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Abstract
The rapid evolution of wireless networks is driven by the growth of wireless packet data applications such
as interactive mobile multimedia applications, wireless streaming services, and video-on-demand. The largely
heterogeneous network structures, severe channel impairments, and complex traffic patterns make the wireless
networks much more unpredictable compared to their wired counterparts. One of the major challenges with the
roll-out of these services is therefore the design of wireless networks that fulfill the stringent quality of service
requirements of wireless video applications. In this paper, the applicability of perceptual image quality metrics for
real-time quality assessment of Motion JPEG2000 (MJ2) video streams over wireless channels is investigated. In
particular, a reduced-reference hybrid image quality metric (HIQM) is identified as suitable for an extension to
video applications. It outperforms other known metrics in terms of required overhead and prediction performance.

1 Introduction

With the implementation of current and the devel-
opment of future mobile radio networks, there has
been an increasing demand for efficient transmission
of multimedia services over wireless channels. These
services typically require much higher bandwidth for
the delivery of the different applications subject to a
number of quality constraints.

On the other hand, impairments such as the time-
varying nature of the wireless channel caused by mul-
tipath propagation and changing interference conditions
make the channel very unreliable. Link adaptation and
other techniques have been employed to adapt the
transmission parameters in order to compensate for
these variations [1]–[3]. The conventional adaptation
techniques are based on measures such as the signal-
to-noise ratio (SNR) or the bit error rate (BER) as
indicators of the received quality. However, in case
of multimedia services it has been shown that these
measures do not necessarily correlate well with the
quality as perceived by humans [4], [5]. Therefore, the
best quality judgement of a multimedia service would
be done by humans themselves. Clearly, this would be
a tedious and expensive approach that cannot be per-
formed in real-time. Therefore, quality measures have
been proposed that incorporate characteristics of the
human auditory and visual system and inherently ac-
count for user-perceived quality. In contrast to already
standardized perceptual quality metrics for audio [6]
and speech [7], the standardization process for image
and video quality assessment in not yet as developed.

In the sequel, the applicability of perceptual image
quality metrics for real-time video quality assessment of
Motion JPEG2000 (MJ2) video streams over wireless
channels is investigated. This approach is motivated

by the fact that MJ2 is solely based on intra-frame
coding techniques. In addition, it has been shown that
MJ2 encoded video streams can provide good perfor-
mance over low bit rate error-prone wireless channels
[8]. This is mainly due to the non-existence of inter-
frame dependencies and the related suppression of
error propagation. This characteristic makes MJ2 very
error resilient compared to other state-of-the-art video
codecs such as MPEG-4, defined by the Moving Picture
Experts Group (MPEG). Furthermore, MJ2 offers high
coding efficiency and low complexity.

In this paper, a number of image quality metrics
are considered for application to real-time perceptual
quality assessment of MJ2 video streams over wireless
channels. Simulation results reveal that the reduced-
reference hybrid image quality metric (HIQM) per-
forms favorable over the other examined metrics in
terms of required overhead and prediction performance.

This paper is structured as follows. Section 2 presents
an overview of the considered quality metrics and
measurement techniques. In Section 3, the ideas be-
hind using quality prediction functions for automatic
quality assessment are described. Simulation results for
the different perceptual quality assessment techniques
are provided in Section 4. Conclusions are drawn in
Section 5.

2 Perceptual Quality Assessment:
From Image to Video

Traditionally, fidelity metrics such as the peak signal-
to-noise ratio (PSNR) or the mean-squared error (MSE)
have been utilized to estimate the quality of an image.
These belong to the group of full-reference (FR) metrics
which means that the original image is needed as a



reference for the calculation of the distorted image
quality. Therefore, these approaches are not suitable for
wireless communication purposes as the original image
would typically not be available at the receiver. Instead,
reduced-reference (RR) image quality metrics can be
used which shall be based on algorithms that extract
features such as structural information from the original
image at the transmitting end. The feature data may
then be sent over the channel along with the image. At
the receiver, the image related data is extracted and the
features of the received image are calculated. Given the
features of the transmitted and received image, a quality
assessment can be performed.

In view of the above arguments, the favorable per-
ceptual video quality assessment shall be based on such
an RR image quality metric. This approach finds its
support in the fact that MJ2 videos consist of frames
which are entirely intra-frame coded. This means that
there are no dependencies between consecutive frames.
Therewith, there are no temporal artifacts introduced
through neither the MJ2 source coding nor the wireless
channel. As such, the quality of each video frame can
be evaluated independently from its predecessors and
successors using suitable image quality metrics.

The availability of the quality measure of each
MJ2 video frame may be applied for link adaptation
and resource management algorithms to adapt system
parameters such that a satisfactory perceived quality
is delivered to the end user. The block diagram of
such an application scenario is presented in Fig. 1.
The features of each frame are calculated in the pixel
domain of the uncompressed video frame. The resulting
data is then concatenated with the data stream of the
video frame. Together they are sent over the channel.
At the receiver, the data representing the features is
extracted. After MJ2 source decoding the features of the
received video frames are calculated and used, together
with the features of the sent video frames, for the
quality assessment. On the grounds of this assessment
a decision can be deduced for the adaptation of system
parameters.

2.1 Hybrid Image Quality Metric
As a reduced-reference metric, HIQM [9] extracts the
features of the video frames on both the transmitter
and receiver. The quality evaluation is composed of
the outcomes from different image feature extraction
algorithms such as blocking [10], [11], blur [12], image
activity [13], and intensity masking [14]. Due to the
limited bandwidth of the wireless channel it is an
objective to keep the resulting overhead needed to
represent the video frame features as low as possible.
Therefore, the overall perceptual quality measure shall
be calculated as a weighted sum of the extracted
features to be represented by a single number. This
number can be concatenated with the data stream of
each transmitted video frame without creating too much

TABLE I
ARTIFACT EVALUATION.

Feature/Artifact Metric Algorithm Weight Value

Blocking f1 [11] w1 0.77

Blur f2 [12] w2 0.35

Edge-based activity f3 [13] w3 0.61

Gradient-based activity f4 [13] w4 0.16

Intensity masking f5 [14] w5 0.35

overhead. Specifically, the proposed metric is given by

HIQM =

5
∑

i=1

wi · fi (1)

where wi denotes the weight of the respective image
feature fi, i = 1, 2, 3, 4, 5. It is noted that the following
relationships have been used:

f1 , Blocking metric
f2 , Blur metric
f3 , Edge-based image activity metric
f4 , Gradient-based image activity metric
f5 , Intensity masking metric

In order to obtain the values of the aforementioned
weights, subject quality tests have been conducted at
the Department of Signal Processing of the Blekinge
Institute of Technology and an analysis of the results
has been performed for the individual artifacts. The test
was performed using the Double Stimulus Continuous
Quality Scale (DSCQS) methodology, specified in ITU-
R Recommendation BT.500-11 [15]. A total of 30
people had to vote for the perceived quality of both
the transmitted and received set of 40 images. The
responses of the test subjects are captured by the re-
spective Pearson correlation coefficients. Accordingly,
the magnitudes of these correlation coefficients are
selected as the weights by which the individual artifacts
contribute to the overall HIQM value (see Table I). The
final quality measure of an MJ2 encoded video frame at
the receiver may then be represented by the magnitude
of the difference between the feature measure of the
transmitted and the received frame

∆HIQM (i) = |HIQMT (i)− HIQMR(i)| (2)

where i denotes the ith frame within the transmitted (T )
and the received (R) video stream. The total length of
the time-varying HIQM related quality value may be
represented by 17 bits (1 bit for the sign, 8 bits for the
integer in the range 0-255, 4 bits for each the 1st and
the 2nd decimal).

Several other image quality metrics have been pro-
posed in recent years. For comparison purposes we will
consider in the sequel two metrics for which the source
code has actually been made available to the public.
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Fig. 1. Block diagram of a wireless link using reduced-reference perceptual quality metrics for video quality monitoring.

2.2 Reduced-Reference Image Quality As-
sessment

The reduced-reference image quality assessment
(RRIQA) technique has been proposed in [16]. It is
based on natural image statistic model in the wavelet
domain. The distortion between the received and the
transmitted image is calculated as

D = log2

(

1 +
1

D0

K
∑

k=1

|d̂k(pk‖qk)|

)

(3)

where the constant D0 is used as a scaler of the
distortion measure, d̂k(pk‖qk) denotes the estimation of
the Kullback-Leibler distance between the probability
density functions pk and qk of the kth subband in the
transmitted and received image, and K is the number
of subbands. The overhead needed to represent the
reduced-reference features is given in [16] as 162 bits.

2.3 Measure of Structural Similarity
The full-reference metric reported in [17] is also taken
into account. Although the applicability of this metric
for wireless communications is not necessarily given
due to its full-reference nature, the comparison re-
garding the quality prediction performance is of high
interest as it would serve as a benchmark test for the
reduced-reference metrics. The considered metric is
based on the degradation of structural information. Its
outcome is a measure of structural similarity (SSIM)
between the reference and the distorted image

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(4)

where µx,µy and σx,σy denote the mean intensity and
contrast of image signals x and y, respectively. The
constants C1 and C2 are used to avoid instabilities
in the structural similarity comparison that may occur
for particular mean intensity and contrast combinations
(µ2

x + µ2

y = 0 or σ2

x + σ2

y = 0). Clearly, the overhead
with this approach would be the entire original image.

3 Prediction of Subjective Quality
Subjective ratings from experiments are typically aver-
aged into a mean opinion score (MOS) which represents
the subjective quality of a particular image. On the

other hand, the examined metrics relate to the objective
image quality and shall be used to predict perceived
image quality automatically. In the sequel, exponential
functions are suggested for predicting the subjective
quality from the considered image quality metrics.

3.1 System Under Test
The system under test comprised of a flat Rayleigh
fading channel in the presence of additive white Gaus-
sian noise (AWGN) along with hybrid automatic re-
peat request (H-ARQ) and a soft-combining scheme.
A (31, 21) Bose-Chaudhuri-Hocquenghem (BCH) code
was used for error protection purposes and binary phase
shift keying (BPSK) as modulation technique. The
average bit energy to noise power spectral density ratio
(Eb/N0) was chosen as 5dB and the maximum number
of retransmissions in the soft-combining algorithm was
set to 4. These particular settings turned out to be
beneficial in generating impaired images and video
frames with a wide range of artifacts. It should be
mentioned that these are the same settings that have
been used in the derivation of the weights given in
Table I.

To obtain the MJ2 videos, a total of 100 consecutive
frames of uncompressed quarter common intermediate
format (QCIF) videos were compressed at a bit rate
of 1bpp using the Kakadu software [18]. No error-
resilience tools were used during source encoding and
decoding to get the full impact of the errors introduced
by the channel. The MJ2 videos were then sent over
the channel and decompressed on the receiver side to
obtain the QCIF videos. In Fig. 2 it can be seen that
a wide range of distortions could be created. In order
to automatically quantify subjective quality of this type
of impaired video frames in real-time, suitable quality
predication functions are needed.

3.2 Exponential Prediction Function
The selection of an exponential prediction function
finds its support in the fact that the image quality
metrics considered here relate to image distortion and
degradation of structural information. As such, a highly
distorted image would be expected to relate to a low
MOS while images with low structural degradation
would result in high MOS. A curve fitting of MOS
values from subjective tests versus quality measure may



(a) Frame no. 2 (b) Frame no. 33

(c) Frame no. 80 (d) Frame no. 89

Fig. 2. Frame samples of the video “Highway drive” [19] after
transmission over the wireless channel.

TABLE II
CURVE FITTING PARAMETERS

∆HIQM RRIQA SSIM

a 96.15 109.1 14.93

b −0.2975 −0.1817 1.662

then be based on an exponential function leading to the
prediction function

MOSQM = a eb·QM (5)

where QM ∈ {∆HIQM ,RRIQA,SSIM} denotes the
respective perceptual quality metric. The parameters a
and b are obtained from the curve fitting and define
the exponential prediction function of the respective
perceptual quality metric.

Figs. 3 a-c show the MOS obtained for the 40 differ-
ent image samples used in our subjective tests versus
the considered metrics∆HIQM , RRIQA, and SSIM, re-
spectively. The parameters a and b of the corresponding
exponential prediction function are given in Table II.
The figures also show the 95% confidence interval
from which only a small scattering of image samples
around the fitting curve is observed for ∆HIQM while
larger scattering and hence more prediction uncertainty
is noticed for the cases of RRIQA and SSIM.

The prediction performance of the considered ob-
jective quality metrics with respect to the subjective
ratings shall be characterized by the Pearson linear
correlation coefficient and the Spearman rank order
[20]. The Pearson linear correlation coefficient char-
acterizes the degree of scattering of data pairs around a
linear function while the Spearman rank order mea-
sures the prediction monotonicity. For the purpose
of calculating these prediction performance measures,
the relationships between MOS and predicted scores
MOSQM with QM ∈ {∆HIQM ,RRIQA,SSIM} have
been established using (5) and are shown in Fig. 4 a-

TABLE III
PREDICTION PERFORMANCE

∆HIQM RRIQA SSIM

Pearson 0.896 0.769 0.599

Spearman 0.887 0.677 0.461

c. The Pearson linear correlation coefficient and the
Spearman rank order can be deduced from the data
pairs shown in these figures and the results are reported
in Table III. It turns out that the prediction performance
of ∆HIQM outperforms RRIQA and SSIM in both
accuracy and monotonicity.

4 Simulation Results
The extensive simulations involved a wide range of
video streams which were taken from the data base
provided in [19]. The common findings from these
simulations will be discussed in the sequel using a
representative video stream. Specifically, the “Highway
drive” video has been chosen to illustrate the ability of
the considered measures in assessing perceptual quality
for wireless video applications. The same wireless
scenario as described in Section 3 was used with the
simulations. The actual quality assessment has been
performed on both the transmitted and received un-
compressed QCIF videos. The exponential prediction
curve (5) with parameters a and b given in Table II was
used to translate the perceptual quality measures into
predicted mean opinion scores MOSQM . Finally, the
MOSQM values were normalized to fall in the interval
[0, 100]. The progression of the quality measures over
the 100 consecutive frames are shown in Fig. 5.

It can be seen from the results shown in Fig. 5
that ∆HIQM very closely follows the assessment of
the benchmark given by SSIM. In particular, ∆HIQM

clearly identifies the same frames as of perceptually
lower quality as those detected by SSIM and provides
also stable quality assessments for the frames that have
good quality. It is remarkable that this behavior can
be achieved without requiring reference frames at the
receiver as would be the case with SSIM. It should
also be noted that SSIM appears to overestimate the
perceptual quality as is the case with frame number 89
(see Fig. 2 d). Although this particular frame is clearly
indicated by both ∆HIQM and SSIM as of reduced
quality, the low value given by ∆HIQM seems to more
accurately reflect the severe quality degradation.

As far as the comparison with the other reduced-
reference metric in terms of RRIQA is concerned,
the proposed ∆HIQM can much better differentiate
among perceptual quality levels while RRIQA appears
to be rather unstable. Therefore, ∆HIQM would be the
preferred metric when it comes to applications for real-
time quality assessment or the extraction of decisions
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Fig. 3. Curve fitting for subjective scores versus perceptual quality
measures: (a) ∆HIQM ; (b) RRIQA; (c) SSIM.

for link adaptation techniques. Furthermore, we recall
that the additional overhead per video frame needed
with ∆HIQM to communicate the quality reference
consumes only 17 bits for representing the weighted
sum of features while RRIQA requires 162 bits to
represent the involved individual features [16].

The computational complexity has been measured in
terms of the processing time for the 100 frames of the
test video and is summarized in Table IV. Clearly, the
∆HIQM based metric offers a significant reduction in
processing time compared to RRIQA. As such, real-
time applications would benefit from this feature pre-
suming an efficient implementation on a digital signal
processor platform was performed.

For comparison purpose, the progression of PSNR
over the 100 frames is also presented in Fig. 5. In order
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Fig. 4. Curve fitting for subjective scores versus predicted scores:
(a) ∆HIQM ; (b) RRIQA; (c) SSIM.

TABLE IV
OVERHEAD AND COMPUTATIONAL COMPLEXITY (100 FRAMES OF

MJ2 VIDEO “HIGHWAY DRIVE”)

∆HIQM RRIQA SSIM

Overhead 0.07% 0.65% 100%

Processing time (sec) 51.27 380.39 3.75

to align with the scale of the other examined metrics,
PSNR was set to a constant value of 100 when the video
frames at transmitter and receiver were identical. As
PSNR is a fidelity metric, it is known that it often does
not correlate well with human perception. For example,
it can be seen from Fig. 5 that PSNR underestimates the
quality of a number of frames compared to the above



0

50

100

∆ H
IQ

M
 (M

O
S

)

0

50

100

R
R

IQ
A

 (M
O

S
)

0

50

100

S
S

IM
 (M

O
S

)

0 10 20 30 40 50 60 70 80 90 100
0

50

100

Frame number

P
S

N
R

 (d
B

)

Fig. 5. Progression of the different quality metrics for the video “Highway drive” [19].

perceptual quality assessment approaches.

5 Conclusions
In this paper, we examined the potential of perceptual
image quality metrics for quality assessment of MJ2
video streams in the context of wireless channels. The
reduced-reference hybrid image quality metric has been
identified as suitable for an extension from image to
intra-frame coded video applications. The simulation
results have shown that ∆HIQM outperforms RRIQA
in both the overhead that is needed for representing the
features of MJ2 video frames and the quality prediction
performance.
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