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Within the ASRT Radiography Curriculum Digital Image Acquisition and Display section, 

and in particular subsection VII: Data Management, I would like to offer the following 

point-of-view: 

1. The subsection offers a reasonable inclusion of topics related to Digital Imaging, 

such as for example, information systems (HIS/RIS). PACS components 

including DICOM, EMR, and Teleradiology. These are all topics belonging to the 

domain of Imaging Informatics. In this regard, I would like to suggest that the 

name of subsection VII be changed from “Data Management” to Imaging 

Informatics, and therefore would accommodate the following relevant additional 

topics listed below: 

 

• Integrating the Healthcare Enterprise (IHE) 

o Problems with DICOM and HL-7 (HL-7 should be added) 

o The IHE process 

• Vendor Neutral Archives (VNAs) in a PACS Environment 

• Enterprise Wide Image Distribution and Viewing 

• Enterprise Imaging (One reference attached) 

o Definition 

o Major Elements of Enterprise Imaging 

• Digital Image Compression (Reference attached) 

• Emerging Topics in Imaging Informatics (References attached) 

 

2. Potential Breakdown of Compression and Emerging Topics in Imaging 

Informatics, outlined in below. 

 

• Digital Image Compression (References attached) 

 

o Purpose of Image Compression 

o Types of Compression and Uses 

o Compression Ratios 

o Image Compression Standards for Medical Images 
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Guest editorial
Artificial Intelligence and the Radiographer/Radiological Technologist
Profession: A joint statement of the International Society of
Radiographers and Radiological Technologists and the European
Federation of Radiographer Societies
Radiographers and radiological technologists are the interface
between imaging technology and patients. As medical imaging
and radiotherapy experts, radiographers and radiological technolo-
gists are professionally accountable for patients’ physical and psy-
chological wellbeing, immediately prior to, during and following
imaging investigations or therapy procedures. Radiographers and
radiological technologists take an active role in justification and
optimisation of medical imaging and radiotherapeutic procedures,
and have a critical position and vital role in the radiation safety of
patients, carers and relatives in accordance with the “As Low As
Reasonably Practicable (ALARP)” principle and relevant legislation.1

Recent developments have seen increasing integration of com-
plex machine learning algorithms and artificially intelligent sys-
tems (AI) within medical safety, equipment operation, image
review and treatment planning processes.2e4 Adoption of AI in
medical imaging and radiation therapy requires radiographers
and radiological technologists to adapt their imaging and treatment
practices to ensure new technology is being implemented, used
and regulated appropriately, based on high quality research evi-
dence, maximising benefits to their patients.5e8 Changes in practice
must be underpinned by appropriate education and training, both
for the existing workforce and also curriculum development for
the future workforce at European Qualifications Framework (EQF)
Levels 6 (Bachelors) and 7 (Masters).

1. Use of Artificial Intelligence in Radiography
1.1 AI should only be implemented into clinical practice once

this has been validated and proven to be beneficial to pa-
tients by robust research evidence.

1.2 Radiographers/radiological technologists should take
advantage of AI as a clinical decision support tool for the
appropriate justification of examinations, including vetting.
There is also an opportunity to increase the role for radi-
ographers to communicate relative benefit/risk discussions
of radiation dose to patients on the justification of exami-
nations which requires active supervision and input from
expert practitioners.9

1.3 AI should release radiographers and radiological technolo-
gists from non-critical roles to reinforce the focus of our
professional role based on the patient, as caregivers with
imaging and therapy expertise.10

1.4 AI has the potential to further optimise imaging and radio-
therapy workflows, including streamlined appointments
https://doi.org/10.1016/j.radi.2020.03.007
1078-8174/© 2020 Published by Elsevier Ltd on behalf of The College of Radiographers.
and scheduling, prioritisation of examinations and short-
ening examination times.11,12 It is critical that radiographers
and radiological technologists ensure that care is based on
the patient, is prioritised and that potential biases within AI
are minimised/eliminated, ensuring equitable healthcare for
all.13e16 Radiographers and radiological technologists are
also responsible for themselves and colleagues, ensuring
that appropriate outcome measures are used and
throughput efficiency is not at the detriment to staff or pa-
tient wellbeing and quality of care.

1.5 With AI, radiographers and radiological technologists can
potentially performgreater dose reduction and optimisation in
all modalities involving ionising radiation which is especially
important in higher dose examinations such as CT and nuclear
medicine.17,18 AI may also have a role in automated quality
assurance and may offer indications for the repeat of an ex-
amination in the event of an equivocal or poor quality image. It
is essential that clear protocols are developed to support
implementation of new systems, and where possible quality
standards are developed jointly by professionals within im-
aging and radiotherapy services to support consistent imple-
mentation of proven technologies to high standards.

1.6 AI should maximise the role of the radiographer in
improving patient pathways and outcomes through AI
supported image interpretation to enable radiographers and
radiological technologists to provide immediate results to
patients. Immediate results would facilitate triage of pa-
tients for additional imaging examinations or signpost to
other specialities, for example emergency referrals for
traumatic pathology on primary care imaging, CT chest for
lung nodules identified on chest radiographs and interpre-
tation/reporting of ultrasound examinations.19e23

1.7 Radiographers/radiological technologists working in radiation
therapy should take advantage of AI technology in order to
improve planning, deliver consistently high quality and per-
sonalised planning processes for patients and radiation ther-
apy treatment, including organ(s) at risk identification,
tumour segmentation, imagematching anddose stratification.

It is essential that radiographers and radiological technologists:
1.8 Ensure that all research involving AI systems is conducted

in an ethical way, communicating with patients on how
their data may be used to develop and test AI.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.radi.2020.03.007&domain=pdf
www.sciencedirect.com/science/journal/10788174
http://www.elsevier.com/locate/radi
https://doi.org/10.1016/j.radi.2020.03.007
https://doi.org/10.1016/j.radi.2020.03.007
https://doi.org/10.1016/j.radi.2020.03.007
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1.9 Are involved in the piloting and research of algorithms
prior to clinical implementation.

1.10 Understand how algorithms arrive at decisions and prob-
ability errors within these decisions to enable effective
communication of findings to patients.

1.11 Maintain and develop core skills and competencies to act as
a sense check to AI-supported clinical decisions (for
example scan planning in CT, image interpretation triage).

1.12 Ensure that radiography educational programmes are
regularly reviewed to support development of the appro-
priate skills within the profession.

1.13 Demonstrate essential leadership to support, test and
deliver safe systems of work and safely implement into
practice.

2. Radiographers and Radiologic Technologists Role in Optimising
the Use of Artificial Intelligence
Radiographers and radiological technologists:
2.1 Embrace, adopt and adapt technology, ensuring that prac-

tice is evidence based and based on the patient.
2.2 Are clinical decision makers, and should use AI as a support

tool, an adjunct to, not a replacement for, clinical judgement
and professionally accountable decision making.

2.3 Should work with industry and other healthcare pro-
fessionals to ensure AI solutions are developed to solve
current and future medical imaging problems.

2.4 Develop a broad understanding of how algorithms work
prior to implementation in clinical practice, to be aware of
the limitations of technology. For example, differences be-
tween the population where the algorithm was developed
and deployed, awareness of possible biases within algo-
rithms and intended scope of algorithm in clinical practice.16

2.5 Ensure that algorithms are used to improve patient expe-
rience as well as working conditions for radiographers,
recognising the need for multiple outcome measures when
determining departmental effectiveness and an awareness
of the role that increased imaging volumes may have on
patient experience.24

2.6 Collaborate with the multidisciplinary team, industry and
the wider radiographic community that will be involved in
designing, developing and validating AI for use in clinical
practice.

2.7 Maintain awareness of and lobbying for adaptation to
legislation in each country to maximise the benefit of AI to
patients and radiographers/radiological technologists.

2.8 Work at national and international levels with policy
makers to ensure that investment in AI research focuses
across the scope of practice within imaging and radio-
therapy services

2.9 Ensure investment in development of the existing and
future workforce through funded professional development
Conclusion

It is of critical importance that radiographers and radiological
technologists, as medical imaging and radiotherapy experts, must
play an active role in the planning, development, implementation,
use and validation of AI applications in medical imaging and radi-
ation therapy, reinforcing the need for the technology to be tar-
geted to the most pressing clinical problems. The optimal
integration of AI into medical safety, clinical imaging and radia-
tion therapy can only be achieved through appropriate education
of the current and future workforce10 and the active engagement
of radiographers and radiologic technologists in AI advancements
going forwards.
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• Emerging Topics in Imaging Informatics (References attached) 

 

o Cloud Computing 

o Cloud Computing and PACS 

o BIG DATA 

➢ Definition 

➢ Characteristics 

▪ Volume 

▪ Variety 

▪ Velocity 

▪ Veracity 

➢ Big Data Preparation and Analytics 

➢ Big Data Applications 

o Artificial Intelligence, Machine Learning, and Deep Learning 

➢ Definitions 

➢ The Artificial Neural Network (ANN) 

➢ Applications in Healthcare 

➢ Applications in Medical Imaging 

➢ Examples of AI techniques in CT Image Reconstruction  

(I have a Directed Readings article on this topic coming soon 

in Radiologic Technology) 

 

3. As noted above, a few references are attached to support the rationale for the 

inclusion of the above topics in the ASRT Radiography Curriculum, including the 

Bachelor of Science in Radiologic Sciences Curriculum as well) 

 

4. Thanks once again for the opportunity to participate. I would be happy to provide 

additional details of any of the above topics for the radiography profession 

 

Respectfully Submitted 

Euclid 

Euclid Seeram, PhD., FCAMRT 
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Big Data: The Next Era of 
Informatics and Data Science in 
Medical Imaging: A Literature 
Review
Elizabeth Filonenko* and Euclid Seeram

Abstract
Big data is an evolving topic of research in recent years and provides 
much promise in all fields, including medicine and radiology. The 
purpose of this literature review is to define big data, and discuss 
its relevance to medical imaging informatics. Relevant imaging 
informatics concepts and tools, such as data mining and various 
types of artificial intelligence will also be discussed. Literature 
surveyed showed two distinct types of articles; general review-type 
articles, and other articles discussing ideas expanding on themes 
and potential applications. Furthermore, the latter category provides 
very specific research examples examining problems on a range of 
issues. Potential applications of big data solutions will be discussed 
through multiple avenues, including its effect on treatment and 
diagnosis processes, research, education, and population study 
applications. Departmental efficiency, cost reduction, as well as its 
effect on safety in the radiology department will also be discussed. 
The future of big data applications was found to be very promising, 
however the utilisation of these solutions have a long way to go, 
before they find practical applications in clinical centres.
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Introduction
Over multiple decades, hospital and medical information has 

been converted from an analogue, offline infrastructure, to a digital 
online format leading to the creation of multiple electronic data sets. 
Reports from physicians in every department are stored as Electronic 
Medical Records (EMR), which can comprise of serology and 
immunology results and DNA tests, just to name a few [1]. A patient’s 
complete journey from admission, to their discharge can be traced 
electronically. Much of this information is uploaded to the hospital 
intranet or online servers, thus making an abundance of information 
available to an array of personnel.

Radiology is very promising in providing innovation in the future 
of healthcare, as there is a large influx of data from the many electronic 
systems incorporated into the daily activities of the department. With 
the introduction of the Picture Archiving and Communication System 

(PACS) many years ago, radiologists became 20-50% more efficient 
with their workflow, as images from a combination of modalities 
could be displayed immediately after the examination [2]. 

Big data is data which is of a large volume, often combining 
multiple data sets and requiring innovative forms of information 
technology (IT) to process this data [1]. Traditional software used for 
analysis is unable to capture, store, manage and analyse big data, thus 
new information processing must be derived for this data [3]. Big data 
is characterised by four V’s: volume, variety, velocity and veracity [1]. 
While volume refers to the very large amount of data, variety notes 
the diverse array of data being collected at a large speed (velocity). 
Veracity describes the uncertainty and reliability associated with big 
data trends.

The use of big data has had a multitude of effects in a range of 
industries. For example, big data consumer analytics can influence 
marketing decisions and campaigns from information about 
consumer behaviour [4]. Data that is sourced should be created 
at a large speed, so that up to date decisions can be made based on 
information.

This is commonly found through the social media environment, 
information online or throughout an organisation or company. It 
can be used in unison, or in combination with more traditional data 
sources, such as surveys or registers [5]. Using big data in healthcare 
has been of increased interest and its relevance to radiology will be 
mentioned in this review.

IT infrastructure in radiology has grown significantly in recent 
years, especially with the implementation of informatics tools. 
Informatics is a science that aims to engineer ways to process and 
handle data. Imaging informatics or radiology informatics is a 
subspecialty that uses data from medical imaging services. Data 
scientists who work in this field aim to develop algorithms to search 
for patterns in data [2]. Useful information can be extracted from this 
large diverse data set and then managed, analyzed and visualized [6].

The most recent “emerging science” in medical imaging 
informatics is the topic of “Big Data” informatics. As noted by 
Kansagra et al. [1] “Big Data will transform the practice of medicine. 
Among different specialties, radiology- which has a mature IT 
infrastructure and many years of available digital data- is particularly 
well positioned to lead and benefit from these advances. Among 
other applications, big data in radiology has the power to enable 
personalised image interpretation, discovery of new imaging markers, 
value quantification, and workflow characterisation”.

The purpose of this literature review is to define big data in 
the field of radiology and medical imaging and to critically review 
concepts surrounding imaging informatics. Furthermore, potential 
applications of big data through specific examples in literature will 
be discussed.

Methods
Searches of the PubMed and Scopus databases were performed. 

Articles were limited to articles, reviews or clinical trials published in 
the last five years, as this is an emerging topic of research. Articles not 
in English or where full text was not available were excluded. Search 
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visual observations, medications taken by the patient, charts, amongst 
other knowledge [13]. There is also a distinction between “insight-
rich” and “insight-focused” data. While “insight-rich” data will be 
generated at a fairly constant speed as patients present to the hospital 
while “insight-focused” data, such as imaging will appear as a series of 
large spikes of data over time [13].

Metadata is another type of data that can be collected to be 
processed for image informatics systems [11,12]. This includes 
information embedded computationally into data, for example dose 
reports encoded in the header of images [12]. The physical nature of 
pixels, such as resolution and aspect ratio, geolocation, as well as the 
equipment and techniques for image pre-processing and generation 
are additional information that can be acquired [11]. 

Metadata of the pixels can be mathematically extracted as 
quantitative descriptors termed “agnostic” features [10], which can 
be analysed statistically in several ways using imaging informatics 
[9]. Some statistical analyses can include first-order statistics, such 
as the histogram-based methods to find mean, median, mode values, 
second-order statistics concerned with the “texture” of images and 
higher-order statistics to extract patterns in data [10].

Other quantitative information, such as measurements, 
calculations and regions of features extracted from images can also be 
used for statistical analysis [11]. Imaging resources usage patterns can 
also be included in big data solutions, such as to improve departmental 
efficiency [1,2,13]. Internet and social media data is another form of 
data that has gained momentum for informatics solutions [6,13-16]. 
This demonstrates the large array of types of data that can be used in 
imaging informatics solutions.

Imaging informatics

There are a few overarching themes and concepts that are relevant 
to the use of big data in imaging informatics. The informatics goal 
is to expose and collect information into a computable format, and 
subsequently perform tasks which are beyond human capability [12].

Data mining, for example, is the process of grouping similar 
objects into large data sets and then allowing for patterns to be 
identified in this data [10,12,14,17]. This process can be carried out 
through the use artificial intelligence, as well as machine and deep 
learning [9,14,18,19]. Artificial intelligence aims to create computer 
systems with human-like intelligence, while machine learning is a 
subset of artificial intelligence where large amounts of data are fed 
into an algorithm and the machine ‘learns’ how to perform a task. 
Deep learning is an additional subset, where certain information 
has different weights in the algorithm, in order to model high level 
abstractions in the data. The use of computational solutions can then 
help compensate for human fatigue and error, such as missing critical 
findings as well as doing this at a faster pace than the human observer. 
Another relevant note is that features of the data need to be selected 
or segmented in order to only use relevant information, which can be 
done both manually and automatically [7,10]. There must be expertise 
shown in the dissection of data being used in order to have meaningful 
data. This should involve strict evaluation of data and models before 
implementation into the real world [9].

The main technological advances that make this possible, are 
the rapid increase in computer processing currently available at a 
reasonable cost [12] and the emergence of cloud computing [3,12,14]. 
Cloud storage is the notion of operating, managing and analysing 
data, which is stored on the internet and can be accessed by multiple 

terms used were “big data”, “imaging informatics” or “radiology 
informatics”, as well as “big data”, “medical imaging” or “radiology”. 

Articles where medical imaging was not the primary research 
point were excluded from this literature review as this is the focus 
in this article. These excluded articles were primarily focused on 
bioinformatics, genomics, or histology research. These will be 
mentioned briefly, but are not the theme for this review. Articles 
found were then categorised under the aims established for the 
literature review in which they are in relevance to and further themes 
were noted under the discussion of potential applications of big data.

Results
There were two distinct types of articles found during the review 

process. The first, general review-type articles which broadly discuss 
ideas associated with big data and its role in radiology and imaging 
informatics. Secondly, very specific articles that used big data and 
imaging informatics techniques for a range of applications were 
found. 

The literature encompassed ideas and research on a range of 
medical imaging modalities, as well as other forms of data such 
as department operational data and metadata. The breadth of 
pathology being researched was also predominant, with emphasis on 
neurovascular, chest and abdomen pathologies. 

Due to this large variety of research in a range of contexts, it 
is not within the scope of this paper to critique individual articles. 
This literature review therefore will focus on big data and imaging 
informatics as broad themes and then categorise the specific 
applications into distinct subheadings and themes relating to specific 
issues that were outlined in the general review-type articles. The 
specific themes of big data applications found during this literature 
review are treatment and diagnosis, education and research, cost 
reduction and safety.

Discussion
What is big data?

There are numerous types of data that can be used for big data 
solutions concerning radiology. Information from other medical 
examinations, such as serology, immunology, clinical notes, DNA 
results, cognitive measures can be obtained [1,7,8] and used in 
conjunction with radiology data from images and their findings for 
analysis. This can be termed “semantic” features [9-12] which is the 
information of the image that reflects its content. This could include 
the type of image, imaging features and plane and anatomic structures 
shown [12]. The use of imaging informatics solutions to analyse data 
can result in faster throughput and lower variance of information, as 
well as higher inter-rater agreement on findings [10]. These features 
are often used to determine an effective way for disease diagnosis [7].

In radiology, the data is noted to be data rich, but poor in the 
amount of information being produced from it. There is a great 
amount of data from a radiographic image, which is highly specific 
and focused, often answering a small number of questions for a 
specific clinical question. For example, a chest x-ray screening for 
tuberculosis will often answer that clinical concern however it will not 
provide much other information. This leads to radiologic data, termed 
as being “insight poor” [3]. In comparison, clinical notes may be 
noted as being “insight-rich”, as they contain additional information 
relevant to the patient’s visit in a series of domains, as it could include 
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people from different locations [12]. Using cloud storage has the 
ability to eliminate the need for an expensive advanced workstation to 
visualise data and can allow multiple people to collaborate from many 
different backgrounds of knowledge and locations. For example, a 
vascular surgeon may inform a radiologist from another part of the 
world to batch images in a certain way [3]. This can lead to global 
image exchange and possibly an international teaching file of cases 
[20].

Specific applications of big data

Specific applications of big data in imaging informatics solutions 
can be categorised under the following subheadings:

•	 Efficient treatment and diagnosis processes for the patient

•	 Population studies using big data and their effects

•	 Research and education applications of big data

•	 Departmental efficiency solutions and cost reduction

•	 Safety improvements.

Efficient treatment and diagnosis processes for the patient

A large portion of research implementing big data in the clinical 
world is focussed on Clinical Decision Support (CDS) and Computer 
Aided Diagnosis (CAD). CDS can utilise many varying types of 
data associated with the patient, while CAD is aimed more for the 
identification of pathology. 

CAD systems aim to introduce interfaces where multiple datasets 
can be viewed in order to reach a diagnosis [1,7,12,14,21]. The use of 
CAD can result in faster and more accurate diagnoses, which may be 
especially helpful for differential diagnoses [12]. The National Cancer 
Informatics Program (NCIP) Annotation and Image Mark-up (AIM) 
[11] provided a model that captured physical entities of an image, 
along with its characteristics, calculations, subject demographics and 
other observations. This model combines multiple classes or attributes 
for an analysis of an image. These include the AIM statement, general 
information, mark-up, image reference, calculation, and image 
semantic content. 

Interfaces displaying a combination of different data types can 
be used for a variety of pathologies and specific reporting interfaces. 
Mammography has had structured reporting for more than twenty 
years, due to its narrow lexicon and imaging and usually the one 
primary focus of cancer detection [17]. However, this has now 
extended to other, more complex pathologies and methods, for 
example, the screening of tuberculosis [8] and detection of pulmonary 
nodules [22]. Patients sent for biopsies based on mammographic 
features during mammography screening [23] and phenotypes of 
chronic obstructive pulmonary disorder on computed tomography 
(CT) scans and their genetic links [24] are other examples where 
linking multiple types of data have both provided positive results due 
to the cross-communication of data to provide better diagnosis.

Scheduling is an avenue for CDS big data solutions. Multiple types 
of information are collected about a patient, before an imaging exam 
is scheduled. This can be termed the “reason for examination” and 
can collect information from the EMR, such as age, sex, symptoms 
etc. [12]. The goal for scheduling is to select an exam which is most 
appropriate for a patient. CPOE, which only selects an examination 
from a prescribed list [2], can be extended to compare data of 
the patient to a rule set for examinations, to determine the most 

appropriate imaging method [12]. This can direct both practitioners 
and patients to the most appropriate imaging. 

Data mining a large cohort or population of patients for different 
treatment options and their outcomes can help determine which 
treatment will have the best outcome in a number of domains for a 
patient. Comparisons can be made to similar clinical conditions and 
treatment profiles. This can lead to “shared decision making”, where 
both patients and physicians can actively discuss which imaging and 
interventions are appropriate for the case at hand [9]. This can lead 
to more appropriate selections of treatment, for example, a South 
Korean study [25,26] showed that neurosurgical clipping had a lower 
cost of treatment of intracranial aneurysms compared to endovascular 
coiling. The domain of cost can be a method of treatment selection for 
some patients. 

Population studies using big data and their effects

“Radionomics” is the term given to linking radiological data and 
genomics [12,14]. This can be used for population research and to 
holistically understand certain diseases. MIMIC-III is a large publicly 
available database which comprises of approximately sixty-thousand 
patients including information such as their demographics, vital signs, 
imaging reports, procedures, medication and has given researchers 
an avenue to test algorithms for clinical objectives [13]. Real world 
clinical environments are also being used to understand diseases, for 
example an epidemiological study investigating a variety of clinical 
data, including imaging, was used to reveal clinical conditions of 
acute cholecystitis [24]. Another example was a study [27] whose aim 
was to create a nosology of skeletal disorders combined both genetic 
and radiological findings.

Prognosis of diseases can be made with this research and has been 
shown to be promising for neurological diseases such as Alzheimer’s, 
Parkinson’s, depression and schizophrenia [7]. Using computational 
modelling and machine learning can help delineate patterns in CT 
and magnetic resonance imaging (MRI) images [1,28,29]. It must be 
remembered that imaging captures structural and functional changes, 
which is often reflective of biological and cellular pathways [30] and 
that this relationship can unlock new hidden information that would 
not be possible to ascertain without informatics analysis. Oncology 
is yet another speciality that demonstrates the potential for big data 
research [9]. Functional MRI (fMRI) can provide tumour information 
to a molecular level and is less invasive, faster and cheaper compared 
to surgery or biopsy [29].

The use of population data was also shown in a study [31] to be 
beneficial in complex clinical decision making. The study showed 
that it aided trajectory planning of a physician’s practice and would 
hypothetically be able to provide evidence for cases outside usual 
evidence-based knowledge, such as a differential diagnosis case.

Research and education applications of big data

Using big data instead of traditional, hypothesis-driven research 
was seen to have several positives. Selecting patients, finding 
protocols to isolate an effect and accounting for variables can prove to 
be time-consuming, impractical and lack statistical power, especially 
if there are small effect sizes [1]. Using real world data would mean 
researchers could readily identify a population of interest, as well 
as which patients are likely to respond to a particular treatment 
[6]. Big data allows the data to show naturally occurring variations 
in the medical environment, which can be studied in aggregate for 
trends [1,12,23]. Recruitment of patients can occur from data already 
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available in the healthcare environment [10] and information can 
also be collected without knowing what the final relevant features in 
the study will be [9].

For clinical trials that are already in progress, big data can be used 
to pool the data from the multiple trials to create new data sets [1]. 
This can be done in the form of observational research, which means 
patients do not have to be exposed to additional exams [9]. This is 
especially relevant to radiology as the use of radiation is evident. 
Exposure to radiation is widely regarded as potentially harmful [12], 
thus this method of research is advantageous.

The use of data mining can also credit a radiologist or physician 
with educational activity, which can in turn be used as continuing 
education credit points. For example, a web-based program called 
RADPEERTM can look at and score previous interpretation of prior 
images before interpreting a new study. This is an example of self- 
and peer-evaluation which can be used as a form of continuing 
education. In fact, the actual ordering and search strategies executed 
by radiologists can also be analysed using informatics and be applied 
to educational applications.

Visualisation of big data solutions is another crucial part of its 
formulation before it is successful in the clinical world [11,20,31,32]. 
Without proper display of information, findings will not be effectively 
utilised [32] and can hinder a clinician or other professional’s 
comprehension of the information [31]. The way data is presented 
needs to be considered as different visualisation methods may be 
appropriate for different scenarios, which in turn can create different 
education and teaching instances. The representation of information 
is vital for a big data solution to be successful.

Information posted on the Internet by patients on forums [6,13] 
and social media outlets, such as Twitter [16] can provide a new 
data set of information for analysis. Data mining this information 
can give hospitals information of how to improve their services to 
create better patient satisfaction and better communication between 
institutions, professionals and patients. Another study [15], found 
that an internally designed and developed social media technology 
solution between professionals in the hospital setting could simplify 
communication and improve workflow. 

Departmental efficiency solutions and cost reduction

The decrease of cost when using big data initiatives was 
mentioned in a number of articles [20,32]. This can be split up into 
costs for the patient and costs for the department. By using big data 
to assess the cost of care for a patient, the expected cost of a study and 
benefit of the study may be predicted. This can decrease the amount 
of redundant tests on a patient, as well as decreasing the amount of 
wasted resources in a department or hospital. The idea of accounting 
for the entire episode of care of a patient, instead of looking at just the 
individual risks, costs etc. of one treatment is an emerging model of 
care that is predicted to slowly gain popularity. This can be discussed 
between a patient and physician and can prepare a patient for nearly 
every encounter they may have during their stay and rehabilitation as 
a big picture, as opposed to only looking at the current intervention 
or problem being faced by the patient.

One example of departmental efficiency being implemented in a 
department was a recent study [33] that involved the creation of an 
algorithm which alerted physicians if follow-up for abnormal chest 
imaging results was not completed. This alert could possibly save a 
patient from adverse consequences, whether it is cost, time or health 
impacts if follow-up had not had occurred.

Another way to decrease cost is to use operational data of the 
department as data for imaging informatics solutions [1,12,14]. This 
can include the analysis of variation of imaging volumes, comparing 
utilisation rates of specific scanners at different time periods, as well 
as specific data comparing turnaround times for both radiologists and 
technologists. This can be used to optimise staffing in a department 
based on trends seen, as well as account for seasonal variations, for 
example a larger influx of chest x-rays during the influenza season. 
Work flow patterns throughout the day can also be monitored. 
Imaging appointments may soon have differing time slots depending 
on patient presentation, for example an elderly cancer patient with 
loss of mobility can be scheduled for a longer appointment as opposed 
to a young ambulatory patient. The mix of patients on a given day 
cannot be truly predicted, but by doing this, the scheduling is more 
flexible and there is the ability to inform others in the department of 
a delay and can allow personnel to plan accordingly.

Safety improvements

An area of interest in terms of imaging informatics solutions was 
the improvement of safety, more specifically the decrease of radiation 
dose to the patient. Specific examples of research include CT imaging 
studies, which is in line with the fact that CT contributes one of 
the highest radiation dose to patients compared to other imaging 
modalities such as radiography, and nuclear medicine for example 
[34]. Three articles gave examples of ways to give critical alerts and 
warnings of overexposure of radiation in CT, two notifying doctors 
[20,34] and the other notifying patients [35]. 

The standardised measure of dose is usually through the 
collection of the CT dose index (CTDI) and dose length product 
(DLP) of a CT examination, however there are disadvantages of only 
using these methods for the estimation of dose for the patient [34]. A 
possible application of big data is to find other ways of determining 
more accurate dose calculations, which one study [36] aimed to do by 
creating an algorithm for abdominal CT dose calculations using the 
body size diameter as a variable, which is not involved in the various 
CTDI or DLP calculations.

Another aspect of big data solutions that related to safety is the ability 
to stop re-identification of data. De-identification software has thus far 
been developed and tested [37] and this avenue of research is important 
for the progression of big data solutions into the clinical world.

Implementation of big data imaging informatics tools - lim-
itations

Implementation of imaging informatics tools using big data has 
several limitations, which were broadly discussed in the literature. 
The types of correlations made must be investigated carefully, as if 
two (or more) variables are correlated in the findings of an imaging 
informatics program, this should not be assumed as a causal 
relationship between these variables. Further research investigating 
their relationship must be conducted before causation can be fully 
be appreciated in clinical radiology. An example of this is clearly 
demonstrated in an article [35], where the number of CT scans at a 
particular centre was monitored. The results showed that there was a 
decrease following the intervention in the study, however there was 
also an introduction of new abdomen/pelvis codes which also showed 
a decrease of number of CT’s seen at the centre. Correlations must be 
thoroughly scrutinised before they are accepted.

Similarly, the reliance of artificial intelligence and deep/machine 
learning can under-appreciate and under-represent statistical errors 
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and using these models can lead to biased or miscorrelated solutions 
[19]. Irrelevant information can be exaggerated in its usefulness to 
the problem at hand. A sparse data set will may produce statistically 
unreliable results, and even with very large amounts of images 
or information acquired for analysis, if the data set has inaccurate 
information, and this will affect subsequent analysis. Without 
appropriate data mining, the data sets will not have the appropriate 
meaning in their relationships. 

Radiological images and information are visual representations 
of complex biological systems, which are affected by underlying 
physics processes during image acquisition and then undergo 
multiple processing steps before the final image is viewed. Factoring 
in these variables is difficult computationally, but they govern how 
the image is obtained and cannot be ignored when making big data 
driven solutions and creating and proving relationships between 
variables [21]. Lack of standardisation is a limitation which was 
mentioned several times. This could be further subdivided into 
standardisation of protocol and patient care [34,35,37] lexicon and 
terminology, reporting structure [30] and representation of data 
[9,11,32]. The standardisation of data sets will make both collection 
and interpretation more meaningful and less prone to errors.

Kohli et al. [2] showed that the evolution of an IT savvy business 
includes at least four stages: localising, standardising, optimising and 
reusing. Radiology is noted to be at the standardising level, where 
there is a decrease seen in the control and flexibility of local control. 
Kohli et al. also pointed out that radiology is on the right track to 
being an IT savvy business, where in the future, big data solutions in 
the clinical world may be a reality.

Another notion identified in the literature, is that the use of 
imaging informatics may actually complicate the treatment process, by 
overloading the user with information. Computerised physician order 
entry (CPOE) and voice recognition are IT solutions introduced into 
radiology several years ago, and its introduction showed a decrease in 
efficiency. This has also been shown in recent molecular biology-based 
techniques employing big data solutions [10]. Over time, CPOE has now 
led to an increase in efficiency, after refining specific algorithms.

Furthermore this would also need to occur if any big data 
solutions are to be employed in the clinical setting. Although there 
are de-identification solutions in literature, this is still an area of 
research that should be examined before privacy of all information 
used in big data imaging informatics solutions can be guaranteed. If 
patient data is used, there is a risk of re-identification, especially if 
the data is linked to other data sets [6]. Proper authorisation of who 
is able to access the data being used should be mandatory [12,13] and 
regulation of the use of the data should occur [9,10]. There may be 
legal implications if the data got into the wrong hands [1].

The person(s) responsible for the implementation of the big data 
solutions is the focus in a number of articles [1,2,10,12,13,14,21,23]. 
All articles appear to suggest that the radiologist should be pivotal in 
the implementation of solutions, however some believed a team of 
professionals should also be included, such as IT professionals [2], 
data and medical scientists [13,21], physicists [2], statisticians [10] 
and other health professionals, such as nurses or radiographers [12]. 
The discussion of implementation should be explored further, as 
there was no overall agreement in literature. There must be a clear 
structure of how the implementation of a big data solution will occur 
and this discussion must be done with the appropriate people in an 
effective manner [38]. 

Future directions for research 

Big data and its application in radiology is an emerging topic, 
thus the research currently available is very sparse and preliminary. 
The issue with current research is that it is either very specific 
imaging informatics solutions implemented to one department, or 
review-type articles that present a broad overview of big data. Specific 
research is currently not at a stage where it can be generalised to an 
entire population or have provided a solution that will be appropriate 
for implementation at all clinical centres. This is mostly due to the 
fact that specific imaging informatics solutions have been tailored to 
a distinct problem and demographic or speciality, and this particular 
solution may need to be adapted before it may be useful at another 
institution.

Future research can still create more big data imaging informatics 
solutions, as well as testing them in a wider population by including 
multiple clinical centres in studies. The possibilities for solutions are 
almost endless, however there is still a long way to go before these are 
employed and standardised in the clinical environment.

The future applications of big data to radiology should focus on 
optimisation of structures and systems already in place, as well as 
developing new technology and solutions for current and prospective 
problems that can be found using big data itself. The improvement 
in patient care and increasing efficiency should be of focus, as well as 
providing a more comprehensive, but straightforward approach to 
problem solving. 

Conclusion
Big data applications using imaging informatics solutions are an 

emerging topic in literature and research. There are multiple avenues 
of applications that can be explored, and the current literature shows 
promise for applications in clinical centres. Future research needs 
to test solutions in a variety of environments before they can be 
standardised in the medical imaging department.
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Abstract: With the increasing utilization of medical imaging in clinical practice and the growing
dimensions of data volumes generated by various medical imaging modalities, the distribution,
storage, and management of digital medical image data sets requires data compression. Over
the past few decades, several image compression standards have been proposed by international
standardization organizations. This paper discusses the current status of these image compression
standards in medical imaging applications together with some of the legal and regulatory issues
surrounding the use of compression in medical settings.

Keywords: image compression; medical imaging; standards; JPEG; JPEG-LS; JPEG2000; JPEG-XR;
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1. Introduction

Medical imaging has become an indispensable tool in clinical practice. Studies have shown links
between the use of medical imaging exams and declines in mortality, reduced need for exploratory
surgery, fewer hospital admissions, shorter hospital stays, and longer life expectancy [1]. As a result,
the utilization of medical imaging has risen sharply during the early part of the last decade. In
2003, the percentage of medical visits in the US by patients aged ≥ 65 years that resulted in medical
imaging was estimated to be 12.8% [2]. While earlier medical imaging exams were recorded on
radiological film, most exams are now acquired digitally. In addition to increased utilization, there
have also been major advances in medical imaging technology that have resulted in significant
increases in the quantity of digital medical imaging data during the last few decades. For example,
in early 1990s, a typical Computed Tomography (CT) exam of the thorax would have consisted
of 25 slices with 10 mm thickness, yielding a data size of roughly 12 megabytes (MBs). Today, a
similar exam on a modern CT scanner can yield sub-millimeter slice thickness with increased in-plane
resolution resulting in 600 MB to a gigabyte (GB) of data. In a modern hospital, Picture Archiving
and Communication Systems (PACS) handle the short- and long-term storage, retrieval, management,
distribution, processing, and presentation of these large datasets. Data compression plays an important
role in these systems. Since the earliest days of PACS, compression of medical images has been
anticipated and novel compression techniques have been proposed before standardized compression
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approaches were available [3]. However, proprietary compression techniques greatly increase the cost
and effort required to migrate data between different systems, and interoperability and compatibility
of these systems necessitate the use of standards for digital communications [4]. In this paper, we
provide a review of the current status of image compression standards used for medical imaging
data in these systems (It is also worthwhile to point out that the role of data compression in the
medical setting is not limited to images. Modern medical practice utilizes many physiological signals
(e.g., electrocardiogram (ECG), electroencephalogram (EEG), and Electromyogram (EMG)) which must
be stored and transmitted in clinical practice. Data compression has an important role to play for
management of such physiological signals as well. However, in this paper, we limit our discussion
to medical images). It is important to note that there have been earlier reviews of medical image
compression techniques [5–14]. In this paper, we focus on the image compression standards including
the more recent standards that have not been considered in these earlier reviews. We also compare the
compression performances of these standards on publicly available datasets.

The rest of this paper is organized as follows: In Section 2, we discuss characteristics of common
medical imaging data sets. In Section 3, we provide a brief introduction to current image compression
standards. Section 4 introduces the standards used for medical image communications. Section 5 briefly
reviews the current legal and regulatory environment in medical image communications. We present
experimental results obtained using the image compression standards on typical medical image
datasets in Section 6. Finally, Section 7 provides a summary and a brief discussion on future trends.

2. Characteristics of Medical Imaging Data Sets

The purpose of this section is to briefly describe the unique attributes of the major medical
imaging modalities. Medical imaging refers to techniques used to view the human body with the
goal of diagnosing, monitoring, and/or treating medical conditions. Different imaging modalities are
based on different physical principles and provide different information about structure, morphology,
and function of the human body. Medical imaging is an active field with new imaging modalities
introduced frequently and existing modalities refined and expanded constantly. Given this depth
and diversity of the medical imaging field, it is not realistic to provide a complete description of all
medical imaging techniques in this section. Therefore, we limit our discussion to the most common
medical imaging methods in clinical practice and their general characteristics as they relate to data
compression (For an extended review of the characteristics of medical datasets, the interested reader
is referred to [15]). Table 1 provides the typical image dimensions and uncompressed file sizes for
common medical imaging modalities.

Table 1. Typical image dimensions and uncompressed file sizes for common medical imaging modalities.

Modality Anatomy Image Dimensions (x, y, z, t) Bit Depth Uncompressed File Size

Radiography Chest (2000, 2500, -, -) 10–16 bits 10 MB

CT
Abdomen (512, 512, 500, -) 12–16 bits 250 MB

Brain (512, 512, 300, -) 12-16 bits 150 MB
Heart (512, 512, 100, 20) 12-16 bits 1 GB

Breast Tomosynthesis Breast (2457, 1890, 50, -) 10–16 bits 0.4 GB

MRI
Abdomen (512, 512, 100, -) 12–16 bits 50 MB

Brain (512, 512, 200, -) 12–16 bits 100 MB
Heart (256, 256, 20, 25) 12–16 bits 250 MB

Ultrasound Heart (512, 512, -, 50)/s 24 bits (color) 38 MB/s

PET Brain (256, 256, 50, -) 16 bits 6 MB
Heart (128, 128, 40, 16) 16 bits 1 MB

Digital Pathology Cells (30,000, 30,000, -, -) 24 bits (color) 2.5 GB
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2.1. Digital Radiography and Computed Tomography

In X-ray radiography, the subject is penetrated by a collimated beam of X-rays and the properties
of the X-ray (intensity, energy spectrum, direction of propagation, etc.) are modified as it travels
through the human body. An array of X-ray detectors placed behind the subject is then used to
record the modified properties of the X-ray beam and form the X-ray image. The dimensions of the
image depend on the dimensions of the detector elements (0.1 mm to 0.2 mm) and the field of view
(18× 20 cm to 35× 40 cm based on the anatomy of interest). A sample X-ray image of the pelvis is
shown in Figure 1a.

In X-ray radiography, a single projection plane of an anatomical region is imaged onto the
detector plane. In contrast, CT imaging produces a 3D image of the anatomy of interest by acquiring
several projections at different angles and reconstructing the 3D volume using tomography [16].
Today’s multi-detector row CT scanners can acquire up to 320 simultaneous slices in each rotation
of the X-ray tube. A thin-slice CT dataset can contain over 500 slices and dynamic imaging (such as
cardiac angiography or perfusion imaging) can be performed on the latest generation of CT scanners
although the routine clinical utilization of these studies is limited due to concerns about radiation dose.
Another recent X-ray imaging technique developed to enhance characterization of breast lesions is
Digital Breast Tomosynthesis (3D Mammography) [17,18]. In this technique, thin sections of the breast
tissue are reconstructed through acquisition of multiple projections over a limited arc angle. These use
of thin slices covering the entire breast allows better visualization and characterization of masses that
may otherwise be superimposed with out-of-plane structures.

A sample CT image of an axial slice of the abdomen is shown in Figure 1b. The contrast resolution
in CT is largely determined by the number of photons per voxel and, therefore, there is a trade-off
between X-ray dose and contrast resolution, as well as spatial resolution. Noise in CT images originates
from a number of sources including photon noise at the detector, electronic noise of the detector system,
and the image reconstruction algorithm used.

(a) (b)

Figure 1. (a) An X-ray image of the pelvis; (b) A CT image of the abdomen.

2.2. Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) [19] is based on the principles of nuclear magnetic resonance.
In MRI, the contrast of the image is dependent on several tissue-dependent parameters as well as the
choice of acquisition parameters selected during the imaging procedure. By varying these parameters,
MRI can yield images with drastically different contrast. This is illustrated in Figure 2 where an axial
slice of the brain was imaged using different imaging parameters. This ability to obtain different image
contrasts by selecting different imaging parameters is what gives MRI its tremendous flexibility and
has contributed to its significant clinical utility. MRI can differentiate between different soft tissue
types such as white matter and grey matter in the brain and tumors and cysts in the liver. Furthermore,
since MRI does not use the damaging ionizing radiation of X-rays, it is often favored in preference to
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CT in dynamic imaging applications where the radiation dose required to obtain the dynamic data set
with CT would be prohibitive.

During a typical clinical MRI examination, multiple images of the same anatomy are obtained
with different imaging parameters. The number of different contrasts acquired during a particular
exam depends on the clinical application and is typically in the five to ten range. Thus, although the
MRI images are usually obtained at lower spatial resolution compared to CT datasets, the number of
different contrasts acquired during a typical exam results in substantial increase of data size.

The noise in MRI is mainly due to the thermal noise of the receiver coil and the sample, and can
be modeled using Rician distributions [20].

Figure 2. Three axial MRI images of the same location of the brain obtained using different
imaging parameters.

2.3. Ultrasound

Ultrasound imaging is based on the principles of acoustics [21]. A sound wave is transmitted from
a transducer which is placed directly on the skin or inside a body opening. The sound wave is partially
absorbed and partially reflected as it travels through the tissue. The time of arrival of the echo and the
intensity of the reflected wave are used to reconstruct an image of the tissue under examination.

In ultrasound, the spatial resolution is described in terms of axial resolution (i.e., the ability to
resolve two reflectors located one after the other along the axis of the ultrasound wave) and lateral
resolution (i.e., the ability to resolve two reflectors located side by side perpendicular to the axis of
the ultrasound wave). Higher ultrasound beam frequencies lead to better axial and lateral resolution.
However, since higher frequencies also lead to higher attenuation, there is often a trade-off between
tissue depth and spatial resolution.

As a result of its relatively low-cost and safety due to the absence of ionizing radiation, ultrasound
imaging is widely used in many clinical applications including obstetrics, cardiology, and cancer
imaging in the abdomen and pelvis. Depending on the application, ultrasound data are acquired
and viewed in many different modes: In A-mode (amplitude mode), the amplitudes of the echoes
are plotted as a function of depth along a fixed direction. In B-mode (brightness mode), an array of
transducers are used to create a 2D image where each pixel intensity denotes the amplitude of the
echoes at a particular direction and depth. In M-mode (motion mode), a rapid succession of pulses is
used to generate time-varying (typically B-mode) images. Ultrasound imaging is a rapidly advancing
field. In addition to conventional ultrasound imaging techniques, many new expansions have been
introduced over the last few decades. In 3D ultrasound, 2D planar ultrasound images are digitally
stitched together to create a 3D image. Doppler ultrasound employs the Doppler effect to measure
whether the tissue is moving towards or away from the transducer as well as its relative velocity.

The dominant noise in conventional B-mode ultrasound images is speckle noise which is
signal-dependent and multiplicative in nature [22].
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2.4. Nuclear Imaging

In nuclear imaging, small amounts of radioactive materials (radiopharmaceuticals) attached to
compounds used by cells are given to the subject through an injection or orally. The radioactive
substances are traced through imaging to determine where and when they concentrate in the body.
Two common nuclear imaging modalities are Single Photon Emission Computed Tomography (SPECT)
and Positron Emission Tomography (PET) [23]. In SPECT, gamma-rays emitted from a radioisotope are
measured using a gamma-ray camera, while PET uses molecules tagged with a positron emitting isotope.

Clinical PET and SPECT scanners are often combined with other imaging modalities that can
provide anatomical information so that functional and anatomical information can be acquired in one
examination. PET-CT and PET-MRI systems are widely used in clinical settings.

The spatial resolution in SPECT is often limited (to about 1 cm). Therefore, the amount of data
produced in SPECT imaging is modest compared to some of the other common medical imaging
modalities. Similarly, the spatial resolution in PET is typically between 3 to 5 mm and, thus, PET data
sets are relatively small as well. Noise in SPECT and PET systems are due to several factors including
the Poisson distributed noise during emission, electronic noise in the scanner’s detection system, and
the noise alterations due to the post-processing corrections and the image reconstruction process [24].

2.5. Digital Pathology

In digital pathology, thin slices of biological tissue are scanned using optical microscopy to
produce the so-called whole-slide images [25]. Tissue samples are dyed using one or more stains to
highlight the biological structures relevant to the diagnostic task, and then placed on a glass slide.
Typically, a combination of hematoxylin and eosin (H&E) stains is employed to give nuclei and
cytoplasm blue/purple and red/pink hues, respectively. A pathology image depicting H&E stained
tissue is shown in Figure 3.

Figure 3. A digital pathology whole slide image. The 20,000 × 14,000 whole slide image is shown on
the left at low magnification and a cropped region is shown on the right at high magnification.

In the slide scanner, the sample is illuminated with a beam of visible white light, which is absorbed
and scattered differently depending on the stain type and concentration present at each spatial location.
Imaging optics are used to transmit an image of the patch of tissue under the microscope objective to
a digital image sensor. The objective is moved back and forth across the glass slide to generate image
patches that are then combined to produce the whole-slide image. For most tissue types and diagnostic
tasks, optical magnifications of 20× are considered sufficient to identify the relevant biological features.
Notwithstanding, higher magnifications of up to 100×may be required for some sample types, e.g.,
in cytopathology and hemathology.
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As a result of the high spatial resolution employed in digital pathology, whole-slide images
exhibit very large dimensions, commonly exceeding 900 million pixels. Moreover, since color is an
essential feature for differentiating the different biological structures, each pixel consists of three
color components. Thus, the size of a single uncompressed whole-slide image is usually over 2.5 GB.
Since digital pathology requires digital storage, transmission, and, importantly, visualization of these
large images, efficient organization of the compressed data for display of the image at different
zoom levels and at different spatial regions is vital. Therefore, compressed-data reorganization
capabilities (e.g., tiling in BigTIFF [26], tiled Digital Imaging and Communications in Medicine
(DICOM) [27], or interactive multi-resolution transmission with JPIP [28]) are paramount to enable
a smooth visualization experience.

3. Image Compression Standards

The advent and growth of digital imaging during the latter part of the last century have
resulted in growing demand to transmit and store images digitally. Recognizing the need
for compatibility and interoperability between different image communications and storage
products, international standardization agencies, such as International Standards Organization (ISO),
International Telecommunications Union (ITU), and International Electro-technical Commission (IEC),
have initiated several standardization efforts for image compression over the past few decades. These
standards have played a major role in fostering the growth of digital imaging. In this section, we
provide a brief overview of these image compression standards.

3.1. JPEG

JPEG stands for “Joint Photographic Experts Group” and refers to the working group WG1 of the
ISO/IEC Joint Technical Committee 1, Study Committee 29 (ISO/IEC JTC1/SC29/WG1). Over the past
few decades, the WG1 committee has created several international standards for image compression.
Standardization efforts start by formation of a technical committee (such as the WG1) and solicitation of
proposals from interested parties including industry and academia. The technical committee prepares
a working draft which is shared by all ISO national members. Once consensus is reached on the
working draft, a final draft is created. The final draft becomes an international standard after it is
approved by national member votes.

The WG1 committee started its work in the mid-1980’s. The first international standard produced
by the committee is called JPEG, referring to the name of the committee that created it. The JPEG
standard was released in 1991 [29,30] and has become one of the most widely recognized and
utilized standards.

The JPEG standard consists of six parts: Part 1 describes the requirements and guidelines for
JPEG compression systems [29]. Part 2 contains compliance testing [31]. Part 3 provides extensions
to the compression system [32], and Part 4 discusses profiling and registration of profiles [33]. Part 5
specifies the JPEG File Interchange Format (JFIF) [34]. Finally, Part 6 contains application tools for
printing systems [35].

Although the JPEG standard has several lossy encoding modes and a lossless encoding mode,
many implementations support only a basic lossy coding algorithm with a minimal set of features.
This algorithm is usually referred to as the “baseline JPEG” algorithm. The baseline JPEG encoder,
shown in Figure 4, first partitions the image into non-overlapping 8× 8 blocks. Each block is then
transformed using the two-dimensional Discrete Cosine Transform (DCT). In the DCT domain, the
coefficient that corresponds to zero frequency is referred to as the DC coefficient of the block and
all remaining coefficients are called AC coefficients. Each DCT coefficient is then quantized using
a uniform scalar quantizer. The quantization step size varies with frequency and the array denoting
the step size used for each frequency is known as the “Q-table”. The entries of the Q-table are stored in
the bit-stream. The redundancy between DC coefficients of adjacent blocks is exploited using a simple
differential pulse-code modulation (DPCM) encoding scheme followed by variable-length encoding
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and Huffman coding. The AC coefficients are zig-zag scanned. Since many AC coefficients become
zero after quantization, they can be encoded efficiently using run-length coding followed by variable
length coding.

Figure 4. Baseline JPEG encoder.

The baseline algorithm discussed above is an instance of the JPEG sequential mode. Besides the
baseline, the JPEG standard defines several options that can be utilized. For example, baseline JPEG
restricts the input image bit depth to 8. Since most medical imaging modalities use bit depths between
10 and 16, this restriction would normally render JPEG unsuitable for compression of medical images.
Fortunately, the JPEG standard provides options to support up to 12-bit imagery, which is suitable
for certain types of medical images (e.g., ultrasound, CT, digital pathology) but not others (e.g., some
MRI). Furthermore, in addition to the sequential mode, three additional modes of operation are
defined. These are the progressive, the hierarchical, and the lossless modes. The latter employs
DPCM followed by Huffman entropy coding and supports bit depths up to 16 bits. Despite its limited
compression performance, this JPEG mode is the most widely used lossless compression scheme in
medical applications today.

A software implementation of the JPEG standard was released by the Independent JPEG Group
in 1991 [36] and has been continuously maintained since.

3.2. JPEG2000

In the late 1990s, the WG1 committee started an standardization process with the goal of improving
upon the very successful JPEG compression standard. The desired features included enhanced bit-rate
performance (specially at low bit-rates), support for samples of up to 16 bits deep, progressive transmission
and lossless and lossy compression from a single architecture. Random access, error robustness and
allowing for low-memory implementations were also required. As a result of this effort, JPEG2000 became
a ISO/IEC Standard and ITU-T Recommendation in December 2000 [37]. Part 1 of this standard describes
the core coding system, including the JPEG2000 codestream syntax and a basic file format called JP2.
Part 2, published in November 2001, defines additional extensions to the core system. Several other parts
were defined as well, including Part 9, which describes JPIP, a protocol for the interactive transmission of
images [28], and Part 10 which describes JP3D for volumetric imaging [38].
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The main stages of the JPEG2000 compression pipeline [39] are depicted in Figure 5. The spectral
redundancy between the image components (e.g., color channels, spectral bands or time frames) can
be removed in the multi-component transform (MCT) stage, transforming each pixel independently.
In Part 1 of the standard, component decorrelation can be performed using a reversible or an irreversible
color transform, which decorrelate RGB images to luminance and chrominance components. In Part 2,
any number of components can be decorrelated using arbitrary MCTs, in some cases producing
improvements in compression performance [40–43] (It is important to distinguish the Parts 2 and 10 of
the JPEG2000 standard: Part 2 provides an MCT stage which can be used with volumetric data sets
whereas Part 10 defines a 3D extension of the standard for volumetric imaging applications. As will be
discussed in Section 4, the Part 2 has its own DICOM transfer syntax [44]; However, Part 10 has not
been added to DICOM). In the second stage, the spatial decorrelation of each component is removed
independently via a 2D discrete wavelet transform (DWT). In the first decomposition level of the DWT,
the N×M image is divided into the LL, HL, LH, and HH subbands, each of size N/2×M/2. The three
latter subbands contain high-frequency details, while the LL subband is a downscaled version of the
original image. This decomposition is usually repeated five times using the LL subband of one iteration
as the input for the next one. In addition to dealing with spatial correlation, the DWT provides an
efficient multi-scale representation of the image. In the lossy coding regime, the DWT coefficients
undergo a uniform dead-zone quantization, where values v such that |v| < ε are assigned to the
same quantization interval as 0. In the lossless compression mode, the transformed coefficients are
integers and are not quantized. In either mode, the resulting coefficients are divided into blocks of size
64× 64 by default. Each block is coded independently using an adaptive arithmetic coder called MQ.
In the last stage, the compressed blocks are organized so that the final bit-stream can be progressively
transmitted providing resolution, spatial, quality or component scalability. Region-of-interest coding,
e.g., assigning higher priority to some spatial regions in the coding process, is also supported by
JPEG2000 [45].

Several implementations of the JPEG2000 standard are available [46], including free-software
such as OpenJPEG [47], JasPer [48] and JJ2000 [49], as well as proprietary implementations such as
Kakadu [50].

Figure 5. JPEG2000 compression pipeline.

3.3. JPEG-LS

The JPEG-LS standard defines lossless and near-lossless compression methods for compressing
bi-level, gray-scale, and color images [51]. JPEG-LS is based on the HP LOCO [52,53] codec, and its
low complexity has played an important role in its selection for the Mars Spirit Rover project [54].
The standard is published in two parts: Part 1 of the standard defines the baseline algorithm [51] and
Part 2 introduces extensions [55]. Baseline JPEG-LS scans the image pixels in raster-scan order and
encodes each pixel using either the run mode or regular mode. The mode decision is made using
a template of four neighboring pixels as illustrated in Figure 6. In the figure, X denotes the current pixel
and A, B, C, and, D denote the neighboring pixels. Using these neighboring pixels, three difference
values are formed:

∆1 = D− B; ∆2 = B− C; ∆3 = C− A (1)

The mode decision is made as follows:

mode =

{
run mode if ∆1 ≤ δ and ∆2 ≤ δ and ∆3 ≤ δ

regular mode else
(2)
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After reading the information presented, readers should be able to:
■ Identify the problems of digital image acquisition, display and communication that can be solved by 

image compression.
■ Define image compression and state the fundamental difference between lossless compression and lossy 

compression.
■ Explain how lossless compression of digital images is achieved.
■ Outline 3 methods for evaluating the effects of compression on digital image quality.

Digital Image Compression

D igital radiology has evolved 
from film-based imaging 
to an array of modalities 
including computed 
tomography (CT), comput-

ed radiography (CR), digital radiogra-
phy (DR), digital mammography (DM), 
digital fluoroscopy (DF), magnetic reso-
nance (MR) imaging, nuclear medicine 
and medical sonography.1

Data from these imaging modali-
ties are digitized and subsequently 
sent to a computer for processing. The 
digital images then are evaluated by 
the radiologic technologist for overall 
quality. If the images are acceptable, 
they are sent to the radiologist for 
interpretation. The images are stored 
and archived on magnetic and optical 
data carriers and can be transmitted to 
remote sites using computer networks. 
These digital acquisition modalities, 
which also include more sophisti-
cated techniques such as multislice CT 
(MSCT), produce large numbers of 
digital images that are sent to a picture 
archiving and communication system 
(PACS). A PACS provides an organized 
mechanism for digital image manage-
ment.2 PACS and teleradiology systems 

have created challenges with respect to 
storing and transmitting large volumes 
of digital images.

The evolution of digital image acqui-
sition, processing, display, storage and 
communication in diagnostic radiology 
has resulted in an exponential increase 
in digital image files. For example, 
the number of images generated by a 
MSCT examination can range from 40 
to 3000. If the image size is 512 x 512 
x 12 bits, then a single MSCT examina-
tion can generate 20 megabytes (MB) 
of data or more. A CR examination 
consisting of 2 images, with an image 
size of 2048 x 2048 x 12 bits, results in 
16 MB of data. A digital mammography 
examination can create 160 MB of data. 
Additionally, Huang3 points out that 
“the number of digital medical images 
captured per year in the U.S. alone 
is over pentabytes, that is 1015, and is 
increasing rapidly every year.” 

Image data compression is an impor-
tant method to address the challenge 
storing multiple, large image files. The 
goal of image compression is to increase 
storage space by reducing file size and 
increase the speed of image transmission 
for large amounts of data.3,4

EUCLID SEERAM, M.Sc., R.T.(R), FCAMRT

The purpose of this paper is 
to describe the essential ele-
ments of digital image com-
pression and its use in digi-
tal radiology. Additionally, 
this article is intended to 
increase the shared knowledge  
between radiologic technolo-
gists and radiologists, equip-
ment vendors and informa-
tion technology personnel.

This article is a Direceted 
Reading. See the quiz at the 
conclusion.
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input to the computer is in numerical form and the 
output image after computer processing is a digital 
image. (See Fig. 2.) Image compression occurs in  
this component. 

Image Display, Storage and Communication
The output digital image must first be converted 

to an analog signal before it can be viewed on a moni-
tor. (See Fig. 2.) The digital image can be stored and 
archived on magnetic data carriers (magnetic tapes 
and/or disks) and laser optical disks. The computer 
then uses special digital image software to manipulate 
the data for different purposes.

Digital Image Processing 
There are at least 5 fundamental classes of digital 

image processing, including image enhancement, 
image restoration, image analysis, image compression 
and image synthesis.4 Image compression uses various 
algorithms to remove data from an image.

As noted earlier, the purpose of compressing 
digital images is to reduce the size of the image to 
decrease transmission time and reduce storage space 
requirements. In general, there are 2 forms of image 
compression: lossy and lossless. In lossless, or revers-
ible, compression there is no loss of information in 
the image (ie, detail is not compromised) when it is 
decompressed. In lossy, or irreversible, compression 
there is some loss of image detail when the image is 
decompressed. Lossy compression is useful in situa-
tions when it is not necessary to preserve the exact 
details of the original image. The effect of both com-
pression methods is shown in Figure 3. 

Digital Imaging System Components
Understanding digital image compression requires 

a brief review of the major components of a generic 
digital imaging system. (See Fig. 1.) The essential com-
ponents include:

■ Data acquisition.
■ Image processing.
■ Image display/storage/archiving.
■ Image communication.
A complete description of each component has been 

recently presented in the literature;4 however, the com-
ponents related to this article are reviewed below.

Image Processing
In image processing, a computer takes an input 

digital image and produces an output digital image. 
Digital images are numerical representations of 
images (radiographs) or objects (patients). The image 

Table 1
Typical Matrix Sizes for Diagnostic Images4

Digital Imaging
Modality

Matrix Size and 
Typical Bit Depth

Nuclear medicine 128 x 128 x 12

Magnetic resonance imaging 256 x 256 x 12

Computed tomography 512 x 512 x 12

Digital subtraction angiography 1024 x 1024 x 10

Computed radiography 2048 x 2048 x 12

Digital radiography 2048 x 2048 x 12

Digital mammography 4096 x 4096 x 12

Data
Acquisition ADC DAC

Computer 
Processing

External Storage 
and Archiving

Image 
Display

Computer 
Networks

Analog Digital Analog

Fig. 1. System components of a generic digital imaging system.

Digital Detector

ADC

Digital Data

Computer 
Processing

X-Ray Tube

Patient DAC

Analog Image

Digital Image

Fig. 2. The production of a digital image. 
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Digital Image 
Characteristics

To understand the nature 
and scope of image data 
compression, a review of the 
characteristics of the digital 
image is important. Digital 
images have 4 characteristics: 
matrix, pixels, voxels and bit 
depth.4 These characteristics 
can have a profound effect on 
the appearance of the digital 
image, particularly spatial reso-
lution and density resolution.

Matrix
A digital image matrix is a 

2-D array of numbers consist-
ing of columns (M) and rows 
(N) of small square regions 
called pixels. The dimensions 
of the image are described by 
M, N and the size of the image 
is given by the relationship M 
x N x k bits. When M = N, the 
image is square. Generally, dig-
ital diagnostic images are rect-
angular. As the size of the image increases, more storage 
space is required and more time is needed to transmit 
images to another location. Image data compression can 
solve these problems.

The matrix size (M x N x k) affects the spatial resolu-
tion of digital images, with larger matrix sizes providing 
better detail (image sharpness). When large body parts 
(eg, the chest) are imaged in radiography, it is essential 
to use larger matrices. Typical matrix sizes for various 
image types are shown in Table 1.

Pixels
The pixels that make up the matrix are generally 

square. Each pixel contains a number (discrete value) 
that represents a brightness level. Smaller pixel sizes 
mean that more pixels compose the image, which in 
turn results in higher spatial resolution.

Voxels
Voxels are 3-D counterparts of pixels; in a digital 

image, they represent the information contained in a 
volume of tissue. The voxel information is converted 

into a numerical value that is contained in each pixel; 
these numbers are assigned brightness levels that are 
represented in the image.

Bit Depth
In the expression M x N x k bits, the term “k bits” 

implies that every pixel in the image matrix is repre-
sented by k binary digits. The number of k bits per  
pixel is the bit depth. Because the binary number  
system uses base 2, k bits is equal to 2 to the power  
of k (k bits = 2k). In a digital image with a bit depth  
of 8, each pixel will have 28 (256) grey levels. The 
typical bit depth for digital images is also shown in 
Table 1.

Related Definitions
To further understand digital image compression, it 

is essential to understand a number of terms related to 
digital image processing. Huang3 defines the following:

■ Original image. “A medical image f (x,y) in digital 
form, where f is a non-negative integer function 
and x and y can be 0 to 255, 0 to 511, 0 to 1023 
and 0 to 2047.”

Lossless 
Image Compression

Lossy 
Image Compression

Fig. 3. The effects of lossless compression and lossy compression on image quality (visual appear-
ance of the image).
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■ Compressed image file. “A 1-D array of encoded 
information derived from the original ... image by 
an image compression technique.”

■ Reconstructed image from a compressed image 
file. “A 2-D rectangular array f (x,y) … the tech-
nique used for reconstruction (or decoding) 
depends on the method of compression (encod-
ing). In the case of error-free (reversible or 
lossless) compression, the reconstructed image 
is identical to the original image, whereas in 
irreversible or lossy image compression the recon-
structed image loses some information of the 
original image.”

■ Compression ratio. “The compression ratio 
between the original image and the compressed 
image file is the ratio between computer storage 
required to save the original image and that of 
the compressed data. Thus, a 4:1 compression 
on a 512 x 512 x 8 = 2 097 152 bit image requires 
only 524 288 bit storage, 25% of the original 
image storage required. There is another way to 

describe the degree of compression by using the 
term bit per pixel (bpp). Thus, if the original 
image is 8 bpp, a 4:1 compression means the 
compressed image becomes 2 bpp.”

Finally, digital image quality can be described by 
3 parameters: spatial resolution, density resolution 
and the signal-to-noise ratio (SNR). Only the first 
2 parameters are relevant to this literature review. 
Spatial resolution refers to the ability of the imaging 
system to image fine detail (sharpness). Density  
resolution is the ability of the imaging system to 
image differences in tissue contrast. Spatial resolution 
correlates to the number of pixels and density  
resolution correlates to the number of pixels, and 
the range of pixels used to represent an object. In a 
square image M x N x k, N is related to the spatial  
resolution and k to the density resolution. As the 
matrix size of a digital image increases, the spatial 
resolution increases (high resolution); however, high-
resolution images require more storage space and 
more time for image transmission.

Lossy

Lossless

Image 
Transformation Encoding

Original 
Input Image

Compressed 
Output Image

Image 
Transformation EncodingQuantization

Original 
Input Image

Compressed 
Output Image

Fig. 4. The general framework for both lossless and lossy digital image compression.
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Image Compression Basics:  
A Technical Overview

There are several definitions of image compression; 
Alan Rowberg, M.D., offers the following:5

“Digital compression refers to using 1 or more of 
many software and/or hardware techniques to 
reduce information by removing unnecessary data. 
The remaining information is then encoded and 
either transmitted or stored in an archive or stor-
age media, such as tape or disk. In a process called 
decompression, the user’s equipment later decodes 
the information and fills in a representation of the 
data that was removed during compression.”5 

It is not within the scope of this article to describe 
image compression in great detail; however, the fun-
damental concepts (excluding all mathematics) are 
outlined to provide a reasonable understanding of the 
technical elements involved. The general framework for 
digital image data compression is illustrated in Figure 4. 
The framework illustrates the 2 types of image compres-
sion schemes: lossless and lossy.

Lossless Compression
Lossless, or reversible, compression is intended 

to reduce the size of the original image to speed up 
image transmission and reduce required data storage 
space. One of the shortcomings of lossless compres-
sion, however, is its limited compression ratio, with a 
maximum of approximately 5:1.1 This means that if the 
original size of a digital image is 5 MB, the compressed 
image would be 1 MB. Authors note that, “this may 
seem like a substantial reduction until one considers 
that irreversible compression techniques can produce 
compression ratios of up to 100:1, thus reducing the 
size of that 5 MB image to a mere 50 KB.”1

Lossless compression techniques generally examine 
patterns that exist in a string of bits and, subsequently, 
present the pattern in a more shortened form, thus 
coding the pixel changes rather than the pixel values 
that make up the image. One such coding technique 
is run length encoding (RLE). In RLE, any item that 
is repeated in the image is replaced by a value in con-
junction with the number of times the item is repeated. 

For example in Figure 5, each pixel in the original 
image is assigned a value; the image (a 5 x 5 matrix) has 
25 values. In the compressed image, pixels of the same 
value are coded to decrease the amount of data to be 
stored. Thus, the 25 values in the original image now 

become 16 values. RLE is best suited to graphics applica-
tions, “whereby large areas of an image are constant, but 
it is less effective when used with most medical images.”6 
Huffman encoding (HE) is another method of lossless 
compression that can operate on text data as well as on 
images. This method compresses data by first construct-
ing a table of the relative frequency of the elements of 
the data. Then, the table is used to compress the data, 
with shorter codes assigned to elements that occur more 
frequently. Figure 6 gives an example of HE using the 
words “digital image.”

A more powerful version of HE is called LZW com-
pression after its developers Abraham Lempel, Jacob Ziv 
and Terry Welch. In describing LZW compression, Davies 
and Fenessy7 note “at the beginning of the file, LZW 
starts to build a small table, like Huffman compression. 
It then adds to this table every new pattern it finds. The 
more patterns it finds, the more codes can be substituted 
for those patterns, resulting in greater compression. It 
does this in one pass, resulting in greater speed. LZW 
can compress images up to 10:1.” The typical digital 
formats TIFF (tag image file format) and GIF (graph-
ics image format) are based on LZW compression. GIF 
often is used to display 8-bit images on the Internet.

Fig. 5. Example of run-length coding.

Fig. 6. Example of Huffman encoding.

100 100 100 100 100

100 0 0 0 100

100 0 0 0 100
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Redundancy removal, also 
referred to as background removal, 
is another lossless compression 
technique that can be applied to 
medical images. This technique 
removes non-useful data in the 
digital image, thus decreasing the 
size of the image file. In medical 
images such as CT, MR and CR, for 
example, the useful information 
is contained in the rectangle as 
illustrated in Figure 7A. By remov-
ing the background pixels, the 
file size is reduced. Additionally, a 
technique known as segmentation 
can be used to further reduce the 
image file size after background 
removal. As shown in Figure 7B, 
segmentation allows the operator 
to outline the boundary or contour 
of the anatomy of the image that is 
of importance to the radiologist. Information outside 
the boundary is removed, decreasing the image file 
size. Furthermore, compressed images with their back-
ground removed can be subjected to additional lossless 
compression methods such as RLE, HE and LZW.

Lossy Compression
Lossy, or irreversible, compression techniques can 

compress images at much higher compression ratios, 
resulting in faster image transmission speeds and less 
image storage space requirements compared with loss-
less compression schemes.

Two types of irreversible compression techniques are 
block compression and full-frame compression. Block 
compression compresses the image in blocks, while 
full-frame compression operates on the entire image 
rather than parts of the image. Huang3 points out that 
“the advantage of the block compression technique 
is that all blocks can be compressed in parallel and it 
is faster to perform the computation in small blocks 
than for the entire image. However, block artifacts 
are not desirable in a radiological image because the 
artifacts may compromise the diagnostic value of the 
image when compression ratios are high.” Although 
full-frame compression solves the problem of block 
artifacts, “it is computationally tedious, expensive and 
time consuming ... it is not convenient to use for medi-
cal images, especially in the DICOM environment.”3 

(DICOM refers to Digital Imaging and Communication 
in Medicine standards.)

Both block compression and full-frame compression 
involve 3 steps: transformation, quantization and encod-
ing. (See Fig. 7.) It is not within the scope of this article 
to describe these steps in detail; however, Figure 8 dem-
onstrates the following points:

■ First, transformation changes the original image 
(a gray-scale image in the spatial location domain) 
into what is referred to as the transform domain 
(spatial frequency domain), using a 2-dimensional 
transformation process (eg, mathematical opera-
tions such as the Fourier transform, the discrete 
cosine transform or the discrete wavelet trans-
form). (See Fig. 9.)

■ The quantization process produces a matrix of 
coefficients (using the data from the transforma-
tion process) and “attempts to preserve the more 
important coefficients while providing a rough 
approximation of less important coefficients  
often as 0.”8

■ The final process of irreversible compression 
is encoding. The transformed coefficients are 
encoded using a zigzag sequence of each 8 x 8 
pixel block of the image and are thus represented 
by a stream (linear string of data) of numbers 
(eg, 19, 13, 13, 9, 11, 45, etc.) including several 
zeros. Notice that the coefficients range from the 

Fig. 7. The lossless compression technique of redundancy removal, in which the area outside 
the white rectangle is removed A and segmentation B is used to outline the boundary or contour 
of the anatomy and remove information outside the outline.

A

Outline of the anatomical boundary 
of image (white contour)

Rectangle

Image within

Black Background

Information 
outside the 
anatomical 
boundary 
(removed by 
segmentation)

B
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Aim
A review of  the literature was performed to evaluate, review and discuss the imaging systems of  picture archiving and communica-
tion system (PACS), vendor neutral archive (VNAs) and enterprise imaging.
Method
A search through the databases of  PubMed, OvidMedline, Scopus and Embase was performed utilizing several keywords relevant 
to image storage in various combinations of  “OR” and “AND”. Articles were carefully assessed according to inclusion and exclu-
sion criteria where only articles published in the last 10 years were obtained to collect recent information. Additionally, articles 
found from the reference sections of  electronically sourced articles were also reviewed.
Results
The review revealed that traditional PACS suffer from several limitations of  data storage, migration and maintenance. VNAs im-
prove upon this situation by allowing images from different departments to be shared easily and extend this ability to in between 
organizations. Physical copies of  images are no longer needed and applications such as teleradiology and mobile imaging are pos-
sible. Enterprise imaging attempts to provide a format that allows for organizations to govern the management of  image sharing 
and storage between institutions using a set of  7 characteristics that define an efficient system.
Conclusion
Image storage technology has experienced several advancements in recent years. Traditional PACS imaging has allowed for image 
capture, viewing, storage and analysis but is unable to perform effective image sharing across institutions. VNAs have provided a 
system to surpass this limitation by normalizing proprietary digital imaging and communications in medicine (DICOM) formats 
used by PACS vendors. With the advent of  new technology, enterprise imaging has been developed as a system that enables the 
management of  multi-departmental and multi-institutional image sharing in one system.

Keywords
Enterprise imaging; PACS; Vendor neutral archives; Image storage; DICOM; Cloud PACS.

INTRODUCTION

Traditional picture archiving and communication systems 
(PACS) allow users to create images, store them in large data 

banks and then retrieve them for viewing or processing.1 For many 
years this has been the standard system that health institutions have 
used to manage their image data within their imaging departments. 
However, each PACS vendor utilizes their own proprietary ‘digital 
imaging and communications in medicine’ (DICOM) standard for-
mat to increase their own system performance significantly.2 Due 

to this, DICOM files from independent institutions are in different 
formats unrecognizable by other PACS. Vendor neutral archives 
(VNA) have been developed to address this fundamental issue. To 
remove the restrictions on health institutions, they normalize the 
proprietary DICOM format to allow for image exchange.3 They 
have also improved on other issues of  PACS including the removal 
of  upgrading the entire system and in the case of  cloud-based soft-
ware the need for physical storage centres.3 These developments 
have all lead to the evolution of  enterprise imaging. Enterprise im-
aging offers improved efficiencies in data management through the 
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creation of  a comprehensive program intended to facilitate multi-
institutional image sharing. The key characteristics of  enterprise 
imaging and strategies to the implementation of  the system are dis-
cussed and explored in this liturature review. Several white papers 
created by the Healthcare Information and Management Systems 
Society (HIMSS) and Society for Imaging Informatics in Medicine 
(SIIM) have addressed strategies and key characteristics that define 
what enterprise imaging is and how it should be implemented.

METHODS

For this liturature review we performed a search through the data-
bases of  PubMed, OvidMedline, Scopus and Embase. We utilized 
the following keywords: “enterprise imaging”, “enterprise medical 
imaging”, “PACS”, “Cloud PACS”, “Picture archiving and com-
munication system”, “Information storage” and “vendor neutral 
archives”. These terms were utilized in various combinations us-
ing both “OR” and “AND”. Combining search terms with ‘AND’, 
Pubmed produced 623 results, OvidMedline produced 53 results, 
Scopus produced 648 results and Embase produced 76 results. 
Articles were then carefully assessed according to inclusion and 
exclusion criteria (Table 1). Peer-reviewed research articles, jour-
nal editorials and seminal papers were included to provide a broad 
understanding of  each information storage system. Only articles 
published in the last 10 years were obtained to collect recent infor-
mation. Abstracts of  articles were reviewed to assess the relevance 
before a full-text review was performed. Additionally, appropriate 
articles found from the reference section of  electronically sourced 
articles were also reviewed. After a thorough review, 40 articles 
were selected to be apart of  the liturature review.

RESULTS AND DISCUSSION

Review of PACS

For a modern healthcare institution, there is a high demand for 
data infrastructure that can provide quick, easy and reliable access 
to imaging results and store large and complex data files for patient 
records. PACS serves as a computer database that aids the stor-
age and transmission of  large and complex images from multiple 
imaging modalities.1 The protocol behind the transmission and 
storage of  images is dictated by a fundamental standard known as 
DICOM. DICOM allows for communication between medical im-
aging devices and the application server, which enables clinicians 
to locate and observe specific saved images.4 The implementation 
of  PACS in hospitals and healthcare organizations has greatly im-

proved the imaging storage situation. PACS provides a secure, rela-
tively portable and instant access to patient data across multiple 
imaging platforms.5 This has reduced the costs associated with im-
age storage and produced long-term savings from the elimination 
of  films due to the online and digital format of  images.1,5 Further-
more, the workflow in radiology departments has greatly increased 
due to the simplification of  patient data that radiologists can now 
access.1,6 Additionally, improvement of  PACS technology can sup-
port offsite teleradiology and computer assisted diagnosis (CAD).
  
Current Issues of Traditional PACS

PACS has streamlined many processes within a single hospital net-
work, however due to its local nature and the huge amount of  
data it stores it has also produced issues with storage, maintenance 
and data migration that conflict with the requirements of  modern 
imaging. Many articles agree that the large storage needed by PACS 
leads to varying issues in its efficiency.2,3,5,7 A report by Maluf  and 
Rajendran showed that 80% of  data volume in electronic records 
were taken up by medical images which supported 60% of  all 
patient diagnoses.3 To facilitate this, a large PACS storage system 
should be implemented to maintain patient image history. How-
ever, a study by Costa et al5 noted that imaging in cardiology and 
X-ray created huge volumes of  data which also lacked interoper-
ability as they were distinct PACS products.5 Horii further expands 
this noting that other imaging subspecialties including ultrasound 
and nuclear medicine lacked proper visualization in PACS.2 To 
make up for these shortcomings, PACS software and hardware can 
be upgraded to accommodate larger storage capacity and image 
visualization. However, upgrades can be costly, time-consuming 
and disruptive. PACS interfaces with many systems in the hospi-
tal ranging from hospital information systems (HIS) and radiology 
information systems (RIS) to billing and administrative systems.

 System upgrades require interfaces to work cooperatively 
with each other however vendors on either side of  an interface 
will only take responsibility for their side of  the interface. This 
results in situations where new additional software interfaces do 
not match up with original software interfaces due to small dif-
ferences.2 When issues arise, maintenance must be carried out by 
the PACS vendor. However, these are specialized problems that 
require a dedicated PACS engineer. Thus, this requirement typically 
results in workflow disruption and loss of  image and report view-
ing.8 

 Data migration of  PACS images either from an old to 
a new system or in between healthcare institutions has presented 
many unsolved issues that affect the entire healthcare system. Each 
PACS system utilizes an individual proprietary form of  DICOM 
formatting which optimizes their system performance.2 The spe-
cial DICOM formatting can then cause lengthy and expensive 
situations when hospitals need to transfer their PACS images to a 
newer system. Data mismatch requiring manual intervention can 
occur in this upgrading period when patients with similar names 
are regarded as the same patient.2,3 Patient images introduced from 
a separate vendor into the PACS system can also hinder the data 
migration as they may contain their own private DICOM format-
ting.8 

5

Table 1. Inclusion and Exclusion Criteria

Inclusion Exclusion

• Published between 2008 and present • Published before 2008

• English Language • Not in English

• Available in full text • Not available in full text

• Reliable source
• Articles not focussed on information 
storage aspects of PACS, VNAs or 
enterprise imaging

• Focussed on either PACS, VNAs or 
enterprise imaging

• Included challenges and issues  
associated with image storage systems 
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 This issue is prevalent in the sharing of  data across dif-
ferent institutions with different PACS vendors.9 Some healthcare 
institutions still rely on the transmission of  patient images through 
physical computer disc (CD) copies.9 These disks are no longer be-
ing used in medical imaging storage.

 In a study by Al-Hajeri et al,10 they identified that radi-
ologists determined a lack of  support for mobile access and in-
tegration with other hospitals systems as a significant issue. They 
also pushed for web based PACS solution and mobile phone PACS 
access. Although these results have only been gathered from local 
hospitals in Kuwait, they represent that multi-institutional image 
sharing is an issue recognised internationally.

Cloud PACS

Cloud PACS is an evolution of  PACS technology to provide a 
simple, scalable and accessible form of  PACS for healthcare in-
stitutions. The utility is derived from cloud computing, where sev-
eral widely distributed data centres house physical processing units 
that allow for virtualized processing and storage of  information 
outside of  the medical institution and accessible online.11 Several 
articles and journal editorials observe that the integration of  PACS 
to cloud based software would provide many benefits.12-16 These 
include the multi-institutional access to patient image history, ac-
cessibility to remote radiologists, seemingly limitless data storage 
and elimination of  investment into local data storage equipment 
and maintenance. Cloud PACS also opened the possibility of  re-
moving viewing software entirely and utilizing web-based architec-
ture to view images on web browsers and mobile devices.17-19

 Several previous articles also focussed on a functional 
aspect of  the system that can be improved. This underlines that 
although Cloud PACS is useful, it is still far from perfect. Cloud 
PACS is not a local network and outsources the storage and pro-
cessing power. In two articles published by Silva et al5 they de-
scribed methods to tackle latency and secure DICOM data relay is-
sues.15,16 Latency issues are due to huge amounts of  image data that 
must transfer to the cloud via encrypted channels to maintain se-
curity.15,20 Cloud providers will also have access to the confidential 
patient data which can raise some security and data privacy issues.16 
Because of  this, providers have strict legal and ethical regulations 
they must abide by so that users as confident in their provider. 
However, this differs from private to public cloud computing ser-
vices as the former is more well developed and is less accessible to 
the public.21 Improvements proposed by Silva et al5 may present 
advancements in the right direction however an article by Godinho 
et al7 presents a practical challenge.15,22 Implementation can only 
be justified by testing and investigation. As Cloud PACS manages 
communication from several geo-distributed locations, massive 
volumes of  data will have taxing effects on bandwidth. Thus, if  a 
test were to be achieved in a real medical institution setting, it may 
prove disruptive to day to day activity as some tests require satu-
rating the network with requests.22 Nevertheless, Godinho et al7 
also proposes a method to enable real world simulations without 
the disruption.22 Cloud PACS remains a fairly new advancement to 
solving image storage issues but as the previous articles suggest, 

there are many factors that still present issues that need consider-
ation.
 
Vendor Neutral Archives

VNAs are a recent advancement in information exchange tech-
nology that aimed to solve the multi-institutional problem that af-
fected traditional PACS. Onsite or cloud-based VNAs made image 
exchange possible by normalizing the proprietary DICOM format 
of  individual vendors for storage but still enabled images to be 
sent out in their original DICOM format.3,23-25 The introduction 
of  a universal viewer, or univiewer, removed the need to learn 
new viewers for each PACS. This improved physician preference, 
mobility and viewing flexibility. Additionally, upgrades to PACS to 
view different modalities, i.e. computed tomography (CT), mag-
netic resonance imaging (MRI), cardiology etc., was removed as 
different image modalities could each be supported and retrieved 
easily from VNA storage. Costs from maintenance and informa-
tion technology (IT) support were outsourced to the vendor of  
the VNA, in the case of  cloud-VNA this infrastructure cost was 
greatly reduced.3 Thus, hospitals could support multiple PACS 
viewers and exchange images between institutions with different 
PACS vendors. 

 Workflow and efficiency of  the imaging department 
were then greatly improved. Previously, physicians and radiologists 
would spend time to alternate and learn different PACS systems 
or unpack new image software to view outside images from a CD. 
With the aid of  a VNA, physicians could continue using the PACS 
viewer they were most comfortable with and view images from dif-
ferent imaging departments easily. Furthermore, it allowed a best-
of-the-breed strategy to picking new PACS viewers as radiologists 
could choose which system was the most suitable for them without 
being limited to a single consistent PACS across disparate imaging 
lines.3,25,26

Issues of VNAs

Although VNAs removed some significant concerns for using 
PACs, it brought several inherent issues. On-site VNA storage re-
quires two data centres to be constructed and maintained with each 
centre containing a copy of  the data. Thus, the initial infrastructure 
deployment cost could surmount the budget of  a hospital.27 It will 
ultimately come down to the long term plan of  the health institute. 
If  the institution intends to maintain a relationship to one PACS 
vendor or if  they are too small to warrant this investment, then 
the upgrade may be unfeasible.3 However, if  purchased then the 
institution may go through their last data migration for all their 
images. As VNAs allow the combination of  a multitude of  PACS 
viewers, the institutional executive will be required to look after 
multiple PACS vendors. This is a disadvantage of  the best-of-the-
breed system selection as opposed to using a single PACS vendor 
for every image modality.3 

 In an article by Margolis, Westphalen & Haider,28 they 
noted that the non-DICOM compliance of  mpMRI image data 
was not supported by VNAs. The data they obtained from mpM-
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RI combined with transrectal ultrasound could aid identification 
of  prostate cancer. However, the metadata produced was non-
DICOM compliant and urgent information on prostate cancer 
was still managed through CDs. This article highlights that certain 
non-DICOM compliant data files are not covered by VNAs and 
can present serious issues for the investigation of  prostate cancer. 
Although a specific imaging combination is stated in this article it 
represents that VNAs are not infallible.

 Articles by Bialecki et al24 and Karthiyayini, Thavavel and 
Selvam were found that proposed additions to VNAs which could 
improve on inherent issues.24,27 Bialecki et al noted that object stor-
age technology could be an alternative to VNAs.24 Object storage 
technology improved search queries to very specific information 
involving the patient, the type of  illness and identification of  pa-
thology in the report. However, the article concludes by noting that 
the technology would be a better complementary add on to VNAs 
as it could be implemented in a non-disruptive manner as a power-
ful search engine. Although it was a case presentation, the article 
lacked results from a large-scale study and would require a follow 
up study to prove the practicality. Karthiyayini, Thavavel & Selvam 
presented an idea that had potential to be implemented in future 
VNA advancement.27 Cloud computing enables a shared pool of  
computing resources for private, community and public sectors. 
By combining VNAs and cloud computing, disadvantages of  on-
site VNAs could be resolved. Placing both data centres into cloud-
based storage could reduce the initial infrastructure deployment 
cost. Employing a platform-as-a-service format for the secondary 
data centre and a software-as-a-service format for the primary cen-
tre would enable the customer to only spend cost on an as-needed 
basis. This implementation is noted to provide flexibility for physi-
cians to access images from anywhere with the interoperability of  
exchanging information between different institutions and depart-
ments. However, with the use of  cloud-based software, security 
can become the primary concern as databases are now in the cloud 
as opposed to a physical on-site storage system.

Enterprise Imaging

In this transitional period of  image storage technology, enterprise 
imaging represents a step away from traditional PACS and towards 
systems for multi-institutional image sharing. The onset of  VNA 
technology provided a key foundation for providing a non-propri-
etary approach to archiving and data management that enterprise 
imaging can be based off.29 However, from the literature studied in 
this review, there exists no one clear cut definition for enterprise 
imaging. Roth et al30 identifies enterprise imaging as a set of  strate-
gies or initiatives to support clinical imaging workflows and man-
agement of  IT infrastructure in an optimized format.30 Petersilge 
provides a refined interpretation where enterprise imaging uses a 
central VNA to gather many hospitals and different care services 
lines into one single imaging system for image movements.31 An-
other interpretation defines that it is the incorporation of  all medi-
cal images into a single archive that is integrated into the electronic 
health record (EHR). However, the one agreed upon goal is for an 
image system utilized by health organizations to provide stream-
lined access to a longitudinal patient medical record encompass-

ing both DICOM and non-DICOM images from disparate service 
lines. The function of  enterprise imaging is similar to that of  a 
VNA however enterprise imaging is distinguished as it represents 
a refined regulatory format for health organisations to implement 
and follow.
 
Seven characteristics of enterprise imaging: A collaborative work-
group made up of  members from the Healthcare Information and 
Management Systems Society (HIMSS) and Society for Imaging 
Informatics in Medicine (SIIM) identified enterprise imaging as the 
next frontier in imaging systems. In preparation they developed a 
series of  white papers to guide the implementation of  enterprise 
imaging into healthcare organisations and identified 7 key charac-
teristics of  enterprise imaging.30,32-36 However, of  the series of  7 
white papers only two focus on specific key elements, Governance 
and EHR enterprise viewer, whilst another introduces the charac-
teristics.30,32,33 It may be extrapolated then that these two key ele-
ments were highlighted as important aspects of  enterprise imaging 
and that the other characteristics did not need as much guidance.

Governance: Governance is required to ensure care coordination 
and proper health information technology integration. There is not 
one unified definition or perspective of  governance. Roth, Lan-
num and Joseph32 state that although many articles have suggested 
the need for governance there are very few on the actual struc-
ture and implementation.32 To provide a united definition, Roth, 
Lannum and Joseph and Roth, Lannum and Persons explain that 
governance is a decision-making body, framework or process that 
oversees and develops strategies for the enterprise imaging pro-
gram.30,32 The body would oversee the development of  the agenda, 
technology, information, clinical use and financial aspects of  en-
terprise imaging. Successful governance would involve active co-
operation of  clinicians in the implementation of  clinical systems.32

Enterprise imaging strategy: Governance would then produce a 
strategic roadmap to the implementation of  enterprise imaging. 
This would include financial considerations on what technology is 
available and what is required to facilitate the transition. The same 
would be done for redundant technology such as legacy viewers 
or PACS.30

Enterprise imaging platform: From the strategy, the infrastructure, 
modalities, devices and integration points should be provided. The 
central repository is often VNA based, however the organization 
may opt for a PACS if  they intend on maintaining a single vendor. 
Several key considerations should be made such as whether the 
repository can handle DICOM and non-DICOM clinical images 
and video. The archive should be modality, modality vendor, spe-
cialty, service line and viewer agnostic. It should support standards- 
based access from DICOM, health level 7 (HL7) and web services. 
Furthermore, point of  care modalities, handheld devices, software 
and image exchange gateways should be supported.30 With this 
considered it can promote the importance of  the EHR transition-
ing into a longitudinal medical record.

Clinical images and multimedia content: Enterprise imaging sep-
arates images into their use by the performing providers. Thus, 
instead of  being categorized by modality, type of  image or op-
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erational workflow it is based on 4 broad categories. These are di-
agnostic, procedural, evidence and image-based clinical reports.30 
Rather than being firm rules they are general categories that al-
low for one image to fall into more than one category. Diagnos-
tic: images that confirm a clinical suspicion or provide differential 
diagnosis. Procedural: images captured before, during and after a 
procedure that act as a guide for surgical approach and documen-
tation. Evidence: like ‘procedural’ it acts as documentation of  the 
current state or progression of  treatment and pathology. Image 
based clinical reports: where delivery of  images contain textual in-
formation as well.30 

EHR enterprise viewer: The enterprise viewer attempts to provide 
a single viewer to all images saved in the electronic health record or 
centralized archive.30 To achieve this, the enterprise viewer must be 
a thin-client or zero client application that can be used on any de-
vice to display and manipulate images and documents stored in the 
EHR or separate centralized archives.33 This allows access to di-
agnostic image creators, surgical specialties, general providers and 
patients.30 However, as enterprise infrastructure allows the con-
solidation of  many disparate service lines, specialty viewers from 
legacy systems can still be used depending on radiologist choice. 
Advantages of  a thin-client or zero-client enterprise viewer include 
single viewer access to the HER, diagnostic image interpretation 
by specialties and clinics without a dedicated PACS, physician to 
physician collaboration, patient portal image viewing and medical 
education.33

Image exchange services: It is essential that enterprise imaging 
allows for inbound and outbound services of  images including 
standardized DICOM and non-DICOM.30 This provides the func-
tion of  true multi-institutional image sharing. Images stored and 
indexed in VNA can be pre-fetched onto a local PACS in the origi-
nal proprietary format for viewing.

Image analytics: By defining and standardizing all the imaging 
metadata, it provides a repository of  data that can be analysed.30 
Thus, business and clinical reports can be formed from this data 
for study statistics and image acquisition patterns. 

 The white papers produced by the HIMSS-SIIM collab-
orative workgroup provide a detailed and informative guideline 
to the structure of  a successful enterprise imaging format.30,32,33 
However, it can always benefit from specific studies into the actual 
implementation of  an enterprise imaging format using the 7 char-
acteristics as a template. As it stands, these white papers provide 
the current leaders of  a healthcare organisation the foundation to 
understand enterprise imaging.

Workflow changes of enterprise imaging: A new form of  imaging 
workflow known as encounter-based imaging may be introduced 
as enterprise imaging is adopted. However, this is dependent on 
the institution, what they aim to achieve and whether any depart-
ments would benefit from this workflow. Traditionally, order-based 
imaging is conventional in radiology. This followed a systematic 
format where referring physicians prescribe a specific standard-
ized study to be performed at a radiology department to achieve 
a differential diagnosis.34 The radiology department would receive 

the order, obtain the image and the radiologist would send their 
diagnostic report back to the physician. However, certain depart-
ments that acquire visible light images or recordings may not fit 
into this workflow. For departments such as dermatology, emer-
gency of  some surgical settings, they may be required to acquire 
photographs of  moles, skin lesions or moles on presentation of  
the patients.34 As this is not known before the patient arrives an 
order cannot be set prior. Furthermore, the orders that use stan-
dardized general locations such as ‘Humerus’ in radiology may not 
be applicable when the mole is in a more specific location of  the 
upper arm. With the potentiality for multiple moles in dermatol-
ogy it would be highly inefficient to order multiple image orders of  
different body specific locations. Encounter-based image capture 
would allow image acquired by the dermatologist to be manually 
inputted into the patient’s electronic health record allowing for ease 
and specificity. However, the risk of  misspelling patient or study 
information exists with manual typing. For encounter-based image 
capture to function properly there needs to be mechanisms that 
enable delivery of  image specific information as part of  the image 
metadata such as body part identification, acquiring specialty or 
procedure description. As it stands, encounter-based imaging is not 
a well-documented or well implemented system in EHRs. As only 
one white paper produced by Cram, Roth and Towbin exists that 
outlines the potential uses of  an encounter-based workflow, more 
research into the efficiency of  this system in departments such as 
dermatology is required to highlight the benefits.34

Different applications of enterprise imaging: Enterprise imaging 
is not one single system format, , preferably it is an idea on image 
sharing and storage optimisation as demonstrated by Bian, Topalo-
glu and Lan and Erdal et al35,36 Bian, Topaloglu and Lan discuss 
the development of  an enterprise imaging repository (EIR) for 
implementation into a nuclear medicine department at the Univer-
sity of  Arkansas for Medical Sciences (UAMS).35 The need arose 
from the issue of  poly ethylene terephthalate (PET)/CT storing 
huge amounts of  images to an old PACS server that was cost inef-
ficient. The equipment identity register (EIR) utilized a universal 
web-based viewer, integrated into the ADT (Admission, discharge 
and transfer) system of  UAMS and accepted a variety of  image 
formats including non-DICOM standard formats. This followed 
several characteristics of  enterprise imaging including: Enterprise 
imaging platform, enterprise viewer and image exchange services.30 
As evidenced, the EIR did not utilize a VNA but followed the 
stratagem of  storing all medical image files in a central location 
with ease of  access and sharing. However, the article only covered 
images created in a nuclear medicine department of  one organiza-
tion. It can be further improved by testing the technology on dif-
ferent departments and reviewing the processing of  non-DICOM 
standard images in another study. 

 Erdal et al36 demonstrated a study on the development 
of  radiology and enterprise medical imaging extensions (REMIX) 
platform at the Department of  Radiology in The Ohio State Uni-
versity Wexner Medical Centre.36 The REMIX system was a col-
lection of  hardware and software modules that presented custom 
code and add-ons to vendor-based software. It aimed to enhance 
cancer related imaging and research by mining cancer radiomics 
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data and providing a platform to build predictive models relating 
image features to tumour phenotypes. Although REMIX does not 
strictly deal with conventional imaging it presents a unique adap-
tion of  enterprise imaging in research that allows for datasets of  
multiple institutions to be extracted and analysed. However, the 
study provides a proof  of  concept and for the functionality to be 
fully realized, the study should be tested again involving datasets of  
multiple hospitals.
 
Challenges and limitations of enterprise imaging: Enterprise im-
aging although useful is not without faults. Several articles have 
identified issues that range from technical considerations to work-
flow issues. HIMSS-SIIM have attempted to provide solutions 
to challenges identified in their white papers but these remain as 
guidelines.37,38

 Although a minor issue, there are some image produc-
ers who do not appreciate the accessibility of  patient images or 
the integration into a longitudinal medical record. These image 
producers believe that only the diagnostic report is the significant 
product and that images are only important to the diagnostic inter-
preter.31 It may be interpreted as a natural stubbornness to change 
and an issue that does not require much intervention. A hurdle that 
every organization transitioning to an enterprise imaging format 
is still data migration.2,3,8,39 However, it should be reaffirmed that 
although it may be costly and time consuming, if  transitioning to 
cloud based or VNA stage it may be the last data transfer ever. 

 Several functional issues of  enterprise viewers were raised 
by Roth et al33 Although enterprise viewers can support a major-
ity of  images they cannot support every single format today and 
formats developed in the future. Thus, they should not be termed 
‘universal viewers’ as it carries a different connotation. Another 
issue is that some enterprise viewers may carry basic to specialty 
image interpretation tools whilst other viewers only support neces-
sary tools.33 It may be a reasonable conclusion then that the enter-
prise viewer is more suited to a general group of  users and will not 
be able to suit every single provider. Furthermore, different view-
ing environments may be required by radiologists or cardiologists 
and an enterprise viewer may not present images in an ideal state 
without the need for manual intervention. 

 Some technical limitations are identified in a white pa-
per by Clunie et al37 They identify that with diagnostic imaging, 
some ECG systems will maintain raw data in proprietary formats 
and only allow a post processed image of  the waveform through. 
Similarly, ophthalmic imaging devices do the same but only allow 
software analysis to be achieved through vendor specific soft-
ware. Other imaging specialties including obstetrics and gynaecol-
ogy present another issue with lack of  vendor conformance on 
DICOM standards. This further accentuates that some specialty 
groups can raise issues in enterprise image storage as seen in previ-
ous studies.9,28 Additionally, linking all imaging to the same proce-
dure in situations where both DICOM and non-DICOM imaging 
are used has proved difficult to achieve in the electronic health 
record (EHR). These issues highlight that there may be a reluctant 
acceptance that not all raw image data can be acquired and that the 
EHR requires further refinement.

 Enterprise imaging aims to provide acceptance of  non-
DICOM images, however visible light images or recordings can 
create unique issues for effective image storage. Visible light (VL) 
images involve images captured on a camera in settings such as 
dermatology or emergency to document physical appearances of  
skin lesions or wounds respectively. However, in integration to en-
terprise imaging storage, VL requires the support of  true colour 
images, different metadata requirements and acquisition workflow 
as opposed to conventional radiology.37 Images that undergo lossy 
compression can lose accurate detail and start to blur on review. 
Lossless compression can preserve this image information but will 
result in larger file sizes.37

 Towbin et al identifies seven workflow issues associated 
with visible light images.38 Workflow: organisations will be required 
to decide on whether an order based or encounter based image 
capture workflow system should be utilised. As some departments, 
such as dermatology, do not know whether they will take an image 
prior to patient presentation or may be required to take multiple 
pictures then order based image capture can prove inefficient. 

Patient identification: Camera images will typically lack unique pa-
tient identifiers inside the image. Solutions such as patient identify-
ing stickers or imaging patient identifiers before and after the im-
age acquired can be used in some situations. However, this method 
is prone to human error and cannot be used in situations where a 
sterilised field is required. 

Information of the image: Measurements that could be typically 
taken with normal viewers are redundant in cases with photo-
graphs as pixel spacing and zoom factor are not standardized. To 
combat this, if  a measurement tool such as a ruler is in place then 
measurements can be taken. Colour standardization will also be 
an issue as lighting, shadowing and camera settings will vary with 
every image. Thus it will be difficult to colour correct on a com-
puter. Similar to before if  a physical tool such as a colour wheel is 
introduced then the computer can recognize this tool and perform 
colour corrections efficiently. However, physical tools present in 
image will suffer the same problems as Patient identification. 

Reporting: Bi-directional image and report viewing will be required 
as photographs can often be taken after the report in dermatology 
as opposed to being taken before in conventional radiology. This 
allows for easy image and report association and viewing. Meta-
data: essential information such as body part region, department 
and procedure description is lost with VL images. To counter this 
effect, if  the body type and study type information is included in an 
encounter based image workflow then some important metadata 
can be retained. 

Legal concerns: Photographs that document child abuse or sexual 
assault can bear privacy issues. In this case the organization will 
need to create permissions for access but image sharing will mag-
nify this issue. 

Mobile viewing: Mobile viewing with the advent of  mobile devices 
such as smartphones, more and more physicians are using their 
devices to document pathology. This raises a range of  legal issues 
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as their phones become carriers of  patient sensitive data. However 
mobile applications could be created to facilitate this. 

 Clunie et al and Towbin et al have highlighted a variety of  
technical and workflow issues with visible light images.37,38 Howev-
er, both these white papers are unable to provide solutions for each 
issue. Solutions provided are general and although these papers 
serve to guide organizations on what issues they may face, further 
research may be required to solve specific issues raised. 
 
 An exciting challenge presented by Dinov describes how 
big healthcare data lacks any reliable means for data analysis or 
research.40 As enterprise imaging will gather significant amounts 
of  data and only continue to expand in size and complexity, data 
analysis may be problematic. As previously noted by Erdal et al,36 
data analysis can provide models for pathology and image analy-
sis. However, although Dinov is hopeful that analysis technology 
will encounter great advances in the future, enterprise imaging will 
present unique issues of  associating DICOM and non-DICOM 
images for collaborative analysis.40

CONCLUSION

Technological advancement has allowed for significant changes in 
the healthcare imaging industry. Multi-institutional image sharing 
is no longer a limitation for many healthcare organizations who 
are still using a traditional PACS model. With the arrival of  enter-
prise imaging, a format to achieve accessible healthcare imaging 
to both radiologist, radiographer and patient is possible. However, 
the transition to an enterprise imaging model is a great or deal that 
an organization must be willing to undertake before reaping the 
benefits.
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lowest frequency to the highest frequency.9 The 
zigzag sequence begins at the upper-left portion 
of the 8 x 8 block and terminates at the bottom-
right portion of the 8 x 8 block. Additionally, 
Smith and colleagues9 note, “because most of 
the high frequency components will have been 
reduced to 0 through the quantization process, 
the tail of this string will be predominantly 
zeros. It is during the encoding process that data 
compression takes place. Through the use of 
techniques such as Huffman encoding, the data 
can be summarized into a significantly reduced 
volume.”

Block Compression Techniques
Two popular block compression techniques are the 

JPEG (Joint Photographic Experts Group) standard and 
wavelet compression. JPEG uses both Huffman and run 
length encoding schemas for compressing images to 
reduce the volume of data.

The JPEG compression algorithm, which was devel-
oped for gray scale or color images, can be lossless or 
lossy; however, for diagnostic images, lossy JPEG com-
pression “degrades ungracefully at high compression 
ratios, with prominent artifacts at block boundaries, 
and it cannot take advantage of the 8 x 8 pixel blocks.”6 
Additionally, as noted by Mann,10 “the quantization 
error can cause objectionable ‘ringing’ around sharp 
edges, especially text.”

To overcome these problems, wavelet compres-
sion techniques (lossy compression) are now used. As 
described by Schomer et al,11 “the wavelet transform is a 
powerful mathematical tool with many unique qualities 
that are useful for image compression and processing 
applications.... By exploiting spatial and spectral infor-
mation redundancy in images, wavelet-based methods 
offer significantly better results for compressing medi-
cal images than do compression algorithms based on 
Fourier methods, such as the discrete cosine transform 
used by the Joint Photographic Experts Group.”

Wavelet compression algorithms (eg, discrete wavelet 
transform) are based on the use of high- and low-pass 
filters coupled with complex mathematics to produce 
compressed image data. The basic framework for wavelet 
compression is shown in Figure 10. The literature also 
describes the use of advanced wavelet techniques such as 
set partitioning in hierarchical trees (SPIHT) that pro-
vide better image quality than JPEG, especially at high 
compression ratios.12

Recently, JPEG 2000 has become available for use in 
digital medical imaging. JPEG 2000 uses the best wave-
let methods to provide improved quality especially at 
high compression ratios. (See Fig. 11.) For a more com-
plete description of irreversible compression methods, 

An image in the 
spatial location 

domain

An image in the 
spatial frequency 

domain

Fourier 
Transform

Low Spatial  
Frequencies  
in the center  
(Image Contrast)

High Spatial 
Frequencies  
at the edges  
(Image Detail)

Fig. 8. Irreversible JPEG algorithm. A. Compressed CT scan. B. 
CT scan broken down into 8 x 8 pixel blocks and application of 
the discrete cosine transform to each block. C. The coefficients are 
quantized and then the coefficients of each block are reordered in 
a diagonal fashion, beginning with the “important” coefficients 
in the upper-left corner and ending with a string of zeroes in the 
lower-right corner. (Reproduced with permission from Erickson 
BJ. Compression of medical images. RSNA Categorical Course 
in Electronic Radiology Practice. Oak Brook, Ill: Radiologic 
Society of North America; 1999:83-91.) 

Fig. 9. An example of an image in the spatial location domain 
transformed into an image in the spatial frequency domain by the 
Fourier transform (FT).
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readers should refer to Huang,3 Mann,10 Erickson6 and 
Baxes.13 Additionally, readers should visit www.jpeg.org/
JPEG2000.htm for updates on JPEG 2000.

Image Compression Issues
Other issues related to the use of irreversible com-

pression in digital radiology include the visual impact 
of compression (lossy compression) on diagnostic digi-
tal images and the methods used to evaluate the effects 
of compression. 

Compression and Image Quality
The goals of both lossless and lossy compression tech-

niques are to reduce the size of the compressed image, to 
reduce storage requirements and to increase image trans-
mission speed. The size of the compressed image is influ-
enced by the compression ratio, with lossless compression 
methods yielding ratios of 2:1 to 3:1 and lossy compres-
sion having ratios ranging from 10:1 to 50:1 or more.3 

The quality of digital images plays an important role 
in helping the radiologist to provide an accurate diag-
nosis. At low compression ratios (8:1 or less), the loss 
of image quality is such that the image is still “visually 
acceptable.”3 The obvious concern is related to what 
Erickson refers to as compression tolerance, a term he 
defines as “the maximum compression in which the 
decompressed image is acceptable for interpretation and 
aesthetics.”6 Since lossy compression methods provide 
high to very high compression ratios, Huang points out 
that “currently lossy algorithms are not used by radiolo-
gists in primary diagnosis because physicians and radi-
ologists are concerned with the legal consequences of an 
incorrect diagnosis based on a lossy compressed image.”3

A recent survey of U.S. and Canadian radiologists 
indicated no consensus on the clinical use of irreversible  

compression for primary diagnosis. Opinions were 
generally positive concerning the notion of storage and 
transmission advantages of image compression. Finally, 
almost all radiologists in the study were concerned with 
the litigation potential of an incorrect diagnosis based 
on irreversible compressed images.14

Evaluating the Effects of Image Compression
In providing a rationale for examining the trade-offs 

between image quality and compression ratio, Huang3 
suggested the following experiment:

■ Compare 5 compressed CT images (512 x 512 x 
12) with compression ratios of 4:1, 8:1, 17:1, 26:1 
and 37:1 with the original image.

■ Determine the order of quality of the images.
■ Determine which compression ratio provides  

an image quality that can be used to provide  
a diagnosis.

As a result of this experiment, Huang states that, 
“Reconstructed images with compression ratios less than 
or equal to 8:1 do not exhibit visible deterioration in 
image quality. In other words, a compression ratio of 8:1 
or less is visually acceptable. But visually unacceptable 
does not necessarily mean that the ratio is not suitable 
for diagnosis because this depends on what diseases are 
under consideration.”3

To address this concern, it is necessary to evaluate the 
effect of compression ratios on image quality. To date, 
subjective and objective evaluation methods include:

■ Numerical analysis of pixel values before and after 
compression.

■ Subjective observer performance.
■ Objective observer performance.3,6,15

Numerical analysis is a simple method that involves cal-
culating the mean pixel error (normalized mean-square 

Lossy

Wavelet 
Decomposition

Lossless 
EncodingQuantization

Original 
Input Image

Compressed 
Output Image

Fig. 10. The general framework for the wavelet image compression technique.
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error or NMSE) between the original image and the 
compressed image. This provides a global measure of 
the quality of the compressed image; however, it fails 
to show accuracy of local measurement. As a result, 
there is a loss of data. Generally, the higher the com-
pression ratio, the higher the NMSE values. In addi-
tion, several researchers have shown that numerical 
analysis is not significantly correlated with observer 
performance.

Erickson6 reviewed the subjective assessment of 
compression effects. He examined several studies that 
used subjective ratings, such as ranking of images 
from low to high compression and appearance of 
pathology. Furthermore, other subjective observer 
performance assessment methods were identified, 
such as the use of image processing experts to identify 
“ just noticeable difference” and the double-blinded, 2 
alternative forced-choice assessment methods. Another 
qualitative measurement using the difference image 
(the difference between the original image and the 
compressed image) and its histogram is described by 
Huang.3 In this method, the quality of the compressed 
image is compared with the original image and “the 
corresponding histogram of the difference image pro-
vides a global qualitative measurement of the differ-
ence between the original and reconstructed images. 
A very narrow histogram means that [there is] a small 
difference, whereas a broad histogram means a very 
large difference.”

Objective observer performance, or diagnostic eval-
uations, of optimum compression ratios for medical 
images can best be measured by the receiver operating 
characteristic (ROC) analysis. ROC analysis is viewed 
as the most valuable and dominant method of assess-
ing observer performance in radiology, even though it 
is “tedious, time-consuming, and expensive....”3  

The method uses experts in a particular type of image 
(eg, chest images) to assess observer performance 
using an ROC confidence rating scale of 1 to 5, where 
1 means that the disease is absent and 5 indicates the 
presence of disease. 

Irreversible Compression Research
The use of irreversible compression is receiving more 

and more attention in the radiology literature because 
of the dramatic increase in the use of PACS and the 
need to reduce digital file storage requirements and 
decrease image transmission times.

Research on irreversible compression is still in its 
infancy because the technologies for digital radiol-
ogy are still evolving. It is apparent in the scientific 
literature that different imaging modalities generate 
image types that vary in matrix sizes, ranging from 128 
x 128 for nuclear medicine images and 256 x 256 for 
MR images to 512 x 512 for CT images, 2048 x 2048 
for CR/DR images and 4000 x 5000 for digital mam-
mography images. Additionally, these images have a bit 
depth ranging from 8 to 24. These characteristics play 
a major role in determining the spatial and contrast 
resolution of digital images.

Several irreversible compression algorithms such as 
JPEG, wavelet-based methods, advanced wavelet tech-
niques (eg, SPIHT) and JPEG 2000 have been applied 
to digital radiology images. Furthermore, some types 
of images have different compression tolerances. For 
example, Erickson6 pointed out that “digitized chest 
radiographs are very tolerant of compression (40:1 for 
SPIHT wavelet), digitized bone films are moderately 
tolerant (between 20:1 and 40:1), and CT, MR and 
ultrasound images exhibit fairly low tolerance to com-
pression (less than 20:1). Unfortunately, one cannot 
assign a single compression ratio for a modality even for 
a given organ system.” 

The research also indicates that numerical analysis, 
subjective evaluations and objective methods, most 
notably the ROC methodology, were used to assess the 
effects of various compression ratios on observer per-
formance. The detection tasks of the observers in these 
studies ranged from identifying and assessing struc-
tural details to lesion detection on images compressed 
at different ratios.

It also is apparent that compression in digital radi-
ology must be optimized based on the image type 
because different irreversible compression techniques 
are available.

Original Image JPEG 40:1 JPEG 2000 40:1

Fig. 11. The effect of JPEG 2000; a 40:1 compression ratio com-
pared with JPEG 40:1 ratio. (Images courtesy of David Seeram.)
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Professional Practice Standards  
And Regulatory Approval

In clinical imaging, the use of high compression 
ratios that maintain image quality is possible; however, 
it appears that because lossy compression does not 
preserve all the information contained in the original 
image, radiologists may face legal consequences with its 
use. Furthermore, the use of irreversible compression 
in clinical practice, particularly in the realm of primary 
reading, will be guided by professional practice stan-
dards and regulatory approval.

Several groups have positions on the clinical use of 
compression in radiology:

■ American College of Radiology (ACR). ACR pro-
vides statements regarding image data compres-
sion in its technical standards for digital image 
management16 and for teleradiology.17 In the realm 
of digital image management, the ACR states, 
“Data compression may be performed to facilitate 
transmission and storage. Several methods, includ-
ing both reversible and irreversible techniques, 
may be used under the direction of a qualified 
physician, with no reduction in clinical diagnos-
tic image quality. The types and ratios of image 
compression used for different imaging studies 
transmitted and stored by the system should be 
selected and periodically reviewed by the responsi-
ble physician to ensure appropriate clinical image 
quality.”16 In the technical standard for teleradiol-
ogy, the ACR states, “Data compression may be 
used to increase transmission speed and reduce 
storage requirements. Several methods, including 
both reversible and irreversible techniques, may be 
used, under the direction of a qualified physician, 
with no reduction in clinically significant diagnos-
tic image quality. The types and ratios of compres-
sion used for different imaging studies transmitted 
and stored by the system should be selected and 
periodically reviewed by the responsible physician 
to ensure appropriate clinical image quality.”17

■ Canadian Association of Radiologists (CAR). 
CAR’s position on compression is embodied in 
Resolution No. MW04-02, under the title “Lossy 
Compression Study,” adopted in February 2004.18 
The CAR statement reads, “Whereas studies on 
lossy compression of medical images are ongoing 
and proving significant, and whereas the storage 
of images on PACS will have significant  

consequences of cost and facilities, and whereas 
there may be significant legal consequences of 
storing them in a cost-effective method, lossy com-
pression; therefore, be it resolved that the CAR 
investigate the feasibility and legality of lossy com-
pression, including, as determined, consultation 
with the legal community”18 The image compres-
sion statement for CAR’s teleradiology technical 
standard parallels that of the ACR.

■ U.S. Food and Drug Administration (FDA). With 
respect to data compression, the FDA’s Center for 
Devices and Radiological Health maintains that 
the use of lossy compression and the compres-
sion ratio must be noted on compressed images 
displayed for viewing. Also, compression is user 
selectable. The use of compression for mammogra-
phy has not been cleared by the FDA at the time of 
publication.3

■ American College of Radiology/National 
Electrical Manufacturers Association (ACR/
NEMA). ACR/NEMA influences the clinical use 
of image data compression through the Digital 
Imaging and Communication in Medicine 
(DICOM 3) standard. DICOM 3.5. - 2003 (Part 5) 
features JPEG image compression, both lossless 
and lossy. Annex A4.4, for example, is dedicated to 
JPEG 2000 compression.3

■ American Association of Physicists in Medicine 
(AAPM). The AAPM does not have a position 
statement on the use of compression in clinical 
radiological practice. However, the organization 
has published a point/counter-point debate  
on the use of lossy image compression in chest 
radiography.19 

■ Society for Computer Applications in Radiology 
(SCAR). Although SCAR does not have a position 
statement on the use of irreversible compression 
in radiology, the organization has a white paper 
that presents an excellent overview of its use (AM 
Mason, oral communication, December 2004).

Neither the Radiological Society of North America 
(J. Georgi, oral communication, December 2004) nor 
the American College of Medical Physics (M Mills, oral 
communication, December 2004) has a position state-
ment on the use of compression in radiology.

Conclusion
The increase in the volume of digital image data gen-

erated by digital diagnostic imaging modalities clearly 
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requires a strategy for image storage and transmission. 
Image data compression techniques, especially irrevers-
ible compression schemes, can decrease the need for 
image data storage space and increase the speed of 
image transmission.

The impact of irreversible compression is evolving, 
and there is no consensus on the use of specific com-
pression ratios for primary diagnosis and clinical review 
of images. It appears that radiologists who use irrevers-
ible compression do not use the same compression ratios 
for similar image types.

In closing, it is important to note the viewpoint of  
Bradley Erickson, M.D., Ph.D., an authority on irrevers-
ible compression of medical images. He states that:

“Irreversible compression appears to be a very 
effective means of decreasing image file size to 
facilitate storage and transmission of radiologic 
images. There is increasing evidence that some 
forms of irreversible compression can be used with 
no measurable degradation in aesthetic or diagnos-
tic value. It is increasingly necessary for radiologists 
to become conversant with compression techniques 
and their effects on images. Using irreversible com-
pression in everyday practice can reduce signifi-
cantly the cost of delivering radiology services by 
reducing the information infrastructure required 
to deliver and store images.”6

Finally, it is important that radiologic technologists 
have a working knowledge of image compression and 
how it is used in digital radiology, especially in a PACS 
environment. Such knowledge may improve commu-
nication not only with radiologists, medical imaging 
physicists and biomedical engineers, but also with 
equipment vendors.
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During run mode, pixel values are coded using run-length coding. The run mode is terminated
when a pixel is encountered that does not satisfy the above constraints, or when the end of a row is
reached. For lossless coding, the value of δ is set to zero. For near-lossless coding, δ is set as a small
integer indicating the maximum allowable deviation of pixel values from the original values.

Figure 6. The prediction template used in JPEG-LS.

In regular mode, a prediction of the current pixel value is formed using the following equation:

X̂ =


min(A, B) if C < max(A, B)

max(A, B) if C < min(A, B)

A + B− C else

(3)

The prediction error X − X̂ is then coded using context modeling designed to exploit the
high-order structural dependencies between pixel values.. Contexts are formed by quantizing the
differences ∆1, ∆2, and ∆3 into 9 values each. Assuming that the prediction error distribution
is symmetric about the origin, the number of contexts is further reduced to 9 × 9 × 9/2 = 364.
Conventional context modeling methods would use these contexts as conditioning states and
adaptively estimate conditional probability models for the prediction errors for each context state
during coding. Employing such methods with a large number of contexts would lead to context
dilution. However, the JPEG-LS standard avoids this problem by estimating the conditional mean for
each context. These estimates are then used in a procedure called bias cancellation to further refine the
predictions. The bias-canceled prediction errors are encoded using Golomb codes [56].

JPEG-LS offers significant advantages in terms of its simple and easy to implement procedures,
low memory footprint, and low computational complexity. Despite the simplicity of the coding
procedures, the compression performance achieved by JPEG-LS is very competitive with methods that
rely on more computationally demanding coding techniques such as arithmetic coding. Since JPEG-LS
offers state-of-the-art lossless compression performance, it is particularly well suited for certain medical
applications that demand lossless compression.

There are several public software implementations of JPEG-LS including CharLS [57], libjpeg [58],
LOCO-I/JPEG-LS implementation by HP [59], an implementation by Dr. David Clunie [60], and an
implementation by University of British Columbia [61].

3.4. JPEG-XR

The JPEG-XR standard was developed with the primary goal of compressing continuous-tone
still images such as photographic images [62]. The standard originated from the HD Photo technology
developed by the Microsoft Corporation in 2007 [63] and was published in five parts: Part 1 of the
standard [62] defines the system architecture and Part 2 [64] provides the image coding specifications.
Parts 3 through 5 provide the Motion JPEG XR specification [65], conformance testing [66], and the
reference software [67], respectively.
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JPEG-XR was designed to provide high compression efficiency while also enabling low-complexity
encoding and decoding implementations. Similar to JPEG, JPEG-XR is also a “block-transform” based
image compression method. However, unlike JPEG which uses the DCT, JPEG-XR uses a hierarchical
two-stage lapped biorthogonal transform (LBT) implemented using lifting steps. The LBT reduces the
block-boundary artifacts which are commonly seen in JPEG-compressed images at high compression
ratios. The resulting transform bands are compressed independently, allowing a multi-resolution
hierarchy of up to 3 levels. The quantization stage of JPEG-XR offers flexible quantization step size
selection. The quantization step size can be varied spatially, across frequency bands, and across
color channels. The quantization step is followed by the inter-block coefficient prediction stage
which aims to remove the dependencies between the quantized transform coefficients across blocks.
JPEG-XR partitions the high-frequency data into two for layered coding: The so-called significant
information is entropy coded and the remainder, which is considered to be incompressible, is signaled
using fixed-length codes. JPEG-XR uses adaptive Variable Length Coding (VLC) tables which allows
the best table to be chosen for entropy coding based on the statistics of local coefficients.

JPEG-XR has two key features that are important for medical image compression applications:
First, JPEG-XR supports bit depths of up to 32 bits for the input image. Second, JPEG-XR supports
both lossy and lossless compression using the same signal flow path.

3.5. H.265

The H.265 video coding standard, also known as the High Efficiency Video Coding (HEVC)
standard, is proposed by the Joint Collaborative Team on Video Coding (JCT-VC), which is jointly
established by the ITU-T Video Coding Experts Group (VCEG) and the ISO/IEC Moving Picture
Expert Group (MPEG) [68]. HEVC/H.265 has been shown to attain significant improvements in
coding efficiency for camera-captured material compared to earlier video coding standards, in the
range of 50% bit-rate reduction for equal perceptual quality [68].

HEVC/H.265 follows the same general coding approach as its immediate predecessor standard,
H.264/AVC [69]. Namely, each frame in a video sequence is first split into non-overlapping
block-shaped regions. Each block is then predicted by using spatial data prediction within the same
picture or by using data from previously coded frames through motion compensation and estimation.
The former is referred to as intra-prediction, while the latter is referred to as inter-prediction. In both
types of prediction, the main goal is to reduce the amount of data needed to represent each block at
the best quality possible. HEVC/H.265 uses a quadtree-based coding structure with blocks ranging
from 4 × 4 to 64 × 64 pixels. The residual signal, which is the difference between the original block
and its prediction, is transformed using the two-dimensional DCT or Discrete Sine Transform (DST).
The resulting transform coefficients are then scaled, quantized, entropy coded, and transmitted together
with the prediction information. Context adaptive binary arithmetic coding (CABAC) is used for
entropy coding in HEVC/H.265. This is similar to the CABAC in H.264/AVC, but with improvements
to its throughput speed, compression performance, and context memory requirements. HEVC/H.265
includes a lossless coding mode that allows mathematically lossless reconstruction of a signal [70–81].
This is achieved by bypassing the transform, quantization, and other processing (sample adaptive
offset and deblocking filters) that affects the decoded picture, and feeding the residual signal from inter
or intra prediction directly into the entropy coder. Therefore, no additional coding tools are employed
for lossless coding. Figure 7 depicts a simplified block diagram of an encoder capable of generating
a compressed bit-stream compliant with the HEVC/H.265 standard [68].

The most important elements in the HEVC/H.265 intra-prediction process include [68]:

• 35 prediction modes, with 33 angular modes, one DC and one planar mode;
• adaptive smoothing of the reference samples; and
• filtering of the prediction block boundary samples.
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The most important elements in the HEVC/H.265 inter-prediction process include [68]:

• improved motion compensation with quarter-sample precision for motion vectors (MVs),
and 7-tap or 8-tap filters for interpolation of fractional sample positions;

• multiple reference pictures that allows transmitting one or two MVs for each block, resulting in
unipredictive or bipredictive coding, respectively;

• advanced motion vector prediction, which includes derivation of several most probable candidate
MVs based on data from adjacent blocks and the reference frame; and

• sample adaptive offset (SAO), which is a nonlinear amplitude mapping used after the deblocking
filter with the objective to better reconstruct the original signal amplitudes.

HEVC/H.265 introduces data structures called slices. Slices can be decoded independently from
other slices of the same frame. A slice can either be an entire frame or a region within a frame.
Slices facilitate resynchronization in the event of data losses. Extensions and enhancements to the
HEVC/H.265 standard are developed with the aim to support multi-view and 3D video coding,
scalable coding, and coding of high bit-depth images and videos represented using different color
formats. These enhancements are called Range Extensions (RExt) [82].

Transform & 
Quantization

Intra-prediction 
Estimation

Intra-
prediction

Motion 
Compensation

Motion 
Estimation

De-quantization & 
Inverse Transform 

Filter Control 
Analysis

De-blocking and 
SAO Filtering

CABAC

Input Video

Decoded Frame Buffer

Quantized Transform Coefficients

Motion Data

Filter Control Data

Intra-prediction Data

-

Output bit-stream

Figure 7. Simplified block diagram of an encoder capable of generating a compressed bit-stream
compliant with the HEVC/H.265 standard.

Finally, it should be noted that although HEVC was designed primarily for video coding
applications, the intra-coding tools defined in the standard can be used to compress still images
as well. Combined with its lossless mode and support for images with high bit-depths, HEVC is
a viable alternative for medical image compression applications.

4. Standards in Medical Image Communications

In the early 1980s, the digital medical imaging industry was rapidly growing and the need for
the development of standards for digital communication of medical images was evident. In 1983,
two organizations—the American College of Radiology (ACR) which is a professional society of
radiologists, radiation oncologists, and clinical medical physicists in the United States, and the National
Electrical Manufacturers Association (NEMA) which is a trade association representing manufacturers
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of electronic equipment—came together to form the Digital Imaging and Communications Standards
Committee. The committee published the first version of its standard (ACR-NEMA 300-1985) in
1985 [83] with revision in 1988 [84]. The standardization effort continued to evolve as participation
from outside of the United States as well as from medical specialties beyond radiology grew and the
medical imaging industry transitioned to networked operations. In 1993, the name of the committee
was changed to Digital Imaging and Communications in Medicine (DICOM) and a substantially
revised standard, also known as DICOM, was released [85].

DICOM specifies accepted medical image exchange formats and is the dominant standard for
medical image communications. Since its introduction in 1993, it has been widely deployed in
the healthcare industry and is credited for enabling the rapid transition of radiology practice from
a film-based workflow to a fully digital workflow. DICOM defines a protocol for image exchange
both over a network or through the use of physical media (CD ROM, DVD, etc.). The standard is
designed to allow the specificities of each imaging modality while creating a common ground between
data elements.

DICOM is an evolving standard. The DICOM Standards Committee regularly develops
supplements and corrections to the standard. Updates to the standard are required to maintain
effective compatibility with previous editions although some features may be retired during the
maintenance process. The use of retired features is discouraged for new applications. The current
version of the standard [86] defines several transfer syntaxes for encapsulation of encoded pixel
data which includes compressed data formats [87] (ACR-NEMA also proposed its own standard
mechanism for components to assemble into a compression pipeline [88]. However, it was not adopted
by implementers and has long since been abandoned).Run Length Encoding (RLE), JPEG [29,30],
JPEG-LS [51], JPEG-2000 [37,39], JPIP [28], MPEG2 [89], and MPEG-4 AVC/H.264 [90] are included
as compressed data formats in the standard. It is also important to note that work on new transfer
syntaxes to embed HEVC/H.265 in DICOM has been recently started. Currently, the DICOM work
item proposal to add HEVC/H.265 is published [91] and the draft of the relevant supplement (Sup 195)
is out for public comment [92]. The work has been split into two phases, the first is (in Sup 195) to
add support for the “ordinary” HEVC used in consumer devices (e.g., mobile phones to capture video
for medical applications), and the second is to consider intra-frame lossless scalable compression.
JPEG-XR was proposed for addition to DICOM [93], but when Microsoft lost interest in pursuing it, the
work item has not been pursued. Nevertheless, we include JPEG-XR in our review for completeness.

5. Legal and Regulatory Environment

While technical developments and standardization efforts have yielded effective compressed
data and exchange formats, practical adoption of these techniques in routine clinical practice is often
contingent upon the legal and regulatory environment. The use of data compression in medical
imaging is regulated by government organizations and there are guidelines provided by professional
societies [94,95]. In the US, commercial distribution of medical devices is regulated by the Food and
Drug Administration (FDA). The FDA regulates PACS with capabilities defined to include medical
image transfer, display, processing, and storage. In 1993, the FDA issued a guidance statement
for “suitability of lossy compression for different medical applications such as primary diagnosis,
referral and archiving” [96]. In these guidelines, the FDA did not require the manufacturers to
restrict indications for use of PACS devices which incorporate lossy compression but stated that the
manufacturers may voluntarily restrict recommended use. These guidelines also stated that “video and
hard copy images which have been subjected to lossy compression shall be provided with a printed
message stating that lossy compression has been applied, and the approximate compression ratio”.

The issue of lossy vs. lossless compression has long been a topic of discussion by government
organizations, professional societies, and legal experts. It was argued that degradation of image quality
due to lossy compression may result in injury to a patient and the manufacturer of the product may be
liable for the physical harm [97]. It was also argued that the lack of legal standards for radiological
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image compression makes it hard for courts to judge a malpractice case which involves a medical
device with a lossy compression algorithm [98]. Two independent legal reviews conducted in 2006
to assess the legal risk of adopting lossy compression concluded that the use of lossy compression
had not been considered in a court of law in the Commonwealth or the United States [99]. There has
also been legislation passed effecting the use of compression in certain applications. For example, the
Mammography Quality Standards Act (MQSA) [100] was enacted by the US Congress to establish
national standards for both film-based and digital mammography. FDA was given the task to develop
and implement MQSA regulations. The guidance provided by the FDA sets specific requirements for
compression of mammography images [101]. It requires that full-field digital mammography data
must be stored in its original (uncompressed) format or in losslessly-compressed format for long-term
archival. The use of lossy compression for long-term archival is not allowed.

More recently, several professional organizations have issued guidelines and standards for the
use of compression in medical imaging applications. In 2007, the American College of Radiology
(ACR) released a technical standard (which was revised in 2014 [95]). In this standard, ACR does not
make any statements on “the type or amount of compression that is appropriate to any particular
modality, disease, or clinical application to achieve the diagnostically acceptable goal”. However, the
ACR standard states that “only algorithms defined by the DICOM standard such as JPEG, JPEG-LS,
JPEG-2000 or MPEG should be used, since images encoded with proprietary and nonstandard
compression schemes reduce interoperability” [95].

In 2008, The Royal College of Radiologists (RCR) in the United Kingdom issued guidelines for
adoption of lossy compression for the purpose of clinical interpretation [102]. This position statement
by the RCR supports the use of compression as part of the Connecting for Health national PACS solution
and recommends compression ratios for the purposes of primary diagnosis for different modalities as
shown in Table 2. These recommendations of the RCR were based on a review of earlier studies some
of which considered effects of varying levels of lossy compression on diagnostic accuracy as well as
others which relied on the concept of Just Noticeable Difference (JND), i.e., readers’ ability to discern
difference between a compressed image and the original [102]. The RCR also recommended further
studies to establish the effects of compression on thin-slice CT data and radiotherapy CT planning.

Table 2. Lossy compression ratio recommendations by the Royal College of Radiologists [102].

Modality Compression Ratio

Mammography 20:1
Chest Radiography 10:1

Skeletal Radiography 10:1
Ultrasound 10:1

Digital Angiography 10:1
CT (all areas) 5:1

Magnetic Resonance 5:1
Radiotherapy CT No lossy compression

In 2011, the Canadian Association of Radiologists (CAR) published a standard to validate the use
of lossy compression under certain circumstances and for specified examination types [103]. The CAR
standard is based on earlier Pan-Canadian studies sponsored by CAR [104] and provides maximum
compression ratios for JPEG and JPEG2000 for the specific modalities and anatomical areas as shown
in Table 3. The compression ratios in the table are recommended in order not to cause observable
distortions in the corresponding modalities. These recommendations were based on data collected
during a large scale study by 100 readers. The study used both an objective assessment method based
on diagnostic accuracy and a subjective method based on the concept of Just Noticeable Difference [104].
The CAR standard recommends the use of JPEG2000 over JPEG due to its advantages with respect to
progressive transmission and bit depth support and requires the display systems to indicate that lossy
compression has been used as well as the type of compression and compression ratio. Importantly, the
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CAR standard explicitly states that it does not cover compression of images which will be used within
Computer Aided Diagnosis (CAD) or image post-processing applications such as 3D reformatting,
multi-planar reconstruction, or maximum intensity projection.

Table 3. Maximum lossy compression ratios in the Canadian Association of Radiologists
standard [103]. Acronyms used in the table: Computed Radiography (CR), Digital Radiography
(DR), Computed Tomography (CT), Ultrasound (US), Magnetic Resonance (MR), Nuclear Medicine
(NM), JPEG2000 (J2K), Musculoskeletal (MSK). CT ∗ denotes CT imaging with a slice thickness of 5 mm
or greater and CT † denotes CT imaging with a slice thickness of less than 5 mm.

Modality

Anatomical CR/DR CT ∗ CT † US MR NM

Region JPEG J2K JPEG J2K JPEG J2K JPEG J2K JPEG J2K JPEG J2K

Angio - - 15:1 15:1 - - - - 24:1 24:1 11:1 11:1
Body 30:1 30:1 15:1 10:1 12:1 12:1 12:1 12:1 24:1 24:1 11:1 11:1
Breast 25:1 25:1 - - - - 12:1 12:1 24:1 24:1 11:1 11:1
Chest 30:1 30:1 15:1 15:1 12:1 12:1 - - 24:1 24:1 11:1 11:1
MSK 30:1 20:1 15:1 15:1 12:1 12:1 12:1 12:1 24:1 24:1 11:1 11:1

Neuro - - 12:1 8:1 12:1 12:1 - - 24:1 24:1 11:1 11:1
Pediatrics 30:1 30:1 15:1 15:1 - - 12:1 12:1 24:1 24:1 11:1 11:1

There have also been studies by professional societies in Europe. In 2009, the German Röntgen
Society (DRG) provided recommendations for lossy compression of digital radiological images [105].
These recommendations were developed during a consensus conference attended by more than
80 experts. The conference attendees examined hundreds of earlier studies from the previous two
decades and aimed to develop recommended compression ratios with no expected reduction of
diagnostic image quality. The recommended compression ratios are shown in Table 4.

In 2011, the European Society for Radiology (ESR) published a position paper that summarized
the results of an international expert discussion initiated by the ESR on open issues using image
compression in radiology [94]. The ESR position paper provided guidelines on many issues but did
not provide compression ratios like the earlier standards and guidelines prepared by the professional
societies. Instead, the ESR recommended that “radiologists should follow the recommendations of
CAR, DRG or RCR” to ensure Diagnostically Acceptable Image Compression (DAIC) [94].

Table 4. Lossy compression ratio recommendations by the German Röntgen Society [105].

Modality Compression Ratio

CR/DR (mammography) 15:1
CR/DR (all areas except mammography) 10:1

CT (all areas except brain) 8:1
CT (brain) 5:1

Magnetic Resonance 7:1
X-ray Angiography 6:1
Radio Fluoroscopy 6:1

6. Compression Performance of Image Compression Standards on Medical Data Sets

Compression performances of different image compression standards have been extensively
studied on medical images in many studies in the existing literature [73,77–80,106–113].
Notwithstanding, to the best of our knowledge, compression performance results in the literature
are not simultaneously available for all image modalities described in Section 2 for lossless and lossy
compression using the standards described in Section 3 with comparable parameters. In particular,
results for more recent standards such as JPEG-XR and HEVC have not been extensively studied.
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It is the main goal of this section to provide the reader with objective compression performance
metrics, which can be used to acquire a sense of the variability in medical image content (even when
the modality and anatomy are restricted) and the relative performance of each compression standard
for some of the most common medical image modalities. Experiments were conducted using
10 CT colonography image volumes, 10 CT Lung image volumes, 10 MR Mammography image
volumes and 10 MR Brain image volumes from the Cancer Image Archive [114], and 10 H&E stained
digital pathology images provided by the Clinical Image Analysis Laboratory of The Ohio State
University [115]. For reproducibility, we have made the datasets used in these experiments publicly
available: The image volumes are available through [116] and the digital pathology images are available
through [117]. A brief description of the data sets is provided in Table 5.

It is important to point out that this evaluation has limitations. First, the relatively small number
of image modalities and image samples in each image modality did not capture the whole diversity of
medical images. In fact, even parameters used during data acquisition (such as Repetition Time (TR)
or Echo Time (TE) in MRI) might have a significant impact on compressibility of the resulting images,
although it is out of the scope of this paper to analyze the effect of these parameters on compression
performance. Furthermore, a comprehensive evaluation may require observer studies with radiologists
or pathologists to study the impact of compression on diagnostic performance (refer to Section 6.2 for
further discussion) together with a careful evaluation of the computational requirements of particular
software implementations on particular hardware platforms. Therefore, results in this section should
only be interpreted as general trends, and not as a substitution of a detailed study on any given image
modality or compression algorithm.

Table 5. Description of data sets.

Database Modality Image Dimensions (x, y, z) Bit Depth

TCIA-COLONOGRAPY CT Colonography (512, 512, 426–566) 12
LIDC-IDRI CT Lung (512, 512, 133–280) 12

TCGA-BRCA MR Mammography (256, 256, 148–160) 12
TCGA-GBM MR T2 Flair Axial (384, 512, 25–29) 12

- H&E Stained Digital Pathology (6000, 6000, -) 24 bits (color)

In the experiments we compared JPEG-LS, JPEG2000, JPEG-XR and HEVC for lossless
compression, and JPEG, JPEG2000, JPEG-XR and HEVC for lossy compression, using default
parameters except as noted. For JPEG and JPEG-LS, the libjpeg software was used [58]. Results for
JPEG-XR were obtained using version 1.41 of the JPEG XR Reference Codec [118]. Version 7.8 of
the Kakadu software was used for the JPEG2000 results [50]. For HEVC, the reference software
HM-16.4 was used [119] with the default configuration files for the AI and RA modes provided by the
reference implementation.

To provide fair comparison of the different coders, each slice was compressed independently as
a monochrome image except for HEVC RA, while HEVC RA exploited the redundancy among image
slices. For pathology images, redundancy among the three color components was exploited with
default parameters except for HEVC, which did not support color decorrelation transforms within
the standard. For HEVC, images were compressed as a single 4:4:4 RGB frame, and hence only the AI
mode is tested.

While the results of the experiments are summarized in the following subsections, all of the
detailed data obtained in these experiments are provided as Supplementary Material to enable
reproducible research.
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6.1. Lossless Compression

Comparison of the lossless performances of the image compression standards on the data
sets described in Table 5 is shown in Table 6. These results indicate that JPEG-LS provided the
best compression ratios on CT Colonography and MR Mammography data sets. The compression
performance of JPEG-LS was among the top three on the remaining data sets. We also note that the
JPEG2000 yielded the highest average compression ratios on MR T2 Flair Axial and Digital Pathology
data sets, and HEVC RA attained the highest average compression ratio on CT Lung data set. It can
also be observed that the availability of inter-frame and intra-frame prediction in HEVC RA resulted
in higher average compression ratios compared to the intra-only prediction used in HEVC AI. For all
data sets except MR Mammography, JPEG-XR achieved higher average compression ratios compared
to HEVC.

Table 6. Comparison of the lossless compression performances of different methods on different
data sets. Average compression ratios as well as the standard deviation of the compression ratios are
displayed. The largest average compression ratio for each modality is displayed in bold font.

Modality Compression Standard Compression Ratio

CT Colonography

JPEG-LS 1.89 ± 0.1089
Lossless JPEG-XR 1.79 ± 0.0869
Lossless JPEG2000 1.86 ± 0.1042

HEVC AI 1.64 ± 0.0897
HEVC RA 1.87 ± 0.1315

CT Lung

JPEG-LS 2.08 ± 0.3195
Lossless JPEG-XR 1.94 ± 0.2571
Lossless JPEG2000 2.02 ± 0.3160

HEVC AI 1.84 ± 0.2739
HEVC RA 2.10 ± 0.3217

MR Mammography

JPEG-LS 2.06 ± 0.2520
Lossless JPEG-XR 1.72 ± 0.1401
Lossless JPEG2000 2.01 ± 0.2406

HEVC AI 1.77 ± 0.2357
HEVC RA 2.03 ± 0.2504

MR T2 Flair Axial

JPEG-LS 2.75 ± 0.2267
Lossless JPEG-XR 2.85 ± 0.2206
Lossless JPEG2000 2.91 ± 0.2463

HEVC AI 2.26 ± 0.1818
HEVC RA 2.51 ± 0.1955

Digital Pathology

JPEG-LS 1.72 ± 0.0786
Lossless JPEG-XR 1.72 ± 0.0497
Lossless JPEG2000 1.76 ± 0.0674

HEVC AI 1.49 ± 0.0905

6.2. Lossy Compression

For this comparison, it would be appropriate to define image quality as the performance
of an observer for a specific task of practical importance [120]. Note that the observer can be
a human observer or an algorithm [121]. For human observers, measuring such performance through
psychophysical studies for the large variety of tasks and data present in medical imaging applications
is time-consuming and expensive. Although model observers for task-based image quality assessment
have been proposed [122,123], incorporation of these model observers into compression pipelines are
usually designed for individual medical imaging modalities and has not been studied extensively
except in a few isolated cases [124,125]. Therefore, objective performance metrics have often been used
in image compression literature, although it is understood that these metrics, while relatively simple
to compute, are only loosely correlated with diagnostic performance. Instead, for this study, we used
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three algorithmic distortion metrics to provide objective comparison of the images compressed by each
tested compressor. In particular, we used Peak-Signal-to-Noise-Ratio (PSNR), structural similarity
(SSIM) index [126], and HDR-VDP-2 metric [127]. Both SSIM and HDR-VDP-2 have been designed
based on the properties of the Human Visual System (HVS). HDR-VDP-2 has been shown to correlate
well with probability of image difference detection [127]. This metric has also been calibrated for high
dynamic range images, making it suitable for medical images with bit depths larger than 8 bits.

Figures 8–12 show the lossy compression performances of different image compression standards
on each image data set. These plots illustrate the mean performances over the entire data set for each
modality. Detailed resulted data for each image are available as Supplementary Materials. PSNR was
obtained using the mean squared error calculated across the entire image, while SSIM and HDR-VDP-2
were calculated using the luminance component of each image.

Figure 8. The mean PSNR, SSIM, and HDR-VDP-2 metrics vs. Compression Ratio for
CT-COLONOGRAPHY data.

Results show that, for 3D image volumes, both HEVC AI and HEVC RA consistently produced
the best compression performance, followed by JPEG2000. In general, HEVC RA produced superior
results to HEVC AI due to the exploitation of inter-slice redundancies. For digital pathology images,
JPEG2000 outperformed HEVC, which can be explained by the fact that HEVC (in particular its
rate-allocation algorithm) was designed to compress video sequences with multiple frames, and that
digital pathology images were interpreted as a single color frame. In general, JPEG-XR and JPEG2000
produced similar compression results for 3D volume images. This is consistent with the fact that both
algorithms employed very efficient hierarchical transforms. It can also be observed that JPEG2000
performed moderately better than JPEG-XR for digital pathology. These results suggest that the DWT
used in JPEG2000 provided higher efficiency than the LBT in JPEG-XR standard for images.
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Figure 9. The mean PSNR, SSIM, and HDR-VDP-2 metrics vs. Compression Ratio for LIDC-IDRI data.

Figure 10. The mean PSNR, SSIM, and HDR-VDP-2 metrics vs. Compression Ratio for
TCGA-BRCA data.

In most cases, JPEG performance fell behind the other compression methods for 3D image
volumes. This happened because JPEG was the earliest and simplest among these standards for
gray-level images. For pathology images, the PSNR performances of the 4 methods referred to in the
simulations were very close to each other. The JPEG2000 attained better performance than JPEG-XR
and JPEG-XR exhibited better performance than JPEG for high compression ratios in terms of PSNR,
which was similar to the 3D image volume cases. However, in terms of SSIM and HDR-VDP-2, both
JPEG2000 and JPEG performed better than JPEG-XR and HEVC. This can be explained by the fact that
JPEG2000 and JPEG gave higher priority than JPEG-XR and HEVC to the luminance channel employed
in SSIM and HDR-VDP-2 calculation.
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Figure 11. The mean PSNR, SSIM, and HDR-VDP-2 metrics vs. Compression Ratio for
TCGA-GBM data.

Figure 12. The mean PSNR, SSIM, and HDR-VDP-2 metrics vs. Compression Ratio for Digital
Pathology Data.

7. Conclusions and Future Directions

Modern medical practice relies heavily on imaging techniques that produce an ever-increasing
volume of digital medical imaging data. Data compression plays an important role in efficient storage,
distribution, and management of these data sets. The international image compression standards
developed by ISO/ITU/IEC address the need for compatibility and interoperability between image
communication systems. Many of these standards have been included in the DICOM standard as
compressed data formats for exchange of medical images. While compression efficiency is an important
consideration for inclusion in DICOM, compatibility and interoperability weighs heavily when new
compression techniques are considered for inclusion. DICOM informally applies a 30% improvement
threshold over existing schemes (in the absence of any special features) in a new proposed scheme,
rather than approving a multitude of “me too” schemes with similar performance.

While there is recognition that lossless compression methods are of limited use due to their
modest compression performances, there is no consensus on lossy compression methods in the medical
imaging community. A wide range of studies and literature reviews which support the safe use of lossy
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compression in medical imaging have led several professional organizations to develop guidelines for
the use of lossy compression in clinical practice. However, these guidelines are not always consistent
among each other. For example, the DRG, RCR, and CAR guidelines recommend compression ratios
up to 15:1 , 20:1, and 25:1, respectively, for digital mammography datasets. On the other hand, the use
of lossy compression of mammography data is disallowed by the MQSA in the US.

It is important to note the significant variability in medical image sets, even when the modality
and anatomy is restricted [128]. The above-mentioned guidelines aim to provide a single (maximum)
compression ratio that will ensure the preservation of diagnostic information in all compressed datasets.
However, the use of a fixed compression ratio results in significant variation in quality among different
data sets. Conservative selection of this compression ratio leads to ineffective compression of many
images in order to avoid undesirable artifacts in a few hard-to-compress images. Alternatively, recent
studies have proposed the use of perceptual quality metrics to drive standard image compression
algorithms [129–131]. These methods aim to optimize image compression based on the properties and
capabilities of the HVS. The goal is to compress the image data such that each and every image has
the desired visual quality regardless of image content. Adoption of such metrics in medical practice
may lead to improved compression performance while ensuring constant visual quality across images.
As a result, the compression bit rates may vary in a wide range.

Finally, optimization of compression for use within post-processing applications remains an
understudied problem. Many medical imaging workflows currently include post-processing steps
such as 3D reformatting, multi-planar reconstruction (MPR), maximum intensity projection (MIP), and
computer aided detection (CAD). [132] attempts to quantify the level of loss that may be acceptable
before CAD performance suffers. Optimization of image compression systems to work within such
workflows will become even more critical as the field of medical imaging advances towards quantitative
and objectively assessed characteristics derived from imaging data. In particular, the advent of Big
Data in medical imaging provides many challenges and opportunities for image compression research.

Supplementary Materials: The supplementary materials are available online at www.mdpi.com/2078-2489/8/
4/131/s1.
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