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Summary:

Introduction/purpose: The paper presents interesting research related to
the performance analysis of the picture-wise just noticeable difference
(JND) prediction model and its application in the quality assessment of
images with JPEG compression.

Methods: The performance analysis of the JIND model was conducted in
an indirect way by using the publicly available results of subject-rated
image datasets with the separation of images into two classes (above and
below the threshold of visible differences). In the performance analysis of
the JND prediction model and image quality assessment, five image
datasets were used, four of which come from the visible wavelength
range, and one dataset is intended for remote sensing and surveillance
with images from the infrared part of the electromagnetic spectrum.
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Results: The paper shows that using a picture-wise JND model,
subjective image quality assessment scores can be estimated with
better accuracy, leading to significant performance improvements of
the traditional peak signal-to-noise ratio (PSNR). The gain achieved by
introducing the picture-wise JND model in the objective assessment
depends on the chosen dataset and the results of the initial simple to
compute PSNR measure, and it was obtained on all five datasets. The
mean linear correlation coefficient (for five datasets) between
subjective and PSNR objective quality estimates increased from 74%
(traditional PSNR) to 90% (picture-wise JND PSNR).

Conclusion: Further improvement of the JND-based objective measure
can be obtained by improving the picture-wise model of JND
prediction.

Key words: just noticeable difference, JPEG compression, peak signal-
to-noise ratio, subjective and objective image quality assessment.

Introduction

With the rapid development of systems for digital processing,
transmission and display of images and videos, there has been a
growing interest in efficient image/video compression techniques (Lu et
al, 2021). Among the techniques intended for image compression, the
JPEG technique (Wallace, 1992), (Pennebaker & Mitchell, 1993) has
been the most widely accepted for more than 25 years. The original
JPEG development team members emphasize that the longevity of this
technique is a consequence of well-defined mandatory conditions that it
had to meet and fundamental components such as fast discrete cosine
transform, psychovisual quantization, modeling, encoding, a royalty-free
baseline, progressive modes, lossless compression support and real-
time implementation (Hudson et al, 2017), (Hudson et al, 2018). The
JPEG technique still meets the average user demand, so it is to be
expected that it will be present in the coming decades.

Image compression techniques, along with the elimination of coding
and spatial redundancy, use some of the characteristics of the human
visual system (HVS), i.e. use visual redundancy. One of the
characteristics is related to the just noticeable difference (JND) threshold.
JND, as a perceptual threshold in image processing, is used in
perceptual image compression (Tian et al, 2020), (Wang et al, 2019), and
can also be used in objective image quality assessment (Toprak &
Yalman, 2017), (Seo et al, 2021). The first and most significant JND
threshold/point refers to the transition between a pristine and an image
with visible distortions, or rather the transition from perceptually lossless
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to perceptually lossy encoding (Huang et al, 2018). Research on JND
has intensified in recent years thanks to publicly available image and
video datasets with the results of subjective tests, among which there are
three JND-based image datasets with JPEG compression (Jin et al,
2016), (Liu et al, 2018), (Ahar et al, 2018). These three datasets are
intended for different purposes — compression of natural images (Jin et
al, 2016), compression of panoramic images (Liu et al, 2018) and
compression of high dynamic range images (Ahar et al, 2018). JND-
based subjective quality analyses also have been conducted on JPEG
2000, H.265 and VVC compressed images, and on H.264 and H.265
compressed videos (Bondzuli¢ et al, 2021).

The MCL-JCI dataset described in (Jin et al, 2016), as a dataset of
natural scene images, contains information on the JND points of JPEG
compressed images and was used to predict JND points in (Fan et al,
2019), (Lin et al, 2020), (Liu et al, 2020), (Bondzuli¢ et al, 2021). The
mean absolute error (MAE) of the PSNR between the predicted and
ground truth JND distributions was used as a prediction accuracy
measure. The deep learning approaches (Fan et al, 2019), (Lin et al,
2020), (Liu et al, 2020) yielded the MAE for the first IND point of 0.69 dB,
0.58 dB and 0.79 dB, respectively. Recent research published in
(Bondzuli¢ et al, 2021) has shown that based on only one feature derived
from a source non-compressed image (mean gradient magnitude, MGM),
the PSNR of the first JIND point of an image with JPEG compression can
be reliably predicted (linear correlation coefficient between PSNR of the
predicted and ground truth first JND points is greater than 92%, while the
MAE between them is 1.21 dB). The proposed approach does not require
complex vision or masking models and determines the optimal JPEG
quality factor through a simple rate-distortion function using the
computationally efficient PSNR metric for objective quality assessment.
The high degree of correlation can be explained by a good prediction of
image complexity using MGM, which is essential in determining the
degree of compression and bandwidth allocation (Yu & Winkler, 2013).

The research in this paper aims to further confirm the success of the
prediction of the first JIND points for a given image using a simple and
fast approach (Bondzuli¢ et al, 2021) and to show that the information of
position of the first IND points can be used to reliably evaluate quality of
images with JPEG compression. Prediction success and reliable
evaluation were confirmed on five subject-rated image datasets
containing images with JPEG compression.
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Prediction of the first IND point for JPEG compressed
Images

The quality factor (QF), whose values range from 0 to 100, has been
used to control the quality of JPEG compressed images. Higher QF
values correspond to better quality images. Although one can choose a
QF from 0 to 100, with an increment equal to one, recent research has
shown that observers can distinguish a finite number of image quality
levels (four to eight), and that the relationship between perceptual
distortions and a bit-rate/distortion level is not a continuous but a step
function (Jin et al, 2016). The steps of this function represent the JND
points. The first among them, and at the same time the most important
JND point, refers to the maximum difference between the original and the
test image that the HVS will not notice (Li et al, 2020), (Bondzuli¢ et al,
2017). This transition point between the original image and the images
with visible degradations also represents the transition from perceptually
lossless to perceptually lossy encoding. The second JND point is
obtained by detecting noticeable differences from the first JND point
(anchor), i.e. lower JND points are used as anchors to determine higher
JND points.

Figure 1 shows the original uncompressed image from the MCL-JCI
dataset (Jin et al, 2016), its stepwise distribution of JND points and the
regions of the original image and images corresponding to JND points.
The results of subjective tests were given through the stair quality
function (SQF), which represents the normalized cumulative sum of the
JND function, and was obtained by analysing and post-processing raw
JND data. The height of the SQF function for a boundary point with
QF=100 is equal to one and defines the maximum possible quality. The
first drop in quality corresponds to the first JND point (JND #1), and its
height corresponds to subjective quality. This point corresponds to the
image with QF=35, and its subjective quality is SQF=0.92. The position
of the first IND point depends on the image content and for 50 source
images from the MCL-JCI dataset these positions were obtained for a
wide range of QF values, from 25 to 70 (Jin et al, 2016).

The regions in Figure 1 show visible differences between the images
corresponding to the higher JND points (JND #2 and JND #3) and the
region of the original image.

Prediction of the first IND point for JPEG compressed images can
be achieved in the PSNR, QF, and bits per pixel (bpp) domains, but
researchers suggested using the PSNR domain to predict the first IND
point (Liu et al, 2020), (Bondzuli¢ et al, 2021).
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The procedure for determining the estimation of the ground truth
PSNR value (PSNR JND #1) proposed in (Bondzuli¢ et al, 2021) is
carried out in several steps. In the first step, if it is a color image, the
conversion from the RGB color format to a grayscale image is performed
(Gonzalez & Woods, 2018):

f (n,m)=0.299R(n,m)+0.587G(n,m) +0.114B(n,m). (1)

() IND #2 (QF=21, SQF=0.65) (f) IND #3 (QF=14, SQF=0.54)

Figure 1 — (a) (b) original image rich in detail and its SQF function, (c) (d) (e) and (f)
regions of the original image and compressed images corresponding to the JND points
Puc. 1 - (a) (b) ucxooHoe usobpaxeHue, 602zamoe demansmu, u e2o pyHkyusi SQF, (c)
(d) (e) u (f) obrnacmu ucxo0HO20 U306paXXeHUsT U CxKambix U3obpaxxeHud,
coomeemcmeyrowjue moykam JND
Cnuka 1 - (a), (b) — opueuHanHa cnuka 6oezama demarbuma u eHa SQF ¢hyHkyuja, (C),
(d), (e) u (f) — peauoHuU opueuHanHe cruke U KOMIPUMOBaHUX CruKa Koju odzosapajy JND
maykama
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In the second step, the responses gx and gy of the grayscale image
to the 2D Sobel filters are determined:
g,(nnm)=f(n+Im-D+2f(n+Lm)+ f(n+1,m+1) )
—[f(h-Lm-D)+2f(n-1L,m)+ f(n-1,m+1)]
and
g,(n,m)=f(n-Lm+)+2f(n,m+)+ f(n+Lm+1)

—[f(n-Lm-2)+2f(n,m-1)+ f(n+1,m-1)] (3)

From the resulting gxand gy oriented gradient components, the MGM
information is easily obtained according to:

1 1
MGM =2 g JOz(nm)+gz(n,m), (@)

NM

where gmax is the experimentally determined maximum magnitude value,
taken as gmax=4.472 for grayscale images with a dynamic range 0 to 1
(image f which is an 8-bit unsigned integer array with a range of 0 to 255
is linearly scaled to a dynamic range of O to 1 with a double-precision 64-
bit format) (Bondzuli¢ et al, 2021).

The PSNR JND #1 prediction is determined based on the MGM
information as:

2115.5MGM ? —377MGM +46.4, MGM < 0.0896

(5)
29.58, MGM > 0.0896

PSNR(MGM) :{

and this mapping function is shown in Figure 2.

The optimal values of the coefficients in Eq. (5) were determined
based on the results of subjective tests on the MCL-JCI dataset
(Bondzuli¢ et al, 2021).

Figure 2 shows that, with increasing MGM, the value of PSNR
prediction decreases, where for MGM=0.0896 the mapping function
reaches its minimum value (PSNRmin=29.58 dB). This can be explained
by the influence of contrast and texture that are important for visibility
masking estimation because in the regions that contain more non-
uniform contents more distortion can be tolerated than in the regions with
homogeneous content. Furthermore, block-based JPEG coding
suppresses high-frequency components. In the homogeneous regions
with gradual color/intensity change, the blocking artifact is visible to
observers. In contrast, the distortion is less obvious in the textured

regions (Jin et al, 2016).
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Figure 2 — PSNR prediction of the first JND point based on the mean gradient magnitude
Puc. 2 — NpoeHo3 PSNR nepsoti moyku JND Ha ocHogaHuu cpedHel 8esuyUHbI
epadueHma
Cnuka 2 — PSNR nipedukyuja npee IND mauke Ha ocHO8Y cpedre apedHocmu
amnnumyde epadujeHma

JND prediction and image quality analysis

The described model (Bondzuli¢ et al, 2021) was used without any
additional adjustments to determine the PSNR estimates of the first IND
points of the reference images from the four datasets. For example, the
adopted JND model is trained on high spatial resolution images
(1280x1920 pixels), and will be tested on images that are of significantly
lower resolution.

Figure 3 shows the scatter plots of subjective (mean opinion score —
MOS/difference MOS — DMOS) and objective (PSNR) quality scores.
Each point on the scatter plots corresponds to one test image with JPEG
compression. Scatter plots are shown for four image datasets, three of
which are publicly available — LIVE (Sheikh et al, 2006) (with 29 original
images), CSIQ (Larson & Chandler, 2010) (with 30 original images) and
VCL@FER (Zari¢ et al, 2012) (with 23 reference images). The fourth
image dataset, marked with LWIR, will be publicly available soon, and
can be obtained by sending an inquiry to the authors who created it
(Merrouche et al, 2018). A subset of 100 images with JPEG compression
was taken from the LWIR dataset containing images from the infrared
part of the electromagnetic spectrum. The LWIR dataset test images
were created from 20 original images, and their quality was reduced
using five degradation levels (five quality factors). In subjective tests, the
scores of 31 observers were collected.
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On the scatter plots, JPEG images are represented by two symbols,
where the first symbol (0) corresponds to the images in which the PSNR
of the test image is above the PSNR JND #1 (this is the first class of
images, which should consist of high quality images, and in which there
is no loss of visual information). The second symbol (A) corresponds to
the images for which the PSNR of the test image is below the PSNR JND
#1 (this is the second class of images that should consist of lower quality
images). A similar idea of dividing images into two classes was used in
(Ponomarenko et al, 2015).
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Figure 3 — Scatter plots of subjective and PSNR objective image quality scores for JPEG
images from four datasets: (a) LIVE (175 images), (b) CSIQ (150 images), (¢) VCL@FER
(138 images) and (d) LWIR (100 images)

Puc. 3 — [Juaepammbl pa3bpoca cyb6beKmuHbIX OUEHOK Kadecmea usobpaxeHul u
06bekmugHbiIx oyeHok PSNR 0nsa uzobpaxeHuti JPEG u3 yembipex Habopos daHHbIX:
(a) LIVE (175 usobpaxenuti), (b) CSIQ (150 uzobpaxeHul), (c) VCL@FER (138
uzobpaxeHud) u (d) LWIR (100 usobpaxeHutl)

Cnuka 3 — [Qujagzpamu pacunama cybjekmusHux u PSNR objekmueHux ckoposa
keanumema JPEG criuka us yemupu 6ase: (a) LIVE (175 cniuka), (b) CSIQ (150 crnuka),
(c) VCL@FER (138 cnuka) u (d) LWIR (100 cnuka)
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Figure 3 shows that the proposed approach for the first JIND point
estimation proved to be excellent on the LIVE and CSIQ datasets. By
applying the PSNR of the first IND point, images of excellent visual quality
were detected — they correspond to lower values of subjective DMOS
scores. Slightly worse results of the proposed first JND point estimation
model can be seen for the images from the VCL@FER dataset.

The surprising result of the proposed approach can be seen on the
LWIR image dataset. Although it is a dataset of images from the invisible
(infrared) part of the electromagnetic spectrum, the proposed approach of
the first JND point estimation has proven to be very successful in detecting
JPEG compressed images with high quality — they correspond to higher
values of subjective MOS scores. In this way, the validity of the proposed
PSNR estimation of the first IND point was indirectly confirmed, using the
results of subjective quality tests of available image datasets.

Figure 4 shows two source images from the LWIR dataset and their
JPEG compressed versions for which the PSNR value is above the PSNR
JND #1. The test images are of excellent and good visual quality, i.e. there
is no visual difference between the pair of images shown in Figures 4(a) and
4(b) (MOS=5), while the observers noticed slight differences between the
pair shown in Figures 4(c) and 4(d) (MOS=4).

For the two selected examples, the degrees of image compression are
approximately equal and are 21.7 (Figure 4a) and 23.3 (Figure 4b).
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Figure 4 — (a) original image (image size is 608 kB), (b) test image with JPEG
compression (PSNR=42.47, PSNR JND #1=39.92, MOS=5, image size is 28 kB), (c)
original image (image size is 256 kB) and (d) test image with JPEG compression
(PSNR=40.03, PSNR JND #1=38.18, MOS=4, image size is 11 kB)

Puc. 4 — (a) ucxodHoe u3obpaxeHue (pa3mep uszobpaxeHus 608 kB), (6)
mecmosoe u3obpaxeHue co cxamuem JPEG (PSNR=42.47, PSNR JND #1=39.92,
MOS=5, pasmep uzobpaxeHusi 28 kB), (8) ucxodHoe u3obpaxeHue (pa3mep
usobpaxeHus 256 kB) u (d) mecmoeoe usobpaxeHue co cxxamuem JPEG (PSNR=40.03,
PSNR JND #1=38.18, MOS=4, pasmep uzobpaxeHus 11 kB)

Cnuka 4 — (a) opuesuHarnHa crnuka (eenuduHe 608 kB), (b) mecm-cnuka ca JPEG
komnpecujom (PSNR=42,47, PSNR JND #1=39,92, MOS=5, gesiuyuHa cnuke je 28 kB),
(c) opueuHanHa cnuka (senu4uHe 256 kB) u (d) mecm-cnuka ca JPEG komnpecujom
(PSNR=40,03, PSNR JND #1=38,18, MOS=4, genu4uHa crnuke je 11 kB)

Impact of JND prediction on image quality assessment

The described approach of the PSNR estimation of the first JIND
point is derived from the results of subjective tests of the MCL-JCI
dataset (Jin et al, 2016) in which 50 original images are used. The
degree of agreement between SQF subjective and objective quality
scores on this JPEG image dataset is worse than the degree of
agreement between subjective and objective quality scores on publicly
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available image datasets such as LIVE, CSIQ, VCL@FER and similar
(Bondzuli¢ et al, 2020). A very low degree of agreement between the
SQF subjective and PSNR objective quality scores on this image dataset
can be observed through the large spreading on the scatter plots shown
in Figure 5. The scatter plots are shown for PSNR objective quality
scores. The degraded images originating from the same original image
are on the scatter plot in Figure 5(a) connected by lines of different
colors. On the scatter plot in Figure 5(b), the images corresponding to the
JND points derived from subjective tests are marked with different
symbols (from JND #1 to JND #7).

Additionally, in Figure 5(a), it can be seen that the slope of the lines
corresponding to the images originating from the same original image is
approximately the same. The spreading in the space of subjective and
objective quality scores is a consequence of the different content of the
original images. Similar conclusions related to the PSNR performance in
video quality assessment were reached by the authors in (Huynh-Thu &
Ghanbari, 2008), (Bondzulic et al, 2016). The goal of designing objective
guality assessment measures is that the results of the assessment,
among other things, do not depend on the content of the original images.

1 1
0.8 0.8
L 06 L 06 )4
3 3 o
0.4 0.4 o
(’_ *
0.2 0.2 % 4
| D JND#7
0 0
20 30 40 50 20 30 40 50

PSNR (dB) PSNR (dB)

@ (b)
Figure 5 — Scatter plots of subjective and PSNR objective quality scores of MCL-JCI
JPEG compressed images: (a) the scatter plot is shown regarding the images originating
from the same original image and (b) the scatter plot with marked JND points

Puc. 5 — [uazpammbl pazbpoca cybbeKkmueHbIX OUEHOK Kayecmea U 06beKmuBHbIX
oueHok PSNR cxambix usobpaxeruti MCL-JCI JPEG: (a) epachuk pasbpoca nokasaH 8
coomeemcmeuu ¢ U30bpaxeHuUsMU, MPoucxo0sujuUMuU u3 0OHO20 U MOo20 Xe UCX0OH020

usobpaxeHusi, u (b) epaghuk pazbpoca c ommeyeHHbIMU modkamu JND

Cnuka 5 — [Qujaepamu pacunama cybjekmusHux u PSNR objekmueHux ckoposa
keanumema JPEG komnpumosaHux criuka MCL-JCI 6ase: (a) dujazpam pacunama je
rpuka3aH fpema criukama Koje nomudy o0 ucme opuauHarsnHe cnuke u (b) dujazpam
pacunara ca obenexeHum JIND maykama
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Figure 6(a) shows the curves of the JND points from the two
source images, between which are the other JND points of the scatter
plot between the SQF and PSNR scores on the MCL-JCI image
dataset.

Figures 6(b) and 6(c) show the original images corresponding to
the curves of Figure 6(a), i.e. the left and right boundaries on the
scatter plot. It can be concluded that the points on the scatter plot are
located between the JND points of the image with uniform regions and
visible boundaries between them (right scatter border), and the image
with a pronounced uniform region in the upper third of the image (with
intensity saturation), and rich in details in the rest (left scatter border).

From Figure 5 it can be seen that the vertices of the curves start
from the images corresponding to the first JND points. In order to
make the result of the PSNR objective quality evaluation independent
of the content of the original images, it is reasonable to define the
differential PSNR as the difference between the PSNR and the
estimation of the PSNR JND #1:

DPSNR = PSNR —PSNR JND #1. (6)

DPSNR values can be both positive and negative. Positive values
correspond to good quality images (PSNR>PSNR JND #1), while
negative values correspond to lower quality images. Also, DPSNR is a
picture-wise JND measure of objective image quality assessment.
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Figure 6 — (a) the relationship between SQF and PSNR for the two source images of the
MCL-JCI dataset, (b) the original image corresponding to the left boundary of the JIND
points and (c) the original image corresponding to the right boundary of the JND points of
the MCL-JCI image dataset

Puc. 6 — (a) esaumoces3b mexdy SQF u PSNR 0ns d8yx ucxo0HbIx u3obpaxeHul
Habopa daHHbix MCL-JCI, (b) ucxodHoe uzobpaxeHue, coomeemcmayrouiee f1eeoll
epaHuye moyek JND, u (c) ucxodHoe usobpaxeHue, coomeemcmeyrowiee rpasoli
epaHuue JND-moyku Habopa OaHHbIx uzobpaxeHusi MCL-JCI

Crnuka 6 — (a) ee3a uamehy SQF u PSNR 3a dse udsopHe cnuke u3z MCL-JCI 6ase, (b)
opu2uHarsHa criuka Koja o02o8apa nesoj epaHuyu JND mayvaka u (C) opueuHaHa criuka
Koja odzoeapa OecHoj eparHuyu JND mavyaka MCL-JCI 6a3se cnuka

The scatter plots of subjective and DPSNR objective quality scores
on the four analyzed image datasets are shown in Figure 7. Significantly
less spreading of scores is observed in relation to the spreading of the
scores of the PSNR objective measure (Figure 3).
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Figure 7 — Scatter plots of subjective and DPSNR objective quality scores of images with
JPEG compression on four datasets: (a) LIVE, (b) CSIQ, (c) VCL@FER and (d) LWIR
Puc. 7 — Juaepammbl pa3bpoca cybbekmueHbIX U 06beKmMuUBHbIX OUEHOK Kayecmea
DPSNR u3obpaxeHuti co cxamuem JPEG 0nsi yembipex Habopoes daHHbix: (a) LIVE, (b)
CSIQ, (c) VCL@FER u (d) LWIR
Figure 7 — fujacpamu pacunara cybjekmusHux u DPSNR o6jekmueHux ckoposa
keanumema cruka ca JPEG komnpecujom 3a yemupu 6ase: (a) LIVE, (b) CSIQ, (c)
VCL@FER u (d) LWIR

Table 1 provides the quantitative indicators of the degree of
agreement between the subjective and PSNR/DPSNR objective quality
scores for the four analyzed image datasets. The linear correlation
coefficient (LCC), Spearman’s rank-order correlation (SROCC), mean
absolute error (MAE), root mean square error (RMSE) and outlier ratio
(OR) between the subjective and objective quality scores after nonlinear
regression using a logistic function with four parameters were used as
guantitative indicators (ITU-T, 2004), (Bondzuli¢ et al, 2018). In addition
to the performance of these two objective measures, the performance of
the HVS-based objective measures is given: PSNR-HVS (Egiazarian et
al, 2006), PSNR-HVS-M (Ponomarenko et al, 2007) and WNMAE
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(Huang et al, 2018). PSNR-HVS and PSNR-HVS-M measures are sub-
band models that take into account the contrast sensitivity function.
Additionally, PSNR-HVS-M takes into account the between-coefficient
contrast masking of the discrete cosine transform basis functions
(Ponomarenko et al, 2007). WNMAE is a traditional pixel-wise model
based on JND. Through this measure, HVS’s physiological (color and
light sensitivity) and psycho-physiological (texture and edge sensitivity)
characteristics were implemented. The two best results for each dataset
and for each quantitative indicator are in Table 1 marked in bold.

Table 1 — Performance comparison of objective measures on four datasets
Tabnuua 1 — CpasHeHue aghghekmusHocmu 06 beKMUBHbIX MoKazamersiel 1o Yembipem
Habopam OaHHbIX
Tabena 1 — lNopeherwe nepghopmaHcu objekmusHUX Mepa Ha Yyemupu ba3se

Dataset Measure LCC SROCC MAE RMSE | OR [%]
PSNR 0.8879 | 0.8809 | 11.3594 | 14.6532 | 12.5714
DPSNR 0.9649 | 0.9565 | 6.5225 | 8.3637 | 1.1429
LIVE PSNR-HVS 0.9585 | 0.9478 | 7.1802 | 9.0760 | 1.1429
PSNR-HVS-M 0.9752 | 0.9650 | 5.5549 | 7.0493 | 0.0000
WNMAE 0.9143 | 0.9113 | 9.9537 | 12.9013 | 5.7143
PSNR 0.8906 | 0.8879 | 0.0964 | 0.1391 | 31.3333
DPSNR 0.9707 | 0.9510 | 0.0547 | 0.0735 | 19.3333
CsIQ PSNR-HVS 0.9577 | 0.9400 | 0.0603 | 0.0880 | 22.6667
PSNR-HVS-M 0.9733 | 0.9512 | 0.0501 | 0.0702 | 20.0000
WNMAE 0.8971 | 0.8962 | 0.0946 | 0.1352 | 34.0000
PSNR 0.6041 | 0.6040 | 13.6027 | 16.7039 | 69.5652
DPSNR 0.8269 | 0.8262 | 9.2646 | 11.7856 | 52.1739
VCL@FER PSNR-HVS 0.8741 | 0.8775 | 7.8178 | 10.1823 | 48.5507
PSNR-HVS-M 0.9408 | 0.9388 | 5.5695 | 7.1051 | 33.3333
WNMAE 0.6252 | 0.6279 | 13.2803 | 16.3580 | 71.7391
PSNR 0.8377 | 0.8146 | 0.4362 | 0.5650 | 59.0000
DPSNR 0.9481 | 0.9238 | 0.2596 | 0.3290 | 45.0000
LWIR PSNR-HVS 0.8238 | 0.8018 | 0.4573 | 0.5865 | 63.0000
PSNR-HVS-M 0.8389 | 0.8135 | 0.4492 | 0.5631 | 65.0000
WNMAE Not applicable

The performance of the DPSNR objective measure is significantly
better than the performance of the PSNR, for all five quantitative
indicators and on four datasets. It can be noticed that the performance of
the DPSNR is the worst on the VCL@FER image dataset, where the
original PSNR has the worst results.
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The DPSNR performance is at the top on the LIVE and CSIQ
datasets, along with the PSNR-HVS-M measure. Two sub-band models
provide the best results on the VCL@FER image dataset, while the
performance of the proposed DPSNR approach is best on the LWIR
dataset of images from the infrared part of the electromagnetic spectrum.
The performance of the WNMAE objective measure is slightly better than
the performance of the worst ranked PSNR objective measure.

A careful reader may notice that in comparing the results of objective
measures between different datasets (Table 1) one should be careful
because different grading scales in subjective experiments have been
used on different datasets (see Figures 3 and 5). The dynamic range of
the grading scale affects the MAE and the RMSE. In this case, the LCC
and SROCC values are relevant for comparing the results between the
datasets.

The performance of objective measures was additionally analyzed
on the MCL-JCI image dataset, which was used to train the estimation
algorithms of the first IND point. Figure 8 shows the scatter plots of the
SQF subjective and PSNR objective quality scores with image division
into two classes, using PSNR JND #1 values estimated using the
approaches described in (Bondzuli¢ et al, 2021) and (Lin et al, 2020).
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Figure 8 — Scatter plots of SQF subjective and PSNR objective scores on the MCL-JCI
image dataset with division of images into two classes, where the estimates of PSNR
JND #1 were determined based on: (a) approach (Bondzulic¢ et al, 2021) and (b)
approach (Lin et al, 2020)

Puc. 8 — fQuaepammbl pa3bpoca cybbekmugHbix oueHoK SQF u 06beKmMueHbIX
oueHok PSNR e Habope OaHHbIx usobpaxeHuli MCL-JCI ¢ pa3deneHuem uzobpaxeHul
Ha dea knacca, 20e oueHku PSNR JND #1 6binu onpederneHbl Ha 0OCHo8aHUU: ()
rnodxoda (Bondzuli¢ et al, 2021) u (6) nodxoda (Lin et al, 2020)

Cnuka 8 — [ujazpamu pacunama SQF cybjekmusHux u PSNR ob6jekmusHux ckoposa Ha
MCL-JCI 6a3u ca nodenom Ha dee knace cruka, e0e ce 3a oopehusar-e PSNR IJND #1
kopucmu: (a) npucmyn u3 (Bondzuli¢ et al, 2021) u (b) npucmyn u3 (Lin et al, 2020)
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From Figure 8 it can be concluded that, by applying the approach
(Lin et al, 2020), more JND #1 points are detected than by applying the
approach (Bondzuli¢ et al, 2021) (additionally, see Figure 5(b)). It can
also be observed that using this approach, several other (higher) JND
points that are above the threshold of visible differences (PSNR JND #1)
were detected.

The values of the DPSNR objective measure were determined on
the basis of two estimates of PSNR JND #1 — the approaches described
in (Bondzuli¢ et al, 2021) and (Lin et al, 2020). The scatter plots of the
SQF and DPSNR scores on the MCL-JCI dataset and the corresponding
logistic functions are shown in Figure 9, while the gquantitative indicators
of the degree of their agreement are given in Table 2.
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Figure 9 — Scatter plots of subjective and DPSNR objective scores on the MCL-JCI image
dataset where the estimates of PSNR JND #1 were determined based on: (a) approach
(Bondzuli¢ et al, 2021) and (b) approach (Lin et al, 2020)

Puc. 9 — fluazpammbl pa3bpoca cybbeKkmueHbIX OUEHOK U 06 beKMUBHbIX OUEHOK
DPSNR 6 Habope OaHHbIx usobpaxeHuli MCL-JCI, 20e oueHku PSNR JND #1 6biriu
onpedersieHbl Ha OCHogaHuu: (a) modxoda (Bondzulic et al, 2021) u (b) nodxoda (Lin et al,
2020)

Cnuka 9 — [ujazpamu pacunara cybjekmusHux u DPSNR objekmugHux ckopoga MCL-
JCI 6a3e cnuka, 20e ce 3a odpehusarbe PSNR JND #1 kopucmu: (a) npucmyn u3
(Bondzuli¢ et al, 2021) u (b) npucmyn u3 (Lin et al, 2020)

From Figure 9 and from Table 2, it can be noticed that there is a
significantly higher degree of agreement between the SQF and DPSNR
objective quality scores determined using the PSNR JND #1 estimates
based on the approach from (Lin et al, 2020). This result could be
expected because this approach has a mean absolute PSNR JND #1
estimation error of 0.58 dB on the MCL-JCI image dataset, while the
approach described in (Bondzuli¢ et al, 2021) has a higher estimation
error (1.21 dB). In this case, although the poor performance of the
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baseline PSNR measure (LCC=0.4721), using PSNR JND #1 the
performance of DPSNR was significantly increased and exceeded the
performance of other measures (LCC=0.9194).

Table 2 — Performance comparison of the objective measures on the MCL-JCI
dataset
Tabnuuya 2 — CpasHeHue rpou3sodumesibHocmu 06bLeKMUBHbIX nokazamernel 8 Habope
O0aHHbIX MCL-JCI
Tabena 2 — lNopehere nepghopmaHcu objekmusHux mepa Ha MCL-JCI 6a3u criuka

Dataset Measure LCC SROCC MAE RMSE
PSNR 0.4721 0.4486 0.1907 0.2288

DPSNR (Bondzuli¢ et al, 2021) 0.7973 0.7930 0.1222 0.1566

MCL-JCI DPSNR (Lin et al, 2020) 0.9194 0.9144 0.0779 0.1021
PSNR-HVS 0.7679 0.7506 0.1328 0.1662

PSNR-HVS-M 0.8584 0.8456 0.1026 0.1331

WNMAE 0.4783 0.4665 0.1899 0.2279

Although the introduction of the objective measure DPSNR has
significantly improved the degree of agreement between subjective and
PSNR objective quality scores, there is still room for improvement, and
the degree of improvement will depend on the accuracy of PSNR JND #1
estimation.

The position of the threshold of visible differences introduced in the
guality assessment through PSNR JND #1, in this paper improved the
performance of PSNR on the class of images with JPEG compression.
This is a consequence of reducing the dependence of objective
estimates on the content of the source signal. We expect that with
reliable estimation of the position of PSNR JND #1 for other image
classes (types of degradation), the performance of PSNR of individual
classes will be improved, as well as the performance on a global level
(reducing the dependence of estimates on the type of degradation).

Conclusion

The paper analyzes the reliability of one approach/model for the
peak signal-to-noise ratio estimation of the visible differences (JND #1
point) of images with JPEG compression. Reliability was confirmed in an
indirect way by using the results of subjective tests of five available
image datasets, i.e. it has been shown that by applying a peak signal-to-
noise ratio of the first JIND point, high quality images can be detected. As
the proposed approach was derived on one of the analyzed image
datasets, and the success was confirmed on the four remaining ones, it
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can be concluded that the findings derived from subjective tests on one
dataset can be successfully used on other related datasets.

The paper additionally shows that the performance of the peak
signal-to-noise ratio as a measure of objective quality assessment can be
improved by taking into account the PSNR values of the first JND point.
Improvement was achieved on image datasets with JPEG compression,
through a significant increase in the degree of agreement between
subjective and objective quality scores. Also, it has been shown that
improving the accuracy of the estimation of the first JND point has a
positive effect on the degree of agreement between subjective and
objective assessments. Therefore, future work will be focused on
improving the accuracy of the PSNR estimation of the threshold of visible
differences, both for images with JPEG compression and for images with
other types of degradation.

To the best of our knowledge, this is the first attempt to use JND
information in quality assessment at the picture-wise level. Previous
models have used pixel-based or sub-band JND visibility thresholds. The
additional significance of the paper is reflected in the idea to indirectly
analyze the success of the JND model through two-class image
separation without conducting subjective tests, i.e. using already
available subject-rated image datasets. Finally, the results are presented
on JPEG compressed images originating from the visible and from the
infrared part of the electromagnetic spectrum, which is of interest for
remote sensing and surveillance applications.
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NMPUMEHEHUE HOPOI'_OBOVI MOOENU NMPOrHO3MPOBAHNA
3AMETHbIX PA3NTNYNW MNP OLEEHKE KAHECTBA CXKATbIX
N30BPAXEHNN B POPMATE JPEG

BobaH lN. boHmxynuy?, bobaH 3. NMaBnoBnY?, KOPPECNOHAOEHT,
Herad M. CtoaHoeuy?, Bradumup C. MeTposny®
aYHuBepcuteT 060poHbI B r. benrpag, BoeHHas akagemus, kacdenpa
TenekoMmyHuKaummn n uHdopmaTtuku, r. benrpaa, Pecnybnuka Cepbus
6 Hosu-Capfckuii yHuBepcuUTeT, (hakynbTeT TEXHUYECKMX HayK,
r. Hoen-Caa, Pecny6nuka Cepbus

PYBPUKA TPHTW: 49.00.00 CBA3b:
49.40.00 Cnctembl Nnepegaydv ABUXKYLLNXCA N3006paeHun;
49.40.37 TexHuKa kogupoBaHWs 1 Nepeaavm n3obpaxeHns
BWO CTATbW: opurmHanbHas Hay4yHas cTaTtbs

Pesrome:

BeedeHue/uenb: B daHHOU cmambe rnpedcmasneHo UHmMepecHoe
uccnedosaHue, Ces3aHHOe C aHaju3oM ropoz2oeol  modenu
rpo2Ho3uposaHuUs 3amemHbix pasnuyuli (JND) Ha usobpaxxeHusix u ee
npumeHeHuem Oris OUEHKU Kadecmea u30bpaxeHuli Co cxamuem
JPEG.

MemoOdbl: AHanu3 rnpouszgodumernsHocmu modenu JND 6bir nposedeH
KOCBEHHbIM €riocobom ¢ ucrnonb3oeaHueM obwedocmyrHbix 6a3
uzobpaxeHull ¢ pedynbmamamu CyObeKmuUBHbIX mecmos, npu
pasdeneHuu u3obpaxeHul no 08yM KamezaopusiM (8blle U HUXe
rnopoza 3amemHbix pasnuyud). lNpu aHanu3e rnpouseodumernbHOCMU
modesnu npoeHo3upogaHussi JND u oueHke kadyecmea u306paeHus
ucrnonb3osanuce name b6a3 u3obpaxeHul, 4Yembipe U3 KOMOPbIX
omHocsimces K eudumomy Ouarna3oHy OnuH eosnH, a odHa ba3sa
usobpaxxeHudl, npedHa3zHavyeHHas 0551 ducmaHyuUoHHO20 HabrdeHus,
bbina u3 uHgpakpacHoOU Yacmu 371eKMPOMagHUMHOZ0 criekmpa.

Pesynbmamel: B daHHOU cmambe roka3aHo, 4mo rpumMeHeHuUe
modenet JND moxem ucronb3oeambcsi O OUEHKU CyOBbeKmueHbIX
rnokaszamenetl kadecmea ¢ bonbweli mo4YHOCmbio, Ymo rnpueodum K
3Ha4YuUmesbHOMY  YIyHWEeHUK  Xapakmepucmuk  mpaduyUuoHHO20
COOMHOWEeHUs1 nukogoao cueHana Kk wymy (PSNR). CpedHee
3HadyeHue KoahguyueHma nuHelHol koppensayuu (no namu 6asam)
mex0y CcyObeKmueHbIMU U OOBEKMUBHbIMU OUEeHKaMu Kadyecmea
PSNR yeenu4unocek ¢ 74% (mpaduyuoHHbili PSNR) do 90% (PSNR ¢
molenbro JND Ha yposHe usobpaxkeHusi). BbiuepbiwHbIl pe3ynbmam,
docmueaembili 3a cyem 6HeOpeHuss modenu JND Ha yposHe
u3obpaxkeHusi 8 06bLEKMUBHOU OUEeHKe, 3agucum om 8blbpaHHOU ba3sbl
u pesynbmamosg ucxodHol npocmol mepbi PSNR, 6bii1 nony4yeH no

eceM nsmu 6asam.
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Bbigodbr:  [ornonHumenbHoe  ynydweHue o6beKkmueHoU  Mephbl,
ocHosaHHoU Ha JND, moxxem 6bimb G0CmuaHymo 3a c4em yiyHuleHusi
HaensioOHol modenu npoaHo3uposaHusi JND.

Knwyesble crioga: nopoza 3amemHbix pasnudul, cxamue JPEG,
MUKOBOE COOMHOWEHUE cueHan/uym, cybbekmueHasi U 0bbekmueHasi
oueHKa kayecmea U306paxKeHusi.

NPUMEHA MOJENA MPEAVKUNJIE NPATA YOUIBbUBUX PASITNKA
Y NMPOLEHN KBATIUTETA CJIKA CA JPEG KOMIMPECNJOM

Bbobar IN. BoHyynuh?, boban 3. Nasnosuh?, ayTop 3a Npenucky,

Herad M. CtojaHosuh?, Bradumup C. MeTposuh®

aYHuBepauTeT oabpaHe y beorpaay, BojHa akagemuja, Kategpa
TenekomyHukaumja n nHdopmaTuke, beorpag, Peny6nuvka Cpbuja

6 YuueepanteT y Hosom Cagy, ®akynteT TEXHUYKMX HayKa,
Hoeu Cap, Penybnuka Cpbuja

OBJIACT: TenekomyHukaumje
BPCTA YJTAHKA: opuruHanHu Hay4Hu pag

Caxemak:

Yeod/uurb: Y pady cy npedcmaserbeHa UHmepecaHmHa ucmpaxuseara
Koja ce o0HOce Ha aHanusy nepghopmaHcu molesna rpedukyuje npaza
yourbugux pasnuka (JND) Ha HUBOY CriuKe U He208y NPUMEeHY Yy MPOUEeHU
Kkearnumema criuka ca JPEG Komripecujom.

Memode: AHanusza nepgopmaHcu JIND modena criposedeHa je Ha
UHOUpeKmaH HauyuH Kpo3 3aHuMs/bugy ulejy Oa ce Kopucme jagHO
docmynHe ba3e criuka ca pe3ysimamuma cybjekmusHux mecmosa, ca
rnodernom cruka Ha 0ge knace (UsHad u ucrod ripaza yo4rbugux pasruka).
Y aHanusu nepghopmarcu npedukyuje JND modena u rnpu npoueHu
Keanumema KopuwheHo je nem 6a3a cruka, 00 Kojux Yyemupu rnomudy U3
8ulrbuBoz oriceza manacHux OyxuHa, 0ok je jeOHa 6asa ca criukama u3
UHGbpaupeeHoe Oernia efeKmMpoMagHemHo2 criekmpa HameHeHUX
O0arbUHCKOM ocmamparby U Had3opy.

Pesynmamu: Y pady je nokasaHo Oa ce rpumeHom IJND modena ca
eehom npeuyusHowhy moay ecmumupamu CcybjeKmusHU CKoposuU
Keanumema, wmo 800u 3HayajHoM rnobosrbwary nepgopmaHcu
mpaduyuoHanHoz2 epwHoz o00Hoca cuesHa/wym (PSNR). Hobumak
ocmeapeH ysohewem JND modena Ha HUBOY CIrlUKe Yy ObBjeKmuUeHy
npouyeHy 3asucu 00 uzabpaHe base u pe3ysimama rosasHe jedHocmasHe
PSNR wmepe, a ocmeapeH je Ha ceux rem 6asa. Cpedra epedHocm
KoeghuyujeHma rnuHeapHe Kopenauuje (3a nem 6a3sa) u3amehy
cybjekmusHux u PSNR objekmusHUx ecmumauuja keanumema je ca 74%
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(mpaduyuoranHu PSNR) ropacna Ha 90% (PSNR ca JND modenom Ha
HUBOY CJIUKE).

Sakrbyyqak: [JodamHo yHanpeherwe JND 3acHoeaHe objekmusHe mepe
Moxe ce 0obumu yHarpeherem modena rnpedukyuje JND.

KmbyuHe pedu: npaz yodrbusux pasnuka, JPEG komnpecuja, 6plwHU
00HOC cuesHan/wym, cybjekmueHa u objekmusHa rnpoueHa Keanumema
CriuKe.
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