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Abstract
Image quality assessment (IQA) is indispensable in clinical practice to ensure high standards, as well as in the development
stage of machine learning algorithms that operate on medical images. The popular full reference (FR) IQA measures PSNR
and SSIM are known and tested for working successfully in many natural imaging tasks, but discrepancies in medical
scenarios have been reported in the literature, highlighting the gap between development and actual clinical application.
Such inconsistencies are not surprising, as medical images have very different properties than natural images, and PSNR and
SSIM have neither been targeted nor properly tested for medical images. This may cause unforeseen problems in clinical
applications due to wrong judgement of novel methods. This paper provides a structured and comprehensive overview of
examples where PSNR and SSIM prove to be unsuitable for the assessment of novel algorithms using different kinds of
medical images, including real-world MRI, CT, OCT, X-Ray, digital pathology and photoacoustic imaging data. Therefore,
improvement is urgently needed in particular in this era of AI to increase reliability and explainability in machine learning
for medical imaging and beyond. Lastly, we will provide ideas for future research as well as suggest guidelines for the usage
of FR-IQA measures applied to medical images.
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Introduction

Advances inmedical imaging technologies havebeenground-
breaking in the last decades, ranging from new modalities of
scanners, including hardware innovations, and advances in
mathematical tools for image reconstruction to the current
state of the art in machine learning techniques. The over-
all aim is to apply novel technology in clinical scenarios to
improve patient’s care. In order to ensure a clinically accept-
able quality of the novel imaging techniques, quantitative
image quality assessment (IQA) plays an important role for
quality assurance in addition to visual inspections.

Quantitative IQA can roughly be divided into three cat-
egories based on their underlying assumptions and the
available information for their evaluation (cf. [83]). The first
one is called full reference (FR) IQA, where a full known
image is used as a reference (or ground truth) and the quality
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of a given image is evaluated in a comparative way that
relies on a meaningful notion of distance between the two
images. No reference (NR) IQA, on the other hand, is not
based on a one-to-one image comparison, and instead, it
aims to judge the quality of a given image solely by eval-
uating properties. Lastly, reduced reference (RR) IQA lays
somewhere in between, for example, using specific retrieved
image information such as edge information or local image
characteristics as a reference. Most commonly, NR- and FR-
IQA measures have been developed and used to solve quite
different problems. As FR-IQA requires a reference image,
it can only be used in very specific tasks. This includes the
evaluation of novel (traditional or machine learning-based)
imaging methods in their development stage and experiment
calibration, where reference data is available. In this case, the
measure is used to make conclusions about the performance
of the algorithms or settings in different imaging tasks, such
as image compression, denoising or reconstruction, and, con-
sequently, to reinforce the success of the different methods.
NR-IQA, on the other hand, is used to extract and judge
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quality information from a given image on the spot, particu-
larly when there is no access to the reference image. This is
usually the case when evaluating the quality of a given image
outside of the development stage, such as real-time quality
control of image acquisition in a hospital.

In this paper,we focus onFR-IQAmeasures that havebeen
broadly used for the evaluation of novel image processing
algorithms that are operating on medical images. Research
on the development of novel methodologies, mainly driven
within the areas of mathematics, computer science and engi-
neering, often uses FR-IQA for the evaluation of the proposed
algorithms. The performance of the methods under these
metrics influences which methods are published; therefore,
the choice of FR-IQA at the developing stage has a capi-
tal influence on the method choices that are subsequently
available. However, the authors carrying out research at the
development stage are not necessarily experts on particular
applications and, therefore, might not take into account the
specific nuisances of medical imaging data and the impor-
tance of corresponding IQAmeasure choice. For this reason,
the field might be promoting new methodologies which are
not the most suited for clinical tasks, such as diagnosis of
specific data.

Some fundamental questions come alongside the task of
evaluating novel methodologies and their application. Could
or should the development of novel methods be decoupled
from their application potential? Is it feasible to develop
highly sophisticated algorithms and assess their applicabil-
ity without an expert’s opinion? And, on the other hand, is
it feasible to assume that an application expert needs to be
available every time a new methodology is developed? In
the last decades, these unsolved principles have led to rather
disconnected research areas ofmodel development and even-
tual application. This is particularly true in the fast-advancing
domain of machine learning, where publicly shared data is
presumably enabling the development of novel algorithms
for specific applications more easily, but where the lack of
direct contact with experts on the data is hindering their real
applicability, e.g. in medical imaging. In that case, accurate
evaluation with IQAmeasures becomes evenmore important
as visual inspection from experts is not feasible.

However, the most commonly employed FR-IQA metrics
have not been developed nor broadly tested to work success-
fully for medical images. Usually, novel quality measures
are tested by computing correlations of their outcome to the
mean opinion scores of experts who have manually rated the
images. In order to do so, there are several standard data bases
that provide such rated data; see, e.g. the LIVE database [87]
or the image database TID2012 [74]. However, these kinds
of annotations are rare, as they are very time-consuming and
task-dependent. For medical images, there is another layer of
added difficulty: it is very hard to publish clinical images due
to the sensitivity of the data. For these reasons, currently and

to the best of our knowledge, there has been no publicly avail-
able database with FR ratings for medical images to assess
the performance of the quality measures. Thereto, we have
recently published a data set with photoacoustic images and
expert annotations, which are available on Zenodo [16]. Pre-
viously published studies including medical in-house data
have raised concerning results [17, 51]. The data sets include
ratings by experts and radiologists, showing that the most
common FR-IQA measures perform poorly for the studied
tasks.

With that, this paper has the following main objectives:

1. Providing a structured collection of pitfalls of standard
FR-IQA measures (namely PSNR and SSIM, as well
as the more recently introduced LPIPS) when used for
common medical imaging tasks. We show real-world
examples in different medical imaging applications. The
examples are described in detail, because without in-
depth discussion the huge challenges of the problem
cannot be understood appropriately.

2. Opening a discussion about the choice of existing FR-
IQAmeasures formedical application aswell as desirable
properties for potential novel frameworks. They should
facilitate clinical applicability and cement a more func-
tional knowledge transfer between developers and users.

3. Suggesting general guidelines on how to use FR-IQA in
the setting ofmedical imaging safely, aswell as highlight-
ing an existing problem on the lack of proper reporting
of employed measures.

The idea of generalized image quality measures not being
appropriate inmedical imaging has been explored before, and
some guidelines for task-adapted quality assessment exist
in the literature. While a full review is out of the scope of
this work, it is worth noting the research that was started
by Barret et al. in Objective Assessment of Image Qual-
ity [8–10] regarding task-based assessment with observer
models, relying on the specification of a task, observer and
an image ensemble. The field of objective IQA for medical
imaging has been active since, in more recent works also dis-
cussing various modalities, e.g. low dose CT [19], MRI [62]
or even multi-modal imaging [24]. Lastly, on a related note,
human perception inmedical imaging has been an active field
of research, where, e.g. The Handbook of Medical Image
Perception and Techniques (ed.2) [82] is comprehensively
discussing research on image perception, observer models
and clinical relevance.

Outline

The paper is structured as follows. The “Background” section
contains an overview of the most commonly used/standard
FR-IQA measures and their background. In the “Examples
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of Failure in Medical Imaging” section, every subsection
reports the use of these FR-IQA measures in a different
medical imagingmodality, including a description of the cor-
responding reconstruction method or visualization problem
and examples of failure. Finally, the “Discussion” section
includes a discussion, suggestions for future directions and
guidelines for task-informed usage of FR-IQA measures in
the context of medical imaging.

Here, working across medical imaging domains, an inter-
national collaboration was formed that includes experts of
the specific imaging techniques in order to provide insights
for the different imagemodalities described in the “Examples
of Failure in Medical Imaging” section. With that, we were
able to ensure for every example to include at least one expert
working in the particular field to provide the required insights
for a comprehensive analysis and task-specific judgement of
the obtained image qualities.

Background

The mean squared error (MSE) is a common FR-IQAmetric
used to measure the average squared difference between a
given image and the reference, i.e. for a given reference
image I ∈ R

N1×N2 and a corresponding processed version
J ∈ R

N1×N2 , the MSE is given by the Frobenius-norm, i.e.

MSE(I , J ) := 1
N1·N2

‖I − J‖2F .

Lower MSE values indicate that the processed image val-
ues are closer to the reference values. However, it is well
known that the MSE used as a measure of image quality
does not correspond well to human perception (cf. [31, 34,
57, 104]) and does not provide a consistent quantity regard-
ing severeness of image degradation. Therefore, even in the
cases where the computation of the root-MSE can serve as a
useful quantity measure of deviation for somemedical imag-
ing modalities (e.g. in MRI), this would not correspond to an
assessment related to a perceptual measure. A closely related
measurewas introduced in the early 2000s, the so-called peak
signal-to-noise ratio (PSNR), which provides a re-scaled ver-
sion of the MSE:

PSNR(I , J ) := 10 · log10
(

MAX2

MSE(I , J )

)
, (1)

where MAX corresponds to the maximal possible intensity
value, i.e. for an 8-bit image MAX = 255. As the PSNR
solely relies on the MSE, most disadvantages and problems
that are known for theMSE (e.g. same value for very different
degrees of degradation) do also hold true for the PSNR.

Two decades ago, the framework of the structural similar-
ity index (SSIM) [105] was introduced, which relies on three

comparison components, luminance, contrast and structure,
and can be calculated on various batches, i.e. local parts of
an image. For simplicity, here, we call the batches again I
and J , and then the measure is given by

SSIM(I , J ) = (2μIμJ + c1)(2σI J + c2)

(μ2
I + μ2

J + c1)(σ 2
I + σ 2

J + c2)
, (2)

where μ corresponds to the mean, σ to the covariance and
c1, c2 are scaling factors. The values of SSIM theoretically
range between −1 and 1, where a higher value indicates
greater similarity between the images, in the sense that
they are more visually alike. This measure has celebrated
great success for natural images since the general framework
allows for a greater insight if used appropriately. However,
in practice, standard implementations only provide the mean
over batches in the image as the final image quality mea-
sure. This choice increases the chance of failure in local
error detection, which is often crucial in the medical set-
tings. Limitations of the SSIM in the medical setting have
been reported, e.g. in [35, 61, 71]. This is not surprising,
since SSIM was not only not developed to assess the quality
ofmedical images, but SSIMwas alsooriginally not tested for
its use on medical images. Moreover, it is important to note
that the SSIM framework allows to set a number of parame-
ters, including the choice of kernel, and therefore can yield
diverging results which depend on the implementation used
(see the paper [101] for a detailed analysis of the variations).
This means, for comparability and reproducibility, it should
always be stated in detail which implementation/parameter
setting of SSIM was used when applied.

Many other structural FR-IQAmeasures have been devel-
oped in the last decade, for example the HaarPSI [78]
measure basedonHaarwavelets.Most recently, LPIPS [110],
a highly successful FR-IQA measure for natural images,
that quantifies the perceptual similarity between two images
based on features learned fromdeep convolutional neural net-
works has been suggested to be included in the evaluation for
medical images (see, e.g. [80] or [91, 99]). Although LPIPS
holds some properties that are beneficial in the medical set-
ting, including the invariance to small spatial perturbations,
it has not been rigorously tested nor developed for medical
images. To gain more insights of that recent development,
we are including the results of LPIPS (based on the default
AlexNet) applied to the provided examples, where a smaller
value indicates better similarity. It is important to note that
the framework generally allows the development of your
own learned qualitymeasure and provides differentmeasures
based on several networks.

Although there is an enormous number of newly intro-
duced FR-IQAmeasures—including methods developed for
medical imaging tasks (see, e.g. [22]), and a published review
from 2016 describing the current situation in medical imag-
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ing [21]—the most used FR-IQA measures for assessment
of classical medical imaging algorithms, such as image
reconstruction, image restoration, super resolution or denois-
ing/artefact removal, are still PSNR and SSIM. Summarizing
the problem, commonly used FR-IQA measures have been
developed for natural images which consist of very different
properties than medical images.

Illustration of the Failure of Common FR-IQA
Measures on Synthetic Image Degradations

In Fig. 1, we show a toy example of misjudgments that occur
when evaluating the quality of a 2D MRI scan compared
to degraded versions of the same image with the selected
measures. PSNR even yields the same value for all the very
different degradations, and all of the tested measures fail in
the judgement of massive local information loss (d), as well
as in the judgement of stochastic noise (e) versus block arte-
facts (f). This toy example served as an inspiration to study
the behavior of the standard measures in real-life medical
imaging tasks.

Examples of Failure in Medical Imaging

In this section,wewill present failures ofPSNR/SSIM/LPIPS
when applied to medical problems with real-world image
data. This contains examples of tasks where the measures
are currently used as standard choices in the evaluation, as
well as tasks where automated objective evaluation is still an
open field and urgently needed.

The structurewill be as follows. In each subsection, amed-
ical imaging modality will be shortly introduced, followed
by a problem formulation in which IQA measures play an
important role. Finally, a corresponding example is shown
visually with a short discussion in which regards the mea-
sures act inaccurate for that problem.

The numbers provided in the subfigures correspond to
the PSNR, SSIM, and LPIPS values in comparison to the
reference image (a), respectively, where in-built functions
of MatlabR2023a were used to compute PSNR and SSIM
(namely, default settings for psnr and ssim), and for LPIPS,
the Python implementation based on AlexNet provided by
the authors was used [109, 110]. We computed all measures
on the visualized 2D images as shown in the paper, i.e. no

Fig. 1 Illustrative toy example
of problems occurring when
using the standard FR-IQA
measures PSNR/SSIM/LPIPS
for the evaluation of medical
images. Degradations have been
added artificially to the
reference (a) MRI scan: contrast
enhancement (b), brightness
change (c), hole (d), Gaussian
white noise (e), jpeg
compression (f). PSNR yields
the same value for all
degradations, and SSIM and
LPIPS fail to identify the hole
(d) and misjudge the quality of
(e) and (f)
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further contrast/luminance adjustment was added, to ensure
visual comparability to the provided numbers. The image
data was first scaled according to standards in the different
fields; for the CT and photoacoustic data, clipping to a pre-
defined range was applied, and afterwards, all images have
been standardized by scaling them between 0 and 1 (division
by the maximum, which corresponds to the maximum of the
reference image in case clipping was applied). All employed
image data, besides the data from digital pathology, is origi-
nally grey-scale. Depending on the original data format, the
images were saved as uint8 or uint16 images in portable net-
work graphic (png) format.

Computed Tomography

Computed tomography (CT) is an imagingmodality that aims
to reconstruct 2D or 3D volumes from X-ray attenuation
measurements and enables high-quality structural imaging
of patients [79]. The applications of CT range from diagnos-
tics, surgery planning and radiation therapy to image-guided
interventions, making this imaging modality ubiquitous in
modern medicine.

Reconstruction Problem

CT is not a direct measurement method and images need
to be reconstructed by solving a large-scale system of lin-
ear equations. One of the main challenges with this task is
ill-posedness, which means that in some scenarios, small
perturbations on the measurements can generate large per-
turbations on the recovered image. Particularly problematic
are limited datasets, e.g. when only limited angle or sparse
full-angle tomography measurements are available, as well
as the presence of noise in the measurements. In these cases,
the direct and most used approach to compute a solution,
i.e. the so-called filtered backprojection (FBP), can be highly
corrupted by noise [12].

Different families of iterative solvers have been developed
to solve a neighbouring problem that is more robust to per-
turbations on the measurements (see, e.g.[13, 50]). These
iterative algorithms solve an optimization problem, refining
the solution as they progress and allowing to incorporate
prior knowledge via so-called regularization. However, dif-
ferent regularization techniques intrinsically rely on different
assumptions on the reconstructed object (e.g. smoothness or
appearance of edges), which has a direct impact on the result-
ing quality.

On top of that, screening requires scanning large por-
tions of the population with harmful radiation. Therefore,
taking less measurements while preserving image quality
would be desirable. Classical regularization algorithms have
been enhanced using data-driven methods, where some of
the reconstruction steps are replaced by machine learning

models. While these methods have a high success rate in
perceived image quality (cf. [2, 65]), the explainability is
quite low. Thereto, and to increase applicability, task-adapted
reconstruction for inverse problems has been introduced into
the modern data-driven pipelines (cf. [1]).

In addition to the described choice of reconstruction algo-
rithm, the image acquisition settings (e.g. mAs and kV) as
well as the geometry parameters (e.g. slice thickness) also
influence the image quality of the CT reconstructions.

The following three experiments relating to the use of
IQA measures in CT are presented: one on the evaluation
of Krylov subspace algorithms for cone beam CT (CBCT)
reconstruction, another on the evaluation of data-driven
methods in lungCT reconstructions, and lastly an example on
output deviations with adjusted scanner parameter settings.

Example 1: Krylov Methods in CBCT

The example presented here is taken from a study using
Krylov subspacemethods, a family of iterative reconstruction
algorithms onCBCT data [81]. The study proposed and com-
pared a variety of reconstruction algorithms in simulated and
real CBCTproblems.Here,we include an experiment involv-
ing simulated CBCT acquisitions of a head, where a mixture
of Poisson and Gaussian noise is added to the measurement,
to simulate realistic noise (cf. [107]). The performance of
several Krylov algorithms was determined by comparing the
final reconstructions to the ground truth (cf. Fig. 2).

FR-IQAMismatches

The reconstructions in Fig. 2 g and h contain pixel-wise noise
and some undesired stripe artefacts in the lower section of
the head, which is not unexpected for reconstructions based
onABBA-GMRES (cf. [42]). In comparison, the other meth-
ods do not produce such artefacts and do consist of a more
uniform tissue value. However, in Fig. 2, we can see that
the computed IQA values do not penalize the loss of detailed
information, and in fact, PSNR/LPIPS suggest that the recon-
struction in e is significantly worse than the ABBA-GMRES
methods g and h, which contradicts the visual perception
in these regards. SSIM on the other hand struggles here to
penalize blur strong enough and gives the low-quality image
in b and a higher rating than h.

Quantitative assessment of novel CBCT reconstruction
methods is highly needed and also encouraged to be reported
when publishing a novel method. In this example, we can see
that the suggested measures do not yield consistent results,
and more complex image quality metrics would be required
to capture both local and non-local effects appropriately.
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Fig. 2 CBCT reconstructions (b–h) of phantom head data using different Krylov methods (cf. [81]) and PSNR/SSIM/LPIPS compared to the
ground truth (a). The overall visual appearance is misjudged here by all three measures, e.g. PSNR in (g), SSIM in (e) and LPIPS in (g)

Example 2: Data-Driven Reconstruction Methods in Lung CT
Screening

There is sufficient evidence that screening for certain tumours
using CT images may improve the prognosis of cancer sur-
vivability [14]. As mentioned above, in order to gain better
image quality with less X-ray dose, many enhanced regu-
larization techniques with integrated machine learning steps
have been suggested forCT reconstruction, and in a full refer-
ence setting, they are commonly evaluated by applyingPSNR
and SSIM (see, e.g. [2, 45, 98]). As CT images are generally
taken to perform a clinical task, they are not the final step
of a medical process but often the initial one. Therefore, the
definition of what makes a good image heavily depends on
the task in hand, and for prognosis-related cancer, the iden-
tification of tumours is of upmost importance.

In ongoing research on photon counting detector types
and screening procedures for lung cancer (EPSCR grant:
EP/W004445/1), an experiment was conducted testing en-
hanced reconstruction algorithms. Simulations using less
than 10% of a clinical X-ray dose were performed to inves-
tigate if data-driven methods could sufficiently enhance the
images to clearly see the tumours in the lungs while pro-
viding a very low amount of dosage to the patients. The
corresponding data was a CT-dose simulation, using images
from the openLIDC-IDRI dataset [3] as references, aswell as
simulated and reconstructed images with in-house software.
Figure3 shows the results of the experiment. We show the

reference image used as a basis for the simulation, together
with five different reconstruction algorithms. The first is
an iterative solver, a gradient descend algorithm with TV
minimization [90], and c–f correspond to machine learning
methods: FBPConvnet is a denoising algorithm that cleans
the bad image [48], LPD is an iterative unrolled method
that combines traditional solvers with machine learning [2],
Noise2Inverse is a self-supervised learning method (i.e. does
not require ground truth data) [45] and ItNet is another iter-
ative unrolled method, the best-performing winner of the
AAPM DL-Sparse-View CT challenge [33]. ItNet is also
judged here as the best result according to PSNR, SSIM and
LPIPS.

FR-IQAMismatches

This experiment was performed to evaluate the quality of dif-
ferent kinds of CT reconstruction, especially the lung tumour
detection capabilities thereof. The best result according to
the chosen IQA measures is given by ItNet in Fig. 3f, which
performs visually poorly. Not only the tumour (zoomed-in
white circle) is significantly less visible in the reconstruc-
tion, but ItNet also produces structures in the lung that are
different than the ones in the reference image; it blurs and
lengthens much of the soft tissue present in the lungs and it
also created structure from noise in some places. Moreover,
the image is overly smooth. Comparing the other reconstruc-
tion algorithms, it seems that FBPConvnet Fig. 3c is the one

123



3450 Journal of Imaging Informatics in Medicine (2025) 38:3444–3469

Fig. 3 Reference image (a) and outputs of different reconstruction methods (b–f) applied to dose simulated data. PSNR/SSIM/LPIPS are unable
to identify the best reconstruction (c), where also the tumour is visualized well

performing best at preserving the shape of the lung nodule,
even when the resulting image contains enhanced pixel-level
noise.

We can see here that the qualitative findings strongly
contradict the numbers provided by the selected measures.
The reconstruction of ItNet, Fig. 3f, outperforms the other
reconstructions in regard to the measures, and the qualitative
winner FBPConvnet, Fig. 3c, is judged as secondworst by the
same measures. This experiment suggests that the discussed
measures are not a good choice for that kind of CT recon-
struction application and are yielding misleading results.

While pixel-independent random noise may be a worse
effect in a natural image than a slightly oversmooth recon-
struction, this is not true inCT images,where small structures
may disappear if smoothing is promoted against edge preser-
vation. In iterative reconstruction algorithms, such choices
are explicitly made by choosing the prior appropriately, and
in data-driven models, the researcher has limited control on
the type of implicit priors the algorithm learns from the data,
i.e.model builders do not knowwhat the algorithms choose to
learn from the ground truth. In these cases, appropriate eval-
uation would be even more important to ensure the described
quality properties.

Example 3: Scanner Settings Impact in IQ

Changing CT scanner settings, like tube voltage or recon-
struction geometry, has a direct impact in the noise distribu-
tion of the data and thus in the quality of the reconstructed
images. Here, we show an example of quality differences
with acquired CT data from a realistic silicone phantom fab-
ricated with multi-material extrusion 3D printing technology
[44]. The phantommodel was derived from an abdominal CT
and was fabricated with realistic radio density values which
could mimic imaging properties of soft tissues in CT.

For the reference image, the anatomical phantom was
scanned with the standard clinical CT protocol from SOMA-
TOM Definition AS scanner, Siemens Healthineers, Erlan-
gen, Germany (tube current time product 70mAs for samples
and 150mAs for anatomical phantom, tube voltage 120 kVp,
slice thickness 0.60 mm, pixel spacing 0.77 mm, iterative
reconstruction kernel J30s). Additional scans with varying
kVp values (80/100/120) as well as varying slice thickness
(0.6/2mm) were also performed to assess the effect of the
parameters on the image quality. We observed that changing
kVp and slice thickness resulted in different image quality,
where higher kVp and smaller slice thickness give the best
visual result.
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FR-IQAMismatches

Although all IQAmeasures yield a better value for the image
shown in Fig. 4c, a higher visual correspondencewith the ref-
erence image can be seen in Fig. 4b despite the black shadow
in the bottom left corner. The image in Fig. 4c with lower
kVp yields a result that is too smooth in comparison to the
reference. This yields another CT example where the IQA
measures have been misled by quality properties that are not
relevant for the clinical application.

MRI

Magnetic resonance imaging (MRI) is a non-invasive med-
ical imaging modality that provides excellent image quality
tissue structure without ionizing radiation, but on the other
hand is relatively slow. The acquired 3D data, sampled in
the k-space domain, corresponds to the Fourier transform
of the spatial-domain MR image. To reconstruct an accurate
MR image, sampling theory indicates the total number of
k-space data that must be acquired to avoid artefacts in the
reconstruction. As this number is relatively large and cannot
be arbitrarily reduced, shortening the total scan time com-
promises the image quality [15, 69].

Reconstruction Problem

MRI requires long acquisition times, directly related to the
final resolution and tissue contrast. For many clinical appli-
cations, faster data acquisition is necessary to minimize the
stress on the patient, and moreover, it is important to reduce
physiological motion as much as possible since this causes
artefacts in the images. In order to fasten acquisition, but still
receive reasonable image quality, several approaches have
been introduced (see [66]). Most of these techniques acquire
less data than theoretically required. To avoid low quality due

to less sampled data, techniques such as parallel imaging
[37, 75] and compressed sensing [58] have been success-
fully employed in the past decades. More recently, aiming
for even more advancement, machine learning methods have
demonstrated promising results. The goal is to achieve a high
acceleration factor while preserving the imaging quality. The
acceleration factor is given by the ratio of the amount of k-
space data required for a fully sampled image to the amount
collected in an accelerated acquisition. The outputs of such
methods are usually evaluated with PSNR and SSIM (see,
e.g. [53, 111]).

Example 1: Scan Acceleration

For this example, the data is obtained from the publicly avail-
able fastMRI brain dataset [108], which consists in total of
6405 T1, T2 and FLAIR 3D k-space volumes. The fastMRI
challenge series provided MRI datasets to foster the devel-
opment of accelerated reconstruction algorithms. The series
consists of a kneeMRI dataset and challenge in 2019 [52], of
a brain dataset and challenge in 2020 [64], and of a prostate
dataset in 2023 [95]. The winners of the challenges were
selected by the comparison of the provided reference images,
created by the rSOS of the fully sampled data, to the image
outputs of the proposedmethod via the SSIM, and the highest
ranked results were submitted to receive experts’ opinions.

We show here images obtained from two machine learn-
ing reconstruction algorithms that took part in the fastMRI
multi-coil brain dataset challenge in 2020, namely the end-
to-end variational network E2E-VarNet [92] and XPDNet
[77]. XPDNet was among the top three submissions of the
challenge and both algorithms perform very well on the cor-
responding public leaderboard [68], that allows comparison
of algorithms submitted after the challenge deadline. The
authors of the XPDNet algorithm provided two distinct
models for different acceleration factors. Here, we employ

Fig. 4 Comparison of image acquisition settings, (a) reference image
with best-chosen parameter setting (0.6mmand 120 kVp), (b) preserves
more detail (0.6 mm and 80 kVp) than cwhich is more smoothed (2mm

and 100 kVp). PSNR/SSIM misjudge the visual quality, and LPIPS
yields reasonable quality scores here
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the neural network provided for acceleration factor 4. The
reconstructions in Fig. 5 were obtained by the application of
E2E-VarNet, Fig. 5 b, c, e, and f, and XPDNet, Fig. 5 a and d,
to sub-sampled data with random masks (acceleration factor
between 1 to 5) in the frequency domain.

FR-IQAMismatch

We can see in Fig. 5 that the visual quality of the obtained
images does not correspond to the numbers provided by
PSNR/SSIM/LPIPS, since the images with better numbers
(bottom row) suffer from information loss due to blur and
ringing. This is not surprising as some challenges with SSIM
as a performance metric have already been discussed and
shown in the official results paper of the fastMRI challenge
[63]. Here, we complement with examples where the visual
results also ask for a different judgement in a non-local man-
ner. Curiously, the degraded images e and f do hold quite
higher numbers in comparison to a which is nearly noise-
free.

Example 2: Diffusion-Weighted MRI (dMRI)

dMRI is an important MRI technique to study the neural
architecture and connectivity of the brain. It is based on
obtainingmultiple 3-dimensional diffusion-weighted images
to investigate the water diffusivity along various directions,
being clinically important especially for the investigation of
brain disorders (see, e.g. [88]). However, low signal-to-noise
ratio and acquisition time limit the spatial resolutionof dMRI,
and therefore, its usage is currently mainly restricted to
medium-to-large white matter structures, whereas very small
cortical or sub-cortical regions cannot be traced accurately.
To overcome this, several methods for increasing the spatial
resolution of dMRI have been introduced (see, e.g. [27, 36,
100]).

Here, we study image data from an acquisition and recon-
struction scheme for obtaining high spatial resolution dMRI
images using multiple low-resolution images (cf. [67]). The
suggested method combines the concepts of compressed
sensing and super-resolution to reconstruct high-resolution

Fig. 5 Reconstruction outputs of accelerated FLAIRMRI data from the
algorithms Xpdnet(a, d) and E2varnet (b, c, e, f). The bottom images
(d–f) are judged by PSNR/SSIM/LPIPS as better reconstructions than

the respective image above them (a–c), although they contain stronger
blur and contain more ringing artefacts
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diffusion data while allowing faster scan time. The data is
visualized via the fractional anisotropy (FA) measures com-
puted using diffusion tensor imaging [11].

The data from a human subject was acquired from a
MGH connectome 3T scanner. Three thick-slice diffusion-
weighted imaging (DWI) volumeswith voxel size 0.9×0.9×
2.7mm3, TE/TR = 84/7600ms and 60 gradient directions at
b = 2000s/mm2. A separate low-resolution isotropic DWI
with a spatial resolution of 1.8× 1.8× 1.8mm3 and with 60
gradient directions at b = 2000s/mm2.

The super-resolution image in Fig. 6a, serving as a ref-
erence here, was obtained using the super-resolution recon-
struction technique that combines multiple thick-slice DWI
with all 60 diffusion directions into a high-resolution image
(cf. [76]). This technique yields a high-quality image with
good detail preservation, but takes a much longer scan time
than the standard upsampling method in Fig. 6c, where the
FA map of the low-resolution data was up-sampled using
3DSlicer [29] to the higher resolution.

The image in Fig. 6b (cf. [67]) was obtained using a com-
bined super-resolution reconstruction, compressive sensing,
and spatial regularization techniqueswith thick-slice images,
where each thick-slice DWI has a different set of 20 diffu-
sion gradient directions, saving indispensable scan time. The
advanced method yields a much higher visual quality image
than Fig. 6c, preserving more anatomical details.

FR-IQAMismatch

We can see in Fig. 6 that PSNR and SSIM misjudge the
visual quality of the high-resolution reconstruction in b in
comparison to the up-sampled image in c. The image is per
default more blurry and does not provide sufficient anatomi-
cal details and therefore offers worse visual quality than the

reconstruction in b. LPIPS yields more sufficient results in
this example and correctly attributes c a higher-quality error.

In this example, it has to be noted that the computed IQA
numbers are generally quite low, because the resulting FA
images do not necessarily have the same range or distribution
as the reference image. Therefore, in order to compare the
reconstruction quality directly, this task generally benefits
from NR-IQA evaluation.

X-ray

X-ray imaging is a fundamental form of radiography. Reduc-
ing radiation dose while maintaining image quality is a key
principle in radiology known as ALARA (as low as rea-
sonably achievable) [84]. New technologies and imaging
techniques, such as post-processing by artificial intelligence
(AI) [43], may allow diagnostic objectives to be achieved
with lower radiation doses. Furthermore, advancements in
X-ray have also the potential to influence and enhance com-
puted tomography (CT) [30]. Whereas CT requires complex
imaging reconstruction algorithms, X-ray is more straight-
forward, employing post-processing for high-quality and
detailed imaging, being crucial for clinical assessment of
anatomical structures and potential pathologies.

Post-processing Problem

The raw data captured during digital radiography reflects the
pattern of X-ray attenuation by different tissues. The dig-
ital signal is then processed to create a grey-scale image,
where each shade corresponds to the radiodensity of the tis-
sues, ranging from black for air through varying shades of
grey for soft tissue and white for bone. Post-processing soft-
ware refines the raw image to enhance clarity and diagnostic

Fig. 6 Visualized FA images obtained from diffusion MRI with super-resolution reconstructions. The up-sampled image (c) with lower resolution
is wrongly judged to have better quality than the high-resolution reconstruction (b) by PSNR and SSIM, LPIPS judges this task correctly
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utility [86]. This may involve adjusting parameters such as
brightness and contrast, applying filters for noise reduction
or using algorithms for edge enhancement [54]. The aim is to
produce an image that provides the best possible diagnostic
information while adhering to the ALARA principle.

Different quality properties may be desired depending on
the purpose of the X-ray. For example, when visualizing the
lung tissue, adjustments are made to the brightness and con-
trast to best highlight the anatomyandcommonabnormalities
while minimizing noise. However, noise is less important
when aiming to confirm the position of a line, tube, or for-
eign object. In this case, an image with edge enhancement
and adjusted brightness levels may be desirable to amplify
the distinction between the dense material of the object and
the surrounding soft tissue.

Quality control for the provided default post-processing
is usually made by the manufacturers themselves, therefore
not accessible to the end user, and may be divergent to
the IQ needed for clinical images [97]. After the machine
has been placed in the hospital environment, personalized
post-processing settings are often determined by subjective
visual inspection. Objective evaluation would help to find
an optimal post-processing type for visualization, allowing
faster and consistent evaluation. Beyond this setting, objec-
tive IQA is important for the development and testing of
machine learning algorithms on chest X-ray images includ-
ing super-resolution, denoising or inpaintingmethods, where
PSNR and SSIM are currently the standard choice for quality
assessment (see e.g. [47, 60, 94, 96, 103]).

Data

Posteroanterior chest radiographs were acquired on two
imaging systems (both Discovery XR656 HD models, GE
Healthcare, USA) at Cambridge University Hospitals NHS

Trust. Each scanner was being set up in the hospital with dif-
ferent post-processing parameters (chosen by the operating
radiologists), which are used here as reference images (see
Fig. 7 and 8a). Additional images, serving as real-life exam-
ples of lower quality, were produced for each radiographic
exposure using multiple different post-processing settings.
The post-processing was applied in the hospital directly on
the scanner itself by adjusting parameters in the provided
framework.

FR-IQAMismatches

In Fig. 7, contrast deviation and edge enhancement were
reduced in b, but increased in c, the noise reduction algorithm
was removed in both. The brightness was increased in both
images but more so in c, and low-contrast enhancement was
removed in b. The result is that b has relatively low contrast
in the lungs compared to the reference (a) and radiograph (c).
In Fig. 8, edge enhancement has been dramatically increased
in b, while the contrast deviation and tissue contrast have
been reduced. In c, the brightness, tissue contrast and edge
enhancement have been slightly increased. Consequently, b
provides low contrast in the lungs with excessively promi-
nent lung markings and vasculature which make it harder to
detect abnormalities such as pneumonia.

All of the chosen FR-IQA metrics wrongly judge b as the
better image in the first example Fig. 7, and the results in b
and c of the second example in Fig. 8 are quite close, where
PSNR and SSIM are also providing the wrong order. The
testedmeasures are not suitable to evaluate the quality of data
sets with X-ray images that have large variations regarding
contrast, luminance and sharpness.

Fig. 7 Chest X-ray scans with different kinds of post-processing: (a) serves as a reference, and (b) is wrongly judged as better visualization by
PSNR/SSIM/LPIPS
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Fig. 8 Chest X-ray scans with different kinds of post-processing: (a) serves as a reference, and (b) is wrongly judged as better visualization by
PSNR and SSIM; LPIPS gives a slightly worse evaluation for (b)

OCT

Optical coherence tomography (OCT) is a well-established
imaging technique based on low-coherence interferometry
that enables volumetric imaging of biological tissue at high
resolution [73]. Light is split into a reference and a sample
arm, recombined after being backreflected by a mirror and
backscattered at different depths of the sample, in the respec-
tive paths. Using Fourier domain OCT [32], a tomographic
image of the sample is reconstructed by spectral analysis
of the resulting interference patterns. In order to achieve
optimal axial resolution, it is essential to match dispersion
between the two arms of the interferometer [26]. This can be
achieved on the one hand by carefully matching the length of
the arms and the corresponding dispersive materials and on
the other hand by numerical methods in the reconstruction
process [106]. OCT was originally developed for imaging
of the retina, and while there are many other applications of
OCT available, its highest impact is to this day in ophthal-
mology, where this technology plays a critical role in correct
diagnosis [73].

Reconstruction Problem

Most commonly, OCT processing algorithms compute inten-
sity images from the recorded spectral data. Standard algo-
rithms include a step that performs numerical dispersion
compensation. Methods are available which automatically
determine the correct dispersion compensation parameter
[106], but the stability of automatic numerical dispersion
compensation methods under varying imaging conditions
is not yet fully understood. Besides the dispersion param-
eter, there exist also algorithms that provide geometrical
corrections within the reconstruction process (see, e.g. [89]),
namely the correction of rotation introduced by eye motion
and correction of the curvature of the retina. Automatic

parameter selection for the geometric corrections is a chal-
lenging task which has so far not been addressed, and
therefore, these parameters are usually set manually, which is
very time-consuming especially in the case of clinical studies
where often a large number of patients and imaging locations
are included.

Data

We employ image data obtained using an adaptive optics
(AO) supported spectral domain OCT system [18], where
cross-sectional images (B-scans) were retrieved from two
AO-OCT volumes recorded in a young healthy volunteer
with a field of view of approximately 4◦ ×4◦ (corresponding
to 1.4 × 1.4mm on the retina). Different imaging loca-
tions and focus settings were considered. One data set was
recorded in the fovea with the focus of the imaging beam set
to the posterior retina and one data set close to the optic disc
with the focus shifted to the anterior retina. An algorithm
including dispersion compensation and geometrical correc-
tionswas employed [89] for the reconstruction. The reference
images, Figs. 9a and 10a, were obtained by manually opti-
mizing over the parameters that define the compensation of
dispersion, rotation and curvature, respectively. The exam-
ples in Figs. 9 and 10 compare the chosen reference to three
sub-optimal reconstructions, where b had a bad choice for the
rotation correction parameter, c for the curvature correction
parameter and d for the dispersion compensation parameter.

FR-IQAMismatches

Good dispersion compensation should provide images with
a depth resolution that is optimized for the system at hand.
In the ophthalmic application of AO-OCT, this high axial
resolution allows for the visualization and identification of
the different retinal layers [18, 89, 106], different retinal lay-
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Fig. 9 OCT reference reconstruction (a) and reconstructions with sub-optimal parameters (b–d) leading to geometric deviations (b, d) and low
resolution (d). Here, (d) is wrongly judged as the best reconstruction by SSIM and PSNR, and LPIPS is able to ignore the small spatial deviations

ers and structures, such as blood vessels. In the first example
(Fig. 9), the clear separation of the different layers in the pos-
terior retina, such as the photoreceptor bands and the retinal
pigment epithelium, is crucial for clinicians/researchers who
investigate the structure and function of the healthy and the
diseased human retina [49]. Therefore, in this example, the
reconstruction shown in Fig. 2d should have been rated the
lowest as the axial resolution is the lowest because of faulty
dispersion compensation, which cannot be fixed by further
post-processing. In the second example (Fig. 10), a cross-
sectional view of three retinal vessels which are embedded
in the nerve fibre layer is given. Changes in the thickness
of vessel walls are an important early biomarker for reti-
nal diseases such as diabetic retinopathy (cf. [7]). Again, the
reconstruction with faulty dispersion compensation shown in
Fig. 10d should have been rated the lowest. The loss in axial
resolution worsens the visualization of the vessel walls and
would lead to inaccurate measurements of the vessel wall
thickness.

In the current version of the algorithm, the parameters
which determine the amount of dispersion, rotation and cur-
vature compensation applied by the reconstruction algorithm
have to be set manually. Therefore, automated evaluation
would be very helpful to fasten the process. PSNR and SSIM
are not suitable to assess the problem correctly, as they
penalize the spatial deviations in b and c strongly. The geo-
metric deviations are not beneficial, but these errors could
be corrected in an additional post-processing step unlike
the deteriorated axial resolution due to the wrong dispersion
compensation parameter (d). LPIPS is able to ignore these
small spatial deviations.

Digital Pathology

Digital pathology integrates the acquisition, management
and interpretation of pathology information generated from
digitalized tissue stainings present on glass slides [46]. The
process starts with high-throughput scanning of glass slides
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Fig. 10 OCT reference reconstruction (a) and reconstructions with sub-optimal parameters (b–d) leading to geometric deviations (b, c) and low
resolution (d). Here, (d) is wrongly judged as the best reconstruction by PSNR and SSIM, and LPIPS is able to ignore the small spatial deviations

on dedicated slide scanners. The obtained images can be
further used for diagnostics, web-based consultations with
other expert pathologists in tumour boards, quantitative anal-
ysis and secure archival of pathology data as well as for the
development of machine learning tools for tumour classifica-
tion. However, the application of the listed operations is only
valuable upon high image quality and a cost-effective scan-
ning process. Image quality is highly dependent on scanner
type and scan settings. Furthermore, image size is consid-
erably large, with one image usually comprising 1–2 GB,
such that data storage and data access represent additional
challenges for digital pathology. In this light, optimizing the
digitization process through the establishment of quantitative
criteria for image quality standards would greatly contribute
to efficient workflows and manageable image usage.

Visualization Problem

Currently, the slide scanner operators personally set the
parameters on the machine to optimize the scanning proce-
dure. At first, the scanning device performs a low-resolution
overview scan in an automated manner. The operator is

required then to select a dedicated field of imaging for
high-resolution imaging with a 40X objective, followed by
the application of focus points to the selected scan area. The
distribution of these focus points can either be performed
in an automated manner by the scanner software (up to 9
focus points), or manually by the operator (if more than 9
focus points are desired). The choice of how many focus
points are used is usually based on the operator’s personal
preference, where setting focus points manually is highly
time-consuming. Furthermore, each focus point increases the
required scanning time for slide digitization, thus adding to
the time investment of pathologists at themachinewhile at the
same time limiting the number of slides that can be scanned
within 1 day.However, image quality correlateswith the abil-
ity of the pathologists to provide an accurate diagnosis to
their patients. The diagnosis can have life-impacting con-
sequences, such as the choice of the best treatment options
for tumour patients based on tumour subtype classification
by the histopathological evaluation of tissue sections. Thus,
automated IQA for different choices of focus points would
be helpful to design a standardized, cost- and time-effective
workflow while providing medical experts with images of
reasonable quality for accurate diagnostics.
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Data

The data presented in this study have been acquired from
digital images of immunohistochemistry stainings that were
performed on archival tissue obtained from the neurobiobank
of the Division of Neuropathology and Neurochemistry at
the Medical University of Vienna. Stainings have been per-
formed according to standard procedures [41, 85]. Figure11
a–c shows a tumour biopsy of a gliosarcoma patient stained
for the astrocyte marker GFAP (brown signal, cytoplas-
mic localization) and counterstained with Hematoxylin (blue
signal, nuclear localization). Figure3 d and e shows fetal
cerebellar tissue stained for the epigenetic mark H3K27me3
(brown signal, nuclear localization) and counterstained with
Hematoxylin (blue signal, nuclear localization). The stained
sections havebeendigitalizedon aNanoZoomer 2.0-HTdigi-
tal slide scanner C9600 (Hamamatsu Photonics, Hamamatsu,
Japan). The corresponding software NPD.Viewer2 was used
to export the scanned images to tiff files. Here, we performed
individual scans of a selected imaging area with different
numbers of focus points. We chose either 1, 3 or 9 focus
points while not changing the spatial settings for the selected
field of interest. The image with 9 focus points, allowing the
highest resolution, serves as the reference image.

FR-IQAMismatches

Although the spatial settings for the selected scan area of
interest were not changed during the experiment, the physical
performance of the scanner showed slight spatial deviations
of the selected area between individual scans and thus did
not allow for high spatial accuracy during re-scanning pro-
cesses. PSNR and SSIM fail to correctly assess the images
in Fig. 11 as they are very sensitive to that kind of spatial
misalignments. Whereas the scan with 3 focus points cor-
responds much better to the higher-quality reference as the
blurred scan with 1 focus point (see b and e versus c and f),
both measures incorrectly judge the blurred scan as the better
one.Thiswrong judgement due to a tiny spatial change is very
problematic in the respective framework as it is impossible
to guarantee completely exact spatial alignment, even if no
other settings had been changed during the scanning process.
LPIPS, not being so sensitive to small spatial deviations, is
able to correctly judge the rank of quality here.

Photoacoustic Data

Photoacoustic imaging (PAI) is an emergingmedical imaging
modality with important clinical applications such as inflam-
matory bowel disease and cardiovascular diseases [4, 6]. PAI
combines ultrasound with optical imaging to break through
the optical diffusion limit, enabling imaging at depths beyond
the reach of conventional optical methods. The inherent

optical contrast offers valuable insights into tissue com-
position and function, enabling enhanced visualization of
anatomical structures and pathological abnormalities in vas-
cularization [93] and blood oxygenation [38].

Photoacoustic Inverse Problems

The inverse problems of PAI pertain to the task to accurately
visualize molecular distributions and determine functional
tissue information from acquired PA time series signals [25].
It can be broadly divided into two main components: (1)
the reconstruction of images from time series measurements
(acoustic inverse problem) and (2) the correction for the non-
linear light fluence (optical inverse problem). Progress has
been made towards both inverse problems, but solutions typ-
ically involve forward simulations that rely on assumptions
that may not hold for a given clinical application [39]. This
makes the reconstruction of images from photoacoustic mea-
surements challenging, especially for medical applications,
and an active field of research. To ensure a suitable quality
of reconstructed PA images, objective measures would be
needed.

In the field of PAI, it is extremely difficult to compare
new methods to the state of the art, as many algorithms are
not available open source and thus have to be reimplemented
from scratch. Furthermore, as no standards exist yet, the field
uses standard IQA measures, such as PSNR and SSIM, over
measures tailored for PA reconstruction problems [5]. Stan-
dardized, objective measures are therefore highly needed,
especially for clinical applications to ensure high visual qual-
ity of the data used for diagnosis and prognosis.

Data

As examples for PA image reconstructions, we show in Fig. 12
reconstructed images containing estimated distributions of
the optical absorption coefficient from cross-sectional pho-
toacoustic images of piecewise-constant test objects (phan-
toms) (cf. [40]). These images were the result of a two-stage
process to solve the PA inverse problems. PA data was
acquired with a commercial photoacoustic imaging system
(MSOT InVision 256-TF, iThera Medical GmbH, Munich,
Germany) and processed with three different algorithms
(referred to as Alg1, Alg2, Alg3). For the visualization and
assessment, the outputs of the algorithms were clipped with
the reference image’s maximum.

Alg1 corrects a reconstructed PA image by using the light
fluence obtained from simulations based on the reference
measurements. Alg2 and Alg3 are deep learning algorithms
that are trained to directly estimate the absorption coefficient
from the reconstructed image. Alg2 was trained with sim-
ulated data, and Alg3 was trained with experimental data.
The reference absorption coefficients are obtained by using
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Fig. 11 Data acquired with a slide scanner and 9 (a, d), 3 (b, e) and 1 (c, f) focus points. The image with 9 focus points serves as a reference here.
PSNR and SSIM misjudge the tiny spatial misalignment and therefore favour the blurry images with 1 focus point. LPIPS is able to ignore these
spatial misalignments

a double-integrating sphere [72] setup as a complementary
measurement system, which only yields point estimates for
homogeneous material samples. Because of the piecewise-
constant nature of the used phantoms, one can fabricate an
additional batch of the material used for the test object, mea-
sure it and relate the calculated properties to the test object.
For any complicated objects or in vivo images, this process
would be unfeasible.

FR-IQAMismatches

Photoacoustic images are typically sparse, which compli-
cates the application of image-based quality measures. In
the original paper [40], the qualitative assessment was con-
ducted manually. In that assessment, Alg3 should perform
best, Alg1 second best and Alg2worst across the test images.
As this kind of manual assessment is not feasible for larger
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Fig. 12 Two examples of photoacoustic images, ground truth images (a, e) and comparisons of the reconstructions with Alg1 (b, f), Alg2 (c, g)
and Alg3 (d, h). None of the measures was able to assess the relevant quality properties for both examples correctly

data sets and may naturally also introduce inconsistencies as
well as biases, automation is needed. However, when PSNR
and SSIM are applied to the images, these intended results
cannot be reproduced. SSIMwrongly assesses that Alg1 per-
forms worst throughout both images (Fig. 12), LPIPS for
the second example. PSNR wrongly judges Alg1 as the best
rather than Alg3 and does not give much lower results for
Alg2 than Alg3, despite the introduction of artefacts that lead
to significant degradation of image quality.

Depending on the goal of the data analysis, desired quality
properties may differ here. Artefacts might introduce struc-
tures into the image that could be mistaken for regions of
interest. On the other hand, an inaccurate estimation of the
absolute absorption coefficient might lead to errors in the
estimation of functional tissue parameters, such as bloodoxy-
genation, that are important to assess the health status of a
patient. Therefore, targeted IQAmeasures that are indicative
of success given a desired use case are required for the objec-
tive assessment of algorithms for quantitative PAI and would
allow fast advances in the still-evolving field.

Discussion

The results presented in this paper give a collection of exam-
ples in diverse medical imaging tasks illustrating the most
common pitfalls of the standard FR-IQA measures. Some of

the problems associated with these measures have been dis-
cussed in isolated studies before. This paper aims to present
them in a summarized and structured manner, highlighting
the most relevant aspects in the context of medical imaging.

We showed examples of failure when using the standard
FR-IQA measures PSNR and SSIM, as well as the more
recently introduced LPIPS (based on AlexNet), which pro-
vides some beneficial properties for problems occurring in
medical imaging (in particular, invariance to small spatial
deviations), but still does not show sufficient performance in
many tasks. The occurring problems for the employed mea-
sures across the medical imaging modalities are manifold
and include the following:

• Penalization of task-irrelevant perceptual information
(Fig. 4, Fig. 7, Fig. 8 and Fig. 12)

• Misjudgment of broad artefacts leading to information
loss (Fig. 2 and Fig. 5)

• Inability to detect local errors and structural details
(Fig. 3)

• For PSNR/SSIM, undesired sensitivity to small spatial
changes and geometric deviations (Fig. 9, Fig. 10 and
Fig. 11)

The evidence in this paper suggests that there is a need for
a comprehensive discussion on standard FR-IQA measures
and their applicability inmedical imaging tasks. Based on the
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known struggles of FR-IQAmeasures and the fact that many
non-trivial choices have to bemadewhen applying suchmea-
sures in medical imaging (this includes the choice of image
visualization strategy, which strongly influences the result,
e.g. cropping and standardization, as well as implementa-
tion details), FR-IQA measures should be acknowledged to
not being a straightforward evaluation choice for medical
imaging.Moreover, comprehensive reporting about themade
choices is needed to ensure reproducibility.

NR-IQAmeasures are by design tailored to specific prob-
lems and therefore can be applied and interpreted in a more
direct way. Unfortunately, such measures or biomarkers are
often only known within groups of experts and not always
easily accessible for non-experts working outside of themed-
ical field.Recently, research in this direction has evolved; see,
e.g. the work on NR-IQAmeasures for differentMRImodal-
ities including the contribution of public data with ratings
[28]. Other attempts of clinically tailored NR-IQAmeasures
for MRI include [56, 69, 70], and for CT data [20, 23, 102].

Nonetheless, there are medical settings in which FR-IQA
measures can be ameaningful addition toNR-IQAmeasures,
e.g. for quantification purposes in reconstruction algorithms
or specific perceptual properties that are needed for the sub-
sequent usage. In order to employ perceptual FR evaluation,
more extensive research is highly needed that investigates
diverse medical imaging modalities and characterizes tar-
gets that can be evaluatedwell. Such extensive studies should
be published independently of final applications in research
papers introducing novel methods. In order to enable proper
evaluation of the suitability of FR-IQA measures for clini-
cal tasks, medical image data has to be shared, together with
expert ratings, such as for NR-IQA the recently introduced
CT IQA challenge data set [55].

On a related note, a very recent publication [59] pro-
vides a comprehensive framework for the choice of imaging
analysis metrics for segmentation, detection and classifica-
tion. Such contributions are very important to bridge the gap
between application and methodology through transdisci-
plinary research, and would also be highly beneficial for IQA
measures.

Advancing Task-InformedMedical FR-IQA

From these thoughts, we can derive an expandable list of
research directions that help to advance sufficient evaluation
with FR-image quality metrics for medical images:

1. Studies on existing FR-IQAmeasures applied to medical
data that identify which quality measures work well, and
in which specific settings. The used data and distortions
should come froma realistic clinical context, i.e. degrada-
tions should be obtained from medical scanners directly

ormodelled in a realisticmanner. The resultsmay include
the realization that some standard measures are working
well in some specific tasks; these tasks have to be iden-
tified and comprehensively discussed.

2. Published medical image data with manual expert rat-
ings for specific tasks. Relevant acquisition information
should be added, including which kind of visualization
and standardization strategies of the images were used
in order to obtain the ratings. Did the experts use the
same screens? Were they allowed to change the lumi-
nance/contrast during the process?

3. Development of novel task-dependent FR-IQAmeasures
that are tailored and extensively tested for particularmed-
ical imaging tasks.

4. Identification of perceptual quality properties that are
needed for specific medical imaging tasks, in connection
with perceptual metrics.

5. Development of standard frameworks/platforms to anno-
tate and test FR-IQA measures in a medical setting.

It is not possible to have one quality measure that serves it
all. The usage of task- and image-dependent well-testedmea-
sures, e.g. identified through (1.) and (3.), is indispensable
for sufficient evaluation schemes. However, comparability
of results is also of major importance when novel method-
ologies are introduced. Therefore, in addition, more general
measures are needed for the broader evaluation of novel
methods.

Away to approach this could be the creation of a carefully
curated set of basis measures that correspond to different
perceptual properties, e.g. luminance, contrast, structure and
texture. This idea is related to the SSIM framework, which
relies on three properties, but eventually combines these to
one number. Identified needed perceptual quality metrics (4.)
then give subsets for certain tasks. Such a basis set can be
used for imaging problems arising from several acquisition
modalities and may also provide deeper insights into bigger
data sets by identifying which kind of quality was preserved
well and which has not.

Most importantly, measures that have not been assessed
for medical imaging at all should not be used for such tasks.
In order to allow assessment ofmeasures formedical imaging
tasks, available data (2.) is crucial: without shared data, it is
not possible to conduct evaluations. A standardized frame-
work (5.) would support the implementation of annotation
studies.

Lastly, it should be acknowledged that using perceptual
quality measures on acquired medical data is a two-stage
problem. Firstly, the question of visualisation has to be tack-
led, and secondly, the identification of a suitable perceptual
measure. Both of the stages are not trivial formedical images.
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Guidelines for the Choice, Description
and Application of FR-IQAMeasures

A set of IQA measures should be reported that includes
well-tested task-specific FR- and NR-IQA measures as well
as visual quality assessment by experts. The discussion
of suitability of the employed IQA measures should be a
comprehensive and important part of a method paper. When-
ever possible, qualitative evaluation by experts should be
included. Moreover, it should not be encouraged to use an
IQA measure as a loss function and at the same time as an
evaluation metric of a method, as this introduces bias in the
optimization/evaluation steps. If not avoidable, the employed
measure should be treated and reported as part of the valida-
tion but not of the testing phase.

Guidelines—Application of FR-IQAMeasures

In this section,wewill suggest guidelines for the usage of FR-
IQAmeasures for the output’s evaluationof imageprocessing
algorithms with reference data.

0. Suitability of IQA: Check if IQA is the correct way to
evaluate the image, e.g. if the image is the final outcome
of a process to be visualized or if is it just an intermediate
result.Verify that the value range corresponds to an image
that can be visualized.

1 Locality: Discuss if the measure should be employed
on the entire images or if there are specific regions that
would ask for a distinctive evaluation. Identify a reason-
able region of interest and cropping, being aware that
huge black background areas influence the outcome.

2 Choice of measure set: Verify if the IQA measure is
properly tested for the intendedkinds of images and tasks.
If not, check what specific characteristics of the measure
are needed for the evaluation task and if there are other
more suitable measures that can be employed. Note if
the measure was part of the method optimization. If yes,
report it separately as a validation measure and add more
measures for testing. If possible, add NR-IQA measures
that are suitable for the problem and data. If not, specify
why.

3 Discuss and argue your choice: Identify properties
for your task that shall be tackled by the quality mea-
sure, including structure, texture, contrast/brightness,
shift (in)variance and colour scheme.

4 State exact implementation of the measure: If a
measure provides a framework with parameters and/or
different implementations (e.g. SSIM, see introduction),
report which parameters and implementations have been
used. State on what kind of data type the measure oper-
ates on (e.g. uint, float, etc) and how that fits your data.

5 Data standardization: Report conducted data standard-
ization, e.g. how have the images been visualized and
what kind of standardization was necessary to visualize
the images in a meaningful way. Check if the visualiza-
tion corresponds to the evaluated FR-IQA quantification.
If not, and a perceptual measure was employed, specify
why.

6 Share your code: Make your method as well as your
evaluation schemes publicly available to ensure repro-
ducibility.

Limitations of the Study

In this paper, we have gathered examples of different medical
imaging modalities and identified tasks that commonly use
or would benefit from using FR-IQA measures. The choice
of examples was made based on relevance, but also guided
by the available fields of expertise of the people who span
the present collaborative network. This collection is by no
means complete and could be widely extended.

We included the two most commonly used FR-IQA mea-
sures for the evaluation of computational medical imaging
tasks (PSNR and SSIM) and focused on exemplifying their
failures in such settings. There are many tasks in which these
measures perform very well, especially for natural images,
but evidence is given here that in various medical imaging
tasks more extensive testing regarding suitability is nec-
essary. The novel IQA measure LPIPS was also included
because there is an ongoing trend to suggest this measure for
medical imaging tasks; the message of this paper is to apply
caution and conduct further research regarding its broad
applicability. The list of existing FR-IQA measures is long,
and it is out of the scope of this paper to provide an extensive
evaluation scheme of quality measures. Instead, we want to
provide examples of failure, highlighting the need for further
research regarding the applicability of IQA measures.

Summary

This study shall serve as a first structured collection of pit-
falls in medical imaging tasks when employing the most
commonly used FR-IQA measures for evaluation, namely
PSNR and SSIM, as well as the more recently introduced
deep learning-basedmeasure LPIPS. The collection includes
examples analyzed by several experts from real-world med-
ical imaging problems with CT, MRI, X-ray, photoacoustic
and pathological image data, where failures may ultimately
affect clinical tasks conducted on reconstructed images.
Moreover, we formulate guidelines for the application of
FR-IQA measures in medical settings and provide sug-
gestions for future research directions. We hope that this
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critical review will encourage more researchers to actively
participate in the research field of evaluation methods and
their constraints, in particular regarding FR-IQA. Conclud-
ing, this opens up fantastic opportunities for new impactful
interdisciplinary research directions where several research
communities can benefit from.
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