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Abstract—Evaluating the quality of medical images is a critical
step in developing precise, trustworthy, and clinically applicable
image processing algorithms and machine learning models for
medical imaging applications. This evaluation serves to both
benchmark and optimize algorithms. However, there is a lack of
standard or guidelines for conducting subjective Medical Image
and Video Quality Assessment (MIVQA) tests. Although there are
existing standards for natural image and video quality assessment
that provide information on selecting images and video sequences,
assessor types and numbers, subjective testing procedures (test
environment, participant selection, methodology, etc.) and model
performance evaluation, they are not tailored to medical images.
Although this study does not aim to propose a comprehensive
method for MIVQA subjective tests, it addresses several aspects
that may be worth considering when a MIVQA subjective test
is conducted.

Index Terms—Medical imaging, Quality assessment, Subjective
tests, recommendations.

I. INTRODUCTION

Image processing has gained significant popularity across
all sectors, particularly with the advent and advancement of
deep learning and artificial intelligence. The significance of
image processing is particularly pronounced in the medical
field, where it serves a multitude of critical purposes. These
include early disease detection, aiding healthcare professionals
in making accurate diagnoses and enhancing their overall
efficiency. The versatility and impact of image processing
in this field cannot be overstated. This raises the important
issue of medical image quality. In fact, the effectiveness,
accuracy and reliability of an analysis based on an image,
whether performed by a human or an algorithm, is largely
determined by the image quality. Assessing this quality plays
thus an important role in benchmarking and optimising image
processing algorithms involved in a diagnostic process or in
a surgical operation, ultimately leading to improved patient
treatment, care and safety. For humans, high-quality images
can help identify subtle patterns and anomalies that might be
missed in lower-quality images. Similarly, algorithms require
clear and detailed visual data to perform a certain task, such
as making accurate predictions and classifications.

Today, Artificial Intelligence (AI) has become a dominant
force in the field of medical image analysis, with a growing
number of models relying on deep learning algorithms. The
role of image quality is also not ignorable in the training and
testing of these models. Different models may have a different
robustness to the image quality, thus image quality can have
a dramatic impact on the accuracy and reliability of these
models, ultimately on the tasks performed by the models (e.g.,
segmentation, diagnosis, surgery guide).

Since the work of Cosman et al. [1], efforts have been
made to establish a “gold standard” for Medical Image Quality
Assessment (MIQA). However, due to unique characteristics
of medical images, it is difficult to define an objective and
universally accepted reference standard that could achieve
consensus in the medical community. In this context, subjec-
tive tests are often considered more valuable than objective
assessments. This is because subjective testing involves human
observers who provide valuable insight into how well medi-
cal images convey information to the human visual system.
Ultimately, medical images are interpreted by clinicians, and
their ability to accurately perceive and diagnose conditions
from these images is essential. In this paper, we will focus
on subjective MIVQA, which involves human observers who
can provide insight into how well medical images deliver
information to the human visual system. The aim is not to
propose a comprehensive standard, but to provide guidance on
important issues that arise when conducting subjective tests,
which may pave a way for a future recommendation/guideline
in this domain. The proposed approach aims to initially present
a preliminary version and subsequently engage in discussions
with the Video Quality Experts Group (VQEG), which holds
significant role in the validation of objective and subjective
video quality methods. This collaboration can potentially pave
the way for the development of international standards (e.g.,
within ITU) for subjective assessment of the quality of medical
contents.



II. RELATED/PRIOR WORKS

Several efforts have been made in order to discuss and re-
view Medical Image and Video Quality Assessment (MIVQA).
For example, Razaak and Martini [2] discussed the importance
of quality evaluation in medical images, focusing their work
on e-health applications. They provide an overview of previ-
ous works and offer a classification of MIVQA methods by
mainly proposing three categories: objective quality metrics,
subjective quality metrics and hybrid approach. Chow and
Paramesran [3] divided MIVQA into subjective and objec-
tive assessments, with the latter further categorised into Full
Reference Image Quality Assessment (FR-IQA), Reduced
Reference IQA (RR-IQA) and No Reference IQA (NR-IQA)
methods. They conclude that NR-IQA methods are particularly
relevant to medical images due to the lack of pristine reference
images. A review by Leveque et al. [4] provides a summary
of existing studies on subjective MIVQA, including details
on the used protocols, objective metrics, correlation measures,
and employed statistical analysis methods. Barman et al. [5]
proposed a process for documenting the various aspects of a
subjective quality assessment dataset, such as details about the
source sequences, encoding settings, number of test subjects,
test methodology, etc.

More efforts have been made for objective MIVQA. For
example, Zhang et al. [6] focused on task-based approaches
and summarized some key issues and specificities including
diagnostic task, appropriate pathology for different diagnostic
task, figure of merit, expertise and subjective experimental
protocol. A comprehensive survey [7] reviews the method-
ologies employed for objective quality assessment of MIVQA
and categorizes them into two main approaches: visual quality-
based and task-based. The visual quality-based methods calcu-
late a quality index directly from visual attributes, while the
task-based methods, which are gaining increasing attention,
evaluate the impact of quality impairments on the performance
of a particular task.

The rapid development of artificial intelligence (AI) appli-
cations for medical images has obviously led to many con-
tributions in MIVQA. Baum et al. [8] raised the key issue of
MIQA in the development of machine learning models for lung
anomaly detection. A quality assessment module is trained to
label images as of sufficient or insufficient quality prior to the
diagnosis assistance module. In [9], the authors proposed a
neural network-based tool that guides reviewers to focus on
potentially problematic images in distributed imaging studies,
minimizing the human effort and time required for quality
control. [10] proposed a model based on convolution self-
attention to predict medical image quality without a reference
with limited amount of annotated data. Focusing on eye fundus
images, in [11] the authors classified medical images, via AI,
in three levels: good, bad, and an additional level where the
quality is adequate only for some specific tasks. Morgan et al.
[12] propose a Checklist for AI in Medical Imaging (CLAIM).
Our work presented here is directly related to three sections
of CLAIM and can meet the expected requirements: data,

ground truth and evaluation. Indeed, ensuring the quality of
these elements could lead to more rigorous, reproducible and
generalisable methods, especially those based on AI.

A large number of subjective and objective quality as-
sessment tests have been performed on medical images to
validate methods such as enhancement, compression, lesion
detection [6][13][14][15][16][17][18], and different methods
have been used to perform these tests [7] [4]. Most of them
follow or are inspired by existing standards mainly dedicated
to natural images and videos such as ITU-R BT.500 [19],
ITU-T P.910 [20], ITU-T P.913 [21]. For instance, in [14]
ITU-R BT.500 was adopted, in particular with double-stimulus
continuous quality scale (DSCQS). These standards provide
comprehensive guidelines and recommendations on various
aspects such as the selection of images and video sequences,
the type and number of assessors, procedures for subjective
testing (test environment, participant selection, methodology,
etc.), and the evaluation of model performance. However,
it would be important to have a specific procedure to be
followed for performing subjective quality assessment tests in
the medical context, to ensure that the medical image quality
is suitable for accurate diagnosis, analysis, etc. To the best of
our knowledge, there is currently no established standard for
subjective quality assessment of medical images and videos.

III. SPECIFIC ASPECTS AND GUIDELINES FOR THE
SUBJECTIVE QUALITY ASSESSMENT OF MEDICAL IMAGES

AND VIDEOS

We discuss in the following specific aspects related to the
subjective quality assessment of medical imaging, in particular
the importance of the purpose of the subjective study and how
this can drive the methodology for subjective assessment, the
different methods to establish the ground truth, the selection
of viewing subjects, and the analysis of the subjective results.

A. Study purpose

1) Research question and objectives of the study: As
mentioned above, assessing the quality of medical images
serves mainly two goals: first benchmark and provide high-
quality medical images to healthcare professionals, image
processing algorithms or deep learning models to ensure accu-
rate diagnosis, intervention, and effective treatment planning.
The second is to optimise a specific procedure, technique,
protocol or device to improve the overall imaging process.
By identifying the research goal, researchers can define the
remaining elements, mostly the pathology and modality, and
the type of quality assessment method to be used.

2) Define the pathology / medical aim and modality:
This step must be carried out meticulously to ensure that
the research questions are answered with significant and
relevant results. In the case of benchmarking, the pathology is
likely been defined beforehand. The modality will be defined
according to its reliability and diagnostic efficiency. In the
case of optimisation, the selection and specification of the
pathology and modality could allow researchers to identify
the particular disease or visual condition that highlights the



important features to be studied. While the selection of the
most suitable imaging modalities for a specific pathology or
intervention is selected by the medical specialist, the conse-
quent quality assessment protocol should take this information
into consideration. In particular the number of points in the
Likert scale/the number of quality classes should be selected
considering the objective of the study [22].

3) Quality assessment method: Medical quality assessment
is typically task-related since the aim of medical imaging is, as
discussed above, to perform a specific task such as obtaining
a diagnosis or support intervention (e.g., guided ultrasound,
remote surgery).

An important way to measure the quality of medical imag-
ing is measuring the quality in the performance of the med-
ical task based on the available image or video, for instance
measuring how the medical specialist is able, based on the
images, to detect a certain type of lesion or identify a particular
anatomical structure, or to perform a specific operative task
(e.g., considering suturing time and quality in the case of
remote surgery). This approach is useful for evaluating the
effectiveness of a specific imaging technique or algorithm for a
particular clinical application. It should be noted that the task-
based approach is considered in subjective assessment here
because it implies the involvement of a human.

On the other hand, quality assessment based on opinion
scores relies on subjective ratings from human observers to
evaluate the quality of an image or video. In this case, two
options are possible: ask the subjects to rate the general quality
of the image or ask the subjects to assess the confidence on a
diagnosis / task performance based on that image or video.
Obviously, for the second case expert medical viewers are
required for the subjective tests, while for the first case it
is definitely preferred but not strictly required. More details
on this are provided in the relevant subsection below. The
instructions provided to the subjects are critical and it is im-
portant that any medical image/video quality assessment study
reports clearly the question asked / instructions provided to the
subjects. The quality is typically estimated from the scores of
multiple subjects via the calculation of the mean, to obtain
the mean opinion score (MOS). Other methods to estimate
the quality based on subjective results considering subjects
bias and content ambiguity could be considered (e.g., [23]).
In the medical case, the opinion of different medical specialists
with different experience may be weighted differently based on
the level of experience; also, some types of medical content
or modality may result in a higher variability in the score
provided by different subjects/experts.

B. Types of impairment

Impairments in medical images and video may be due
to the acquisition device (e.g., speckle noise in ultrasound
video) or to processing pipeline following acquisition (e.g.,
compression or delivery via an error prone channel). In the
latter case, a reference image / video is often available and
the subjective study can be performed using a hidden reference
(the original image can be presented in the tests to subjects

who are unaware that this is the original one). Pair comparison
tests are possible. In the first case, single stimulus subjective
tests are the norm, due to a lack of reference image or video.

C. Ground Truth

As mentioned above, in several cases there is no pristine
reference in MIVQA. In the case the image / video quality
is measured based on the quality in the performance of a
diagnosis, a Ground Truth (GT) can be established or accepted
based on the objective of the study. This GT is considered the
true or actual diagnosis associated to an image and can be used
as a benchmark to compare and evaluate the performance of
different subjective MIVQA methods. Here are a few selected
examples.

• Diagnostic tests: these are widely regarded as the closest
thing to a gold standard in medical diagnosis, as they have
been extensively validated by the medical community
and are considered to be the most accurate and reliable
methods. These include, for example, anatomic pathology
tests that involve the examination of tissue samples under
a microscope to identify abnormalities and are widely
used in the diagnosis of adenomas and cancer. Antigen
tests detect the presence of specific proteins on the surface
of viruses or bacteria.

• Clinical evaluation or clinical diagnosis: This is based
on the expertise of healthcare professionals, which may
include physical examination, history, symptoms, etc.
While this approach is commonly used in medical prac-
tice, and while clinical intuition is seen as beneficial for
advancing diagnoses [24], it can be difficult to apply in
the context of MIVQA due to its subjectivity and reliance
on the judgement of the healthcare professional.

• Physical and digital phantoms : These are are used
to mimic the properties of human tissues and structures;
however, it is difficult for theses phantoms to fully reflect
a clinical image.

• Synthetic images: These images, mimicking the char-
acteristics of genuine medical images, can be used to
generate ground truth data with specific properties and
features. It is worth mentioning the use of generative
models for medical image synthesis, as proposed by
Meharban et al. [25] and Osuala et al. [26]; such
methods are able to generate synthetic images with a
certain degree of realism and accuracy.
The latter two kind of GT allow the creation of a con-
trolled environment and reproducible method. Therefore,
they are more suitable for the evaluation of some impair-
ments such as image contrast, reconstruction algorithm,
compression/transmission artefacts or viewing systems.

D. Observers, viewers and assessors

1) Participants/Assessors:
• Expert: It is essential that assessors involved in sub-

jective MIVQA have relevant expertise in the interpre-
tation of medical images and videos, in particular in
the specific imaging task being assessed. These assessors



may be radiologists, clinicians or medical physicists. The
inclusion of observers with different levels of expertise
and specialisation in anatomy, pathology and imaging
techniques can also provide valuable insights into the
variability of image interpretation. However, it is not
always possible to involve such experts due to the limited
numbers of specialists in each discipline and their busy
work schedules. An interesting method to cope with the
limited availability of expert viewers can be to perform
repeated experiments with a small pool of subjects, lever-
aging the observation that apparent differences among
subjects can, for the most part, be explained by random
factors [27].

• Naı̈ve observers are individuals who have little or no
training or experience in interpreting medical images.
They have not necessarily already been involved in re-
search studies to assess the perceptual quality of medical
images or to investigate the effects of image degra-
dation on visual perception. When naive observers are
employed, in general the question asked is not associated
to a diagnosis or task, but only to the perceived quality.
However, it was shown in a proof of concept that naive
observers can be trained using deep learning methodolo-
gies to reliably perform some tasks of medical image
perception assessment and visual pattern recognition of
certain cancers [28]. Regardless of the promising first
results, it is still recommended that naive participants are
involved as little as possible due to their lack of expertise
and potential for misinterpretation of medical images.
are mathematical or computational models that simulate
human performance in visual tasks, taking into account
the statistical properties of images and the characteristics
and cognition of the human visual system. They can
provide quantitative measures of image quality or perform
specific tasks (e.g., lesion detection, segmentation). How-
ever, it is important to consider the ethical implications
of using model observers and to use them as a comple-
mentary tool rather than to replace human participants.

2) Number of participants: Including a larger number
of observers can increase the statistical power of a study.
However, this is not always feasible. According to a study
conducted in [4], it is advisable to include at least four (4)
participants, but it is important to note that this is the absolute
minimum number, especially in the case of expert observers.
As highlighted above, the limited number of participants in
a test can be compensated via repeated observations, i.e.,
presenting multiple times the same content randomly in the
test sequence to the same subject [27].

E. Test methodology and protocol

The design of the subjective tests protocol is a key element
to ensure that it is appropriate to the research question and that
the results are valid and reliable. At this stage, reference should
be made to the methods and procedures defined in various
ITU recommendations [19] [20] [21] relating to images and
video, and [29] which sets the standard for recognition tasks

and could be adapted to task-based MIVQA. One could cite
the two most used protocols in existing subjective MIVQA:

• Double Stimulus Continuous Quality Scale (DSCQS),
where the sequences are presented in pairs (reference and
impaired) and subjects are asked to assess the quality
of each of them, being unaware of which one is the
reference. This protocol can only be used when the
impaired image or video is available.

• SAMVIQ, where video sequences are shown in multi-
stimulus form, so that the user can choose the order of
tests and correct their votes, as appropriate [19].

In the absence of an established standard for subjective
MIVQA, the chosen protocol can be adapted and modified
according to the needs of the research.

F. Analysis of the results of subjective tests: figure of merit,
metrics and statistical analysis

The choice of figures of merit, metrics, and statistical anal-
ysis depends on all aforementioned items. Mean Opinion Score
(MOS) and Receiver Operating Characteristic (ROC) analysis
are the most widely used to evaluate the task/diagnostic
accuracy or perceived diagnostic quality. Statistical analysis
evaluates the significance of the results obtained, for instance
via Analysis of Variance (ANOVA), t-test, and correlation
analysis. In addition, Confidence intervals and Inter/Intra-
observer variability could be used to estimate precision and
reliability of the assessment method. As mentioned above,
methods different than MOS can be used to estimate the
quality based on the results of subjective tests, for instance
via generalised linear models, as in [23]. It is recommended
that when results of subjective tests are published, complete
information on opinion scores of all subjects on all contents is
provided, to enable detailed statistical analysis and modelling.

G. Ethical consideration

Ethical considerations are crucial when dealing with human
information in medical studies. While prospective studies
require approval from dedicated authorities responsible for
human protection,retrospective studies involve the use of
pre-existing data, thus ethical considerations are typically
limited to obtaining patient authorization and ensuring data
anonymisation.

IV. CONCLUSION AND FUTURE WORK

In this paper, we present a first attempt to overcome the lack
of standardised recommendations for performing subjective
tests to assess the quality of medical images and videos. It
is our aim to gather interest and contributions towards this
work as a long-term initiative that we aim to launch and
continuously improve over time. To achieve this, we plan
to engage in ongoing discussions with other experts, seek
their feedback and suggestions, and incorporate new work and
research findings.
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