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Abstract

The knowledge of the user Quality of Experience (QoE) of
the accessed services is of crucial importance for the robust de-
sign and adaptation of multimedia streaming networks. In this ar-
ticle, a video QoE estimation metric for video streaming services
is presented. The proposed metric does not require information
on the original video or the impairments affecting the commu-
nication channels. Results show that the proposed method can
efficiently estimate the video QoE.

Introduction

Advancements in multimedia infrastructures and access de-
vices result in an large demand for multimedia services, in par-
ticular video streaming and video conference. In this context the
users Quality of Experience (QoE), which is the degree of delight
or annoyance of the user of an application or service [1] , is be-
coming a key factor for network and content service providers.
For this reason, there is an increasing interest in shifting the focus
of quality assessment from compliance with system design goals
to fulfillment of user needs or expectations [2, 3] . In this sce-
nario, the interests of the academic and industry researchers are
pooled toward the efficient design and adaptation of multimedia
communication networks, particularly for video. For this purpose
effective and efficient design of a real time video quality metric is
of crucial importance.

In state-of-the-art, many efforts have been devoted to esti-
mate the video quality or the QoE. Most of them are investigat-
ing the effects of common network parameters on the received
video. Authors in [4] studied the impacts of temporal jerkiness
on video quality, which is caused by packet loss or late arrival
of packets and, based on their findings, propose a neural network
based Video Quality Metric (VQM). Authors in [S] present an
analytical model for no-reference video quality metric by taking
into account both video play-out rate and network throughput. A
VQM based on the spatio-temporal natural scene statistics and
motion coherency in the video scenes has been proposed in [29]
. A video quality metric based on the statistical estimation of the
Peak Signal-to-Noise Ratio (PSNR) of the coded transform co-
efficients for H.264/AVC encoded sequences is presented in [7]
. By considering the features of H.264/AVC encoding, such as
blocking, blurring, and spatial activity, a VQM is presented in [8]
. In [9] a machine learning approach is recommended to esti-
mate the QoE. The QoE is represented as an engagement and
expressed as a function of the quality metrics. The engagement
could be the video play time, number of visit and the quality
metric represents observed indicates such as buffering ratio, av-
erage bit rate, etc. In [10] a video quality estimation method is
proposed by considering the policies applied for packet process-
ing by routers and the level of total network utilization. In [11]
the authors propose a novel rate adaptation algorithm called QoE
enhanced adaptation algorithm over Dynamic Adaptive Stream-
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ing over HTTP (DASH). The adaptation algorithm preserves the
minimum buffer length to avoid interruption and minimizes the
video quality changes during the playback. In [12] a multi-factor
QoE evaluation model based on the content classification by spa-
tial and temporal information for H.264/AVC encoded video has
been proposed. Authors in [13] propose an acceptability-based
QoE estimation model by considering encoding parameters, bit
rate, video content characteristics, and mobile device display res-
olution. A QoE metric for HDTV by using PSNR metric and
PLR (Packet Loss Rate) artifact is presented in [14] . Article [15]
presents a methodology to analyze the impact of different MAC-
level parameters on video QoE over IEEE 802.11n wireless net-
works by using Random Neural Network (RNN). The authors in
[20] present user perceived QoE prediction/mapping model (nat-
ural and generic exponential model) from network related QoS
parameters. Finally, [17] presents the performance comparison of
QoS to QoE mapping models for wired and wireless communica-
tions.

The above mentioned state-of-the-art metrics have the fol-
lowing limitations: i) they are not specifically designed for QoE
estimation for video streaming services, ii) they are complex and
time consuming, iii) their performances are far from the subjec-
tive scores in a real scenario, and iv) they generally assume the
presence of one main network artifact. In practical streaming ser-
vices this approach can lead to a wrong QoE estimation, since
only part of data can be affected by one particular impairment.

The goal of this article is to propose a generic blind video
QoE metric, called Vg, for streaming services. Since the metric
is designed for real time services, the frame by frame QoE estima-
tion approach has been used. The frame quality is expressed by
considering the portion of frames that, due to transmission errors,
can not be correctly decoded. These will be in the following ad-
dressed to as broken blocks. The overall video QoE is expressed
as the average of the QoE estimated for all frames. The results
show that the proposed method is computationally less complex
and faster than the other considered blind video quality metrics
and its performances are superior.

The rest of the paper in organized as follows: Section
presents the proposed approach, Section describes the performed
tests for evaluating the effectiveness of the proposed metric and
in Section the conclusions are drawn.

Proposed Approach

The video QoE is computed in three steps: i) the total num-
ber of broken blocks for each frame is computed, ii) the QoE for
each frame is estimated from the total number of broken blocks
by using a mapping function between broken blocks and QoE,
iii) the overall video quality is estimated as the average of frame
quality.
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Broken blocks estimation

The basic steps for the estimation of the number of broken
blocks are detection and verification.

In detail [18] , let F; be the Kh generic frame of the video
sequence. It can be partitioned in N, x N, blocks B,({"j Vof rxc
pixels with top-left corner located in (i, j). Moreover, AB](("J ) —
BECI’J ) _ B,i” ) denotes the deviation of the luminance in k" frame

of the block B,((i’j ) from the corresponding mean values.

The inter-block correlation p,f<i7j ) can be computed as:

- ABU), AB()
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where < o, e > denotes the inner product and ||e||;, the L,-norm.

To identify the distorted block, the blocks have been clas-
sified into three groups; low, medium and high content variation.
The content variations are evaluated based on their temporal inter-
block correlation p,f(”). Moreover, based on the content vari-
ation groups, the corresponding variability map .l‘c/ = {FXB<"])}
has been defined by comparing the inter-frame correlation of each
block as:

I R P
P =00, ire<pf’ <o, (¢
2, ifpE"” > 6,

where the two thresholds, 6; and 6;, have been selected in order to
grant |Pr, — B,4| < €. Here Py, is the probability of false alarm,
P4 1s the probability of missed detection, and & is a significantly
small value. Value of the € is experimentally determined from
the training session. In this study the values of 6; and 6, are set
to 0.2 and 0.9. B

The blocks with medium content variation, (F}(/B(”) =0) are
less likely to be broken. The blocks with low and high content
variation should be further analysed, to find out whether they
should be considered as broken blocks or not. For each block,
if F,‘(/B(/'j) = 2, it has to be further checked. If at least v blocks
among the surrounding blocks present a strong temporal correla-
tion, where the parameter v has been identified by experimental
tests, then the block is classified as belonging to a static region.
Then its potential distortion index l'wa is set to zero, in other
words the block is not considered as a broken block. That is:

[CBE) _ { 0
CBU

vV B-J)
l—‘k

if lg|>v

otherwise

3

where ¢ equals to how many surrounding blocks of B,((i"j )

with TVB" — 2,

Finally, if FEB(”) # 0, then further test is necessary. Let E;
and E, be the L; norms of the vertical edges respectively on the
left and on the right boundary of the block, and with A., A; and A,
the average values of the L; norms of the vertical edges inside the
current block and of the left and right adjacent blocks. A block
with l'fB(”) # 0 is classified as affected by visible distortion if:
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where the threshold 6 has been defined on the basis of experi-
mental trials (in this article @ = 100). In particular it corresponds
to JND (Just Noticeable Difference) collected and evaluated for
90% of subjects.

The same procedure is applied to the horizontal direction. If
the block edges are consistent (i.e. no visible distortion has been
detected along horizontal and vertical directions) l'wa isreset to
0. As a result, total number of broken block (TOT}) is computed
as the total amount of blocks where l'fBM #£0.

QOE estimation

After the total number of broken blocks in a frame is com-
puted, the QoE has to be determined from the total number of bro-
ken blocks by using a mapping function. In the state-of-art many
QoS to QoE mapping models are presented [19] . In [17] the per-
formances of widely used Quality of Service (QoS) to QoE map-
ping models are presented. From the result it is shown that some
of the models including IQX Hypothesis [20] have a very good
mapping capability for key QoS parameters: jitter, PLR and band-
width limitation and their performances are very close. Therefore
in this article, based on its mapping capability and simplicity, IQX
Hypothesis has been selected to estimate the QoE from the total
number of broken blocks. Hence, the QoE for K™ frame is esti-
mated as:

QoEy = a.exp(—b.(TOT})) +c ®)

where a, b, and c are the regression parameters which can be
achieved from the training session and 7' O7}, is the total number of
broken blocks for ¥ frame. The overall video QoE is considered
as the average of the frame quality.

Results and discussion

To evaluate the performances of the proposed algorithm, the
availability of a video quality database is very important. In state-
of-art, many video quality database have been recommended [21]
, among them for this study the EPFL-PoliMI video quality as-
sessment database [24] and LIVE Video Quality Database [23]
are considered.
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Figure 1. Total number of broken blocks of the Cb component for the 4CIF

(Crowdrun and Ice) and CIF (Foreman, and Mobile) videos.
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For the analysis from the EPFL-PoliMI database, 156 video
streams (78 video sequences at CIF and 78 sequences at 4CIF spa-
tial resolution), encoded with H.264/AVC and corrupted by simu-
lating the packet loss due to transmission over an error-prone net-
work and their corresponding subjective scores, the Mean Opin-
ion Score(MOS), are considered. In this database, in order to
simulate burst errors, six different PLR (0.1%, 0.4%, 1%, 3%,
5%, 10%) patterns were used and every reference sequence has a
two impaired sequences for same level of PLR. From the LIVE
Video Quality Database, 80 videos (with a resolution of 768X432
pixels and H.264/AVC encoded) and their corresponding subjec-
tive scores, the Difference Mean Opinion Scores (DMOS), are
considered. Among all videos, 10 are the reference sequences,
40 were affected by the wireless distortions (four test videos per
reference) and the remaining 30 were affected by IP distortions
(three test videos per reference). The details about the databases
are presented in [24] and [23] .
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Figure 2. Total number of broken blocks of the Cr component for the 4CIF

(Crowdrun and Ice) and CIF (Foreman and Mobile) videos.
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Figure 3. Total number of broken blocks of the Y component for the 4CIF
(Crowdrun and Ice) and CIF (Foreman and Mobile) videos.

From the analysis of the achieved results it can be notices
that mainly the luminance component of the video has a direct
and significant impact on the video quality. For sake of compact-
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ness in the following only the results of a subset of all considered
videos will be included: the 4CIF video sequences Crowdrun and
Ice and the CIF sequences Foreman and Mobile extracted from the
EPFL-PoliMI database. The analysis has been performed on 52
impaired video sequences: the original Crowdrun, Ice, Foreman
and Mobile sequences and 12 impaired ones obtained by consid-
ering six PLR values. For each video sequence, the relation be-
tween the PLR and total number of broken blocks for each video
chrominance component (Cb and Cr) is shown in Figures 1 and 2.
It can be noticed that the total number of broken blocks does not
increase for higher values of PLR. However, for the luminance
component Y, from Figure 3 it can be noticed that to high values
of PLR correspond to higher number of broken block, and this
trend is confirmed for all the considered video sequences. From
these results we can conclude that mainly the luminance compo-
nent shows a closer and synclastic relationship between PLR and
broken blocks. As demonstrated in [17] [20] this behavior has
an impact on QoE. Base on these considerations, it is possible
to reduce the computational complexity by considering only the
luminance component for quality metric assessment.

In the following, the QoE computed through the pro-
posed metric, Vo is compared with other widely discussed
No-Reference image/video quality metrics: Naturalness Image
Quality Evaluator (NIQE) [25] , Blind Image Quality Index
(BIQI) [26] , Blind/Referenceless Image Spatial QUality Eval-
uator (BRISQUE) [27] , BLind Image Integrity Notator using
DCT Statistics-II (BLIINDS-II) Index [28]) and Blind prediction
of natural video quality [29] . Among them, the first four met-
rics have been initially designed for image quality estimation and
lately used for video quality estimation by averaging the single
frame pair quality score for all the video. More recently, these
tools have also been used for the performance comparison of
newly proposed video quality metrics [29] . To collect the sub-
jective assessment a subjective experiment has been designed and
performed, following [30, 31] recommendations. To compare the
performance of the metrics, the Spearman Rank Order Correla-
tion Coefficient (SROCC) and Pearson Linear Correlation Coef-
ficient (PLCC) between the collected subjective socres and pre-
dicted scores have been computed. During the experiment 80%
of the videos were selected randomly for the training and rest of
the videos were used for test.

The performance of the metrics for CIF and 4CIF videos
from EPFL-PoliMI database are presented in Figure 4. The results
show that the proposed method Vi, has highest values of PLCC
and SROCC compared to the considered metrics for both CIF
and 4CIF videos. Besides that, the proposed method also shows
higher PLCC and SRCC values than Video BLIND (PLCC =0.75
and SRCC = 0.807 as mentioned in [29]) for the same database.

Moreover, the performances of the proposed method are
also evaluated for the LIVE Video Quality Database. Among all
videos available in the LIVE database we selected only a subset
that is more related to the purpose of the proposed metric Vg .
We considered the distorted videos in the categories wireless and
IP together with their corresponding subjective scores. The re-
sults showthat the metric Vj,z has PLCC = 0.7909 and SRCC =
0.8571. As presented in [29] for the same database but for all the
video categories (MPEG-2, H.264, wireless, and IP) the perfor-
mance of Video BLIND is PLCC = 0.881 and SRCC = 0.759.

For real time video streaming services the computational
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Figure 4. Performance comparison of the proposed metric (Vo) with con-
sidered state-of-art metrics.

complexity and processing time of the QoE metric is as important
as its QoE prediction capability. The considered state of art met-
rics including Video BLIND are more complex, and need more
processing power and computational time. This is mainly due to
the fact that the metrics have been designed by considering com-
putationally heavy and complex techniques [32] , as generalized
Gaussian density parameter estimation techniques and motion co-
herency computation. In the proposed metric Vi £ only the lumi-
nance component has been considered for QoE estimation and the
overall processing time depends mainly on the block-wise corre-
lation operation.

Conclusion

In this paper, a blind and realtime video Quality of Experi-
ence (QoE) metric Vg for video streaming network, has been
proposed. The video quality is computed based on the video
distortion, which is measured as number of broken blocks. The
frame QoE has been derived from number of broken blocks by
means of IQX Hypothesis. The overall video quality is expressed

IS&T International Symposium on Electronic Imaging 2016
Image Processing: Algorithms and Systems XIV

©2016 Society for Imaging Science and Technology
DOI: 10.2352/ISSN.2470-1173.2016.15.IPAS-197

as an average of frame QoE. The performance of the proposed
method is compared with widely discussed blind image/video
metrics. The result shows that the proposed metric outperforms
the considered state of art metrics and is also faster.

As a future work, the performance of the algorithm will be tested
on other databases and compared with other metrics.
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