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Abstract—The use of video streaming services are increasing
in the cellular networks, inferring a need to monitor video
quality to meet users’ Quality of Experience (QoE). The so-
called no-reference (NR) models for estimating video quality
metrics mainly rely on packet-header and bitstream information.
However, there are situations where the availability of such
information is limited due to tighten security and encryption,
which necessitates exploration of alternative parameters for
conducting video QoE assessment. In this study we collect real-
live in-smartphone measurements describing the radio link of the
LTE connection while streaming reference videos in uplink. The
radio measurements include metrics such as RSSI, RSRP, RSRQ,
and CINR. We then use these radio metrics to train a Random
Forrest machine learning model against calculated video quality
metrics from the reference videos. The aim is to estimate the
Mean Opinion Score (MOS), PSNR, Frame delay, Frame skips,
and Blurriness. Our result show 94% classification accuracy, and
85% model accuracy (R? value) when predicting the MOS using
regression. Correspondingly, we achieve 89%, 84%, 85%, and
82% classification accuracy when predicting PSNR, Frame delay,
Frame SKips, and Blurriness respectively. Further, we achieve
81%, 77%, 79%, and 75% model accuracy (R? value) regarding
the same parameters using regression.
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1. INTRODUCTION

The proliferation of video streaming services goes hand-in-
hand with the users’ trend of communicating through video
messages, causing large spikes in the projections of video-
traffic. Cisco forecasts 396 exabytes (EB) IP traffic per month
by 2022 (122 EB in 2017), out of which 82% will be video
traffic [1]. Moreover, forecasting 77.5 EB of mobile data traffic
per month by 2022, out of which 78% will be video [1].

The research community has been focused on video quality
assessment (VQA) of video-streaming services, breaking down
the metrics impacting the Quality of Service (QoS) and end-
user experiences [2—4]. Therein, a great portion of the prior
work is adopting the ITU definition of Quality of Experience
(QoE) [5]. Guidelines and standards were proposed which
describe the steps of conducting evaluation of the quality
perceived by the end-user [6]. However, the complexity of
commercial VQA rises, as service-level agreements (SLASs)
are signed among service provides, operators, and customers,
to promise certain quality levels. Depending on the service
requirements, the VQA models are classified as [2]: full ref-
erence (FR), reduced reference (RR), and no-reference (NR).
Our focus are the NR models, as unlike the others they do
not require post-processing video analysis and are closest to
a real-time VQA.
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A review of the most prominent NR models suggest relying
on metrics retrieved from the video bit-stream and packet-
header, such as bitrate, packet loss rate (PLR), video encoding,
etc. [7]. Therein, there are growing concerns on the translation
from the mentioned metrics into end-user QoE, captured
through Mean Opinion Scores (MOS) [8]. Moreover, the
most popular video streaming services are starting to largely
encrypt the header and payload information, giving even less
chance for the NR models to measure the traditional QoS/QoE
metrics. Thus, standards developed by ITU Study Group 12,
such as PNAMS and PNBAMS [9] fall short due to encryption
and various real-time video services, such as Video over LTE
(VILTE) and Over-the-top (OTT). This becomes even more
evident in a dynamic and mobile environment, where packets
are dropped due to poor coverage, interference, cell edges, and
handovers, in cases of real-time streaming.

In this study we argue for scope extension of the NR based
methods, by utilizing collection of objective log data describ-
ing the radio conditions of an LTE link (e.g. poor coverage,
interference, cell edge, etc.). For this purpose, experiments
were conducted on commercial live LTE network, in a city
and underground mine environment, with both stationary and
drive tests. A total of 200 video files were streamed via Real-
time Transport Protocol (RTP) in uplink, from a mobile phone
to a video server. During the real-time streaming process the
mobile phone measures metrics that describe the radio LTE
link, such as RSSI, RSRP, RSRQ, CINR, etc.

Our contribution is an in-depth analysis on the dependencies
and relationships among the radio and video quality metrics.
Further, the aim is to find the root-causes for a quality degra-
dation of a real-time streaming video content by analyzing the
radio metrics at the source-node.

A machine learning (ML) model is developed to predict
conventional video quality metrics solely by using the mea-
sured radio metrics. Herein, metrics such as MOS, PSNR,
frame delay, frame skips, and blurriness were computed on the
streamed video files in post-processing by using ITU-T J.247
(PEVQ) [10]. The idea is to use PEVQ’s metrics as a reference
point to train towards a ML model with the recorded radio
logs. The results on average show 87% and 79% of model
accuracy (R?) with classification and regression respectively
when predicting the video quality metrics.

The rest of the paper is organized as follows: Section II
present the related work; Section III describes the case-study
and the experimental setup; Section IV shows the achieved
results; Section V concludes the study and discusses future
work.



Sreaming server
(end-node)

(—=F
|

LTE Cell
(eNB)

i 1. Store radio & network logs E
| 2. Store the reference videos |

______________________________
deot erv [ 1 ********** 1
N | Calculate PEVQ metrics |

Fig. 1: The general infrastructure of the experiments.

II. RELATED WORK

Multiple survey studies on VQA classify the existing models
as FR, RR, and NR [2], [7]. In this respect, ITU estab-
lished standardization bodies to produce recommendations and
guidelines for VQA, among which is ITU Study Group 12.
The models referred as FR require post-processing analysis
on the original with the degraded video reference file. Studies
which explore FR models typically compare the corresponding
frames of the two video files and produce objective quality
metrics such as Bluriness, Frame Freezes, Frame Skips, PSNR,
etc. For instance, PEVQ [10] computes such metrics and
models the behavior of the human visual tract to calculate a
MOS from 1 to 5. NR based models have gained attention for
their ability to perform quality monitoring in real-time. Their
classification is further explained in [7] as: pixel-based (NR-
P), bitstream (NP-B), and hybrid models combining the first
two. The NR-P use a decoded representation of the transmitted
signal and analyze the quality based on the pixel information.
Thus, NR-P models require high computational complexity
which makes them unfit for real-time VQA [11], especially
in mobile streaming services. NR-B based models have their
own classification explained in [7]. One of the first works
in the parametric VQA models [12], [13] explore the impact
of bitrate, framerate, and PLR on the video quality, without
taking the video content into account. More advanced NR-B
ML-based models emerged [14—17], where additional param-
eters are considered from the bitstream and codec settings to
estimate MOS.

In [14] the work describe extracting metrics from the packet-
header and uses encoder/decoder information to build a model
for predicting video quality of IPTV service. However, as
pointed out by [18], [19], the existing solutions relying on
packet inspection are for the most part no longer viable,
mainly due to encryption. Going over the encryption issues,
ITU-T with the P.1203 recommendation [20] defined modes
depending on the encryption levels. In [16] the work describe
the use of ITU-T P.1203 to build various ML models for
MOS prediction on Youtube videos. The study uses in-network
features mainly based on calculating mathematical statistics on
lists that store the amount of data downloaded by the client
in 1 or 5 second periods. ITU-T P.1203 and thus [16] are
tailored for HTTP adaptive streaming, targeting issues such
as re-constructing missing frames, or buffering of downlink
traffic. However, we consider real-time video services, such
as VIiLTE, IPTV, Skype, surveillance cameras, or other OTT
services, where the uplink stream suffers from different issues,

Feature Description Mode

RSSI Carrier Received Signal Strength Indicator: comprises — 1dle
the linear average of the total received power (in W)
observed only in OFDM reference symbols [21]

RSRP Reference Signal Received Power: the linear average  ldle
over the power contributions (in W) of the resource
elements that carry cell-specific reference signals [21]

RSRQ Reference  Signal Received Quality: the ratio Idle
N*RSRP/(Carrier RSSI), where N is the number
of resource blocks of the carrier RSSI measurement
bandwidth [21]

SSS Secondary Synchronization Signal power for detected  1dle

Cell cells (in dB) [22]

Power

Total RS Total Reference Signal power calculated from serving  Idle

Power cell RSRP and channel bandwidth [22]

CQI Channel Quality Indicator for code word 0 [22] Conn.

PUSCH Modulation Coding Scheme index for the uplink trans-  Conn.

MSC port block [21]

RS Carrier to Interference plus Noise Ratio of the signal ~ Conn.

CINR carrier best servings for the intervention seemed at all

other sites/sectors, plus all the noise

TABLE I: Collected parameters at the source-node

mainly frame/packet dropping.

In [15] the work describe the use of in-smartphone measure-
ments to predict a subjective QoE of different applications,
including Youtube, Facebook, and Google Maps. Even though
the scope of this study is also on downlink traffic, the authors
use RSSI as part of their features in predicting a MOS. Based
on their results, RSSI is strongly correlated to the Youtube
MOS predictions, and therefore serves us as motivation to
conduct more in-depth VQA solely on radio metrics. In [23]
the authors point out that besides poor coverage major QoS
deficiencies may cause various other uncontrollable radio and
cellular network phenomena, such as interference, handovers,
cell edges, and congested cells. The authors of [24] analyze
the effect of RSSI, RSRP, SINR, and RSRQ on events such as
throughput, link adaptation, packet scheduling, and handover.
In [25], the fluctuations in the experienced radio conditions
were modeled to predict one-way latency. However, limited
number of studies discuss mapping the radio metrics to QoE,
especially in multimedia context. We identify the study [17]
as a comprehensive work to examine in-smartphone radio
measurements to predict QoE metrics, however, targeting web-
browsing and voice applications.

III. EXPERIMENTAL SETUP
A. High-level cellular experimental setup

The general infrastructure used to conduct the experiments
is depicted on the Figure 1, with LTE as an underlying cellular
network. A mobile phone resides as a source-node, streaming
the videos to a server. The experiments were performed in:
1) city environment, with under 50,000 inhabitants; 2) Un-
derground mining environment, with completely isolated LTE
network; The reason for choosing two different environments
are two-fold. First, the proposed ML model should understand
the different interference factors and radio conditions in such
two disparate environments; Secondly, an option to access the
cell logs from the mobile operator in the mine; Having isolated
LTE network in the mine, with no interferences, enables the
ML model to understand the way congested cells impact the
video quality. Heavy loaded cell will create packet drops and
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Fig. 2: Statistics from the combined data-set.

force HARQ and RLC re-transmissions [22]. Hence, progres-
sive load was generated during the video streaming in the mine
and the cell logs were used to confirm the load. To generate
the load, 15 phones were equipped with a modified TWAMP
application [26], with each phone streaming continuous bursts
of synchronized 1500 bytes UDP packet trains in UL and DL,
in a coordinated manner to avoid sending data simultaneously.
Each of the 15 phones on average streamed data with 70
Mbps. After analyzing the mining cell logs, the videos were
streamed with cell load in ranges of: <5%, 10-20%, 35-50%,
50-65%, 75-95%. Finally, the described cell loading technique
was used also in the city experiments, due to the relatively
small population size and making sure that there is active load
on the serving cells. All the experiments were performed with
SIM cards from one Swedish cellular operator, without any
speed or data limitations.

The source-node had pre-installed commercially available
application - TEMS Pocket [27], with capability to measure
radio metrics on a millisecond level basis. The measured met-
rics (Table I) are retrieved by scanning the radio and analyzing
the signals from the surrounding cells, part of the LTE standard
[21]. Therein, “Idle” metrics suggest a state when the phone
is passively scanning the radio, while "RRC_Connected” (or
”Conn”) is when the source-node attempts to send user-data
over the cell. Due to almost perfect LTE environment in
the city, a shield box was used (Figure 1) with the source-
node inside in order to capture heterogeneous Table I metrics.
Opening and closing the box during the experiments would
damper the signal and yield poor radio signal, simulating
poor LTE coverage. The statistics from the behaviour of the
LTE signal during the experiments can be seen on Table 2.
It may be observed that the collected radio conditions range
from the worst to the best possible, according to the 3GPP
specification [22], suggesting the diversity and reproducibility
of the experiments. Generally, the experiments were further
divided into: 1) Stationary and 2) Drive tests - where the
source-node is naturally communicating with the serving cell;
3) Stationary and 4) Drive tests with shield box - where
the LTE signal is dampered; The experiments were equally
performed separately on each of the four setups, in both city
and underground mine environment. During the drive tests the
speed limit inside the mine was 10 km/h, while in the city
average speed was around 40 km/h.

B. Video sequence setup

The work conducted for this study was part of the PIMM-
DMA project [28], aiming to digitize underground mines with
capabilities to control the mining vehicles from distance. The
vehicles were equipped with 720p HD cameras to live-stream
video in uplink, to a remote-control room, while driving in
the mine. Therefore, the service requirements defined the video

Parameter Value
GOP length 30 frames
Frame rate 30 fps
Bitrate (avg) 3 Mbps
Resolution HD 720x480p
Color mode YUV (4:2:0)
Codec H.264
Protocol RTP

TABLE II: Video encoding and transmission parameters.

encoding and transmission parameters used in the experiments,
shown on the Table II.

To perform the experiments, Samsung Galaxy S9 was used
as a source-node to stream the video files via RTP, utilizing
the open-source ffmpeg library [29]. Thus, an ffmpeg script
was running on the mobile phone and the video server, for
streaming and receiving the video files respectively. The choice
of using ffmpeg is due to the robustness of the library, with
abilities to change various video transmission and encoding
parameters on-the-fly, but also to monitor sending and receiv-
ing logs in real-time during streaming. In practice, ten video
files were used as samples for the streaming process, each
with duration of 8 seconds, as recommended by OPTICOM
- the creator of PEVQ. Five video files were recordings from
the mine, while the other five were retrieved from the Video
Quality Experts Group (VQEG) public database. At the end
of the experiments a total of 200 videos were streamed and
stored on the video server for further analysis.

IV. THE IMPACT OF RADIO PARAMETERS ON THE VIDEO
QUALITY METRICS

The goal of this section is to explore the dependencies and
relationships among the cellular radio metrics and the objective
video quality metrics. Further, the aim is to find the root-
causes for a quality degradation of a real-time streaming video
content.

A. Data gathering process and methodology

During the real-time streaming process of each video a log
file was recorded at the source-node using TEMS Pocket,
capturing the radio parameters described in the Table I, later
referred as features. As TEMS Pocket measures most of the
features on a millisecond level basis, an arithmetical mean
had to be computed on each of the features for the duration of
each video (8 seconds). Further in post-processing, the original
video files were compared to the corresponding streamed
videos by using PEVQ [10]. As an output, PEVQ computes
various video quality metrics, among which MOS, PSNR,
frame delay, frame skips and blurriness. Herein, the PEVQ
metrics are the labels, to which the features may be trained
against. Few statistics on the gathered data-set can be seen on
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Fig. 3: Pearson’s correlation on the features against PEVQ
metrics.

the Figure 2. The data-set combines the measurements from
all experimental setups described in Section III-A.

Before conducting any ML predictions, a correlation anal-
ysis on the gathered data-set may be computed. Pearson’s
correlation was used to calculate the correlation between each
of the features with the corresponding labels (see Figure
3). From the results one may conclude that constantly most
correlated parameters are RSRP, RSRQ, and RSSI. This is not
surprising as it was already shown that those are the main
features in describing the radio link under drive tests [30].

The next step is utilizing the most suitable ML techniques to
build a model with training and validation. Our study follows
the data-driven QoE analysis approach, proposed in [3], where
the use of decision trees for QoE prediction come after a
correlation analysis, followed by a QoE causality analysis
as a final step. Decision trees were also previously used for
similar context in [15], [16] to predict video MOS. Further,
as pointed out in [3], decision trees are humanly readable and
interpretable, which perfectly matches the scope of our work -
understand the trees for enabling a root-cause analysis. Thus,
techniques such as Neural Networks, Deep Learning, Support
Vector Machine, and Bayesian Networks were not considered
as it is challenging to extract and describe their decisions that
lead to a estimation [31].

B. Video quality prediction with a classifier

According to the ITIL [32], among other matters, an SLA
defines service-level targets which may be measured through
key performance indicators. Regarding video streaming ap-
plications, these service-level targets are clearly stated in
[33], where the most acceptable threshold for MOS score
is arguably 3.5. Thus, a classification ML problem may be
defined for the described case-study, where all the recorded
MOS values below the 3.5 threshold are assigned with 0, and
above that with 1. Graphical representation of the recorded
data-set with the MOS threshold split is shown on the Figure 4.

MOS PSNR  Frame Frame Blurriness
Delay Skips
R? 0.94 0.89 0.84 0.85 0.82
RMSE 0.192 0.236 0.317 0.298 0.359
Feature Importance

RSRP 0.197 0.187 0.278 0.210 0.144
Cell Power 0.043 0.063 0.054 0.073 0,087
RSRQ 0.293 0.193 0.369 0.283 0.271
CQI 0.123 0.083 0.064 0.013 0.034
MSC 0.012 0.051 0.012 0.108 0.066
CINR 0.178 0.128 0.109 0.149 0.173
RS Power 0.021 0.092 0.030 0.016 0.127
RSSI 0.133 0.176 0.174 0.148 0.098

TABLE III: Random Forest classifier results.
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Fig. 4: Data-set split based on MOS, greater or below 3.5.

Therein, one may observe the patterns of the MOS distribution,
such as majority of high MOS values tend to appear under high
RSRP, RSRQ, CINR, and RSSI values.

Similarly to the MOS threshold of 3.5, by observing the
Figure 2, one may define threshold values for the other metrics,
such as PSNR of 35 dB, Frame Delay of —84 ms, Frame Skips
of 1.5%, and Blurriness of 1.5%. The reasons for choosing
such objective video quality metrics are two-folded. First,
a model with estimated objective metrics may be applied
to various video services, regardless of the end-users and
their subjective opinions. Second, commercial video-streaming
companies are already looking at objective metrics such as
PSNR, delays and packet losses to improve the delivered
quality of their service [34], [35].

Random Forest (RF) Classifier was utilized first to train
and validate the recorded features against the labels [36]. RF
brings more robustness to the predictions due to the random
selection of the features for the splits at each node. Other
ensemble ML algorithms such as Bootstrapped Aggregation
use all the features for each split and hence, in our case-
study, produce decision trees with structural similarities. The
classifier was tested with various parameters for regularization,
known as pruning, and most stable results on average achieved
10 trees with minimum sample split of 10, which limits the
depth of each tree in order to avoid over-fitting [37]. The whole
data-set of 200 samples were divided with 80/20 split, where
160 samples were used for training, against 40 sample for
validation. In practice, 5 RF models were tested, for training
and validation the features against MOS, PSNR, Frame Delay,
Frame Skips, and Blurriness respectively. Table III shows
the results from the classifier, calculating R? and RMSE
values for the estimation, and also presenting the RF features
importance. It is important to note that the results from Table
III were achieved after 5-fold cross-validation, which is further
discussed in Section IV-E.

C. Conducting a root-cause analysis

The possibility to visualize the RF’s trees enables interpre-
tation of the achieved results. This is suitable for conducting
a root-cause analysis upon estimation of a poor video quality.
LIME is a open-source framework [38] which enables inter-
pretation of complex ML models, in this case by analyzing
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the 10 decision trees. LIME scans each decision of the trees
and marks the range of values for each feature that lead to an
estimate below or above the threshold. The actual trees are not
shown due to lack of space, but an average of their decisions
is shown on Table IV. Such table may be generated for any
of the labels, and in this case MOS > 3.5 is presented.

Table IV may be seen precisely as a root-cause analysis,
from where few conclusions emerge. For instance, measured
RSSI value below —70 dB would advocate bad coverage
areas or blind spots, while CINR value below 13 suggests
interference and therefore produces poor video quality. More-
over, similar RSRQ values of the serving and neighboring cell
indicates cell edge and therefore a handover may be expected,
which might cut the video streaming for a short time.

As mentioned before, load from 15 other phones was
generated on the same cell while conveying the video traffic.
Since the cell logs from the underground mine were available,
the precise cell load was observed and correlated to the
features and the labels. It has been already shown that RSRP,
RSRQ, and CINR may suggest congested cells, resulting with
network packet drops [39]. Our results prove this hypothesis,
as the MOS scores on average fell from 4.6 to 2.1 as the cell
load increased from 30% to 95% in the mine environment.
Moreover, the high accuracy percentage from Table III shows
that it is possible to capture the way cell load impacts the
video quality.

Even through the city and mine seem such disparate en-
vironments, the results show they complement each other.
That is because the ML model is trained to understand some
unique phenomena, which pattern will be captured solely in
such isolated environment like the mine. Examples are signal
reflections and the way multipath is handled in LTE. Since
there is no interference in the mine from end-users and inter-
cells, the pattern of the RSRP, RSRQ and CINR are different

Metrics MOS > 3.5

RSRP -98.3 < RSRP > -93.9
SSS Cell Power  17.1 < SSS Cell Power > 18.4
RSRQ -9.3 < RSRQ > -84
CQI 12.2 < CQI > 13.5
MSC 18.4 < MSC > 20.2
CINR 13.3 < CINR > 14.5

RS Power -76.3 < RS Power > -64.7
RSSI -70.2 < RSSI > -63.9

TABLE IV: Minimal range of values to achieve MOS > 3.5.

1.0
0.3 ——Training error
— Validation error|

0.30

0.25
[T} e
(2]

2 -
0.20 \

0.15 —

— Training score
0.7 — Validation score

0 40 80 120 160 0 %0 120 160

0.00

.. . 80
Training set size Trainina set size

(a) Classifier (b) Regressor

Fig. 6: Learning curves.

compared to the city case. Thus, the pattern of the mining
radio metrics describe the reflections from the rocks and how
it affects the video quality during streaming. A conclusion is
that training the model on more unique cases will even further
improve the performance.

D. Regression method against video quality metrics

After high accuracy with RF classifier, we also attempt to
construct a regression problem and directly predict the PEVQ
metrics using the same features. RF regressor with the same
regularization as the classifier was initialized, due to the same
reasons as stated before. Figure 5 plots the true computed
MOS (red) and estimated MOS (cyan). The model achieved
accuracy of 85% (R?), with RMSE of 0.361. The achieved
results for the other metrics are as follows: PSNR R2 score
of 81%, Frame Delay 77%, Frame Skips 79%, and Blurriness
75%, with RMSE values of 0.364, 0.382, 0.379 respectively.

E. Dealing with the over-fitting problem

One common technique to test a ML model from being over
or under fitted is a Learning Curve [40]. The idea is to observe
the changes of the errors, both in the training and validation,
as the training set size increases. Figure 6 plots learning curves
for RF (a) classifier and (b) regressor. The size of the training
set was set to {1, 20 35, 75, 110, and 140}. On top of that,
a 5-fold cross-validation was performed when selecting the
samples, which takes random samples for each of the training
size and averages the results. Examining the Figure 6(b), the
learning curve first attempts to use 1 sample for the training set
and test it against the validation set. In such case, the model fits
perfectly the training data, thus training error of 0. However,
a model with only one training set will perform poorly on the
un-seen validation set, as illustrated. This indicates over-fitting.
Further, as the training set size increases, the validation error
gradually decreases, reaching an arguably acceptable M SFE
value of 0.15. Thus, figure 6 also shows the rate of change in
both variance and bias. Low training error is associated with
low bias, which indicates that the model is also not under-
fitted. However, the trend of the validation error in Figure
6(b) indicates that increasing the training set size will yield
lower MSE, which is indication to do more experiments.

V. CONCLUSION AND FUTURE WORK

The current models for conducting real-time VQA are
challenged with tighten security and encryption of the video
services. Further, the real-time nature of services such as
ViLTE, Skype, and OTT, does not fit into the concept of



adaptive streaming, since frames are dropped instead of re-
transmitted or buffered. Hence, this study looks for alternative
ways to enrich the performance of the current models for
VQA. The important finding is that there is a correlation
between the measured quality of the radio LTE link and the
video quality metrics. Thus, our approach utilizes Random
Forrest to estimate MOS, PSNR, frame delay, frame skips
and blurriness, based on radio metrics such as RSSI, RSRP,
RSRQ, and CINR. Moreover, we conduct a root-cause analysis
by inspecting and describing the decision of the estimations.
In real scenario, the Random Forrest classifier and regressor
reside at the end-user, where radio metrics are used to estimate
video quality metrics. A future work is understanding how the
service providers can utilize such estimations to improve their
service quality.

Regarding the machine learning model, there are few poten-
tial improvements as a future work: 1) Include static parame-
ters such as video resolution, frame-rate, codec, etc as features
to generalize the model; 2) Exploring and testing additional
radio/network metrics is one aspect, while extracting the
existing feature is another. For instance, breaking down a
single feature, or grouping multiple features into a set of sub-
features may capture unique real-life cases and hence improve
the performance; 3) Training the model on more unique cases,
such as subway/train ride, large crowd stadiums, rural areas,
etc; 4) One may create sub-ML problems within the model to
estimate MOS, such as estimating load on the serving cell or
predicting a handover; and 5) One may also attempt to first
predict objective metrics, such as PSNR and Frame Delay, and
use them as additional features to estimate MOS.
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