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What we did in 2021

1) Topical review published in July:
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Comparative study of the methodologies used for subjective
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- State-of-the-art of recent works on subjective QA + task-based approaches
- Discussion on merits and drawbacks of the methodologies + recommendations
- List + lack of available annotated medical databases



What we did in 2021

2) Special session submitted to ICIP 2022:

Quality Assessment for Medical Imaging Applications

Topics of interest

We are seeking papers that include, but are not limited to, the following topics:

e Subjective and objective experiments for medical image quality assessment.
Relationship between perceptual and task-based medical image quality.
Task-based assessment based on model observers (including synthesised images).
Computer-based medical image perception.
Datasets with new diagnostic tasks.
Medical objective image quality assessment models.
Methodologies, and guidelines for subjective medical image quality assessment.
Perceptual (quality-guided) medical image processing (enhancement, segmentation,
coding, and watermarking).

3) Topical review submitted to Medical Image Analysis, to be presented now!
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INTRODUCTION

Impairments in medical image and video depend on
acquisition and reconstruction-related factors,
specific to each imaging modality (e.g., radiation dose
for CT scans, or magnetic field homogeneity for MRI).

Images and videos may also be subject to different
processing, compression/encoding, transmission,
and visualisation methods.

Image and video QA in health applications is a necessity,
towards improving methodologies throughout the clinical
workflow; but also a very challenging field, given the
diversity of content, impairments, and applications.




OVERVIEW

OBJECTIVE
QUALITY
ASSESSMENT
SUBJECTIVE
QUALITY
ASSESSMENT
Léveque et al., : .
Physics in Medicine & Biology, 2021. Visual quality- Task-based
based
approaches SpproEeEs
Compute quality index Designed to approximate
directly from visual and/or the performance of human
structural information of the observers on a given task

Images and videos
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VISUAL QUALITY-BASED METHODS

References by imaging modality:

Magnetic Resonance Imaging (MRI) - 11
Retinal fundus photography - 7
Ultrasonography - 7

Mason et al. 2019

Computed Tomography (CT) -5
Endoscopic/laparoscopic video - 5
Fusedimages (MRI, CT, PET, SPECT, US) - 2

« X-ray (planar) -1

Ocular Coherence Tomography -1 Al S al 0



TASK-BASED METHODS

Task-based
methods
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TASK-BASED METHODS

References by imaging modality:
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DISCUSSION AND FUTURE WORK

e Regarding FR and RR visual quality-based metrics, all the reviewed papers reported the
use of metrics originally developed for natural content.

e FR metrics: PSNR and SSIM were the most commonly used metrics (10 studies).
VIF and NQM were also used frequently.

e Only one paper reported a FR metric specifically designed for medical content
(Razaak and Martini, 2016).

M. Razaak and M. G. Martini, “CUQI: cardiac ultrasound video quality index,” Journal of Medical Imaging, vol. 3, no. 1, p. 011011, 2016.

e As for NR metrics, most papers proposed metrics tailored for the considered content.

e Deep learning methods are becoming a staple in NR quality assessment of medical
image and video: most recent studies used CNN instead of handcrafted features.
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DISCUSSION AND FUTURE WORK

e Lack of subjective annotated quality databases (Lévéque et al. (2021)):
only 3 databases, by Suad et al. (2013), Outtas et al. (2018), and Khan et al. (2020).

e Regarding task-based QA, annotated datasets should incorporate models of how
clinicians perform diagnosis from images and videos, for example.

e |norderto address these issues, Willemink et al. (2020) suggested using
human-in-the-loop machine learning.

Al techniques promise a strong breakthrough in medical imaging objective QA.

- L. Lévéque, M. Outtas, H. Liu, and L. Zhang, “Comparative study of the methodologies used for subjective medical image quality assessment,” Physics in Medicine
& Biology, vol. 66, no. 15, 2021.

- J. Suad and W. Jbara, “Subjective quality assessment of new medical image database,” International Journal of Computer Engineering and Technology,

vol. 4, pp. 155-164, 2013.

- M. Outtas, L. Zhang, O. Deforges, A. Serir, and W. Hamidouche, “Subjective and objective evaluations of feature selected multi output filter for speckle reduction
on ultrasound images,” Physics in Medicine & Biology, vol. 63, no. 18, 2018.

-Z. A. Khan, A. Beghdadi, F. A. Cheikh, M. Kaaniche, E. Pelanis, R. Palomar, “A. A. Fretland, B. Edwin, and O. J. Elle, “Towards a video quality assessment based
framework for enhancement of laparoscopic videos,” in Medical Imaging 2020: Image Perception, Observer Performance, and Technology Assessment, vol. 11316.
International Society for Optics and Photonics, 2020, p. 113160P.

- M. Willemink, W. Koszek, C. Hardell, J. Wu, D. Fleischmann, H. Harvey, L. Folio, R. Summers, D. Rubin, and M. Lungren, “Preparing medical imaging data for
machine learning,” Radiology, vol. 295, no. 1, 2020.
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DISCUSSION AND FUTURE WORK

e Another challenge for objective medical QA is artifact simulation.
Collecting data with real artifacts may be impractical or not always possible.

e However, simulated artifacts are normally limited in their range, which may hinder the
application of developed QA methods to real clinical data (Oh et al., 2021).

e Some efforts are reported, concerning the simulation of content-specific and realistic
artifacts (Yang et al., 2019; Oktaviana et al., 2019; Hu et al., 2021; Oh et al., 2021).

e Deeplearning methods, e.g., Generative Adversarial Networks (GANs) may provide
interesting solutions.

-G.Oh, J. E. Lee, and J. C. Ye, “Unpaired MR motion artifact deep learning using outlier-rejecting bootstrap aggregation,” IEEE Transactions on Medical Imaging, vol. 40, no.
11, pp. 3125-3139, 2021.

- J. Yang, M. Faraji, and A. Basu, “Robust segmentation of arterial walls in intravascular ultrasound images using dual path U-Net,” Ultrasonics, vol. 96, pp. 24-33, 2019.

- A. Oktaviana, S. Pawiro, T. Siswatining, and D. Soejoko, “Preliminary study of ring artifact detection in SPECT imaging using Jaszczak phantom,” in Journal of Physics:
Conference Series, vol. 1248, no. 1. IOP Publishing, 2019, p. 012030.

- R. Hu, R. Yang, Y. Liu, and X. Li, “Simulation and mitigation of the wrap-around artifact in the MRl image,” Frontiers in Computational Neuroscience, vol.15, p. 89, 2021.
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DISCUSSION AND FUTURE WORK

e Intask-based QA, traditional model observers are based on statistical characteristics
of the images. Hence, many studies rely on phantom or simulated images.

e Currently, there is no evidence that studies conducted on simulated images
ensure sufficient confidence to draw relevant conclusions on real clinical data.

e DL methods could address these limitations, as task performance provides a direct
quality measure. The challenge is to define which tasks may be reliably delegated.

e Toour knowledge, existing models are limited in terms of task range.
Characterisation tasks are highly complex and involve a linguistic response
(e.g., benign vs. malign). Other tasks include estimation tasks, which aim at determining
a scalar or range of values for an object parameter (e.g., tumour diameter).
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DISCUSSION AND FUTURE WORK

e 3D visualisation of medical content (e.g., using stereoscopic or light field) opens new
opportunities, e.g., surgery training (Martini et al., 2013). But QA research is still behind.

e Compression and transmission of 3D stereoscopic, as well of light field, medical content,
require suitable metrics for the assessment of their performance.
Studies on QA for light field medical images have started (Kara et al., 2017).

e Future research might focus on evaluating the performance of existing metrics for
generic 3D images and videos (e.g., Han et al.,, 2016; Battisti et al., 2015) and light field

data (e.g., Ak and Le Callet, 2019; Tamboli et al., 2018) on medical data.
The availability of medical datasets in stereoscopic and light field formats is in demand.

- M. G. Martini, C. T. Hewage, M. M. Nasralla, R. Smith, |. Jourdan, and T. Rockall, “3D robotic tele-surgery and training over next generation wireless networks,” in 2013
35th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). |IEEE, 2013, pp. 6244—6247.

- P. A. Kara, P. T. Kovacs, S. Vagharshakyan, M. G. Martini, S. Imre, A. Barsi, K. Lackner, and T. Balogh, “Perceptual quality of reconstructed medical images on projection-
based light field displays,” in eHealth 360°. Springer, 2017, pp. 476—-483.

-Y. Han, Z. Yuan, and G.-M. Muntean, “An innovative no-reference metric for real-time 3D stereoscopic video quality assessment,” IEEE Transactions on Broadcasting,
vol. 62, no. 3, pp. 654—-663, 2016.

- F. Battisti, E. Bosc, M. Carli, P. Le Callet, and S. Perugia, “Objective image quality assessment of 3D synthesized views,” Signal Processing: Image Communication,

vol. 30, pp. 78-88, 2015.

- A. Ak and P. Le Callet, “Investigating epipolar plane image representations for objective quality evaluation of light field images,” in European Workshop on Visual
Information Processing, Oct. 2019, pp. 135-139.

- R. R. Tamboli, P. A. Kara, A. Cserkaszky, A. Barsi, M. G. Martini, B. Appina, S. S. Channappayya, and S. Jana, “3D objective quality assessment of light field

video frames,” in 3DTV-Conference: The True Vision-Capture, Transmission and Display of 3D Video, Jun. 2018. 15
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vol. 57, pp. 211-218, 2017.
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