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Abstract—Increasing popularity of over-the-top multimedia
services has resulted in an enormous rise in the demand for
higher quality videos at resolutions such as full high-definition
and 4K leading to increased data rate requirements. However,
video delivery in mobile environments has always been chal-
lenging due to the time-varying channel/network conditions and
limited resources. Given this, it is important to optimize resources
in wireless networks catering to the needs of the video users
without degrading their quality-of-experience (QoE). QoE-centric
design strategies are relevant for video streaming applications,
as end users are the consumers of the video. In our research,
we design QoE-centric methodologies based on human visual
perception for video streaming in LTE cellular networks. Our
contributions are two-fold. Firstly, we propose a rate adaptation
strategy based on eTVSQ, a continuous QoE metric. This strategy
is shown to enhance the overall QoE of the users in the network
when compared to the conventional throughput based strategies.
Secondly, we present the LFOVIA QoE Database, a database for
studying the dynamically varying QoE in a continuous manner
when the videos are afflicted with time-varying quality and re-
bufferings, as typically encountered in adaptive video streaming.
Subsequently, we present objective QoE models based on support
vector regression (SVR-QoE), nonlinear state space (NLSS-QoE),
and Long Short-Term Memory (LSTM-QoE) approaches. An
extensive evaluation over multiple QoE datasets suggests that
these models are capable of providing excellent QoE predictions
that are in line with the human visual experience.

I. INTRODUCTION

According to Cisco’s VNI [1], it is estimated that more
than three-fourth of the world’s mobile data traffic will be
constituted by videos by 2021. Though the content delivery
infrastructure has increased significantly over the the last few
years with an objective to enhance the quality-of-service (QoS)
provided to the end users, it still appears limited given the
enormous rise in the demand for data-intensive applications
such as video streaming, high speed-high quality video con-
ferencing, online gaming etc. Due to the delay-sensitive nature
of these applications, video streaming over wireless networks
is furthermore challenging because of the time-varying nature
of the wireless channel. Dynamic Adaptive Streaming over
HTTP (DASH) framework tries to alleviate these problems by
allowing its clients to adaptively adjust their video bitrates.
However, rate adaptation causes the rendered video quality
to fluctuate over time resulting in time-varying video quality.
Even though HTTP streaming addresses the drawbacks of
the earlier streaming solutions such as packet loss, packet
retransmissions due to Transmission Control Protocol in HTTP
adaptive streaming can cause delay in the video packet arrivals

causing the playback to stall and thereby resulting in rebuffer-
ing events. Both time-varying video quality and rebuffering
events cause significant annoyance to the end users resulting
in the degradation of their QoE [2]. User QoE degradation
is highly undesirable for over-the-top service providers, as it
could potentially affect their QoS and in-turn their revenues.

Therefore, it is very important to measure and monitor the
end user QoE continuously so that the influences causing
QoE degradations can be minimized. Hence, in our research,
we proposed a QoE metric enhanced TVSQ (eTVSQ) and
formulated a rate adaptation methodology for minimizing the
QoE degradations of adaptive video streaming users in a LTE
cellular network based on eTVSQ [3]. To further examine
the effectiveness of the QoE evaluation metrics, we created
the LFOVIA QoE Database [4] for studying the QoE and
subsequently developed SVR-QoE, an objective model for
continuous QoE prediction based on support vector regression.
We extended our analysis further and proposed the nonlinear
state space QoE (NLSS-QoE), a more tractable method for
evaluating the QoE [5]. We also proposed a recurrent neural
network based method for QoE prediction using Long Short-
Term Memory QoE (LSTM-QoE) networks [6]. An evaluation
of SVR-QoE, NLSS-QoE, and LSTM-QoE on multiple QoE
datasets shows that these methods are capable of providing
excellent QoE prediction performances.

The proposed eTVSQ based rate adaptation methodology
for adaptive streaming in discussed in the following section.

II. ETVSQ BASED RATE ADAPTATION

In this section, we describe the proposed metric eTVSQ for
evaluating the continuous QoE and subsequently present the
eTVSQ based rate adaptation strategy [3]. Unlike other rate
adaptation methods that are media agnostic and are based on
network/client side heuristics for performing rate adaptation,
the proposed eTVSQ based rate adaptation, as the name
indicates, is based on the QoE metric eTVSQ, which in-turn
is designed based on the human visual perception. Fig. 1
shows the LTE network considered for examining eTVSQ
based rate adaptation. The videos are streamed through the
content delivery networks (CDNs) based on HTTP adaptive
streaming. We consider video streaming to multiple clients in
the downlink of an OFDMA based LTE cellular network. We
consider the scenario where an eNodeB is serving multiple
video users distributed randomly in its coverage area. We
assume a proxy server collocated with the eNodeB that fetches



Fig. 1: LTE network setup for eTVSQ based rate adaptation.

TABLE I: System-QoE Performance

Rate Adaptation Strategy α System-QoE
eTVSQ 0.5 46.3379
eTVSQ 1 41.9420
eTVSQ ∞ 40.7460

Throughput 0.5 40.6242
Throughput 1 40.5165
Throughput ∞ 38.4351

and temporarily stores video segments for streaming its users.
The CDN is assumed to have sufficient capacity and very low
latency resulting in almost congestion free network.

We consider the generalized α-fair resource allocation for
the users, where α is the fairness parameter. Let the num-
ber of users be N and the number of subchannels (OFDM
resource blocks) available be S in the system. We assume
that all subchannels experience frequency flat fading. Let ri(t)
represent the rate on a subchannel of the ith user in the time-
slot time t. Let si(t) represent the number of subchannels
allocated to user i in the time slot t. Since the metric TVSQ
proposed in [7] is capable of capturing the QoE influences
due to time-varying quality only, we propose eTVSQ to
account for the QoE influences due to rebufferings as well.
We compute eTVSQ using a modified short time subjective
quality (STSQ), denoted by S̃TSQ that varies in accordance
with the rebuffering duration ∆TB . Whenever the playback
stalls, S̃TSQ is computed by exponentially depreciating the
actual STSQ of the last segment prior to the occurrence of the
rebuffering event, in proportion to ∆TB . S̃TSQ is computed
as per the following:

S̃TSQ[t] =


STSQ[t] if ∆TB = 0 ,

STSQ[t]e−λ∆TB if ∆TB < l ,

S̃TSQ[t− 1]e−λl if ∆TB ≥ l ,
(1)

eTV SQ[t] = f(S̃TSQ[t]) , (2)

where, λ is the STSQ depreciation factor, l is the segment
duration in seconds, and f is the TVSQ function as described
in [7]. We choose λ such that the value of S̃TSQ depreciates
sufficiently close to zero by the end of two seconds, since two
seconds is the latency involved in the human response to the
changes in the visual perception [8].

The eTVSQ based rate adaptation strategy operates as
follows: Whenever a new video segment is to be fetched for a
user, the proxy server predicts the future TVSQ corresponding
to all the video representations. Based on the current through-
put, the eNodeB also associates a cost for each representation

in terms of the number of subchannels required to switch to
that representation. Since the number of representations are
finite, it is possible to compute the eTVSQs and the associated
subchannels required to achieve the corresponding eTVSQs
apriori. Let the number of video representations corresponding
to user i be Vi. Then, the vector of video rates corresponding to
each video representation for user i is Φi = [Φ1

i Φ2
i ... ΦVi

i ]T ,
where, Φki is the kth video rate for the ith user. Since STSQs
are computed offline, Φki is known apriori to the user i. We
compute the average per-subchannel rate ci(t) as

ci(t) =
1

W

t∑
τ=t−W+1

ri(τ), (3)

where, ri(t) is the rate on a subchannel for user i. The
maximum Φki that the user i can be supported at time slot
t is given by ci(t)si(t) ≥ Φki , where, si(t) is the number
of subchannels allocated to user i at time slot t. Thus, given
si(t), we can always derive Φki and obtain its corresponding
STSQ(t). We perform the segment fetch decision based on an
objective function that maximizes the instantaneous eTVSQ
averaged over all users as follows:

maximize
si(t)∀i∈N

N∑
i=1

eTV SQi[t]

subject to
N∑
i=1

si(t) ≤ S ,

(4)

where, the resultant si(t) ∀i = 1, 2, · · · , N is used to calculate
Φki or the video rate of the next video segment to be fetched.
The resource allocation at eNodeB is carried based on the α-
fairness and the optimization in (4) is employed for performing
eTVSQ video rate adaptation.

We use average eTVSQ as the metric for quantifying the
overall QoE of a user. The overall QoE of user i is computed
as,

QoEi =
1

T + TB − p

T+TB∑
t=p+1

eTV SQ[t] , (5)

where, T is the original video duration, TB is the total time
spent in rebuffering, and p is the model order of the TVSQ
predictor which is equal to 12 [7]. The system-level QoE
performance is measured by computing the overall QoE of all
video users averaged across several realizations of randomly
distributed user locations within the macro cell. Table I shows
the performance of the eTVSQ based rate adaptation strategy
against the throughput based strategy. It can be observed that
the eTVSQ based strategy provides significant improvement in
the overall QoE performance of the system. This demonstrates
the potential and the utility of the QoE-centric schemes for
video streaming in LTE mobile networks.

III. LFOVIA QOE DATABASE

In the previous section, we have shown that the eTVSQ
based rate adaptation can improve the overall QoE perfor-
mance of the users. However, the STSQ depreciation method-
ology employed in eTVSQ needed subjective validation. There
was a need for studying the QoE of the users in a continuous



(i) QoE states illustration.
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Fig. 2: Fig. 2i illustrates the QoE states. Fig. 2ii depicts the
QoE prediction performance with the SVR-QoE model.

time manner based on the visual perception, under the joint
influences of time-varying quality and rebuffering as experi-
enced in a typical streaming scenario. With this motivation,
we created the LFOVIA QoE Database [4]. This database
consists of 54 videos, of which 18 are reference (undistorted)
and 36 are distorted videos at FHD and UHD resolutions.
The videos encompass a wide variety of content from nature,
wildlife, outdoor, marine, sports, animation and gaming. We
introduced time-varying quality and rebuffering distortions
into the reference videos at various levels to generate distorted
video sequences.

We consider two aspects for rebuffering in the study:
1) Rebuffering frequency defined as the average number of
rebuffering instances per minute of the playback and 2) re-
buffering duration measured in seconds. While the rebuffering
frequencies varied from a minimum of 0.5 to a maximum of
5 rebuffering events per minute, rebuffering durations varied
between 1 and 9 seconds. The reference videos were encoded
at various constant bitrates using FFmpeg [9] as mentioned
in [4] to create multiple representations and to facilitate
rate adaptation. The rate to resolution mapping was chosen
based on the rate-quality relationship given by the Weber-
Fechner Law [10], in order to minimize the visual annoyance
caused due to the blockiness artifacts. We perform upward
and downward rate adaptation (URA/DRA) conservatively, in
order to minimize any undesired perceptual annoyance that
could potentially affect the user QoE. We employ URA and
DRA with a time granularity of 3 seconds [4].

A subjective evaluation of the videos was conducted using
Single Stimulus Continuous Quality Evaluation procedure with
Hidden Reference as per the ITU recommendation [11]. Both
the continuous QoE scores as well as the overall QoE score
at the end of the video were recorded. After a brief outlier
removal procedure, the QoE scores were linearly mapped to
the range [0,100].

A. SVR-QoE Model

Based on an analysis of the subjective scores, we catego-
rized the continuous QoE into two states: 1) playback state
and 2) rebuffering state. Fig. 2i illustrates the continuous QoE
scores along with playback and rebuffering states for one
of the distorted videos in the dataset. We propose a QoE
evaluation framework to model each of these states distinctly.
Accordingly, in the framework, we propose an SVR based

TABLE II: SVR-QoE prediction performance in the two
states.

States LCC SROCC RMSE
Playback 0.7701 0.6296 10.3028

Rebuffering 0.8376 0.8319 7.5822
Overall 0.8290 0.7377 9.9971

QoE evaluation in the playback state and exponential QoE
depreciation (EQD) based evaluation in the rebuffering state.
In the playback state, we identify and employ the following
two QoE influencing factors as the features for modeling: 1)
STSQ and 2) I-order QoE feedback. Subsequently, we employ
the SVR to learn the relationship between these QoE features
and the QoE for prediction. In the rebuffering state, we employ
the EQD model to quantify the QoE depreciation caused due
to annoyance. The amount of QoE depreciation is modeled
to be determined by the QoE prior to rebuffering, referred to
as pre-rebuffering QoE (QPrB). Thus, the QoE at any time
instant t in the rebuffering state is given by,

QoE(t) = e−λQoE(t− 1), (6)

where, λ is the QoE depreciation factor determined by QPrB .
We model the relation between λ and QPrB using a linear
function, λ = p1QPrB + p0, where, p1 and p0 are pre-
determined constants.

The SVR-QoE model is evaluated by splitting the dataset
into non-overlapping training and test sets with a split ratio
of 80:20. Fig. 2ii shows the continuous QoE prediction on
one of the videos from the test set for illustration. The
performance results are tabulated in Table II. We employ linear
correlation coefficient (LCC), Spearman rank-order correlation
coefficient (SROCC), and root mean squared error (RMSE) for
quantifying the prediction performance. It can be observed that
the SVR-QoE model provides an excellent QoE prediction in
terms of all the performance measures. This model is examined
over the LIVE QoE Database [7] as well and is demonstrated
to provide an outstanding QoE prediction performance.

IV. NLSS-QOE AND LSTM-QOE

In the previous section, we described the LFOVIA QoE
Database and the SVR-QoE model for QoE evaluation. While
the QoE range in LFOVIA QoE Database is [0,100], the
subsequently released LIVE Netflix Database [12] involves
QoE scores that are centered around zero, and are unbounded
on the either extremes. Further, the QoE scores in the LIVE
Netflix Database can be negative, thus making it not suitable
for SVR-QoE model evaluation. However, we investigated the
performance of nonlinear autoregressive model (NARX), the
QoE model proposed over the LIVE Netflix Database in [13],
for evaluation over the LFOVIA QoE Database. It is found
that the performance of NARX is slightly inferior to that of the
SVR-QoE. Furthermore, the QoE models available so far are
evaluated upon their respective datasets. There was a need for a
more comprehensive and tractable QoE model that can provide
a reasonable QoE prediction performance over multiple QoE
datasets. Towards this, we present NLSS-QoE, a QoE model
based on the nonlinear state space approach.



Fig. 3: Nonlinear state space QoE model.

TABLE III: QoE prediction performance of NLSS-QoE and
LSTM-QoE over the LIVE Netflix Database [12].

QoE LCC SROCC RMSE (%)Model
LSTM-QoE [6] 0.80 0.71 7.78
NLSS-QoE [5] 0.66 0.48 16.09

NARX [13] 0.62 0.56 8.52

TABLE IV: QoE prediction performance of NLSS-QoE and
LSTM-QoE over the LFOVIA QoE Database [4].

QoE LCC SROCC RMSE (%)Model
LSTM-QoE [6] 0.80 0.73 9.56
NLSS-QoE [5] 0.77 0.68 7.59
SVR-QoE [4] 0.68 0.65 10.44

Fig. 3 shows the block diagram of the proposed NLSS-QoE
model. The model employs the following three input features:
1) STSQ, 2) playback indicator (PI), and 3) time elapsed since
last rebuffering (TR). We employ a sum of sigmoid and a linear
function for modeling the input nonlinearity. We resort to the
standard state space approach as described in [5]. Let x(t) and
u(t) represent the state vector and the input vector at time t,
respectively. Using standard state space equations, the output
is given by ŷ(t) = Cx(t) + Du(t), where, C and D are the
output matrix and the feed-forward matrix, respectively. The
state update equation is given by, x(t+ 1) = Ax(t) +Bu(t),
where, A is the system matrix and B is the input matrix.
The performance evaluation is carried over both LIVE Netflix
and LFOVIA QoE Databases using a training/test procedure
as employed in [13]. The prediction performance results with
STRRED [14] as the STSQ measure are tabulated in the
Tables III and IV, respectively. It is observed that the NLSS-
QoE provides a significant improvement in the QoE prediction
performance.

Given the effectiveness of NLSS-QoE, we investigated the
complex relationship between the QoE features and the QoE
using LSTMs. Specifically, we employed a network of cas-
caded LSTM units stacked up to constitute multiple layers as
proposed in [6] for QoE prediction using the same features as
employed in the NLSS-QoE model. From the results in Tables
III and IV, we infer that the proposed LSTM-QoE provides a
superior QoE prediction performance across various datasets
compared to the state-of-the-art QoE predicton models.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we described a QoE-centric rate adaptation
strategy based on eTVSQ for video streaming users in an
LTE network. The eTVSQ based rate adaptation is demon-
strated to improve the overall QoE performance of the video

users as compared to the throughput based strategies. This
improvement can be attributed to the QoE awareness brought
into the network using the predicted QoE information of the
video users. We then presented the LFOVIA QoE Database
for studying the continuous QoE when the video users are
subjected to time-varying video qualities and rebuffering dis-
tortions, jointly. Based on a subjective evaluation, we modeled
the continuous QoE using playback and rebuffering states, and
subsequently proposed an objective model for continuous QoE
prediction using SVR and EQD. Towards effective QoE pre-
diction across multiple QoE datasets, we presented NLSS-QoE
and LSTM-QoE based on nonlinear state space and LSTMs,
respectively. NLSS-QoE and LSTM-QoE models are shown
to yield superior QoE prediction performance and hence, they
provide a promising direction for more efficient continuous
QoE modeling. In future, we plan to investigate the efficacy
of these QoE models for designing QoE-centric methodologies
such as joint rate adaptation and resource allocation for QoE-
optimized video streaming.
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