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ABSTRACT

High dynamic range (HDR) imaging has attracted a lot of at-
tention and enthusiasm in the last decades. With the quick
advances of sensor technologies, even consumer level digital
cameras are capable of capturing HDR images. However, a
vast majority of nowadays displays still only have 8-bit color
depth, and this leads to the widely studied topic of displaying
HDR images on low dynamic range (LDR) devices or tone
mapping. On the other hand, the recent emergence of 10-bit
display devices brings the possibility of direct visualization
of HDR images. So a natural question to ask is whether ex-
isting popular image quality metrics designed for and vali-
dated on LDR (8-bit) images perform equally well for HDR
(10-bit) images. In this paper we propose a new and dedicat-
ed High Dynamic Range image quality database (HDR2014).
That database is composed of 192 images with four kinds of
distortions applied on 6 reference images. More specifically,
we use 8 distortion levels for the artifacts of JPEG/JPEG2000
compression, white noise injection and Gaussian blurring.
Twenty-five inexperienced viewers were involved in the sub-
jective viewing test. Images were displayed on a pair of care-
fully calibrated 8-bit LDR and 10-bit HDR monitors and the
subjective scores on both of which were recorded. We then
tested some ubiquitous and state-of-the-art IQA metrics on
the HDR2014 database. Experimental results show that HDR
monitor indeed improved perceptual quality of the visual s-
timuli, as compared to LDR ones. And several existing IQA
metrics are still doing well on HDR images, yet performance
of some metrics drop significantly.

Index Terms— Image quality assessment (IQA), mean
opinion score (MOS), high dynamic range (HDR), low dy-
namic range (LDR), 10-bit monitor, 8-bit monitor

1. INTRODUCTION

Images involved in current research of image quality assess-
ment (IQA) are low dynamic range (LDR) images. However,
in the real world, our visual system is presented with a wide
range of light, spanning approximately ten orders of absolute
range from direct sunlight to faint sunlight. So high dynamic
range (HDR) imaging expressing the real scene has become
a landmark in the history of imaging science. And in theory,

the visual quality of HDR images are much higher than con-
ventional LDR images for containing more extended range of
contrast, detail, brightness and color. With the advances of
sensor technology, the availability of HDR images becomes
possible. It produces revolutionary change in digital photog-
raphy, visual art performance, entertainment and games, even
medical and security imaging [1].

Although HDR images are becoming increasingly more
commonplace and important in computer graphics, the dy-
namic range of various common devices (monitors, printers,
etc) is much smaller than the dynamic range actually found
in real-world scenes. Therefore, tone mapping operators (T-
MOs) rendering HDR to LDR images has been an emerging
field a long time ago. Excitingly, we have witnessed a sig-
nificant advancement of display technology recently. A 10-
bit technology invention has created a tipping point, making
the direct visualization of HDR images possible. A natural
question here is whether the existing image quality assess-
ment (IQA) metrics which perform well on popular databases
(LIVE [2], TID2008 [3], CSIQ [4], Toyama [5], IVC [6] and
AS57 [7]) are still suitable for HDR images. Therefore, we
propose a new High Dynamic Range image quality database
(HDR2014) in this paper, which contains 6 lossless images
chosen from [8]-[10], and their derived 192 distorted images
(four distortion types: JPEG, JPEG2000, white noise and
Gaussian blur, and eight levels for each distortion). Subjective
test for the database is conducted on 8-bit and 10-bit monitors
under the environment instructed by ITU-R BT.500-12 [11].

As we all know, objective IQA can be divided into three
kinds: full-reference (FR), reduced-reference (RR) and no-
reference (NR), based on the availability of the original im-
age'. In the last century, the mean-squared error (MSE) and
its equivalent peak signal-to-noise ratio (PSNR) were a pair of
commonly used benchmark methods, owing to their simplic-
ity, strong portability and clear physical meaning. Yet both
MSE and PSNR do not take the influence of image content
into account, leading to their poor correlation with the human
judgement of quality, namely the mean opinion score (MOS)
[12]. Aiming at the shortage of MSE and PSNR, Wang et al.
proposed a valid structural similarity index (SSIM) [13] based

'FR means the whole reference image is assumed to be known; RR is that
the reference image is partially available; NR indicates the original image is
not available.



on the hypothesis that the human visual system (HVS) is high-
ly paying attention to structural information, and the SSIM
was realized to compare the distinguishment in terms of lu-
minance, contrast and structural information between the ref-
erence and distorted images. Inspired by this, numerous vari-
ants of SSIM have been proposed in succession [14]-[18].
Except FR IQA algorithms mentioned above, an increasing
number of researchers have devoted to the exploitation of N-
R IQA metrics [20]-[24] and RR algorithms [25]-[28]. The
above-mentioned FR, RR and NR IQA algorithms are tested
and compared on the new database to verify their effective-
ness and applicability on HDR images.

The structure of this paper is as follows. Section 2 de-
scribes the details of our proposed HDR2014 database, along
with the subjective testing method. In Section 3, several pop-
ular FR, RR, and NR metrics are tested on the HDR2014
database. Experimental results and comparative studies are
then reported and analyzed. Finally, Section 4 concludes this
paper and proposes some possible future work.

2. THE HDR2014 DATABASE

2.1. The content of HDR2014 database

Similar to LDR images, HDR images in real life application
usually undergo various process stages, such as acquisition,
compression, transmission, and presentation, before reaching
the final observers. Consequently, various image distortion-
s, such as compression artifacts, blurring, and noise injection
could occur during the course. For the limited viewing dis-
tance, we elaborately selected six lossless natural HDR im-
ages (Scene 1-6) of size 512 x 384 from [8]-[10] (not restrict-
ed by copyright) and etc. All images are converted to 8-bit
images by Adobe Photoshop, displayed in Figure. 1. Anoth-
er 192 images were generated by contaminating the pristine
ones with four distortions, JPEG, JPEG2000 (JP2K), Gaus-
sian blur and white noise (WN), and the distortion level is
eight respectively. We illustrate the details of four artifacts
JPEG, JP2K, white noise and Gaussian blur as follows.

e JPEG: The imwrite command from Matlab is used to
compress HDR images into JPEG compressed images
using Q) parameters (70, 60, 50, 40, 30, 20, 10, 5). Then
use hdrwrite command to generate HDR images from
JPEG images.

e JP2K: We also use Matlab command imwrite
to create JP2K compressed images according to
CompressionRatio parameters. The ratios we adopt-
ed are 20, 40, 60, 80, 100, 200, 300, and 400. Then
these images are stored by hdrwrite in HDR format.

e White noise: We add eight kinds of normal noise with
w=0, 0% =(0.002, 0.004, 0.008, 0.01, 0.04, 0.08, 0.1,
0.3) to each of the three planes R, G and B by the Matlab
imnoise function.

(c) (d)

(e) ®

Fig. 1: The six original lossless natural color images of size 512
X 384 from websites. (a)-(f) are 8-bit format images of Scene 1-6
respectively.

e Gaussian blur: By using fspecial and im filter com-
mands, we adopt Gaussian kernels with a window of
size lg X I (I = 20), and the standard deviation is o
=(1,2,3,4,5,6,7,8). The three panels R, G and B are
all blurred using the same kernel.

For example, we show three different levels of Gaussian
blur distorted image of Scene 2, three different levels of JPEG
distorted images of Scene 3, three different levels of JP2K
distorted images of Scene 4 and three different levels of white
noise distorted images of Scene 5 in Figure. 2 (all in 8-bit
format). And the distortion level increases from left to right.
The database will be available on the author’s website, which
is omitted in this anonymous submission.

2.2. The subjective test of HDR2014 database

To illustrate the differences between 8-bit and 10-bit moni-
tors, the images from HDR2014 database were displayed on
a LCD (8-bit) monitor and a HDR (10-bit) monitor separate-
ly in our experiment (both displayed by the Adobe Photo-
shop software). The resolutions of LCD and HDR displays
are 1920 x 1080 and 1920 x 1200, and their refresh rates
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Fig. 2: (a)-(c) Three Gaussian blur distorted image of Scene 2; (d)-
(f) three JPEG distorted images of Scene 3; (g)-(i) three JP2K dis-
torted images of Scene 4; (j)-(1) three white noise distorted images
of Scene 5.

are 60 Hz and 59 Hz. The experiment was conducted using
a single-stimulus (SS) method refering to ITU-R BT.500-12
[11]. Twenty-five viewers (fourteen male, eleven female, age
from twenty to thirty) were involved, most of them were col-
lege students, from different majors (computer science, elec-
tronic engineering, chemistry and etc). And all of them had

Table 1: Subjective test conditions and parameters.

Method Single-stimulus (SS)

Evaluation scales

Color depth

Continuous quality scale from 0 to 1

30-bits/pixel color images

High Dynamic Range (HDR)

Image coder

Subjects Twenty-five inexperienced observers

512 x 384

Image resolution

Viewing distance Four times the image height

Dark

Room illuminance

Table 2: MOS of original images displayed on 8-bit and 10-bit
monitors. The higher MOS values are bolded for every single image.

Display device ‘ Scene 1  Scene2  Scene 3
8-bit monitor 0.8924  0.6529  0.7136
10-bit monitor | 0.9061  0.7740  0.8229

Display device ‘ Scene4 Scene5  Scene 6
8-bit monitor 0.7829  0.6760  0.8006
10-bit monitor | 0.8383  0.7869  0.8331

normal or corrected to normal vision. Each participant was
presented with all of the HDR images displayed on two mon-
itors separately, and no subject took part in more than one
experiment. To eliminate order effect, the image presenta-
tion order was randomized. Some important parameters of
the subjective testing condition are illustrated in Table I. Af-
ter observing the images for seconds, participants are asked
to grade the image on a continuous quality scale from O to 1
with precision up to 0.01%.

We tabulate the mean opinion score (MOS) of the orig-
inal images displayed on 8-bit monitor and 10-bit monitor
separately in Table 2. We find out that the quality scores of
reference images on 10-bit monitor are higher than those on
8-bit monitor. To illustrate, for Scene 2, Scene 3 and Scene
5, the luminance and color are continuous when displayed on
10-bit monitor. But obvious color hopping can be detected on
8-bit display, which is more apparent on the sky (Fig. 1(b),
(c)) and ground (Fig. 1(e)). For Scene 4, the presentation
on 10-bit monitor has more details (more decorative pattern
on the dish) in bright regions than on 8-bit monitor. For Fig.
1(a) and (f), the difference of presentation performance is not
big. All these phenomena confirm that the HDR images have
larger range of colors, contrast and intensities than LDR im-
ages. However, from Fig. 2, we can figure out that it becomes
more difficult to tell the difference between distorted HDR
images displayed on 10-bit and 8-bit monitors when the dis-
tortion level becomes higher. Then, we eliminate some outli-
er scores (far from other scores) and calculate the differential
mean opinion score (DMOS) values between the original im-
ages and their derived distorted images, which will be used in
the following IQA.

3. OBJECTIVE IMAGE QUALITY ASSESSMENT ON
THE HDR2014 DATABASE

3.1. Objective testing IQA metrics

Following the original metrics MSE and PSNR, many FR
quality assessment algorithms have been proposed succes-
sively during the last decade. In 2004, a classical algorithm
structural similarity index (SSIM) [13] was proposed, which
is a combination of the luminance comparison function [,



contrast comparison function ¢, and structure similarity func-
tion s. Following that, various FR IQA algorithms are pro-
posed based on NSS model, image gradient, human brain sci-
ence, and etc, including multi-scale SSIM (MS-SSIM) [14],
information content weighted SSIM (IW-SSIM) [15], state-
of-the-art feature similarity (FSIM) [16], gradient similarity
(GSM) [17], and internal generative model (IGM) [18]. Be-
sides, H. R. Sheikh proposed visual information fidelity (VIF)
[19], on the basis of a statistical model for natural scene and
information-theoretic setting.

The NR IQA metrics are more valuable than FR IQA al-
gorithms on account of their wide usages in most applica-
tions, under the condition of which the original image signal
cannot be acquired. In the early stage, there were three pop-
ular NR IQA algorithms Distortion Identification-based Im-
age Verity and INtegrity Evaluation (DIIVINE) [20], BLind
Image Integrity Notator by using DCT Statistics (BLIINDS-
1) [21], and Blind/Referenceless Image Spatial Quality E-
valuator (BRISQUE) [22], which respectively work well us-
ing support vector machine (SVM) [29] in DCT, DWT and
spatial domains. And furthermore, last year has seen anoth-
er two novel NR metrics, which work without human scored
images, prior knowledge of the image contents and distortion
categories [23]-[24].

As a tradeoff between FR and NR IQA, a great amount
of RR methods have also been proposed for high IQA perfor-
mance [25]-[28]. For instance, free energy based distortion
metric (FEDM) [25] was designed to approximate the inter-
nal generative model of the human brain when perceiving an
input visual signal. And structural degradation model (SDM)
[28] succeeded to modify the well-known SSIM into valid RR
IQA algorithms.

To the best of our knowledge, the above FR, RR and N-
R methods all achieved favorable performance on the well-
known databases, such as LIVE, CSIQ, TID2008, Toyama,
IVC, and A57. But all of these databases are composed of L-
DR (8-bit) images. Naturally, an essential and unaddressed
question here is whether these objective image quality
metrics sitll per form well on HDR images.

It needs to highlight here that Adobe Photoshop adopts a
gamma correction when displaying HDR images. So we use
a gamma correction to preprocess those images before using
IQA metrics. It is common to adopt a gamma coefficient vy =
2.2 for displays [30], the gamma correction function is

Lg=Ly" (1)

where L,, is the actual world luminance, and L, is the dis-
played luminance.

3.2. Experimental results

After obtaining the objective prediction scores of every met-
ric, we adopt the nonlinear regression to map the scores to

subjective ratings using a four-parameter logistic function:
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where ¢ is the input score, while ¢(¢) is the mapped score,
and & to &, are free parameters to be determined during
the curve fitting process. Four commonly used performance
measures, as suggested by VQEG [31], Pearson’s linear cor-
relation coefficient (PLCC), Spearman’s rank ordered corre-
lation (SROCC), Kendall’s rank-order correlation coefficient
(KROCC), and Root mean-squared error (RMSE), are adopt-
ed to evaluate and compare those competing FR, RR, and NR
IQA metrics.

Table 3 tabulates the performance evaluations of PLC-
C, SROCC, KROCC, and RMSE of nine FR metrics on the
HDR2014 database. The evaluation measures for four RR
metrics and five NR algorithms on the HDR2014 database

Table 3: PLCC, SROCC, KROCC and RMSE values (after nonlin-
ear regression) of FR metrics: PSNR, IW-PSNR, SSIM, MS-SSIM,
IW-SSIM, VIF, FSIM, GSM and IGM on HDR2014 database (198
images). We bold the best performance for specific evaluation.

Metrics | Type | PLCC  SROCC KROCC RMSE
PSNR | FR | 0.8851 0.8876  0.7020  8.4029
IW-PSNR | FR | 0.8251 0.8251  0.6307 4.3736
SSIM | FR | 0.7603 0.8472  0.6556  0.0964
MS-SSIM | FR | 0.8309 09045  0.7325  0.0240
IW-SSIM | FR | 0.7184 0.8491  0.6591  0.0827
VIF FR | 03779 03844 02669 0.2912
FSIM | FR | 07049 0.7741 05835  0.0231
GSM | FR | 0.7545 09320 0.7744  0.0001
IGM FR | 0.8091 0.8253  0.6283  0.0048

Table 4: PLCC, SROCC, KROCC and RMSE values (after non-
linear regression) of RR metrics: FEDM, RRED, QFTB, SDM and
NN metrics: DIIVINE, BLIINDS-II, BRISQUE, NIQE, QAC on H-
DR2014 database (198 images). We bold the best performance for
specific evaluation.

Metrics | Type| PLCC SROCC KROCC RMSE
FEDM | RR | 0.7859 02934 02396  0.0438
RRED | RR | 0.8117 0.8737  0.6896  0.0529
QFTB RR | 07607 0.7486 05650  0.1924

SDM RR | 07096 05263 03893  0.0909
DIIVINE | NR | 03980 03537  0.2896  14.2491
BLINDS-II | NR | 0.1620 0.1436  0.1025  23.4643
BRISQUE | NR | 0.6166 0.4353 03157 129395
NIQE NR | 02127 0.1711 0.1165 23116
QAC NR | 0.6166 0.1787  0.1184  0.0935




Table 5: SROCC values (after nonlinear regression) of FR metrics: PSNR, IW-PSNR, SSIM, MS-SSIM, IW-SSIM, VIF, FSIM, GSM and
IGM on every group of content-specific images (Scene 1-6, 32 distorted images for each scene) and every group of distortion-specific types
(Blur, JP2K, JPEG, WN, 48 distorted images for each distortion type) from HDR2014 database (198 images). We bold the best performance

for every single content and distortion of images for FR algorithms.

Metrics ‘ Type ‘ Scene 1  Scene2 Scene3 Scene4 SceneS5 Scene 6 ‘ Blur JP2K JPEG WN
PSNR FR 0.8783 09270  0.9388  0.8966 09154  0.9674 0.8376  0.7862 0.8770 0.8413
IW-PSNR | FR 0.8101  0.8177 09043  0.8021  0.8938  0.9080 0.7942 0.8213 0.9168 0.8983
SSIM FR 0.7830  0.9631  0.8625  0.9021  0.8395  0.9296 0.7821 0.7598 0.8143 0.9391
MS-SSIM | FR 0.8985 09435 09373 09340 0.8769  0.9578 0.8748 0.8280 0.9050 0.8843
IW-SSIM | FR 0.8559  0.8250  0.8952  0.8244  0.9264 0.9274 0.8915 0.8657 0.9196 0.8878
VIF FR 0.7430  0.1452  0.8061  0.4534 02442  0.2914 0.8196 0.7958 0.0933  0.4206
FSIM FR 0.9355 09022 09395 09377 0.6474  0.9344 0.8983 0.5928 0.6247 0.6787
GSM FR 09102 09284 09351 09399  0.9385  0.9556 0.8907 0.8858 0.9406 0.9555
IGM FR 0.8735  0.8758  0.8790  0.9282 09161 09714 0.8078 0.6366  0.4940 0.8698

are tabulated in Table 4. Table 5 shows the SROCC val-
ues of nine FR metrics on each group of content-specific im-
ages (Scene 1-6) and each group of distortion-specific types
(Blur, JP2K, JPEG and WN). Table 6 presents the SROCC
values of four RR metrics and five NR algorithms on each
group of content-specific image (Scene 1-6) and each group
of distortion-specific types (Blur, JP2K, JPEG and WN).

The higher scores of PLCC, SROCC, KROCC, and the
lower score of RMSE indicate the better performance of the
quality metrics. From Table 3-6, most FR algorithms per-
form well on HDR2014 database, especially the GSM which
performs the best on the whole database and some distortion
types (e.g. JP2K, JPEG and white noise). Unfortunately, VIF
has a bad correlation with subjective evaluations. In detail,
for Scene 1 and Scene 3, VIF has a high correlation with sub-
jective scores, but for Scene 2, 4-6, the correlation is low,
which can be observed from Table 5. So we guess that VIF is
a highly content-related and distortion-related metric for H-
DR images. However, the performance of most RR and NR
metrics fall sharply, except the RRED that performs still well
for every group of images corresponding to the same con-
tent. Observing Table 6, we notice that RR metrics (FEDM,
SDM) and NR metrics (DIIVINE, BLIINDS-II, BRISQUE,
and NIQE) are highly sensitive to image content. In addition,
FEDM, SDM, BLIINDS-II, BRISQUE and QAC have vari-
ous evaluation effects for different distortion types. The per-
formances of QAC on each group of the same image content
are generally very low. Surprisingly, we find that most RR
and NR methods are very effective for white noise distorted
HDR images.

4. CONCLUSIONS

With the advances of HDR images and the evolution of dis-
playing technique, we propose a new High Dynamic Range
image quality database (HDR2014) in this paper. It is com-

posed of 198 HDR images, among which 6 are original loss-
less natural images and 192 are derived distorted images
(contaminated by JPEG, JPEG2000, gaussian blur and white
noise). Twenty-five viewers are invited to grade these HDR
images displayed on 8-bit monitor and 10-bit monitor in ac-
cordance with the requirements provided by ITU-R BT.500-
12. Subjective results show that HDR images have superior
performance than LDR images. A total of eighteen classical
and state-of-the-art IQA algorithms (nine FR metrics, four R-
R methods, and five NR algorithms) are tested and compared
on this database. Some algorithms still perform well, while
others drop sharply.

In the future, we intend to enrich our HDR2014 database
by bringing in some medical, entertainment or artistic HDR
images, making it have a vast diversity of image contents. Be-
sides, objective IQA algorithms specialized for HDR images
should be studied further.
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