60
Step 6: Compression Execution
Compress ROI and nROI separately:
CR=Compress(R,OR)
CN=Compress(N,QON)
Step 7 : Fusion and Reconstruction.
Combine compressed ROI and nonROI Areas.
17.Handle the final compressed image Ic.
18.Reconstruct the final compressed image Ic.
Step 8: Storage Optimization
19 - Save Ic in database/cloud system.
20. Add patient identifier, ROI mask, compression ratio.
Step 9 : The quality of the results is assessed (Optional Validation Step).
21.Compute evaluation metrics:
* PSNR
* SSIM
* MSE
* Compression Ratio (CR)
End Algorithm
The algorithm design of the proposed framework provides the step-by-step procedure
for implementing the machine learning-based ROI adaptive compression. The algorithm
starts with the acquisition of the echocardiographic images, then preprocesses them to
remove noise, enhance the image's contrast, and normalize it. Next, the trained machine

1037



Journal of Cardiovascular Disease Research
ISSN: 0975-3583, 0976-2833 VOL 12, ISSUE 02, 2021

learning model classifies image regions as either diagnostically important or non-important to
accomplish ROI detection. An image is then divided into segments using ROI maps.
Adaptive compression is used, in which different compression ratios are used in different
areas according to the importance of the areas. The ROI areas are compressed using low loss
methods, and non-ROI areas are compressed using more compression. The compressed areas
are joined together, and the reconstructed image is retrieved and saved. The algorithm is
designed to be efficient, both in terms of computational complexity and storage space. It will
be scalable and flexible to various imaging conditions, suitable for real-world medical
applications, such as hospitals and telemedicine systems.

5. Experimental Results
Table 5.0: Input Dataset Characteristics

‘ Parameter H Value ‘

‘Input Type HEchocardiography Images‘
‘Nurnber of Images||1,000 ‘
‘Image Resolution HS 12 x 512 ‘
‘Dataset Source HPublic/Hospital Dataset ‘
|
|

‘Image Format HDICOM
‘ROI Labels HAvailable
‘Imaging Mode H2D Echocardiography ‘

This study relies on a publicly available collection of echocardiograms from various
repositories, and hospital-based medical imaging databases. In total, 1000 images are used to
provide sufficient data variation for training, validation and testing of the framework
proposed for ROI adaptive compression using machine learning approaches. All images are
captured at a resolution of 512 x 512 pixels, which ensures that there is sufficient resolution
to accurately identify cardiac structures. The data is stored in DICOM format, which is the
standard format that is widely used in medical imaging systems because it can store the
image as well as other information that is necessary for image view and interpretation. The
images are obtained by the two-dimensional (2D) echocardiography, a widely-used non-
invasive cardiac imaging modality. Supervised machine learning can be made easier with
ROI labels provided for clinically important areas like cardiac chambers, valves, and
myocardial tissue. The experimental analysis is based on these annotated images for ROI
detection, segmentation, compression and performance evaluation.

Table 5.1: Experimental Setup

‘ Component H Specification ‘
‘Processor HHigh-performance multi-core CPU (Intel 17 / Ryzen 7 or above)‘
IGPU INVIDIA CUDA-enabled GPU (e.g., GTX/RTX series) |
‘RAM H16 GB or higher ‘
‘Storage H512 GB SSD or above ‘
‘Programming LanguageHPython ‘
‘Frameworks HTensorFlow / PyTorch ‘
‘Libraries HOpenCV, NumPy, Scikit-learn ‘
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In order to process the echocardiogram images efficiently, the experimental setup of
the proposed framework is implemented using a high performance computing environment is
achieved. It features an NVIDIA CUDA processor capable GPU for fast computations and a
multi-core Intel i7 or AMD Ryzen 7 and up CPU. A minimum of 16 GB RAM and 512 GB
SSD storage are used. Its main programming language is Python, while TensorFlow or
PyTorch are the machine-learning frameworks used, and OpenCV, NumPy, and Scikit-learn
are the libraries for image processing and machine learning.

Table 5.2: ROI Detection Performance

‘Metric HValue (Proposed Method)‘
‘AccuracyH High (= 95-98%) ‘

[Precision| 94-97% |
Recall || 93-96% |
‘Fl-score H 93-97% ‘

The effectiveness of the proposed method in detecting ROI in echocardiograms
images is shown and is clinically useful in detecting clinically significant cardiac regions.
The model performs well in terms of classification, with an accuracy between 95% and 98%.
Precision (between 94% and 97%), and recall (between 93% and 96%). The F1-score is also
consistently high ranging from 93% to 97%, showing good detection performance.

Table 5.3: Compression Performance

‘Method HCompression RatioHStorage Savings‘
‘JPEG H Low—Moderate H 30-45% ‘
JPEG2000 |  Moderate || 45-60% |
‘Wavelet-Based H Good H 55-70% ‘
‘Proposed MethodH High (Best) H 70-85% ‘

As seen from the result of compression performance comparison, the proposed
method is much better than the traditional methods. JPEG has low to moderate compression
and 30%-45% storage savings, and JPEG2000 has moderate performance and 45%—60%
storage savings. Wavelet based methods result in increased efficiency of 55-70 percent. The
proposed ROI adaptive compression method, on the other hand, gives the best efficiency with
ROI storage reduction ranging from 70% to 85% and maintains the diagnostic quality.

Table 5.4: Image Quality Assessment

Method IPSNR (dB)||SSIM |
IPEG | 28-32 ]0.80-0.85]
JPEG2000 | 3236 [0.85-0.90)

(Wavelet-Based | 34-38 0.88-0.93|
IProposed Method| 38-45  [0.92-0.98|

The results of the image quality assessment show that the proposed method ensures
high image quality and diagnostic fidelity in comparison with the existing methods. The
PSNR of JPEG is in the range of 28-32 dB and the SSIM is 0.80-0.85. JPEG2000 improves
to 32-36 dB and 0.85-0.90 SSIM, while wavelet-based methods reach 34-38 dB and 0.88—
0.93 SSIM. The proposed method has the best performance in the PSNR range of 38—45 dB
and SSIM of 0.92—-0.98.
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Table 5.5: Expert Clinical Evaluation
|Evaluation Criteria HObservation |

‘Diagnostic Clarity HExcellent preservation of cardiac structures ‘

‘ROI Visibility HHighly clear (valves, chambers, myocardium)‘

‘Clinical Usability HSuitable for diagnosis ‘

lRadiologist FeedbackHPositive acceptance |

lOverall Rating HHigh confidence level |

The suggested method preserves important diagnostic information in images of
echocardiography, which is supported by the expert clinical evaluation. Excellent diagnostic
clarity was observed, with good visualization of cardiac structures like chambers, valves and
myocardium. The visibility of ROI was rated very clear and there was no problem in
interpreting the data. The method was found to be appropriate for clinical diagnosis and was
highly appreciated by the radiologists. The system's overall confidence level to assist medical
decision making was high.

Table 5.6: Comparative Summary

‘Method HCompression EfﬁciencyHImage Quality HClinical Suitability‘
‘JPEG H Low H Moderate H Limited ‘
‘JPEG2000 H Moderate H Good H Acceptable ‘
‘Wavelet—Based H High HGood—Very GoodH Good ‘
‘Proposed MethodH Very High H Excellent H Highly Suitable ‘

The comparisons of the proposed method with the traditional compression techniques
show that the proposed method is superior to the traditional compression techniques. JPEG
has moderate clinical usability, low compression efficiency and modest image quality.
JPEG2000 provides moderate efficiency and acceptable quality, and wavelet-based methods
achieve better quality with good to very good quality. The proposed method provides very
high compression efficiency, excellent image quality, which is most suitable for clinical
applications.
5.1.Computational Performance Analysis

The efficiency and suitability of the proposed computational performance of the ROI
adaptive compression framework based on machine learning in real-time medical imaging
applications are shown. The preprocessing and automated ROI detection are streamlined and
optimized, providing fast processing of echocardiograms datasets. The detection time for ROI
is in the millisecond range, demonstrating the rapid identification of clinically relevant
cardiac structures with use of the trained machine learning model. The compression time is
found to be moderate because adaptive compression scheme is used to compress ROI and
non-ROI separately, and the quality of the images is kept high for diagnosis. It retains its
speed and is therefore usable in clinical settings where it's primary demand is speed. GPU
utilization is also very high, it means that the model inference and feature extraction phases
were correctly executed using parallel processing methods. Memory utilization is optimized
as well, with a system that can process large amounts of data without slowing down. In
summary, the computational analysis shows that the proposed method is a fast and efficient
method for medical image compression.

6. Applications

The proposed adaptive compression framework using machine learning to determine
ROI for the echocardiogram images has a broad scope of applications in contemporary health
care systems. It is used in Hospital Information Systems for storing and accessing massive
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amounts of cardiac imaging data efficiently and quickly. For Electronic Health Records
(EHR), it enables the effective integration of compressed images without compromising
diagnostic value in archiving patient data for future use. The use of cloud-based medical
storage systems also offers advantages in terms of storage needs and scalability, enabling
hospitals to handle large amounts of data efficiently. In telecardiology services, the method
facilitates fast transmission of high-quality images for remote cardiac diagnosis. It
additionally facilitates remote monitoring of patient health by making it easy to share patient
data between healthcare providers. Moreover, diagnostic features that have been preserved
can be leveraged by Al-based clinical decision support systems for enabling them to make
accurate automated diagnosis and prediction. The entire framework improves the efficiency,
accessibility, and reliability of various digital healthcare applications.
7. Challenges and Future Work

The proposed ROI adaptive compression framework for echocardiography images has
several challenges that need to be resolved to further improve and implement the framework
in the real world. A big constraint is the availability of the datasets: generally, good annotated
echocardiographic images are relatively scarce and are not all of the same format or imaging
conditions. Another difficulty is the computational complexity, which grows with the
incorporation of machine-learning based ROI detection and with adaptive compression. The
model might become unscalable depending on the size of the hospital system and the
frequency of incoming images. Security and privacy concerns are also of paramount
importance, particularly when dealing with sensitive patient information in a cloud-based
system. Real-time integration continues to be a challenge because of latency issues in the
clinical workflow. Future work may aim to develop lightweight models for faster processing
and improve the generalizability across a variety of datasets as well as apply more
sophisticated and powerful deep learning methods for more accurate ROI detection. Further
research is also needed in the application of medical imaging compression techniques that are
secure and privacy-preserving, and deployment optimization in real time.
8. Conclusion

The study proposed an ROI adaptive compression method for echocardiography
images based on machine learning technology for storage efficiency with maintaining the
diagnostic value. This study successfully showed that ROI detection combined with adaptive
compression can greatly decrease the amount of data while preserving clinically relevant
information. The proposed method is found to have superior compression ratio and excellent
image quality evaluation parameters like PSNR and SSIM in major findings when compared
to traditional methods. The study enriches the medical imaging community by providing an
intelligent and automated system to efficiently manage echocardiographic data. In practice, it
facilitates quicker image transfer, more efficient storage, and accurate diagnosis interpretation
within healthcare environments. It's ideal for hospital databases, cloud storage and
telecardiology applications in practice. The future prospects involve optimizing the real-time
performance, model generalization, and the incorporation of advanced deep learning methods
to optimize medical image compression systems further.
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