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a b s t r a c t

We propose a QoE-aware video streaming solution to maximize multiuser QoE for Scalable Video Coding
(SVC) streaming over multiuser (MU) Multiple-Input Multiple-Output (MIMO)–Orthogonal Frequency
Division Multiplexing (OFDM) systems. We achieve it by integrating novel QoE-aware video adaptation
(QoEVA) and QoE-aware resource allocation (QoERA) schemes. We first study QoEVA of SVC via a
subjective video quality assessment database and derive QoE-optimized scalability adaptation tracks. A
rate-QoE model is then constructed to approximate the track and is employed to design QoERA. By
proving the NP-hardness of the QoERA problem, we propose an adaptive solution where resource block
assignment, power allocation and modulation selection are jointly optimized to enhance multiuser QoE.
Experimental results show that the proposed QoEVA significantly performs better than the conventional
video adaptation schemes and the proposed QoERA achieves much better user experience when
compared to state-of-the-art solutions. Our solution can be employed for both pre-coded and live video
streaming.

� 2014 Elsevier Inc. All rights reserved.
1. Introduction

Nowadays, media service providers are keen on improving the
users’ perception of quality, commonly referred to as the Quality
of Experience (QoE) [1], in wireless video communication. User’s
perception of streaming video characterized in terms of QoE is
directly measured by the acceptability of the end users. QoE is
more related to but differs from the extensively studied concept
Quality of Service (QoS) [2], which mainly focuses on system
related parameters such as bandwidth, delay, loss, etc. However,
QoS lacks an important element, the human perception, in
quantifying the perceived video quality [3]. It has been revealed
that the structured approach to QoE can be designed from user
and technical aspects [4,5] and validated by mean opinion score
(MOS) [6]. MOS evaluations tend to be computationally intensive,
cumbersome, not repeatable, and are often hard to adapt to real
time quality assessment. The well-known video quality metrics
such as video quality metric (VQM) [7] and Structural Similarity
Index (SSIM) [8] significantly improve over the traditional video
quality metrics such as MSE and PSNR. They consider some inher-
ent characteristics such as the forms of distortion and structural
information to improve the confidence level of quality evaluation.
However, they cannot reliably replace the subjective evaluation.
Recently, there have been many efforts to study QoE modeling
[9–12], QoS to QoE mapping [13–15], etc. However, the design of
the QoE-aware video streaming is still an open issue.

To enable QoE-aware wireless video streaming, Scalable Video
Coding (SVC) [16] stands out with its graceful rate adaptation
capabilities to cope with bandwidth scarcity and network
variation. SVC is encoded with a most important base layer whilst
quality refinement or resolution enhancement is realized by
successive encoding of more enhancement layers. SVC offers spa-
tial, temporal and quality scalabilities for enhancement in picture
size, frame rate and picture fidelity, respectively. QoE-aware
streaming can be achieved by excluding some enhancement layer
packets during transmission to conform to network variation,
hardware heterogeneity or users’ requirement.

To achieve this, we combine QoE-aware resource allocation
(QoERA) with QoE-aware video adaptation (QoEVA). A QoE-aware
SVC streaming solution aims to maximize video QoE under rate
constraints:
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max QðRÞ ð1aÞ
s:t: Rðd; t;qÞ 6 Rmax ð1bÞ
ðd; t;qÞ 2 N ð1cÞ
2 A scalability adaptation track refers to the rate adaptation path from the
where d; t and q are the spatial, temporal and quality layer IDs of
the adapted bitstreams, respectively. The function (1a) defines the
objective of QoERA and the rate-QoE model. The target adaptation
rate constraint in (1b) relates to a candidate scalable layer which
is selected from a triplet set N in (1c). Rate constraints Rmax is deter-
mined by QoERA under given network conditions. The bold letters
here denote vectors for multiuser video streaming.

Existing work can be helpful for designing QoEVA but their lim-
itations are in different aspects. As for (1a), the majority of work
either lacks a QoE model [17–19] or employs a QoE-agnostic model
[20,21]. Some general conclusions have been drawn in [17–19] by
comparing adapted videos in different scalability combinations but
no explicit QoE model has been summarized. The default video
adaptation schemes in Joint Scalable Video Model (JSVM) aim at
maintaining a good PSNR for target video but PSNR cannot reflect
the true QoE [20,21]. For constraints (1b) and (1c), some earlier
attempts have studied QoE-aware adaptation but they focused
only on partial scalability1 [22–25]. The authors in [22] revealed
that users generally favor temporal scalability over quality
scalability. While in [23], the authors found that for full-length
movie, subjects may prefer quality adaptation. Another work in
[24] investigated spatial and temporal scalabilities and the findings
suggested that bandwidth savings should be achieved by reducing
spatial size before decreasing frame rate. Moreover, we have set
up a QoE database and derived QoE model for source adaptation in
[26] but the scheme works on a whole video sequence, which is
not valid for video streaming. The adaptation and QoE model should
also be extended and validated for videos outside the database and
for distorted videos received from network transmission. Neverthe-
less, existing work has introduced some insights and motivated us to
propose a more accurate QoEVA scheme to facilitate QoERA.

QoEVA needs to be incorporated with resource allocation in
multiuser video streaming to overcome the challenges of resource
scarcity, user competence, delay, packet loss, etc. The majority of
emerging wireless systems employ multiuser (MU) Multiple-Input
Multiple-Output (MIMO)–Orthogonal Frequency Division Multi-
plexing (OFDM) techniques to increase system performance [27].
MU MIMO–OFDM enables efficient resource allocation in joint
time, frequency, and spatial domains, which can significantly
enhance the quality of video streaming. It is necessary to study
the QoE issue in this system because of its wide deployment. Our
objective is to design a QoE-aware resource allocation (QoERA)
scheme in the joint spatial-time–frequency domain. We first recall
some useful transmission mechanisms in existing work, which can
be generally classified as QoS provision and prioritized delivery. The
traditional round-robin resource allocation renders no QoS provi-
sion and hence, many adaptive schemes have recently been pro-
posed. Among those representative work that has employed MU
MIMO–OFDM systems, multicarrier maximum sum rate (MMSR)
[28] aims to maximize throughput and adaptive radio resource
allocation (ARRA) [29] distributes resource based on head-of-line
(HOL) packet delay. In [30], the authors adopted a joint power allo-
cation and bit loading (JPABL) scheme to maximize video PSNR. On
the other hand, as video packets are encoded with dependency, it
always observes the performance improvement by prioritized deliv-
ery. The authors have proposed to generate layered SVC bitstreams
for prioritized delivery in [31–35], etc. Prioritized delivery has also
been combined with link adaptation, traffic control, and other
schemes to enhance video quality.
1 Full scalability covers all three types of scalabilities; otherwise is partial.
maximum to the minimum rate corresponding to a selection of elements from the
triplet set N in (1c).
Although lessons can be learned from existing schemes, QoE-
aware video streaming calls for more in-depth studies. From
network perspective, QoS provision cannot guarantee QoE satisfac-
tion [28–30]. From video perspective, existing schemes are gener-
ally not designed on QoE criterion or they define QoE simply as a
function of rate [31–35], which is not satisfactory. QoS based
schemes always neglect the intrinsic properties of video packets
such as differentiated packet priority, bursty packet sizes and
dependencies. For example, throughput maximization will make
unfair allocation which will severely harm certain users’ visual
quality. For existing prioritized delivery schemes, some consider
QoE factors and some not. Even for the former, they only cover par-
tial scalability of SVC. We extend our previous work [35] which
applies our source adaptation model [26] for video streaming.
The previous work [35] is not practical for real application as it car-
ries out resource allocation on sequence level and inherently
requires the same adaptation scheme for all video segments in a
sequence. It forces to a high playback delay and also assumes that
transmitted data can be perfectly received without loss, which is
not real. Moreover, QoE is only related to transmission rate in
[35]. A practical QoE-aware streaming solution should jointly
consider rate, delay, jitter, packet loss, etc., which has not been
covered by most of existing work. To address this issue, we present
a QoE-aware solution for SVC video streaming over MU MIMO–
OFDM systems. Our contributions are threefold:

� There are two time scales in QoE-aware video streaming. We
propose a progressive video streaming framework to align them
by gradual streaming of a video segment across multiple
resource allocation units. In a video timescale we achieve QoEVA
and in a network timescale we execute QoERA. The framework
makes sure that resource allocation can be optimized at the
video adaptation time scale and meanwhile, best utilizes the
channel diversity generated at the channel variation time scale.
We accommodate multiple factors, i.e., rate, delay, jitter, packet
loss, which affect video QoE, in a comprehensive framework.
The framework is applicable to both pre-coded and live video
streaming.
� To study QoEVA, a subjective video quality assessment database

is constructed. Scalability adaptation tracks2 are summarized to
provide useful guidelines to adapt SVC bitstream in various con-
tents and to facilitate progressive video streaming. A rate-QoE
model is proposed for designing our QoERA. We demonstrate
the effectiveness and the application of the QoE model in both
source adaptation and wireless streaming. The QoE modeling
for wireless streaming provides a novel no-reference (NR) video
quality assessment and management solution.
� To enable progressive streaming, a QoERA scheme is designed

to maximize multiuser QoE for SVC video streaming over MU
MIMO–OFDM systems. QoERA jointly considers the spatial
multiplexed resource block assignment, power allocation and
modulation selection to maximize the overall QoE. The pro-
posed solution tackles an NP-hard problem in a skillful way
and meanwhile, achieves significant better performance than
conventional methods with highly reduced complexity.

The remainder of this paper is organized as follows. We
introduce the background and generalize a novel QoE-aware video
streaming framework in Section 2. We elaborate on the video
quality assessment database, video adaptation schemes and
rate-QoE model in Section 3. In Section 4, we present the QoE-
aware resource allocation framework for SVC streaming over MU
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MIMO–OFDM systems. The experimental results and discussions
are provided in Section 5. Finally, conclusions are given in
Section 6.
2. SVC streaming over MU MIMO–OFDM systems

2.1. Scalable Video Coding

Among several Scalable Video Coding standards, scalable
extension of H.264/AVC (SVC) surpasses the others by its improved
coding efficiency and reduced complexity. SVC consists of a Video
Coding Layer (VCL) and a Network Abstraction Layer (NAL). VCL
follows a block-based hybrid coding structure and is extended
from AVC to support three types of scalabilities, i.e., spatial, tempo-
ral and quality scalabilities. Spatial and temporal scalabilities
describe cases in which more enhancement layers represent the
source content with an increased picture size or frame rate. While
for quality scalability, more enhancement layers will result in
higher picture fidelity.

SVC encoder is organized firstly in spatial levels, known as
dependency layers in the standard. In each spatial level, motion-
compensated prediction and intra-prediction are employed to
encode texture and motion information. Medium-Grain quality
Scalability (MGS) and the key picture concept are core for quality
scalability. MGS can improve coding efficiency and the key pictures
serve as resynchronization points between the encoder and
decoder, which limits the drift propagation. Besides MGS, the
conventional Coarse-Grain quality Scalability (CGS) is also
supported. The hierarchical structure is adopted for temporal sca-
lability where the spatial base layer is H.264/AVC compatible. The
coded video data are organized into NAL units, each of which is
effectively an SVC packet. NAL provides each packet the spatial,
temporal, and quality layer IDs (d; t; q) and other information for
bitstream processing. For details on SVC, please refer to [16].

2.2. MU MIMO–OFDM systems

MU MIMO–OFDM systems benefit from adaptive transmission
and resource allocation due to existence of parallel subchannels
in space and frequency domains, which enables the increase of
the system throughput by transmitting independent data from
individual antenna. The transmitter side of the adopted system is
depicted in Fig. 1. The receiver side is not relevant to resource
allocation so we omit it here. Scalable videos are transmitted to
Fig. 1. The system structure of SVC video tran
K receivers simultaneously from a base station (BS) which is
equipped with M antennas. Without loss of generality, we assume
that the receivers have only a single antenna and the framework
can be easily extended to multi-antenna case. The area in block
in Fig. 1 is for resource allocation. The BS determines how
resources, e.g., resource block assignment, power allocation and
modulation selection, to be allocated to each user to achieve the
maximal video quality for all receivers.
2.3. QoE-aware SVC streaming framework

The provision of video QoE in wireless networks would inevita-
bly face two major difficulties. The first one is defining QoE. QoE is
affected by multiple factors such as delay, jitter and packet loss.
Packet loss may also attribute to radio errors or to timeout drop-
ping. A comprehensive QoE study should take into account all
these factors but it would be quite challenging. The second one
relates to inconsistency in timescales. Resource allocation is gener-
ally executed at a time scale in the order of channel variation.
The optimized resource allocation within a channel-invariant time
interval can be traceable. The optimization across multiple time
intervals are also possible but it generally requires complex theory
and manipulations. On the other hand, video is generally encoded
segment by segment to improve coding efficiency. A segment
starts with an intra frame and within the segment, frames are
encoded based on dependencies. This inherently requires that rate
adaptation should be jointly applied on the whole segment
because frames inside have been encoded altogether. The channel
variation is known in the millisecond order (namely, network time-
scale) while a video segment generally lasts for hundreds or
thousands times more (namely, video timescale). A joint resource
allocation across thousands of network timescales would be
complex. Moreover, video streaming generally transmits bitstream
progressively and the future channel status is unknown. This
makes the joint optimization of resource allocation over the whole
video segment impractical. To overcome these difficulties, we pro-
pose a novel QoE-aware framework to skillfully tackle these issues.
Fig. 2 shows the general framework.

We encode video in segments and each segment serves as an
entity for rate adaptation. For video streaming service, a decodable
unit should arrive at the receiver before a deadline to enable smooth
playout. We progressively send out the bitstream until the deadline
for a smooth playout is reached. By the attractive features of
scalable video, the receiving of only the base layer bitstream can
smission over MU MIMO–OFDM systems.
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be decoded for smooth playout. We make sure the bitstream sent
out can be perfectly received and only after that, we will send extra
bits. When a segment meets its deadline, the remaining bitstream
will be discarded and resource allocation proceeds to the next
segment. It is impressive that we refrain from delay, jitter and
blackout by this progressive streaming and QoE is transferred to
function of the transmission bitrate. Since the progressive stream-
ing requires only information for current segment, it works well
for both pre-coded and live video streaming.

For the dilemma of timescale inconsistency, we implement rate
adaptation on every video timescale and resource allocation on
every network timescale. As shown in Fig. 2, rate adaptation for a
segment is achieved by progressive resource allocation in the time
duration when this segment can still meet its playback deadline. To
explore the network and user diversity at every resource allocation
block, users are allocated to transmit to maximize the summation
of QoE. The QoE of each user is defined as function of accumulative
rate which will be updated after each round of resource allocation.
The final accumulative rate is seen as the adaptation rate of each
segment. The joint QoE-aware rate adaptation and resource alloca-
tion can significantly enhance QoE of receivers. The proposed
framework enables good coordinations between network resource
allocation and video rate adaptation and overcome the challenges
of QoE provision in a skillful way. The progressive streaming
should know how to schedule SVC packets such that the transmit-
ted bitstream would maintain the highest achievable video QoE
under resource constraint. We accomplish it by a novel QoEVA in
next section.
3. QoEVA and rate-QoE model

We study QoEVA by setting up a QoE assessment database.
Some configurations of the database are following our previous
work for source adaptation [26]. We make changes at certain parts
to enable the quality assessment on distorted video from wireless
networks. Because scalable video is encoded successively in layers,
rate adaptation can be achieved by gradual removal of
enhancement layers, resulting in videos in different spatial/tempo-
ral/quality specifications. QoEVA studies how to adapt an SVC
bitstream from the largest rate to the lowest rate and also maintain
the maximal QoE at any a given rate. To this end, we first record
QoE scores of individual videos extracted from SVC bitstreams in
a database.

3.1. QoE database

3.1.1. Test materials
We designed the quality assessment database with raw

progressive YUV videos selected from the Joint Video Team (JVT)
site [36]. We cropped the high definition (HD) videos down to
4CIF resolution then down-sampled to CIF and QCIF resolutions
by the tools provided in JSVM as in [37]. Ten YUV videos are
encoded using the SVC reference module JSVM 9.19 [20] with three
spatial layers 4CIF, CIF and QCIF.

The subjective assessment is composed of two sessions. A
training session let the subjects accustom themselves to the video
specifications in terms of different types of scalability and rating
procedures. The subjects are encouraged to raise questions relating
to the quality assessment. The training video sequences, including
Aspen and In_to_tree were chosen to expose subjects to the types
and spatial, temporal and quality ranges of the test sequences. In
test session, we included eight video sequences, City, Crew, Har-
bour, Soccer, Ducks_Takes_Off (Ducks for short in later sections),
Ice, Old_Town_Cross (Oldtown for short) and Park_Joy (Park for
short). The inclusion of eight videos ensures the accordance with
the suggestion in [38] which claims that at least four different
types of scenes should be chosen in order for a minimum reliability
of the results. These video sequences were selected since they are
representative of different levels of spatial and temporal complex-
ity, as computed by means of the Spatial Information (SI) and
Temporal Information (TI) indices in the recommendation [38].

We employed JSVM 9.19 to encode three quality layers in 4CIF
and CIF spatial levels. Within the QCIF resolution, we only encoded
two quality layers considering its small display size. The Quantiza-
tion Parameter (QP) in SVC encoding configuration was set to 40,
33, 26 for three quality layers, respectively. Following the same
disposal as in [25], we fixed the QP within a GOP for different tem-
poral layers. GOP size was set to 16 for each video, and one
encoded bitstream was composed of at most five temporal layers
corresponding to frame rates of 60, 30, 15, 7.5, 3.75 frames per
second (fps). Spatial layers were tagged with three Dids 0, 1, and
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2, from the base to the highest enhancement layer. Within the spa-
tial layer 2, the largest Tid and Qid were 4 and 2, respectively. Those
in the spatial layer 1 were 3 and 2, and those in QCIF resolution
were 2 and 1. Within each spatial layer d, for temporal and quality
layers ranging from ID 0 to the largest number, we extracted all
ðd; t; qÞ combinations using the Bitstream Extractor in JSVM and
decoded them into different specifications of video clips. Together
with three uncompressed videos (a total of three in all spatial res-
olutions), 36 video clips were employed in the test for each video
source. For the 8 video sources we included, which we would refer
to as Original Videos (OVs) in the following context, a total of 288
video clips were generated in our database. We refer to them as
Extracted Videos (EVs) in the following context. The EVs were dis-
played in random orders to every subject for evaluation. It should
also be noted that training videos were also shown at different
qualities and frame rates, depending on which quality and
temporal layers they are in. We showed the QCIF and CIF videos
to subjects for evaluation in the 4CIF size as in [17,19]. Because
we will frequently use various (d; t; q) combinations in the follow-
ing context to interpret our scalability adaptation schemes, we
summarize in Table 1 the congruent relationships of (d; t; q) combi-
nations and their coding configurations.

3.1.2. Subjective quality assessment
The viewing conditions in subjective test followed the

guidelines in ITU-T Rec. P.910 [38] and ITU-R Rec. BT.500-11
[39]. Some recommended specifications are summarized as fol-
lows. The viewing distance was set to four times of CIF picture
height to guarantee that all displayed videos were within the rec-
ommended range of 1–8 times of the picture height in [38]. The
monitor used was the professional EIZO FlexScan SX3031W 29.8-
inch wide screen LCD monitor. The display resolution was set to
WQXGA (2560 � 1600). Display brightness and contrast were set
up according to [39]. The peak luminance was within the range
of 100–200 cd/m. Ratio of the luminance of the screen, when dis-
playing only black level in a dark room, to that corresponding to
peak white was around 0.1. The background luminance was
ensured to be lower than 20 lux in testing. As test videos had smal-
ler size compared to the monitor screen resolution, the videos were
displayed at the center of the screen and the color of the back-
ground was set to 50% gray. As it is time-consuming to evaluate
all 288 video clips throughout one-time assessment, we split the
assessed videos into two subgroups and conducted the evaluation
independently. In each subgroup, we recruited 22 non-expert
viewers, aged from 20 to 35, with normal or corrected-to-normal
vision acuity to participate in the assessment.

We adopted a single-stimulus (SS) test for evaluation based on
the Adjectival Categorical Judgment Methods in [39], where the
EVs were presented one at a time and rated independently on a
category scale. After each presentation the subjects were asked
to evaluate the QoE of the video by MOS. We recommended the
viewers to give five-level MOS rating where the video quality is
rated from bad to excellent [39]. The presentation time for each
test video was around 8–10 s as the videos adopted have standard
480–600 frames and were displayed maximally at 60 fps. The
viewers voted and recorded their scores during the 5 s mid-gray
post-exposure period. The reviewers were asked to take a
Table 1
(d; t; q) combination and their coding configuration.

d 2, 1, 0 4CIF, CIF, QCIF, respectively
t 4, 3, 2, 1, 0 60, 30, 15, 7.5, 3.75 fps, respectively
q 2 QP 26 for d > 0

1 QP 33 for d > 0, QP 26 for d ¼ 0
0 QP 40 for d > 0, QP 33 for d ¼ 0
10 min’ break after testing half of the videos in each subgroup.
We adopted the screening method recommended in [39], which
is designed for single stimulus quality evaluation to remove outli-
ers in the ratings. We also employed the outlier removal after a
normalization procedure based on the similar idea of [25]. We first
found the maximum and minimum scores given by each subject
for an OV. The average maximum score for all OVs was taken as
the new maximum bound in normalization, and so was the mini-
mum score. All subjects’ ratings for a single OV are normalized
by the new maximum and minimum bound. Second, it must be
ascertained as in [39] whether this distribution of scores for the
test EV was normal or not using the b2 test. For each EV the score
of each viewer was compared with the associated mean value, plus
the weighted standard deviation. Two counters Ui and Vi were
employed to record the number of exceptions when an observer’s
voting fell into certain ranges. Finally, the values of Ui and Vi were
used to decide whether a user’s voting should be rejected or not.
We selected the threshold for Ui and Vi as 3, the number of spatial
layers, as in [25].

3.2. QoEVA for video streaming

With the QoE ratings available for all adapted bitstreams (corre-
sponding to different ðd; t; qÞ combinations in the database) for a
video source, we can design QoE-optimized video adaptation from
the maximum to the minimum rate (ðd; t; qÞ from (2,4,2) to
(0,0,0)). We have first conducted Analysis of Variance (ANOVA)
test to investigate how different ðd; t; qÞ and videos would influ-
ence the QoE. The studies showed that video adaptation is con-
tent-dependent. We proposed a low complexity strategy to find a
common adaptation track for a group of video sources with similar
content characteristics, characterized by their SI and TI. The group-
ing strategies can be flexibly adjusted to balance the complexity
and the accuracy. By analyzing the common adaptation track of
grouped videos, we are able to summarize some general guidelines
for scalability adaptation. It has been shown in [26] that the
derived common track only deviates slightly from the optimal
one which is the upper bound track valid only for individual video
and the common track guarantees much better QoE than existing
schemes such as [22–24], etc.

It should be noted that the source adaptation in [26] is executed
on a sequence level, which is not applicable to video streaming.
Video streaming cannot afford to the adaptation on a whole
sequence before commencing streaming because of its delay
requirement. To enable the application in video streaming, we
adapt by segments, which could be one or more video GoPs. With
the adaptation track for a segment ready, we reverse the adapta-
tion track from the minimum to the maximum rate to constitute
a progressive packet streaming track. By which we can always
acquire the maximum QoE with incremental resource allocation.
To transmit a new pre-coded segment that has not been tested in
the database or a segment in live streaming, we first classify its
content by its ðSI; TIÞ. The packets are then streamed out gradually
reversed to the common QoEVA track for such video content. This
mechanism enables the streaming of any new videos that do not
exist in the database and the maximum QoE can be obtained under
give rate constraint.

3.3. Rate-QoE model

The progressive streaming of a video segment following the
summarized QoEVA track can achieve the maximal QoE under a
given rate. We intend to derive a QoE model to approximate this
track and make the resource allocation mathematically tractable.
The QoE gap between the transmitted and the maximal rate can
be approximated as
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DQðR;R; SI; TIÞ ¼ GðR; SI; TIÞ � QðR;R; SI; TIÞ ð2Þ

where R and R are respectively the transmitted rate and the
maximal rate when all packets in the segment are received. The first
item GðR; SI; TIÞ is the maximal QoE under the maximal transmis-
sion rate R. It will also differ from videos for their content natures,
characterized by spatial and temporal information ðSI; TIÞ. The study
of the maximal achievable QoE is out of scope of this research and in
this dataset, the full bitstream always obtains a rating close to the
maximal MOS value. The second item QðR;R; SI; TIÞ relates QoE
rating with transmitted rate R, the maximal rate R and video con-
tent. By investigating our dataset, QoE gap can be approximated
by a logarithm function

QðR;R; SI; TIÞ � GðR; SI; TIÞ ¼ ln f ðR=R; SI; TIÞð Þ ð3Þ

where f ð�Þ is a polynomial function; R and R are respectively the
transmitted rate and the maximal rate. We approximate f ð�Þ by
the data in the QoEVA track and find that the second order polyno-
mial serves as a good approximation. The third order polynomial
will only reduce the mean absolute deviation (MAD) by about
0.01, which is negligible. Hence, QoE of a video segment up to its
current transmission rate is

QðR;R; SI; TIÞ ¼ GðR; SI; TIÞ

þ ln a0ðSI; TIÞ þ a1ðSI; TIÞR=Rþ a2ðSI; TIÞðR=RÞ2
� �

ð4Þ

To make the proposed model mathematically complete, the
polynomial function f ð�Þ should be restricted to a range to make
sure the calculated MOS lies in the effective range [1,5]. To this
end, we restrict f ð�Þ 2 ½e1�GðR;SI;TIÞ; e5�GðR;SI;TIÞ�. The ceiling or flooring
values will be selected once the polynomial falls outside the range.
In [26], the validation reveals that the model can accurately
approximate the source adaptation for various video contents.
We will apply this model for individual segment and design a
QoERA scheme in next section. The validation for videos outside
the database and for distorted video from wireless transmission
will be given in Section 5. It should be noted that the coefficients
in (4) are content-dependent. Considering that the deviation of
the one-group scheme from four-group scheme is very small in
[26], we will only employ the one-group scheme in the streaming
service. The approximation coefficients from eight video sources
are 0, 2.02, �1.05 for a0; a1, and a2, respectively. The accuracy of
the model will be demonstrated further through multiuser
resource allocation.

4. QoE-aware resource allocation for SVC over MU MIMO–OFDM
systems

We propose a QoE-aware resource allocation scheme for multi-
ple SVC video streaming over MU MIMO–OFDM systems based on
the QoEVA and QoE modeling.

4.1. QoE maximization for multiple scalable video streaming

We consider multiple scalable video downlink over MIMO–
OFDM systems in a single cell. Without loss of generality, we
assume the channel state information (CSI) is available at the BS,
which can be acquired via a duplex feedback. Users’ data are coded
independently and multiplied by a beamforming weight vector
before being transmitted through multiple antennas. Because the
focus of this work is on resource allocation, a practical and efficient
transmit beamforming scheme, zero-forcing beamforming (ZFBF)
[40], is adopted for simplicity.

For the adopted MU MIMO–OFDM system, time, frequency,
space, and user diversity can be integrated together for intelligent
resource allocation. Specifically, adaptive channel assignment,
beamforming vector adjustment, spatial multiplexing, power
control and others can be for optimized system performance. With
channel information, beamforming weight vector can be config-
ured such that users are orthogonal in the space domain as long
as the maximum number of admitted users is not more than the
number of transmitter antennas M. Time axis is divided into OFDM
symbols, as shown in Fig. 2. As the coherent time of wireless
channel is much larger than that of an OFDM symbol, we let L
OFDM symbols constitute a system frame and resource allocation
be carried out at the beginning of each system frame as in existing
work [28,29,41]. On the other hand, it has been shown that group-
ing of adjacent subcarriers will result in higher multiuser diversity
[42]. We follow the same configuration as in [29] and let b adjacent
subcarriers be grouped together to form a subchannel. We denote
the number of subchannels as N. The resource allocation scheme is
executed for each symbol-subchannel block as in Fig. 2 to maxi-
mize the overall system performance in terms of QoE by
determining:

1. which users are admitted to transmit in a resource block,
2. how much power should be allocated, and
3. what modulation scheme should be selected.

Assume that user k is allocated to transmit in a symbol-
subcarrier grid and the selected modulation scheme results in
mðlÞk;i bits for user k in the ith subcarrier and lth OFDM symbol.
mðlÞk;i is then scaled according to its transmit power level pðlÞk;i and
transmitted by the multiple antennas on subcarrier i. For HðlÞk;i,
which is frequency domain channel gain from the base station to
user k on subcarrier i at the lth OFDM symbol, the received signal
yðlÞk;i is

yðlÞk;i ¼ HðlÞk;iW
ðlÞ
k;i

ffiffiffiffiffiffiffi
pðlÞk;i

q
xðlÞk;i þ zðlÞk;i ð5Þ

where zðlÞk;i is the thermal noise which is assumed to be in complex
Gaussian distribution with zero mean and variance r2;pðlÞk;i is the
allocated power, xðlÞk;i denotes the corresponding data symbol, and
WðlÞ

k;i is the beamforming weight vector. The SNR of the received
signal is

SNRðlÞk;i ¼
jHðlÞk;iW

ðlÞ
k;ij

2pðlÞk;i

r2 ð6Þ

To satisfy a target bit error rate (BER), sufficient power pðlÞk;i

should be allocated for reliable reception of mðlÞk;i bits after
modulation. If M-ary quadrature amplitude modulation (MQAM)
is employed, the power is related to the target BER and SNR as
[29,41]

pðlÞk;i ¼ ln
1

5BER

� �
r2ð2mðlÞ

k;i � 1Þ
1:5jHðlÞk;iW

ðlÞ
k;ij

2
ð7Þ

As we have clarified, we will group b subcarriers into a subchan-
nel and make it the basic unit for resource allocation. Hence, we will
use only subscript to label the variables related to a subchannel in
the sequel. It should be noted that the power allocation in a
subchannel is: pk;n;l ¼

P
i2npðlÞk;i. Let ck;n;l denote the allocation indica-

tor where ck;n;l ¼ 1 means that the block of nth subchannel and lth
OFDM symbol is allocated to user k for transmission; otherwise,
ck;n;l ¼ 0. We assume the valid transmission interval for current
video segment is T system frames. Our framework is designed to
progressively execute resource allocation for video segment s in
its effective time interval from the 0th to the ðT � 1Þth system
frames. We will label variables with time index in the sequel. The
resource allocation in a single system frame s 2 ½0 : T � 1� is
formulated as
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max
ck;n;l ½s�
pk;n;l ½s�
mk;n;l ½s�

XK

k¼1

Qk½s� s:t:

XK

k¼1

XN

n¼1

ck;n;l½s�pk;n;l½s� 6 Ptot

0 6
XK

k¼1

ck;n;l½s� 6 M

pk;n;l½s�P 0
ck;n;l½s� 2 f0;1g
mk;n;l½s� 2 M

8>>>>>>>>>>>><
>>>>>>>>>>>>:

ð8Þ

The relevant variables include, ck;n;l½s� 2 f0;1g, deciding user
assignment in a resource block; mk;n;l½s� 2 MwhereM is a set con-
taining the number of bits that will be transmitted if a modulation
scheme is selected; and pk;n;l½s�P 0, the power allocated for user k
in subchannel n and symbol l. The power allocation and modula-
tion selection depend on the channel status and the target BER,
i.e., to guarantee a target BER under a certain channel condition,
suitable modulation and enough power should be allocated as in
(6) and (7). The first constraint makes sure that the power resource
Ptot is limited in each symbol while the second one guarantees that
the number of admitted users in a block should not exceed the
number of transmit antennas.

We characterize the QoE of the client k by a utility function
Qk½s� ¼ f ðRk½s�;RkÞ, i.e., (4), where QoE is defined as function of
successfully transmitted rate Rk½s� and the maximal rate of a video
segment Rk. With a logarithm QoE function, we maximize the
aggregate QoE and meanwhile implicitly enforce some fairness
among users [43]. Video segment can be generally one or more
video GOPs. Video segments in simultaneous transmission need
to be synchronized for different users, which is acceptable in
streaming service. The transmission rate Rk½s� is an accumulated
rate up to current system frame

Rk½s� ¼
Xs�1

j¼0

~Rk½j� ð9Þ

where ~Rk½j� is the effective rate transmitted in the jth system frame.
By selecting a modulation scheme for a user in a resource block, we
get an amount of rate increment for a user. The rate increment in
system frame s is

~Rk½s� ¼
PL

l¼1

PK
k¼1

PN
n¼1ck;n;l½s�mk;n;l½s�
Dk

ð10Þ

where Dk is the duration for the video segment.
Considering how to select the user-block allocation and the

modulation scheme (and meanwhile also to allocate an adequate
power to guarantee a target BER), we allocate resource aiming
for the best QoE. At the end of every system frame, the accumu-
lated rate is updated and kept for reference in the subsequent
system frames. We propose to maximize QoE on accumulative
QoE at every system frame but not to maximize jointly at the
ek;n;l½s� ¼

Pðk;mk;n;l½s�þÞ

1

1

PðKn;l½s�;mk;n;l½s�þÞ � PðKn;l½s�;mk;n;l½s�Þ

PðKn;l½s�þ;mk;n;l½s�þÞ þ
X

k02Kn;l ½s�

PðKn;l½s�þ;mk0 ;n;l½s�Þ � PðKn;l½s�;
�

8>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>:
whole video segment duration. This is because, for streaming
service, the bitstream needs to be progressively sent out and
channel status ahead of time is unknown. Moreover, it is always
too complex to optimize at the segment duration because it may
comprise of thousands of system frames.

In practice, the calculation of transmission rate should exclude
the extra bits used for channel coding. Following some existing
work in [29,41,44], we are focusing on the resource allocation
problem and do not explicitly count in the coding schemes since
the proposed resource allocation framework is also applicable to
the case with channel coding schemes. The difference only lies in
the calculation of the effective transmission rate based on
mk;n;l½s�. The resource allocation problem formulation and solution
are also applicable when the coding schemes are taken into
account.

The transmitted data may be lost due to channel error. We
retransmit the lost packet and proceed to the subsequent packets
only until its predecessors are successfully received. We will stop
transmission for current segment when the playout deadline
arrives. With our progressive streaming framework, video stream-
ing will be refrained from delay, jitter and blackout and QoE can be
related directly to the transmission rate. As a result, the proposed
framework provides a practical and efficient solution to address
the challenges in providing QoE to end users.

4.2. QoE-aware resource allocation

4.2.1. NP-hardness
The optimal solution to (8) lies in solving a combinatorial,

nonlinear problem by numerical analysis. We first show the NP-
hardness of the problem by the following corollary.

Corollary 4.1. The optimization problem (8) is NP-hard even for
L ¼ 1 and M ¼ 1.
Proof. We show that a special instance of the optimization
problem (8) is an FDMA frequency allocation problem in [45] even
if L ¼ 1 and M ¼ 1. The FDMA frequency allocation problem for two
user cases has been proved to be NP-hard in [45] by reducing the
known NP-complete equipartition problem. Only in this proof we
ignore the indexes l and s. If we simplify the utility definition as
the rate acquired at current symbol, the optimization problem
can be reduced to a rate maximization problem as

max
XK

k¼1

XN

n¼1

ck;nmk;n s:t:
XK

k¼1

XN

n¼1

ck;npk;n 6 Ptot ð11Þ

The problem (11) is known to be NP-hard in [45] therefore the
original problem (8) which defines QoE as a concave function of
rate must be NP-hard. h
if
XK

z¼1

cz;n;l½s� ¼ 0

if mk;n;l½s� ¼ ½>�M

if ck;n;l½s� ¼ 0&
XK

z¼1

cz;n;l½s� ¼ M

if ck;n;l½s� ¼ 1&mk;n;l½s�– 0

mk0 ;n;l½s�Þ
�

if ck;n;l½s� ¼ 0&
XK

z¼1

cz;n;l½s� < M

ð12Þ
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Corollary 4.1 suggests that finding a globally optimal solution to
(8) is computationally intractable even if the number of users is
small. The computational complexity will increase exponentially
with the number of variables and it cannot be solved in polynomial
time.

4.2.2. The proposed QoERA
In a practical wireless system, seeking an optimal solution to

NP-hard problem such as (8) is costly. Generally, adaptive resource
allocation schemes are proposed as in [28,29]. We propose a joint
resource allocation scheme combining QoE modeling and resource
allocation. The joint efforts by combining QoE modeling, channel
status and accumulative rate allocation will be proved to be a
feasible way to solve such an NP-hard problem.

User k has an accumulative transmission rate Rk½s� 1� after the
(s� 1)th system frame. We start the resource allocation for the sth
system frame based on the accumulative rate. To design an adap-
tive resource allocation scheme, we first define a power cost func-
tion ek;n;l½s� in (12) which is the extra power required for user k to
increase its current modulation order (corresponding to mk;n;l½s�) by
one in block ðn; lÞ. For a given symbol l, Fig. 3 shows an example of
power cost evaluation based on the existing allocation where the
number inside stands for the existing modulation order for a user
k in subchannel n. PðH;WÞ is the power requirement where H
includes the set of users and W consists of their corresponding
modulation orders. In Fig. 3, power PððA;BÞ; ða; bÞÞ is sum power
consumption for user A to transmit with the ath modulation
scheme and for B with the bth. In this instance, we assume that
three modulation orders can be chosen from set M and there are
two transmit antennas.

Power allocation pk;n;l½s� and modulation order mk;n;l½s� are ini-
tialized to 0 at the beginning of an OFDM symbol. Every active
receiver3 would also be initialized with a cost. This initial cost is
for a single user to transmit in block ðn; lÞ at the first order of mod-
ulation (as users in subchannel n3 in Fig. 3, case 1 in (12)). Please
note that the initial cost is only calculated at the first OFDM symbol
and the same values are used for the remaining symbols in current
system frame considering the channel invariance. For other existing
allocation, power cost is calculated by cases:

1. If a user reaches the highest modulation order in a block (user
k2 in subchannel n1 in Fig. 3, case 2 in (12)) or it cannot be
admitted because the number of the admitted users reaches
M (user k3 in n1 in Fig. 3, case 3 in (12)), the power cost is set
to infinity.

2. Otherwise if a user has a current modulation order from setM
(user k1 in n1 in Fig. 3, case 4 in (12)), the incremental power
cost is the difference of power consumption between the next
order and the current one.

3. If the number of admitted users is less than M and the user has
not been selected before (users 1 and 3 in n2 in Fig. 3, case 5 in
(12)), the inclusion of a new user requires recalculation of
beamforming vectors. The extra power for maintaining the
same modulation orders for previously admitted users will also
be counted in.

In (12), the set Kn;l½s� records all users that have been admitted
to transmit in block ðn; lÞ and have chosen modulation schemes
from M. Kn;l½s�þ means the inclusion of a user k in set Kn;l½s�.
mk;n;l½s�þ increases the modulation order for user k in block ðn; lÞ
and modulation orders for other users remain the same. Power is
calculated based on (6) and (7) to guarantee an achievable BER
under given allocation.
3 An active receiver has packets in output buffer to be transmitted to for curren
segment.
t

The QoE-aware resource allocation scheme is summarized in
Algorithm 1. Because power is capped at every single symbol by
Ptot in (8), we execute the resource allocation symbol by symbol.
Only when the power in current symbol is used up, we proceed
to the next one. Based on the accumulative transmission rate of
users, the increment of QoE by increasing the modulation order
by one is given by

DQk½s� ¼ ln a0 þ a1
Rk½s� þ r
Rk

þ a2
Rk½s� þ r
Rk

� �2
 !

� ln a0 þ a1
Rk½s�
Rk
þ a2

Rk½s�
Rk

� �2
 !

ð13Þ

where r is the incremental rate determined by the difference of
modulation schemes, the number of subcarriers in a subchannel
and the time duration for a segment.

Algorithm 1. QoE-aware resource allocation
With the availability of incremental power ek;n;l½s� for users in
subchannels in (12) and the incremental QoE for users in (13),
we select a user-subchannel pair to increase its modulation order
by one where the most QoE increment can be obtained by per unit
power consumption

fk�;n�g ¼ arg max
fk;ng

DQk½s�
ek;n;l½s�

ð14Þ

These procedures are iteratively executed until the power in
current symbol l is used up. Packet error is checked for all users
and lost packets are to be retransmitted in following procedures.
The accumulative rate Rk½s� for successful receiver is updated after
each symbol. The bit loading then proceeds to the next symbol
based on the updated accumulative rate. There are two choices
after finishing the resource allocation for the first symbol in a sys-
tem frame. The first choice is to keep the same allocation across the



Fig. 3. An example of power cost calculation.

Table 2
Summary of the computational complexity.

Scheme Complexity

ARRA OðLKMN2Þ
RR OðLMNÞ
MMSR OðLKNðK þ NMÞÞ
JPABL OðLKNðK þMNjMjÞÞ
QoERA OðLKMN2jMjÞ
Exhaustive search K

M

� �
ðjMj þ 1ÞLN

Table 3
List of system parameters.

Parameters Values

Cell size 1.6 km
Modulation QPSK, 16-QAM, 64-QAM
System bandwidth 5 MHz
Antenna number (M) 2
FFT size 512
Frame duration 2 ms
OFDM symbol duration 100.8 ls
Subcarrier spacing 11.16 kHz
Subcarrier number 384
Subchannel number (N) 8
Subcarriers per Subchannel (b) 48
Symbols per frame (L) 8
Target BER 10�4
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whole system frame and re-allocate only when some user has an
empty transmission queue. Secondly, we carry out the same
allocation strategy for every symbol. The former one can reduce
the complexity for some specific applications. We adopt the second
solution in this work to further enhance performance. At the end of
a system frame s, the rate Rk½s� is stored for reference in subse-
quent system frames. The accumulative rate at the last system
frame T � 1 will be seen as the effective adaptation rate for the
whole video segment. As the user selected in each step leads to
the maximal QoE increment, the bit loading by filling strategy
improves the summation of QoE.
4.3. Complexity and performance analysis

We examine the computational complexity of the QoERA. The
complexity of all adopted resource allocation schemes is
summarized in Table 2. The complexity of ARRA and MMSR is
reported in [29,28], respectively. In the round-robin scheme, users
are alternately scheduled so its complexity coincides with the
block numbers. By the exhaustive search, users are selected in a

block with the combination of K
M

� �
. For each user in each block,

a total of jMj þ 1 possible modulation should be traversed in LN
units. The complexity of QoERA arises from the estimation of
power cost and the calculation of utility increment. At one single
system frame, the power cost should be evaluated for K users in
N subchannels, with the complexity bounded by OðNKÞ in each
iteration. The maximal modulation order will be reached in all sub-
channels in MNjMj iterations, where jMj is the cardinality of the
set M. The utility increment is calculated for K users at each
iteration. Hence, the complexity of the proposed scheme involves
in a single system frame will be bounded by OðKMN2jMjÞ.
Consequently, the overall complexity of the proposed scheme in
a system frame is OðLKMN2jMjÞ. This is close to the reference work
but is rewarded with obvious performance improvement. More-
over, the computationally economic QoERA also obtains significant
reduction in complexity when compared to exhaustive search,
which is prohibitively high for practical adoption. Even though
the proposed QoERA has significantly saved the computation, we
may still expect lite version of solutions for some power- or com-
putation-constrained applications. We have been rewarded by
grouping subcarriers into subchannels. The time block can also
be extended to carry multiple symbols. In any case, the proposed
solution can also be applicable.

We discuss the performance of the proposed solution by
comparing it with some existing solutions which address simple
version of our problem. The bit loading solution can optimally
solve the rate maximization problem in single user systems [46]
and the extension to multiuser system is proposed in [47]. The
solutions cannot be directly used due to the focus on QoE maximi-
zation and the cochannel users introduced in multi-antenna
system. Nevertheless, the optimality analysis in [47] verifies that
our QoE-aware bit loading solution can achieve approachable per-
formance to the optimal one. When the interference among users
is kept lower, the optimal bit and power allocation can be found
by the multiuser bit loading algorithm. We meet the requirement
by restricting the number of users in a resource block no more than
the number transmitter antennas. With the limited users in a
block, the spatial precoding can achieve ideal interference suppres-
sion. The QoE increment to cost measure step-wisely approaches to
the optimal solution by counting in each filling decision. The pro-
posed solution jointly explores both the user diversity (higher
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incremental video QoE) and the network diversity (lower incre-
mental power costs). This promises that the proposed solution will
only deviate slightly from the optimal solution but with highly
reduced computational complexity, as will be demonstrated in
simulation studies.

5. Experimental results

5.1. Experiment setting

We show the experimental results of the QoE-aware
framework. An MU MIMO–OFDM downlink simulation platform
is developed based on a C programming language complied
MIMO–OFDM system [29] and the key parameters of the system
were set to be compatible to the IEEE 802.16 standard [48] by
referring to [49]. The log-normal shadowing is assumed to be with
zero mean and deviation of 8 dB. The multipath channel for each
antenna has 6 taps of Rayleigh faded paths with an exponential
power delay profile. Users are with independent channels but with
the same statistics. The receivers are located and moved randomly
in a cell so the channel status varies in a timely manner. The key
parameters adopted are summarized in Table 3. We validate the
QoE-aware scheme by transmitting eight SVC videos simulta-
neously from the base station to receivers. The videos are encoded
the same as in Section 3. To also validate the robustness of the pro-
posed rate-QoE model, we replace videos Ducks, Ice, Oldtown and
Park with new videos Crowdrun, Mobcal, Shields, and Stockholm in
transmission. This verifies the QoE modeling for new videos and for
distorted videos from wireless transmission. We recruit another
group of 22 viewers to vote for the QoE of received videos. To guar-
antee the universality of the quality assessment, 15 of the viewers
are newcomers who have not taken part in the quality assessment
in the database setup. The training process is different from [26]
and viewers are exposed to received videos with various distortion.
After than, a total of 64 videos are shown to each viewer for assess-
ment. The QoE evaluation environment and method are the same
as in Section 3.1.

5.2. Verification of QoERA

To show the superiority of the QoE-aware adaptation in trans-
missions, we compare our proposed scheme to the basic bit stream
extraction scheme in JSVM [20]. It should be noted that the bit
extraction scheme based on Quality Layer information [21] only
has a limited rate adaptation range and it is not suitable for com-
parison. In JSVM basic extraction, the packets are prioritized in a
fixed pattern and bit rate adaptation is achieved by discarding
lower priority packets first to conform to the rate constraint.

To validate the performance of the proposed QoE-aware
resource allocation (QoERA) scheme, we make comparison with
reference schemes which employ the same MU MIMO–OFDM
systems. An adaptive radio resource allocation (ARRA) algorithm
in [29] distributes resources base on a time-to-expiration index
to provide high priority for stringent users but not take QoE into
consideration. The well-known round-robin (RR) resource alloca-
tion alternatively distributes transmission opportunity to users. A
Table 4
Average bit rate (Mbps) by different resource allocation algorithms.

Video City Crew Harbour Soccer Cro

ARRA 0.40 0.44 0.41 0.94 2.22
RR 0.35 0.20 0.16 0.32 0.15
MMSR 5.29 0.66 0.34 3.51 0.22
JPABL 2.40 0.18 0.26 2.43 0.33
QoERA 3.95 0.88 0.49 3.24 0.43
multicarrier maximum sum rate (MMSR) scheme loads power
and bits in order to maximize the system throughput [28]. We
have also compared QoERA with our previous work in [30] where
a joint power allocation and bit loading (JPABL) scheme has been
proposed to maximize the video PSNR.

We first show the average bitrate of different resource alloca-
tion schemes in Table 4. We execute 60 runs of simulation and
around 5000 times of resource allocation are executed within
each run. Because at each run users are placed and moved
randomly, the resource allocation among users vary due to the
channel variations. It is impossible to show the inefficiency of
the lopsided resource allocation in some reference work if we
put the average results from all 60 runs. Moreover, it is also a
heavy task to show the subjective quality assessment results from
all 60 runs. Hence, we present results from one of the 60 runs
which has the least mean absolute deviation from the average
rate for all the five algorithms. The mean deviation is only
0.04 Mbps so the presented bitrate is almost the same with the
average from 60 runs. RR performs the worst because it only
alternately allocates resource to the users without considering
the users’ network conditions and quality factors. The other three
references assign a block to a user based on the channel status, so
that the throughput is improved when compared to RR. However,
these schemes will lead to unfair allocation as they are unaware
of video quality. Hence, the system performance in terms of QoE
is harmed, which can be perceived from the comparison on video
quality showing below.

We show MOS values of the received videos in Table 5. Because
no video adaptation schemes has been specified in ARRA, RR and
MMSR, we adapt videos for these schemes by both JSVM basic
bit-extraction [20] and our QoE-aware adaptation. An algorithm
corresponds to two lines where the upper one is from JSVM and
the lower one is from our QoE-aware adaptation. JSVM basic
extraction scheme only prioritizes packets in a fixed pattern and
the ultimate goal for the extraction is to maintain a good PSNR
for the largest resolution video. When the rate adapts to a lower
level, significant quality degradation will be observed for the video
maintained at the target spatial resolution. On the other hand,
users may prefer a lower resolution video with better fidelity from
the QoE viewpoint. The performance enhancement of the QoE-
aware adaptation scheme over JSVM based adaptation can be
envisaged by comparing these two adaptation algorithms from
the same resource allocation scheme in Table 5. QoE-aware
adaptation consistently performs better and it obtain an average
gain around 1 in MOS over JSVM basic scheme.

Both QoEVA and QoERA contribute to the performance
improvement. The proposed scheme performs better than the best
among all reference schemes, MMSR combined with our QoEVA, as
high as 0.31 in MOS, which is around 10% of performance gain.
MMSR is designed for throughput maximization. However, the
throughput maximization is not equivalent to the QoE maximiza-
tion due to the heterogeneity of users’ channels and QoE functions.
Throughput maximization always leads to unfair resource alloca-
tion. For example, videos City, Soccer and Shields can receive most
of their bitstreams, but the price is that some users can only obtain
limited resources. Even assisted with our QoEVA, the quality of
wdrun Mobcal Shields Stockholm Average

0.01 0.15 0.01 0.57
0.14 0.31 0.09 0.22
0.14 4.00 0.02 1.77
0.36 1.68 0.24 0.99
0.28 2.99 0.13 1.55



Table 5
Average MOS ratings by different rate adaptation and resource allocation algorithms.

Video City Crew Harbour Soccer Crowdrun Mobcal Shields Stockholm AVG JFI

ARRA JSVM 2.48 2.25 1.00 3.50 2.52 1.00 1.00 1.00 1.84 0.80
QoE 4.25 3.14 3.24 4.00 3.15 1.36 2.63 1.00 2.85 0.87

RR JSVM 1.13 2.63 1.00 1.00 1.00 1.00 1.00 1.00 1.22 0.84
QoE 3.38 3.13 2.75 2.76 1.41 2.22 2.75 1.85 2.53 0.94

MMSR JSVM 4.80 1.89 1.00 4.15 1.00 1.00 5.00 1.00 2.48 0.68
QoE 5.00 3.80 2.75 4.36 1.90 2.44 4.68 1.00 3.24 0.85

JPABL 2.51 1.75 1.20 2.98 1.28 2.12 4.80 1.88 2.32 0.82
QoERA 5.00 4.00 3.24 4.39 2.37 2.76 4.50 2.14 3.55 0.93
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video Stockholm is severely bad. The proposed scheme can more
fairly allocate resource, with more than 0.9 in terms of Jain’s
Fairness Index (JFI) [50]. It complies with the statement in [43] that
logarithm QoE function can maintain fairness among users. For a
strictly increasing concave rate-QoE function, the users with less
transmission rate will be rewarded with more resource in subse-
quent resource allocation. This enhances the fairness among users
as no user has been greatly compromised. RR performs the best in
maintaining fairness but loses in the overall performance as it
neglects channel and QoE heterogeneity.

The proposed QoERA also performs better than the content-
aware JPABL scheme. This is mainly attributed to the following
reasons. Firstly, JPABL aims for better objective quality but is una-
ware of video QoE. The degradation of JPABL in QoE verifies that
the objective quality evaluation cannot coincide well with the sub-
jective assessment. The objective metrics such as MSE and PSNR
cannot reflect the actual video quality and the maximization of
Fig. 4. Sample pictures of received video Crew from different resour
PSNR is not equivalent to QoE maximization. Secondly, JPABL
employs the user grouping scheme in [28] to assign users into
transmission units. Because the grouping is solely based on chan-
nel information, it will lead to lopsided allocation. Some users
are compromised and the overall performance is harmed. The
rate-QoE model in (4) is seen as a concave function. Sufficient
transmission at the lower rate range will significantly increase
the video quality. However, the lopsided allocation keeps on dis-
tributing resource to users with favorable channels. Other videos
such as Harbour and Crowdrun are compromised and the overall
performance is harmed. Last but not least, the bit filling scheme
proposed in QoERA improves over that in JPABL. The QoE
increment by per unit power in (13) is used to decide the resource
distribution. This scheme efficiently exploits the network differ-
ence but reduces the effects of the unfair allocation in [30].

The proposed QoERA makes improvement by overcoming
limitations in existing work. The improvement comes from the
ce allocation schemes. Average MOS scores in the parentheses.



Table 6
Validation of the rate-QoE model.

Schemes Model Subjective rating Deviation

ARRA 2.58 2.85 0.27
RR 2.33 2.53 0.20
MMSR 3.13 3.24 0.11
QoERA 3.40 3.55 0.15
Average – – 0.18
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Fig. 5. CCDF of average QoE for different resource allocation schemes with our
QoEVA from a total of 60 runs.
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joint exploitation of time, frequency and space diversity in
network, the joint consideration of the QoE modeling, the QoE dif-
ferentiation among users and the resulting QoE increment by
resource allocation. To show the performance comparison from
another angle, we highlight a group of sample pictures from the
received videos in Fig. 4. Please note that all pictures have been
scaled to the same size for ease of viewing. We show a picture from
error free sequence for comparison. The differences are more
visible when comparing face, neck, costume, and other areas that
are characterized with more details. The proposed scheme shows
good visual performance. It is worth noting that, the frame rate
reduction or frame loss occurs in some received videos. Although
it cannot be presented from the static sample pictures, the frame
loss or frame rate reduction sometimes deteriorates visual experi-
ence significantly.
5.3. Verification of QoE Model

To further verify the rate-QoE model in wireless streaming, we
compare in Table 6 the average scores from new subjective testing
and those calculated directly from the rate-QoE model in (4).
Please note that JPABL involves no QoE-aware adaptation so it is
not included in this comparison. The approximation coefficients
used in the model are: a0 ¼ 0, a1 ¼ 2:02, and a2 ¼ �1:05. The first
column is derived by the rate-QoE model and the second column is
from subjective tests. The last column summarizes the deviations.
The ratings from the new subjective assessment are close to those
derived by the rate-QoE model and the mean absolute difference is
only 0.18. It verifies that the function in (4) is robust in modeling
the rate-MOS relationship. The consistency of the results between
the rate-QoE model and those from the subjective assessments on
the streaming videos promises that in practical systems, we can
employ the rate-QoE model to predict the QoE. This will save a
lot of time by avoiding subjective quality assessments. It should
also be noted that the tested videos are different from the training
videos which are used to construct the rate-QoE model. This also
demonstrates that the proposed rate-QoE model is effective for
new videos and for transmitted videos and it can serve as a good
no-reference video quality assessment solution for QoE-aware
video streaming.

It is time-consuming to conduct subjective test for videos from
all 60 runs. Now that the rate-QoE model can faithfully predict the
MOS value without resorting to the subjective test, we can just
predict the QoE values by the model for all data from 60 runs to
validate the robustness of the resource allocation schemes. Fig. 5
shows the Complementary Cumulative Distribution Function
(CCDF) of the average MOS for different resource allocation
schemes when adopting our QoEVA. JPABL is not applicable to
the QoE model so it is excluded. In any way the throughput
comparison in Table 4 already shows the inefficiency of JPABL.
The figure clearly demonstrates that the proposed QoERA can con-
sistently performs better over all reference schemes. As the receiv-
ers start and move randomly in the simulation, they have
experienced heterogeneous network conditions throughout the
whole simulation. The results shown by CCDF clearly demonstrates
the robustness of the proposed resource allocation scheme. Com-
pared to all reference schemes, the proposed QoERA has the least
variations, which validates its superiority from another angle.
6. Concluding remarks

We have presented a QoE-aware solution for SVC video stream-
ing over MU MIMO–OFDM systems. We accomplished it by inte-
grating QoEVA and QoERA. We studied QoEVA by a subjective
video quality assessment database and derived scalability adapta-
tion tracks. A progressive streaming framework is proposed to
transmit a video segment across multiple resource allocation units.
A rate-QoE model has been developed for designing QoERA. By
proving the NP-hardness of the original QoERA problem, we have
proposed an adaptive scheme with highly reduced complexity.
Resource block assignment, power allocation and modulation
selection have been jointly optimized to maximize users’ QoE.
The performance improvement of the proposed solution has been
demonstrated by comparisons with conventional video adaptation
and resource allocation schemes. It is attractive to employ the
novel QoE-aware progressive streaming framework based on
QoEVA and QoERA with their multi-fold advantages. It coordinates
the timescale differences of video adaptation and network resource
allocation. It overcomes the limitations in existing schemes which
focus only on the short timescale resource allocation or aims only
for throughput improvement. It combines the merits of scalable
video and MIMO–OFDM systems and designs systematically based
on combination of QoEVA and QoERA. Last but not least, it is
practical for implementation with highly reduced complexity.
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