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ABSTRACT

Mean opinion scores (MOS) obtained in image quality experiments are a key component in the transition from subjective to
objective measures of perceived quality. In this respect, MOS
are widely used to validate objective quality prediction models. To facilitate comparison between models from different
laboratories it is desirable to have publicly available image
quality databases. Several databases were made available in
recent years. In this paper, we introduce the Wireless Imaging Quality (WIQ) database which, unlike any of the previous
databases, takes into account the complex nature of a wireless communications link. The database is thus considered as
a valuable complement to the existing databases. The distortion model, the test images, and two quality experiments that
we conducted are explained in this paper. A number of contemporary objective quality metrics are tested for their quality
prediction performance on the database. The WIQ database
including test images and MOS is made freely available to the
research community.
Index Terms— Subjective image quality, mean opinion
scores, image quality database, wireless imaging.
1. INTRODUCTION
Mean opinion scores (MOS) obtained from subjective image
quality experiments are to date the only widely accepted measures of perceived visual quality [1]. In recent years, however, an increased effort has been devoted to defining objective models that are able to predict subjectively perceived
quality with reasonable accuracy. For this purpose, MOS are
considered a ground truth for the quality prediction performance of the objective metrics to be validated on. To facilitate
comparison of objective metrics among different laboratories
worldwide it is desirable to have image quality databases that
are publicly available to the research community.
Several image quality databases were made publicly available in recent years. The MICT database [2] includes a total
of 168 test images that were obtained from 14 reference images using JPEG and JPEG2000 source encoding. Sixteen
observers rated the quality of the test images using a single

stimulus assessment method. The IVC database [3] contains
in addition to JPEG and JPEG2000 coded images also images
with artifacts due to blurring and locally adaptive resolution
(LAR) coding. Fifteen observers rated the quality of a total of
235 distorted images as compared to the corresponding reference image using the double stimulus impairment scale [4].
The LIVE database [5] is based on 29 reference images which
were used to create 779 distorted images using JPEG coding,
JPEG2000 coding, Gaussian blur, white noise, and fast fading. Between 20-29 observers rated the quality of the test images. Most recently, the elaborate TID database [6] has been
introduced. Here, 1700 test images were created based on 25
reference images. Therefore, 17 different distortions were artificially introduced into the images, including various noise
distortions, source coding, and transmission errors. At least
200 people rated the quality of each of the test images.
Despite the availability of the above databases there is a
strong demand for more publicly available subjective quality
data. For this reason, we introduce in this paper the Wireless
Imaging Quality (WIQ) database which we will make available to the image quality research community. We do not consider the WIQ database as an alternative for any of the above
databases but rather as a valuable complement. The reason
being that, unlike any of the previously mentioned databases,
the WIQ database contains test images with distortions caused
by the complex nature of a wireless link. As a result, the images do not only contain single artifacts but more complex
combinations of a variety of artifacts, including, blocking,
blur, ringing, block intensity shifts, and noise. In addition,
a strong spatial locality of some of the artifacts adds a new
dimension to the problem of quality assessment. The significance of analysing visual content with multiple artifacts being
present in different spatial locations has also been recognised
by the authors of [7], where the inter-relation of different synthetically created artifacts is analysed for video.
Considering the above, the aims of this paper are threefold. Firstly, we will introduce the WIQ database. To be
precise, the model of a wireless link, the test images, the experiment procedures, and the experiment results in terms of
MOS will be discussed in detail. Secondly, we will evaluate
a number of contemporary image quality metrics on the WIQ
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Fig. 1. Overview of the wireless link distortion model.
database to reveal that the considered test images created by
the wireless link model indeed pose a difficult problem for
current objective image quality metrics. Finally, by making
available the WIQ database, we hope to stimulate more research in this direction, since image communication is ubiquitous and should not be neglected in image quality research.
The paper is organised as follows. Section 2 discusses the
image database and the distortion model that was deployed to
create the test images. Section 3 then explains the procedures
of two quality experiments that we conducted and provides
an overview of the outcomes in terms of MOS. A comparison
of various contemporary image quality metrics is provided in
Section 4. Finally, conclusions are drawn in Section 5.
2. WIRELESS IMAGING QUALITY DATABASE
An overview of the wireless link model that was used to create the test images in the WIQ database is shown in Fig. 1.
The model and the test images that were created with it are
explained in more detail in the following sections.
2.1. Wireless link distortion model
In the context of wireless imaging, source coding is typically
deployed to reduce redundancy in the image to be transmitted
and hence, to reduce the burden on the limited channel bandwidth. For this reason we deployed the Joint Photographic
Experts Group (JPEG) codec to encode the reference image
𝐼𝑟 . It is noted that JPEG is a lossy image coding technique using a block discrete cosine transform (DCT) based algorithm
which may introduce quality loss depending on the compression ratio. In the scope of this work, the images were encoded
with a compression ratio of about 1.5. Thus, only negligible
quality loss was imposed, since we are mainly interested in
the artifacts that occur in the test images due to the error prone
channel rather than the source coding.
Severe fading conditions may cause bit errors or even burst
errors in the transmitted signal. For this reason, channel coding is deployed in order to facilitate detection and correction
of errors in the received signal. This is achieved by adding

redundant information to the source encoded image. In our
case, we deployed a (31, 21) Bose-Chaudhuri-Hocquenghem
(BCH) code, where every 21 information bits are encoded
into 31 bits. Finally, the digital bit stream is modulated using binary phase shift keying (BPSK).
An uncorrelated Rayleigh flat fading channel in the presence of additive white Gaussian noise (AWGN) was implemented as a model of the wireless channel. To produce severe
transmission conditions, the average bit energy to noise power
spectral density ratio 𝐸𝑏 /𝑁0 was chosen as 5 dB. At the receiver the inverse operations are then carried out, in particular, demodulation, channel decoding, and source decoding, to
obtain the test image 𝐼𝑡 .
Severe fading in the wireless channel may cause bit errors
or burst errors in the transmitted signal which are beyond the
correction capabilities of the channel decoder and as a result,
artifacts may be induced in the decoded image in addition to
the ones purely caused by the source encoding. In particular,
the above channel conditions were found to be favourable to
create test images with almost invisible artifacts to images
with very strong distortions.
2.2. Test images
We deployed 7 widely adopted reference images 𝐼𝑟 (Barbara,
Elaine, Goldhill, Lena, Mandrill, Pepper, Tiffany) of dimensions 512 × 512 pixels to create the test images using the
wireless link model as explained in Section 2.1. The images
were represented in grey scale since the focus of our work is
on the evaluation of structural degradations due to the distortion model. A set ℐ𝑡 of 80 test images was then selected with
respect to covering a wide range of artifact types and severities.
The artifacts in the test images were beyond what can
usually be observed in purely source encoded images. In
particular, we observed blocking, blur, ringing, block intensity shifts, and high frequency noise. Some test images are
shown in Fig. 2 to illustrate the artifacts. In this respect it
is interesting to point out two crucial aspects that distinguish
the WIQ database from the other databases discussed in Section 1. Firstly, the above mentioned artifacts appear in various combinations within the same image. For instance in
the Goldhill image (Fig. 2(c)) we can observe block intensity
shifts as a darker region in the lower half of the image and at
the same time we experience ringing artifacts. Even more distinct is the combination of blocking, noise, and block intensity shifts in the Barbara image (Fig. 2(f)). This combination
of artifacts can typically not be observed in purely source encoded images and is a particular phenomenon caused by the
symbiosis of source encoding with the wireless link.
The second aspect that is worth noting is the spatial locality of the artifacts. For instance, the Lena image (Fig. 2(a))
exhibits blocking artifacts that vary strongly over the visual
scene and the Elaine image (Fig. 2(b)) exhibits blocking ar-

ferred to as SE𝑊 and SE𝐵 , respectively. Both experiments
were designed according to ITU-R Recommendation BT.50011 [4] and will be explained in the following sections.
3.1. Laboratory environment
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Fig. 2. Examples of artifacts in the test images: (a) blocking; (b) blocking, ringing; (c) block intensity shifts, ringing;
(d) ringing, blur; (e) noise, ringing; (f) severe artifacts.

The subjective experiments were conducted in dark rooms
equipped with two 17” cathode ray tube (CRT) monitors of
type Sony CPD-E200 (SE𝑊 ) and a pair of 17” CRT monitors of type DELL and Samtron 75E (SE𝐵 ). The ratio of inactive screen luminance to peak luminance was kept below
a value of 0.02. The ratio of the luminance of the screen
given it displays only black level in a dark room to the luminance when displaying peak white was approximately 0.01.
The display brightness and contrast was set with picture lineup generation equipment (PLUGE) according to Rec. ITU-R
BT.814 [9] and Rec. ITU-R BT.815 [10]. The calibration of
the screens was performed using ColorCAL from Cambridge
Research System Ltd., England, while the DisplayMate software was used as pattern generator. The viewing distance was
set as 4 times the height of the presented images.
3.2. Participants
Thirty non-expert viewers participated in each experiment,
thus, well satisfying the minimum requirement of at least 15
viewers, as recommended in [4]. In order to support consistency and eliminate systematic differences amongst results
at the different laboratories, similar panels of test subjects in
terms of occupational category, gender, and age were established. In particular, 25 males and 5 females, participated in
SE𝑊 . They were all university staff and students and their
ages were distributed in the range of 21 to 39 years with the
average age being 27 years. In the second experiment, SE𝐵 ,
24 males and 6 females participated. They were mostly university staff and students and their ages were distributed in the
range of 20 to 53 years with the average age being 27 years.
3.3. Stimuli presentation

tifacts only in the lower part of the scene. In case of pure
source coding one may expect a more even distribution of the
artifacts. The spatial locality is an important characteristic of
the test images in the WIQ database, which may also encourage to incorporate visual attention modelling [8] into image
quality metric design, since localised distortions may distract
attention to a higher degree from the visual content.
3. SUBJECTIVE QUALITY EXPERIMENTS
We carried out two subjective image quality experiments. The
first one was conducted at the Western Australian Telecommunication Research Institute (WATRI) in Australia and the
other at the Blekinge Institute of Technology (BIT) in Sweden. The subjective experiments will in the following be re-

The set of test images, ℐ𝑡 , was divided into two sets of 40
images each, ℐ𝑡,𝑊 and ℐ𝑡,𝐵 , to be presented in experiments
𝑆𝐸𝑊 and 𝑆𝐸𝐵 , respectively. The images were picked such
that in each experiment a wide range of artifact types and
severities is covered.
Each test image was then shown 5 times in alternating order with the corresponding reference image using the Double
Stimulus Continuous Quality Scale (DSCQS) [4] method. In
each alternation, the viewing time for the image was 3 sec
with a mid-grey screen shown in between images for 2 sec.
The viewers were asked to rate the quality of both images
during the last 2 alternations, without being aware of which
image was the reference and which was the test image. The
rating was performed on a continuous scale from 0-100, however, the quality scale was also divided into five sections (Ex-
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Fig. 3. Mean opinion scores (MOS) and 95% confidence intervals for (a) SE𝑊 and (b) SE𝐵 .
cellent, Good, Fair, Poor, Bad) to support the viewer with the
decision making. As the DSCQS method is quite sensitive
to small quality differences, it is well suited to not just cope
with highly distorted test images but also with cases where
the quality of reference and test image is very similar.
In order to avoid viewers’ fatigue, each session was divided into two sections of a duration less than 30 minutes
each, with a 15 min break in between. Both sections consisted of a stabilisation and a test trial. The first session had
an additional training trial of 4 images which was conducted
to demonstrate the test procedure to the viewers and allow
them to familiarise themselves with the test mechanism. The
stabilisation trials of 5 images each were used for the viewers
to adapt to the assessment methodology. Both training and
stabilisation trials consisted of images with a wide range of
artifact types and severities to indirectly reveal to the viewers
what can be expected during the test trial.
3.4. MOS and confidence intervals

4. EVALUATION OF IMAGE QUALITY METRICS

The MOS for each of the images is computed as the average
over all scores for a particular image as follows
𝑀 𝑂𝑆𝑘 =

𝑁
1 ∑
𝑠𝑛,𝑘
𝑁 𝑛=1

(1)

where 𝑠𝑛,𝑘 denotes the opinion score given by the 𝑛𝑡ℎ viewer
to the 𝑘 𝑡ℎ image and 𝑁 = 30 is the number of viewers that
participated in each experiment. The confidence interval associated with the MOS of each examined image is given by
[𝜇𝑘 − 𝜖𝑘 , 𝜇𝑘 + 𝜖𝑘 ]

(2)

Here, the deviation term 𝜖𝑘 can be derived from the standard
deviation 𝜎𝑘 and the number 𝑁 of viewers and is given for a
95% confidence interval according to [4] as follows
𝜎𝑘
𝜖𝑘 = 1.96 √
𝑁

The MOS for all images and for SE𝑊 and SE𝐵 are presented in Fig. 3(a) and Fig. 3(b), respectively. The 40 images in each experiment are sorted with respect to decreasing
MOS. One can see from the figures that the material presented
to the viewers indeed covered a wide range of subjective quality ratings. In particular, both experiments contained the extreme cases of excellent and bad image quality with the intermediate qualities decreasing approximately linearly.
It is further observed that the spread of quality scores
around the mean in terms of the 95% confidence intervals is
generally narrower for the images at the upper and lower end
of the perceptual quality scale. This indicates that the viewers
seemed to be more confident with giving their quality ratings
in case that the quality of the presented images was either very
high or very low. On the other hand, in the middle ranges of
quality the confidence of viewers on the quality of an image
was significantly lower.

(3)

We have tested a number of well known image quality metrics on the WIQ database. A comparison between the metrics’
quality prediction performance is shown in Table 1 in terms
of the Pearson linear correlation coefficient 𝜌𝑃 and the Spearman rank order correlation coefficient 𝜌𝑆 for both subjective
experiments SE𝑊 and SE𝐵 . Here, the metrics Δ𝑁 𝐻𝐼𝑄𝑀 and
𝐿2 -norm have been proposed [11] by the authors of this paper
and were specifically designed to perform well in an image
communication scenario.
The comparison reveals that some metrics indeed seem
to experience difficulties to predict the MOS from the experiments. In particular, the well known structural similarity
(SSIM) index [12] does not correlate well with the MOS and
in fact performs even worse than the peak signal-to-noise ratio (PSNR). We found that a reduced reference image quality
assessment (RRIQA) [13], also proposed by the lead author
of [12], performs better on the WIQ database. A similar good
performance is achieved by the visual information fidelity

Table 1. Comparison of quality prediction performance.
Metric

SE𝑊

SE𝐵

[3] P. Le Callet and F. Autrusseau,
“Subjective quality assessment IRCCyN/IVC database,”
http://www.irccyn.ec-nantes.fr/ivcdb/, 2005.

𝜌𝑃

𝜌𝑆

𝜌𝑃

𝜌𝑆

Δ𝑁 𝐻𝐼𝑄𝑀 [11]
𝐿2 -norm [11]

0.870
0.878

0.875
0.869

0.897
0.884

0.847
0.836

[4] International Telecommunication Union, “Methodology
for the subjective assessment of the quality of television
pictures,” Rec. BT.500-11, ITU-R, 2002.

RRIQA [13]
SSIM [12]
VIF [14]
VSNR [15]
PSNR

0.846
0.594
0.781
0.742
0.738

0.823
0.612
0.799
0.616
0.632

0.757
0.533
0.740
0.798
0.771

0.677
0.461
0.833
0.699
0.644

[5] H. R. Sheikh, Z. Wang, L. Cormack, and A. C. Bovik,
“LIVE image quality assessment database release 2,”
http://live.ece.utexas.edu/research/quality, 2005.

(VIF) criterion [14]. The visual signal-to-noise (VSNR) [15]
has a comparable performance to PSNR.
It can be further seen from the table that the metrics proposed in [11] by the authors of this paper, Δ𝑁 𝐻𝐼𝑄𝑀 and 𝐿2 norm, outperform the other metrics. We believe this is mainly
due to the fact that these metrics were designed to measure
the variety of artifacts in the test images through extraction of
suitable structural features. The other metrics were designed
on images mainly containing single artifacts that are globally
spread over the image, such as given for the test images in the
IVC, MICT, and LIVE databases.
5. CONCLUSIONS

[6] N. Ponomarenko, M. Carli, V. Lukin, K. Egiazarian,
J. Astola, and F. Battisti, “Color image database for
evaluation of image quality metrics,” in Proc. of IEEE
MMSP, Oct. 2008, pp. 403–408.
[7] M. C. Q. Farias, J. M. Foley, and S. K. Mitra, “Detectability and annoyance of synthetic blocky, blurry,
noisy, and ringing artifacts,” IEEE Trans. on Signal Processing, vol. 55, no. 6, pp. 2954–2964, June 2007.
[8] U. Engelke, A. J. Maeder, and H.-J. Zepernick, “Visual attention modelling for subjective image quality
databases,” in Proc. of IEEE Int. Workshop on Multimedia Signal Processing, Oct. 2009.
[9] International Telecommunication Union, “Specifications and alignment procedures for setting of brightness
and contrast of displays,” Rec. BT.814, ITU-R, 1994.

We introduced the WIQ database that can be used for the design and evaluation of objective wireless imaging quality metrics. The database consists of the test images and the corresponding MOS from two subjective quality experiments that
we conducted. The test images included in the WIQ database
consist of wireless imaging artifacts, which are not considered
in any of the other publicly available image quality databases.
The particulars of the test images and the subjective experiments are explained in detail in the paper. We further evaluated the quality prediction performance of a number of well
known image quality metrics. The results reveal that some
metrics indeed experience problems in predicting subjective
quality with high accuracy in a wireless imaging context.
The WIQ database is considered to complement the other
image quality databases and to support further research on
wireless imaging quality. The WIQ database is made freely
available to the research community. Please contact the lead
author of this paper to obtain access to the WIQ database.

[10] International Telecommunication Union, “Specification
of a signal for measurement of the contrast ratio of displays,” Rec. BT.815, ITU-R, 1994.
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