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Abstract—High quality video streaming for mobile devices implies high energy consumption due to the transmitted data and the

variation of wireless signals. As an example, transmissions in mobile scenarios (e.g., inside a moving bus) consumes more energy for

devices than when accessing from a static environment (e.g., at home). The QoE for the user does not substantially increase when

watching high bitrate videos in a vibrating environment (i.e., a moving vehicle), as the context, in this case vehicle’s vibration, affects

the perceived QoE. To address this problem, we propose to save energy by considering the context (environment) of video streaming.

To model the impact of context, we exploit the embedded accelerometer in smartphones to record the vibration level during video

streaming. Based on quality assessment experiments, we collect traces and model the impact of video bitrate and vibration level on

QoE, and model the impact of video bitrate and signal strength on power consumption. Based on the QoE model and the power model,

we formulate the context-aware and energy-aware video streaming problem as an optimization problem. We present an optimal

algorithm which can maximize QoE and minimize energy. Since the optimal algorithm requires perfect knowledge of future tasks, we

propose an online bitrate selection algorithm. To further improve the performance of the online algorithm, we propose a crowdsourcing

based bitrate selection algorithm. Through real measurements and trace-driven simulations, we demonstrate that the proposed

algorithms can significantly outperform existing approaches when considering both energy and QoE.

Index Terms—Video streaming, context awareness, energy saving, quality of experience
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1 INTRODUCTION

NOWADAYS, video streaming has become the most popular
application on smartphones. It is expected that mobile

video traffic will account for over 79 percent of the mobile
data traffic by 2022 [1]. While mobile networks offer very high
peak bandwidth, video streaming over mobile networks still
suffers from rapid and significant network fluctuations. To
adapt for various network conditions, the Dynamic Adaptive
Streaming over HTTP (DASH) protocol has been widely
adopted for video streaming. With DASH, at the server side,
the video is cut into a sequence of video segments, each of
which is encodedwith different bitrates, corresponding to dif-
ferent resolutions. At the client side, based on the estimated
network bandwidth, the video player can dynamically deter-
mine the right bitrate for each segment, such that the video
segment can be successfully downloaded before it is played to
maintain goodQuality of Experience (QoE).

Based on DASH, many existing bitrate adaptation algo-
rithms [2], [3], [4], [5] focus on accurately predicting the net-
work bandwidth, and then use higher bitrates to maintain
better QoE. Although streaming video at a higher bitrate can
lead to better QoE, a larger amount of data will have to be
downloaded and processed on smartphones and hence, con-
sumingmore energy. Since smartphones are battery-powered,

the issue of energy-efficient video streaming has received con-
siderable attention. Energy consumption for video streaming
on smartphones can be optimized from the perspective of
video downloading (i.e., data communication) and video
processing (i.e., video playback) [6]. Researchers have pro-
posed various techniques to reduce the power consumption
of the wireless interface during video streaming [7], [8], [9],
and have proposed techniques to reduce the energy consump-
tion of video processing on smartphones [10], [11], [12], [13].

Different from these energy-saving techniques, we propose
to save energy by considering the context (environment) of
video streaming; i.e., watching video on a moving bus/train
or in a static environment (e.g., at home) may have different
QoE requirements. On a moving vehicle where the wireless
signal is weak, it costs much more energy to maintain high
bitrate video streaming than at a static environment such as at
home or a cafe where the wireless signal is strong. The QoE
for the user may not increase too much by watching high
bitrate videos in a vibrating environment such as on amoving
vehicle. This is because the perception of video quality is
affected by the environment such as the vibration or shaking
on a moving vehicle. The vibration of the smartphone causes
discomforts during videowatching,which results inQoEdeg-
radation even with a high resolution. As a result, in such
vibrating environments, reducing the bitrate of video stream-
ing may significantly reduce the energy consumption, with-
out degrading the QoE too much, and hence it is important to
find a better tradeoff between QoE and energy considering
the context of video streaming.

To support context-aware and energy-aware video stream-
ing on smartphones, we have the following challenges: (1)
How tomodel the impact of context onQoE? (2) How to select
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the right bitrate to minimize energy and maximize QoE? To
answer the first question, we recruit twenty users to watch
and rate videos under two contexts; i.e., on a moving vehicle
and in a static environment. To model the impact of context,
we exploit the embedded sensors (e.g., accelerometer) in
smartphones [14] to record the vibration level during video
streaming. Based on these quality assessment experiments,
we collect traces and model the impacts of video bitrate and
vibration level onQoE, andmodel the impacts of video bitrate
and signal strength on power consumption. Based on the QoE
model and the power model, we formulate the context-aware
and energy-aware video streaming problem as an optimiza-
tion problem. We first present an optimal algorithm which
can maximize QoE and minimize energy. Since the optimal
algorithm requires perfect knowledge of future tasks (which
will not be available in practical scenarios), we propose an
online algorithm for video streaming. To further improve the
performance of the online algorithm, we propose a crowd-
sourcing based approach for bandwidth and vibration predic-
tion. Although crowdsourcing based approaches have been
proposed for video streaming [15], [16], most of them focus on
maximizingQoE, andnone of them considers energy and con-
text issues.

In summary, this paper has the following contributions.

� A study of the impact of context on both QoE and
energy consumption for video streaming on smart-
phones. To the best of our knowledge, this is the first
study of such impact.

� We formulate the context-aware and energy-aware
video streaming problem as an optimization problem.
Wefirst propose an optimal solution, which provides a
performance upper bound. We then propose an online
bitrate selection algorithm. We also propose a crowd-
sourcing based bitrate selection algorithm, which pre-
dicts the available bandwidth and the vibration level
using data collected from other users.

� We evaluate the proposed solutions with extensive
trace-driven simulations. The evaluation results show
that the proposed algorithms can significantly reduce
the energy consumptionwhilemaintaining goodQoE.

The rest of the paper is structured as follows. We intro-
duce the background and motivation in Section 2. We pres-
ent the system model and the problem formulation in
Section 3. Section 4 presents our context-aware and energy-
aware video streaming algorithm. In Section 5, we present
the evaluation results. Section 6 discusses related work and
Section 7 concludes the paper.

2 BACKGROUND AND MOTIVATION

In DASH, the video is broken into a sequence of small HTTP-
based segments, where each segment is encoded intomultiple
copieswith various bitrates. Based on the network quality, the
segment with the right bitrate is used for streaming.

Streaming video at a higher bitrate leads to better quality,
but it requires to download and process more data, and
thus consuming more energy. When the network condition
becomes worse, muchmore energy will be consumed. Fig. 1a
shows the energy consumption of downloading 100 MB data
under various network conditions. The measurement was
done using an LGNexus 5X smartphone using T-Mobile LTE
network. In the measurement, we focus on the power con-
sumption of the wireless interface. As can be seen, when the
signal strength decreases, the energy consumption signifi-
cantly increases. For example, the energy consumption
increases from 49J to 193J as the signal strength changes from
-90 dBm to -115 dBm.

One way to reduce the energy consumption is to use the
video segment with low bitrate. However, this may reduce
the video quality and affect the QoE under different con-
texts. To understand the impact of context on QoE and
energy consumption for video streaming on smartphones,
we conducted some experiments. With approval by our
Institutional Review Board (IRB), twenty subjects were
recruited to watch Youtube videos of various bitrates (reso-
lutions) under two different contexts (environments): in a
static environment (room) and on a moving vehicle. After
watching each video, the subjects rate the perceived quality
using the nine-grade numerical quality scale (9 denotes
“excellent” and 1 denotes “bad”) based on the ITU-T Rec-
ommendation P.910 [17], which is then transformed to the

Fig. 1. (a) Total energy consumption to download 100MB data under various network conditions. (b) Perceived QoE and energy consumption as
functions of bitrate under different environments (a static environment or a moving vehicle).
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five-level rating scale, using MOS5 ¼ 1þ 4 � MOS9
9 . The

MOS5 value is used to represent the QoE. The energy con-
sumption is calculated using the power models that will be
detailed in Section 3.3.

As shown in Fig. 1b, the QoE does not improve too much
when the resolution is very high (e.g., 720p) for smart-
phones. We also see that the QoE varies with context. When
the resolution drops from 1080p to 480p, the QoE degrades
much slower on a moving vehicle (4 percent) than in a static
environment (12 percent). On the other hand, the network
condition on a moving vehicle is worse than that in a static
environment. As a result, reducing the resolution from
1080p to 480p can save 65 percent energy when watching
videos on a moving vehicle, while only degrading the QoE
by 4 percent. Thus, it is important to consider energy, con-
text, and QoE together for video streaming.

To model QoE considering the context of video stream-
ing (i.e., the smoothness of the environment where users
watch videos), we can exploit the embedded sensors (e.g.,
accelerometer) in smartphones [14]. Based on these sensors,
we can differentiate whether the user is in a static environ-
ment or on a moving vehicle. We will present the detail of
the QoE model and formulate the context-aware video
streaming problem in the next section.

3 SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we introduce the video, QoE, and power
models, as well as the problem formulation.

3.1 Video Model

We follow the DASH video streaming process. The video is
broken into a sequence of n HTTP-based segments, where
each segment contains L seconds of video. Each segment
has V versions of copies corresponding to V different
bitrates on the server side. Based on the network quality,
the client requests the segment with the right bitrate level
from the server. More specifically, the video streaming pro-
cess is modeled as n data transmission tasks, corresponding
to transmitting n video segments. Let Ti denote the ith task,
and let Tj

i denote the ith task where the video segment is
encoded with bitrate index j (j 2 f1; 2; . . . ; V g).

Since many users may skip or early quit during video
streaming, to save bandwidth, similar to Youtube, we use a
buffer threshold (b) to limit the amount of the video data to
be downloaded. b is defined in terms of seconds. Before the
buffered data reaches b, i.e., the video length of down-
loaded but not yet viewed video in the buffer is less than b,
the video player can download the next segment. When the
buffered data reaches b, the player stops the downloading
process. It will wait until the video length of the buffered
video is less than b before downloading the next segment.
Let Bi 2 ½0;b� denote the amount of video data in the buffer
when the client requests the ith segment. To avoid stall
events (or rebuffering), the ith segment should be com-
pletely downloaded before Bi is drained out by the video
player at the client.

3.2 QoE Model

As explained in Section 2, the QoE model should consider
the context of video steaming; i.e., watching video on a

moving vehicle or in a static environment may have differ-
ent QoE requirements. The QoE can be modeled with Equa-
tion (1), where Q is the user perceived QoE, Qo is the
“original” quality without considering any quality loss, It is
the quality impairment (loss) during data transmission, and
Iv is the quality impairment resulting from vibration during
video playback. Similar to [18], Qo is modeled with a
Michaelis-Menten function, as shown in Equation (2), where
b is the bitrate, and c1 and c2 are the model parameters
which are determined by the subjective quality assessment
experiments.

Q ¼ Qo � It � Iv (1)

Qo ¼ max

 
1;min

 
5; 1þ 4 � c1 � b

c2 þ b

!!
(2)

It ¼ fr � Ir þ fb � Ib (3)

Iv ¼ c3 þ c4 � expðc5 � b � vÞ: (4)

Similar to [19], [20], the QoE impairment during data trans-
mission can be modeled by Equation (3), considering the
impact of rebuffering events and bitrate changes. Mok et. al
[19] has defined three levels (low,medium, andhigh) of rebuf-
fering impacts on QoE by choosing Ir, and we use their base
level (i.e., Ir ¼ 0:742), where the rebuffering duration is less
than one second. The rebuffering frequency is defined as fr ¼ðSi=Ri�BiÞþ

Bi
, where Si is the segment data size, Ri is the down-

loading throughput, and ðxÞþ ¼ maxfx; 0g. For the impact of
bitrate change, we adopt the results from [20]; i.e., reducing
the bitrate of a segment by 3 Mbps has the same penalty as
one second rebuffering. Thus, we have Ib ¼ 0:742 and fb ¼ðbi�1�biÞþ

3:0 , where bi and bi�1 are the bitrate of the ith and
ði� 1Þth video segment, respectively.

To model the impact of context, we exploit the embedded
sensors (e.g., accelerometer) in smartphones [14] to record
the vibration level during video streaming. Since we are
only interested in the acceleration associated with the vibra-
tion of the smartphone, we subtract the force caused by
gravity from the raw accelerometer data. Fig. 2 shows an
example of the acceleration data over time under two differ-
ent environments (a static environment and a moving

Fig. 2. Accelerometer data over time under different environments
(a static environment or a moving vehicle).
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vehicle). As can be seen, when watching video in a static
environment with the smartphone placed on the desk, the
acceleration data are basically stable, while the acceleration
data vary drastically due to the vibration of shaking when
watching video on a moving vehicle. The vibration level is
formulated with Equation (5), wherema is the average value
ofM acceleration samples in the sampling window and fa is
the average variation between consecutive acceleration sam-
ples. Here we consider ma and fa equally; i.e., a ¼ 0:5. With
the vibration level, we model the impact of vibration
impairment with Equation (4), where b is the bitrate, v is the
vibration level, and c3, c4 and c5 are the model parameters.

v ¼ a �ma þ ð1� aÞ � fa (5)

ma ¼ 1

M

XM
m¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a2m;x þ a2m;y þ a2m;z

q
(6)

fa ¼ 1

ðM � 1Þ
XM
m¼2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
l¼fx;y;zg

ðam;l � am�1;lÞ2
s

: (7)

Video Quality Assessment. To determine parameters c1; c2; c3;
c4; c5, in Equations (2) and (4), we performed subjective quality
assessment experimentswith 20 users following ITU-TRecom-
mendations. The subjects are asked to watch 10 videos cached
in the smartphone under two contexts: in a static environment
(room) andon amoving vehicle. Table 1 summaries the charac-
teristics of the videos. To demonstrate that the chosen videos
cover a wide range of different types and genres following the
standard ITU-T P.910 [17], we calculate the temporal and spa-
tial information of the videos which are shown in Fig. 3a,

where a video with higher temporal information has more
changing scenes, and a video with higher spatial information
has more spatial details in video frames. As can be seen, the
chosen videos cover awide range of different types and genres.
The videos are encoded into different bitrate versions at 30 fps,
and Table 2 shows the bitrate for each resolution. After watch-
ing a video, the subjects rate the perceived quality as discussed
in Section 2. In this quality assessment experiment, the videos
are locally cached in the smartphone. Then, there will not be
any data transmission, and we can focus on quantifying the
impact of the vibration factor.

We first consider video watching in a static environment.
The perceived quality of video streaming in a static environ-
ment is used as the “original” quality (i.e., Qo), and the
results are shown in Fig. 3b. As can be seen from the figure,
Qo increases with the increase of the video bitrate. When the
bitrate becomes very high, further increasing the bitrate will
not lead to significant increase in the QoE, which is consis-
tent with the results reported in [21], [22]. With the least
squares regression method, we can get the fitted curve,
where the parameters c1 and c2 are shown in Table 3.

TABLE 1
The Test Videos

Genre Explanation Genre Explanation

Speech Speech on TV Matrix A fight scene in The Matrix (movie)
Show Allen show Battle A battle scene in The Hobbit (movie)
Doc Documentary Basketball Sport
BBB Big Buck Bunny (animation) Yacht Moving yacht
Sintel Sintel (movie) Goodwood Horseracing

Fig. 3. (a) Average spatial and temporal information of the test videos. (b) The “original” quality of a video as a function of bitrate. (c) The QoE
impairment due to vibration.

TABLE 2
The Resolution and Bitrate

for Video Dataset

Resolution Bitrate (Mbps)

1080p 5.80
720p 3.00
480p 1.50
360p 0.75
240p 0.375
144p 0.10
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To see the impact of vibration on video quality, we mea-
sure the quality impairment (Iv) caused by vibration; i.e., the
QoE difference between watching the same video with the
same bitrate in a static environment and on a moving vehicle.
Based on the accelerometer data collected by the smartphone
during video watching, and Equation (5), we can calculate the
vibration level (v). The relationship among QoE impairment
(Iv), vibration level (v), and video bitrate (b) is shown in
Fig. 3c. As shown in the figure, when the bitrate is very small
(e.g., 0.1Mbps), the QoE is very poor regardless of the context
and thus the vibration impairment is almost zero. When the
vibration level is very low (i.e., in a static environment), the
quality impairment is also very small. The quality impairment
significantly increaseswhen the bitrate and the vibration level
increase. For example, when the vibration level increases
from 2 to 6, the quality impairment grows from 0.049 to 0.184
for 1.5 Mbps videos, and the impairment grows from 0.174 to
0.549 for 5.8 Mbps videos. With the least squares regression
method, we can get the fitted surface, where the parameters
c3; c4; c5 are shown in Table 3.

3.3 Power Model

To model the power consumption during video streaming,
we collect real measurement data by watching a short video
“Everything Wrong With Transformers” from Youtube with
different bitrates (i.e., 144p, 240p, 360p, 480p, 720p and 1080p)
at different signal strengths. We use a rooted LG Nexus 5X
smartphone running Android 7.0, which uses T-Mobile LTE
network. Tcpdump is used to collect the network trace, and
the Monsoon power monitor is used to measure the power
level during video streaming. Since the battery connectors on
the Nexus 5X smartphone are very tiny, it is very challenging
to connect them to the power monitor. To solve this problem,
we design a battery interceptor based on Flex PCB, which is a
very thin circuit board that can be easily bent or flexed. The
interceptor is connected with the smartphone’s mainboard
and the battery through the corresponding battery connector,
and uses a customized circuit to modify the battery connec-
tion. As shown in Fig. 4a, we use this interceptor to connect
the smartphone with the Monsoon power monitor, which
directly provides power supply for the smartphone. We also

collect the wireless signal strength during video streaming by
using an Android ADB shell dumpsys telephony.registry at the
background. Using the collected data traces, we build two dif-
ferent powermodels based onwhether there is data transmis-
sion (video downloading) or not.

When there is no data transmission, i.e., the smartphone
plays the buffered video segment, the power consumption
(denoted by Pb) is only affected by the video bitrate. For
high bitrate video, more data will be processed such as
decoding and rendering, and hence more power will be
consumed. Since Pb increases with the video bitrate, Pb is
modeled as a linear function of the video bitrate. With the
least squares regression method, we can get the fitted curve
as shown in Fig. 4b.

With data transmission, the power consumption (denoted
by Pt) is affected by both video downloading and video proc-
essing, and hence it is affected by the bitrate (b) and the wire-
less signal strength (s). To model the relationship between
power consumption and these two factors, we use the qua-
dratic function [23] for curve fitting. Fig. 4c shows the fitted
surface, where the R-square value of the fitting is 0.9866,
which means a very high accuracy. The results are summa-
rized in Table 4, where the video bitrate b is in terms of Mbps,
the signal strength s is in terms of dBm and the power level is
inmW.

Energy Consumption of Task Tj
i . Based on our power mod-

els, we can calculate the energy consumption of video
streaming which consists of a set of tasks. We calculate the
energy of task Tj

i based on if there is rebuffering.
Case (a) (No Rebuffering). When there is no rebuffering, the

energy consumption of task Tj
i depends on the relationship

among L, b, Bi, and the downloading time Si
Ri
, where Si is the

segment data size andRi is the downloading throughput.
If the video length of the downloaded but not yet viewed

video after downloading the ith segment is less than the
buffer threshold b, i.e., ðBi � Si

Ri
þ LÞ < b, the video player

starts to download the next segment when Tj
i is completed.

In this case, the energy of task Tj
i is the energy consumed

during the period of downloading the ith segment.

TABLE 3
The Parameters of QoE Model

Coefficient c1 c2 c3 c4 c5

Value 1.036 0.429 0.782 -0.782 0.0648

Fig. 4. (a) Experimental setup for measuring power consumption. (b) The power model when there is no data transmission. (c) The power model
when there is data transmission.

TABLE 4
The Power Models

State Power (mW)

Without data trans. PbðbÞ ¼ 1121:5þ 24:71b

With data trans. Ptðb; sÞ ¼ 2301:2þ 439:6b
�41:57b2 � 2:96s� 0:047s2
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If the buffered data after downloading the ith segment
reaches b, i.e., ðBi � Si

Ri
þ LÞ � b, the player stops the down-

loading process and waits until the buffered video is less
than b before downloading the next segment. In this case,
the energy of task Tj

i includes the energy consumed during
the period of downloading the ith segment, and the energy
consumed during the waiting period before starting to
download the next segment.

Since the buffered data when the player downloads the ith
segment is Bi, there are k ¼ d�Bi=Le video segments in the
buffer, where the ði� kÞth video segment is being played.
Thus, we usePtðbi�k; sÞ to calculate the energy consumeddur-
ing the period of downloading the ith segment. If more than
one video segments will be played during the downloading
period, since the power consumption Pt varies with video
bitrate, we calculate the energy consumed during the down-
loading period by summing up the energies consumed when
different bitrate videos being played during the downloading
period. Since the waiting time is less than L, i.e., the ði� kÞth
video segment is being played during the waiting period, we
use Pbðbi�kÞ to calculate the energy consumed during the
waiting period. Pt andPb can be calculated based on Table 4.

In summary, the energy of task Tj
i when there is no

rebuffering can be calculated with Equation (8), where
ðxÞþ ¼ maxfx; 0g.

EaðTj
i Þ ¼ Ptðbi�k; sÞ

 
Si

Ri
� ðdSi=Ri=Le � 1ÞL

!

þ
XdSi=Ri=Le�1

g¼1
Ptðbi�kþg; sÞL

þ Pbðbi�kÞ
 
Bi � Si

Ri
þ L� b

!
þ
:

(8)

Case (b) (Rebuffering). When there is rebuffering, i.e., Bi <
Si
Ri
, we can divide the video downloading into two parts: Bi

and Si
Ri
�Bi. During the first part, the buffered video data is

played out; while there is no video playback during the sec-
ond part, i.e., rebuffering. We calculate the energy of Tj

i by
summing up the energy consumptions of these two parts.
Since there is no video playback during the rebuffering, we
use Ptð0; sÞ to calculate the energy consumed by download-
ing video during the rebuffering. Thus, the energy con-
sumption of Tj

i when there is rebuffering can be calculated
with Equation (9).

EbðTj
i Þ ¼ Ptðbi�k; sÞðBi � ðk� 1ÞLÞ

þ
Xk�1
g¼1

Ptðbi�kþg; sÞL

þ Ptð0; sÞ Si

Ri
�Bi

� �
:

(9)

In summary, the energy of task Tj
i can be calculated with

Equation (10).

EðTj
i Þ ¼

EaðTj
i Þ; if Si

Ri
� Bi

EbðTj
i Þ; otherwise

(
: (10)

3.4 Problem Formulation

In this subsection,we formalize the context-aware and energy-
aware video streaming problem. To determine the right bitrate
for each video segment (task), we introduce a binary variable
hij for bitrate selection, where hij ¼ 1 if the video segment in
task Ti is encodedwith bitrate index j, i.e., Tj

i ; otherwise, hij ¼
0. Since only one bitrate is selected for each task,

PV
j¼1 hij ¼ 1.

In our context-aware and energy-aware video streaming,
the goal is tominimize the energy consumption andmaximize
the QoE, and this can be achieved by selecting the right bitrate
for each video segment downloaded in each task. This is a
multi-objective optimization problem, and we apply the
weighted summethod [24] to formalize it. For task Tj

i , the QoE
(QðTj

i Þ) can be calculated with Equation (1), and the energy
consumption (EðTj

i Þ) can be calculated with Equation (10).
Then, the optimization problem can be formulated as follows.

min
Xn
i

XV
j

hij g
EðTj

i Þ
EðTV

i Þ
� ð1� gÞ QðT

j
i Þ

QðTV
i Þ

 !

s:t:
XV
j¼1

hij ¼ 1; for 8i:
(11)

The objective of this optimization problem is to minimize
energy and maximize QoE under the constraint that only
one bitrate is selected for each task,

PV
j¼1 hij ¼ 1. Since

EðTj
i Þ and QðTj

i Þ are measured using different units, they
are normalized with the highest bitrate (i.e., EðTV

i Þ and
QðTV

i Þ). g is a weighting factor. With a smaller g, the optimi-
zation problem puts more weight on maximizing QoE; with
a larger g, minimizing energy is more important.

4 CONTEXT-AWARE AND ENERGY-AWARE VIDEO

STREAMING

In this section, we present our context-aware and energy-
aware video streaming algorithms. We first present an opti-
mal algorithm which requires knowledge of all future tasks.
Since it is impossible to have such knowledge in practice,
we present an online bitrate selection algorithm by remov-
ing such assumption. In addition, we propose a crowd-
sourcing based bitrate selection algorithm.

4.1 The Optimal Algorithm

For a video streaming consisting of n tasks, our goal is to
find bitrate decisions to minimize the energy and maximize
the QoE. The process of determining the right bitrate for
each video segment (each task) can be mapped to the short-
est path problem [10], as shown in Fig. 5.

Let node Ts and Te denote the start and end of the video
streaming process, respectively. Since there are V bitrates
available, we add V nodes for each task (Ti), where Tj

i corre-
sponds to the video segment downloaded in Ti and it is
encoded with bitrate index j. As shown in Fig. 5, we add
edges from Ts to each node of T1, and from each node of Tn

to Te. We add an edge from each node of task Ti to all V
nodes of the next task. By considering both energy con-
sumption and QoE, the weight of an edge is defined as

ðg EðTj
i
Þ

EðTV
i
Þ � ð1� gÞ QðT

j
i
Þ

QðTV
i
ÞÞ. For edges from nodes of Tn to Te,

their weights are defined as 0.
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In this graph, we consider all bitrate cases of each task
and all possible schedule paths between tasks, so each path
from Ts to Te maps to a bitrate selection sequence for the
video streaming, and vice versa. As a result, the shortest
path from Ts to Te corresponds to the optimal bitrate selec-
tion of all tasks in the video streaming process such that the
QoE is maximized and the energy is minimized.

Based on the graph, we can use the Dijkstra’s algorithm
to find the shortest path. Given a video streaming process
consisting of n tasks, the graph has OðnV Þ nodes and
OðnV 2Þ edges. As the time complexity of the Dijkstra’s algo-
rithm is OððN þ EÞlogNÞ, where N is the number of nodes
and E is the number of edges, the time complexity of the
optimal algorithm is OðnV 2logðnV ÞÞ.

4.2 The Online Bitrate Selection Algorithm

Since the optimal algorithm requires the complete knowl-
edge of all future tasks, which is impossible in practice, it
can only be served as a performance upper bound. In this
subsection, we propose an online bitrate selection algo-
rithm, which first estimates the available bandwidth and
the vibration level, and then determines the right bitrate for
each video segment.

To estimate the network bandwidth, similar to [2], we
use the harmonic mean of the downloading throughput of
the past several segments to estimate the network band-
width. Since the network condition varies widely during
video streaming, especially when the user is on a moving
vehicle, some downloading throughput can be much higher
or lower than others among the past several segments. The
harmonic mean is used to eliminate the impacts of these
fluctuations.

The vibration level is estimated based on the collected accel-
erometer data in a time window from the current time to the
previous 0:2 � b, where b is small, i.e., 30 seconds. This vibra-
tion level is used to determine the right bitrate for the video
segment. Since the player buffer threshold (b) is very small,
the downloaded video segment will be played after very short
time. Since the time interval between the video downloading

and the video playback is very small, the vibration level when
downloading video can be used to estimate the vibration level
when the downloaded video is played.

Based on the estimated bandwidth and the vibration
level, the online bitrate selection algorithm can calculate the
energy consumption (EðTj

i Þ) and the user perceived QoE
(QðTj

i Þ) when downloading the ith video segment encoded
with bitrate j. To minimize energy and maximize QoE, we
apply the same objective function of Equation (11), i.e.,

g
EðTj

i
Þ

EðTV
i
Þ � ð1� gÞ QðT

j
i
Þ

QðTV
i
Þ .

Algorithm 1. The Online Bitrate Selection Algorithm

Input: L, b, g, Bi, previous bitrate ji�1
Output: ji: bitrate level for segment i

1: bRi  estimated bandwidth
2: bvi  vibration calculated with Eq. (5)

3: j
?

i  argminj2f1;...;V gðg
EðTj

i
Þ

EðTV
i
Þ � ð1� gÞ QðT

j
i
Þ

QðTV
i
ÞÞ

4: if j
?

i > ji�1 then
5: j

?

i  ji�1 þ 1
6: else if j

?

i < ji�1 then
7: j

?

i  maxfjjj2fj?i ; . . . ; ji�1gandð
S
j
ibRi

� BiÞg
8: //Sj

i : data size of segment i at bitrate j
9: end
10: return j

?

i

The online bitrate selection algorithm is described in
Algorithm 1. Due to network variations, a sudden large
bitrate increase may result in more rebuffering events and
frequent bitrate changes, and a sudden large bitrate drop
may lead to severe QoE impairment. To deal with these
problems, the online algorithm first computes a reference
bitrate for the ith video segment (line 4) based on Equa-
tion (11). Then, it determines the final bitrate, based on the
relationship between the reference bitrate and the bitrate of
the previous video segment.

If the reference bitrate is higher than that of the previous
video segment, the algorithm does not immediately jump to
the reference bitrate, as the reference bitrate can be several lev-
els higher than that of the previous segment. Instead, for each
bitrate increase, the algorithm selects the bitrate which is one
level higher than the bitrate of the previous video segment
(line 5-6). This gradual bitrate change reduces the QoE
impairment caused by frequent bitrate changes due to net-
work variations. If the network bandwidth is consistently
high, i.e., the reference bitrate is higher than the bitrate of the
previous video segment for consecutive video segments, the
video bitrate will gradually increase to the reference bitrate.

If the reference bitrate is lower than that of the previous
video segment, the algorithm does not immediately drop to
the reference bitrate to reduce the QoE impairment. Instead,
for each bitrate decrease, the online algorithm searches
from the bitrate of the previous video segment to the refer-
ence bitrate, and finds the first bitrate which can be used to
successfully download the video segment before the buff-
ered data is drained out (line 7-9). If the network bandwidth
is consistently low, i.e., the reference bitrate is lower than
the bitrate of the previous video segment for consecutive
video segments, the video bitrate will eventually decrease
to the reference bitrate.

Fig. 5. Mapping the context-aware and energy-aware video streaming
problem to the shortest path problem.
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4.3 The Crowdsourcing Based Algorithm

The proposed online bitrate selection algorithm can estimate
the available bandwidth and the vibration level, and then
determine the right bitrate for each video segment; however,
it underperforms the optimal algorithm which has the com-
plete knowledge of all future tasks. For example, on a moving
vehicle, the network condition may dramatically change dur-
ing some time period. Then, using the downloading through-
put of the past several segments measured long time ago for
bandwidth prediction may not be accurate. Similar problems
exist for vibration prediction. To further improve the perfor-
mance of the online algorithm, we propose a crowdsourcing
based approach for bandwidth and vibration prediction; i.e.,
bandwidth and vibration value of each location can be pre-
dicted using the downloading throughput and vibration val-
ues collected from other users at (or around) this location.
Although crowdsourcing based approaches have been pro-
posed for video streaming [15], [16], most of them focus on
maximizingQoE, andnone of them considers energy and con-
text issues.

In crowdsourcing, mobile devices collect data tuples such
as bandwidth, vibration, and capture time for each location
during video streaming, and then upload these data to the
server. Since the crowdsource data (e.g., along the commute
route) usually do not frequently change, the crowdsourced
data can be downloaded to the client beforehand. In a stream-
ing session, the client can quickly obtain the crowdsourced
data base on the current location and perform bandwidth and
vibration prediction. Based on the predicted bandwidth and
vibration, the client determines the best quality level for the
video segment to be downloaded. Next, we first describe the
data collection and query process, the bandwidth and vibra-
tion prediction method, and then present the crowdsourcing
based bitrate selection algorithm.

Data Collection and Query. The server maintains the
records of previouslymeasured bandwidth and vibration val-
ues associated with their locations (i.e., GPS coordinates),
which can be uploaded by the clients during video streaming.
The data tuple for each location is represented as <
loc; time; bw; vib > , where loc is the GPS coordinate, time is
the timestamp when data is recorded, bw is the downloading
throughput, and vib is the vibration value which can be calcu-
latedwith Equation (5).

When downloading a video segment, the client queries the
server for the bandwidth and vibration values by sending its
current location and moving speed to the server. To reduce
the query delay and save energy, we propose the following
solution. Since the crowdsourced data usually do not fre-
quently change, the client can download such data daily (or
several days) when charging at home, similar to travelers
downloading google map beforehand to avoid using data
plan. The data size should not be too large since each data
tuple only takes several bytes, and the client only needs to
download data in one area, e.g., along the commute route.
Then, the query will be very simple, similar to offline Google
map,where the client queries are based on the current location
and immediately obtain the bandwidth and vibration level.

In a video streaming session, the network bandwidth and
vibration level for downloading each video segment can be
predicted based on the crowdsourced data, as detailed in
the following subsection.

Bandwidth and Vibration Prediction. Fig. 6 illustrates the
concept of bandwidth and vibration prediction. In the
figure, green triangles (called sample locations) represent
the locations where bandwidth and vibration values of
other users (bus or train riders) were collected, and the red
star (called downloading location) represents the location
where the video segment will be downloaded. Since band-
width and vibration values do not change too much within
a small area, the bandwidth and vibration values of the cur-
rent user can be estimated using those of adjacent locations.
We use the bandwidth and vibration values of theK nearest
sample locations to make prediction; i.e., the weighted aver-
age of the values at the sample points. Since the values at
the sample locations close to the downloading location are
more relevant than those far away, we assign larger weight
to closer samples. More specifically, we apply an inverse
distance weighted (IDW) interpolation [25] for the estima-
tion. IDW assigns greater weights to the values of the sam-
ple locations closer to the downloading location, and the
weights diminish as a function of distance. The bandwidth
(or vibration) value R at the downloading location l can be
calculated with Equation (12).

R ¼
PK

i¼1 wi �RiPK
i¼1 wi

; (12)

where Ri the network bandwidth at the sample location li,
wi ¼ 1

dðli;lÞp is the weight, dðli; lÞ represents the distance
between the sample location li and the downloading loca-
tion l, and p is the power parameter that determines the rate
at which the weights decrease. We set p ¼ 2 for the experi-
ments. Since network bandwidth varies with time and loca-
tion, bandwidth prediction using only the crowdsourced
data (which may be scarce at some locations) may not reflect
the real network condition. That is, for downloading video
segment at some locations, bandwidth prediction may be
inaccurate if we use the bandwidth samples far away. Simi-
larly, bandwidth prediction may be inaccurate if we use the
bandwidth samples collected at a different time period (i.e.,
predicting bandwidth at day time using samples collected
at midnight).

To address this issue, we only use the crowdsourced data
within a predefined spatial region (e.g., 1,000 square meters)
and a time period (within two hours). Then, we use the
downloading throughput of the past K segments to cali-
brate the prediction. Specifically, we use the weighted

Fig. 6. Crowdsourcing based prediction.
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average network throughput, which is expressed as Equa-
tion (13).

bRi ¼ vi
bRs
i þ ð1� viÞ bRt

i; (13)

where bRs
i is the estimated bandwidth calculated using the K

nearest crowdsourced bandwidth samples, bRt
i is the esti-

mated bandwidth calculated using the past K downloading
throughput, and vi indicates the confidence of using the
crowdsourced data to estimate the network bandwidth. The
calibrating factor vi is adaptively updated and is defined as
vi ¼ 1

1þjbRs
i�1�Ri�1j=Ri�1

, where Ri�1 denotes the throughput

when downloading task Ti�1. With a larger vi value, i.e.,bRs
i�1 is close to Ri�1, we put more weight on bRs

i .
Crowdsourcing Based Bitrate Selection Algorithm

Algorithm 2. The Crowdsourcing Based Bitrate Selection
Algorithm

Input: L, b, g, Bi, previous bitrate ji�1
Output: ji: bitrate level for segment i

1: bR½i;iþw�1�  bandwidth for segments ½i; iþw�1�
2: bv½i;iþw�1�  vibration for segments ½i; iþw�1�
3: for t i toi + w -1 do
4: for jt  1 to V do
5: UðFt; jtÞ ¼ minjt�12f1;...;V gfUðFt�1; jt�1Þ þ OðFt�1; jt�1Þg
6: // record the optimal solution
7: prevðFt; jtÞ ¼ jt�1
8: // update system state
9: Ft ¼ fðFt�1; bRt�1; bvt�1; jt�1Þ
10: end
11: end
12: Backtrack from prevðFiþw�1; jiþw�1Þ to find the optimal ji
13: return ji

In our online bitrate selection algorithm, the bitrate is
selected based on the predicted bandwidth and vibration
level for the next video segment. Due to large bandwidth
and vibration variations, the online algorithm may select a
bitrate too big or too small, and then affect the QoE. One
nature solution is to consider several video segments in the
future when making bitrate selections. However, this is
hard for the online algorithm, where the bandwidth predic-
tion becomes less accurate for future video segments. With
crowdsourcing based solution, we can predict the band-
width and vibration level of multiple video segments in the
future, based on which we can choose a better bitrate. To
achieve this goal, we apply an Model Predictive Control
(MPC) based optimization framework [20], which is widely
used to optimize a complex control objective in a dynamical
system under constraints.

In MPC, the video streaming process is modeled as a dis-
crete-time dynamical system, where the system state when
downloading video segment i is defined by the buffered
data Bi and the bitrate level for previous segment ji�1; i.e.,
Fi ¼< Bi; ji�1 > . The system state evolves based on the
video bitrate selected for segment i; i.e., the buffered video
when downloading video segment iþ 1 becomes Biþ1 ¼
maxðBi � Si

Ri
; 0Þ þ L�4ti, where Si is the data size of video

segment i encoded at bitrate ji, L is the length of the video
segment, and 4ti is the waiting time. If the buffered video

data reaches the buffer threshold b, the player waits for 4ti
before requesting segment iþ 1; i.e., 4ti ¼ maxðmaxðBi �
Si
Ri
; 0Þ þ L� b; 0Þ. The system dynamics are summarized as

Fiþ1 ¼ fðFi; Ri; vi; jiÞ.
For a state transition from Fi to Fiþ1 (denoted as

Fi

½!�jiFiþ1), the objective is to minimize energy and maxi-
mize QoE as shown in Equation (11); i.e., OðFi; jiÞ ¼
g

EðTji
i
Þ

EðTV
i
Þ � ð1� gÞ QðT

ji
i
Þ

QðTV
i
Þ . We use MPC to optimize the aggre-

gate objective of the next several video segments. Specifi-
cally, given the predicted bandwidth bR½i;iþw�1� and vibration
level bv½i;iþw�1� during the next w video segments, MPC is
used to optimize the aggregate objective of these w video
segments. The MPC based optimization problem can be
expressed as follows.

min
Xiþw�1
t¼i
OðFt; jtÞ

s:t: Ftþ1 ¼ fðFt; bRt; bvt; jtÞ;
(14)

where w is the optimization window size. It searches the
bitrate levels j½i;iþw�1� that maximize the aggregate objective
within the optimization window, and then requests video
segment i encoded at bitrate level ji. In the next interval, the
optimization window is moved forward to ½iþ 1; iþ w� to
determine the video bitrate for segment iþ 1. This bitrate
selection process repeats for the remaining video segments.

Although a brute force search can find an optimal solu-
tion for Equation (14), its computational complexity is
OðV wÞ, where V is the number of bitrate levels. There will
be a state explosion problem for large w. To efficiently find
the solution for Equation (14) in practice, we propose a
dynamic programming based approach. Based on the fact
that the accumulative objective at segment iþ 1 depends
on the solution at segment i and the transition Fi

½!�jiFiþ1,
the Bellman equation for the dynamic programming
is UðFiþ1; jiþ1Þ ¼ minji2f1;...;V gfUðFi; jiÞ þ OðFi; jiÞg, where
UðFi; jiÞ is the optimal utility up to segment i with bitrate
level ji. The algorithm is described in Algorithm 2, which
computes the optimal solution for each segment within the
optimization window based on the optimal solution to the
previous segment (i.e., the Bellman equation). After the
algorithm is terminated, the right bitrate ji for segment i
can be computed by back tracking the solution selected for
the last segment in the optimization window.This will
reduce the time complexity to OðwV Þ.

5 PERFORMANCE EVALUATIONS

In this section, we evaluate the performance of the proposed
algorithms through extensive trace-driven simulations and
compare it with other existing algorithms.

5.1 Experiment Setup

We collect traces by watching videos from Youtube
using LG Nexus 5X smartphone. Subjects watch five vid-
eos with various video length and data size, and under
different contexts, as shown in Table 5. We collect three
kinds of traces: the network trace by using tcpdump to
extract the downloading time and the downloading data
size, the signal strength trace by using a ADB shell, and
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the accelerometer data in the smartphone. For simulations,
each video is cut into 2 seconds segments and is encoded
with fourteen bitrates, i.e., {0.1, 0.2, 0.24, 0.375, 0.55, 0.75, 1.0,
1.5, 2.3, 2.56, 3.0, 3.6, 4.3, 5.8} Mbps. We set the buffer thresh-
old b ¼ 30 seconds. We equally consider minimizing energy
andmaximizing QoE; i.e., g ¼ 0:5.

Based on these traces, we compare the performance of
the following approaches.

� Youtube: Video streaming with the original You-
tube app at a bitrate of 5.8 Mbps (i.e., with resolution
of 1080p).

� FESTIVE [2]: A throughput-based bitrate adapta-
tion approach, which uses the harmonic mean of the
past several throughput measurements to estimate
the available bandwidth, and then selects the highest
available bitrate that is just below the estimated
bandwidth.

� BBA[26]: A buffer-based bitrate adaptation approach.
BBA uses throughput to control video bitrate at the
startup phase. After reaching the steady state, BBA
maps the current buffer level to bitrate selection using
a linear function.

� OBA: The online bitrate selection algorithm, which
selects the bitrate that minimizes energy and maxi-
mize QoE.

� CBA: The crowdsourcing based bitrate selection algo-
rithm, which selects the bitrate that minimizes
energy and maximize QoE. Different from OBA, it
uses crowdsourced data for bandwidth prediction
and vibration prediction.

� Optimal: The optimal algorithm, which has the
complete knowledge of all future tasks.The Optimal
algorithm is impossible to achieve in practice, so it
only provides a performance upper bound.

5.2 Performance of Crowsourcing Based
Bandwidth and Vibration Prediction

As shown in Fig. 7, we use the bandwidth and vibration
traces measured when watching video on a moving vehicle
to evaluate the performance of the crowdsourcing based
approach for bandwidth and vibration prediction. On the
same route from location A to B, as shown in Fig. 7a, we
conducted multiple experiments to collect traces by watch-
ing videos from Youtube. The network traces are collected
by using Tcpdump to extract the downloading time and the
downloading data size. All packets with an interval less
than one second are considered as the same downloading
task. Fig. 7a shows an example of the downloading tasks for
one experiment, where each dot in the figure represents the
location where a video downloading task takes place.
Fig. 7b shows the bandwidth and vibration traces for the
experiment in Fig. 7a, where red dots on the traces corre-
spond to the downloading tasks in Fig. 7a.

For the two proposed algorithms (OBA and CBA), the
performance is affected by the bandwidth and vibration
prediction, where the best (worst) prediction scenario will
be the best (worst) performance scenario for the approach.
Fig. 8 compares the prediction result of the crowdsourcing
based approach (i.e., OBA) and the harmonic mean
approach (i.e., CBA). As can be seen, the crowdsourcing
based approach can react to network variations better than
the harmonic mean approach. For example, the harmonic
mean approach underestimates the network bandwidth
from the 26th to 32th downloading task, leading to down-
loading video segments at low quality. In contrast, when
the network condition drops from the 33th to 39th down-
loading task, the harmonic mean approach overestimates
the network bandwidth by using the downloading through-
put (that is high) of the past segments. As a result, rebuffer-
ing events may take place if the client keeps requesting
video segments encoded at high bitrate that is much greater
than the network capacity. Fig. 10 compares the Mean Abso-
lute Error (MAE) of these two approaches. MAE is the error
calculated as an average of the absolute difference between
the predicted value and the ground truth; i.e., MAE ¼
1
n

Pn
i¼1 jyi � byij, where byi is the prediction and yi is the true

value. As can be seen, compared to the harmonic mean
approach, the crowdsourcing based approach can improve
bandwidth prediction by up to 75 and 77 percent for vibra-
tion prediction.

TABLE 5
Video Traces

Video ID Length (sec) Data size (MB) Avg. vibration

1 198 65.1 6.83
2 371 123.8 2.46
3 449 140.6 6.61
4 498 152.2 6.41
5 612 173.1 5.23

Fig. 7. (a) Video streaming on a moving vehicle along the route from location A to B, where each dot represents the location a downloading task hap-
pens. (b) The throughput and vibration traces.
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5.3 Energy Comparison

The energy consumption is calculated based on the power
models shown in Section 3.3. As shown in Fig. 9a, we compare
the energy consumption of different approaches based on the
measured traces. As can be seen in the figure, compared to
Youtube which downloads video segments at bitrate of 5.8
Mbps and consumes the most energy, other five approaches
can save energy due to the bitrate adaptations. FESTIVE
always downloads video segments encoded at the highest
available bitrate that is just below the estimated bandwidth,
and consumesmuch energy. BBA ismore aggressive to down-
load higher bitrate segments after the buffer reaches the
steady state, i.e., BBA requests the highest bitrate after the
buffered data is larger than the pre-defined upper threshold,
thus consumes much more energy compared to FESTIVE.
Compared to FESTIVE and BBA, OBA can save more energy,
since OBA takes into account the context of video streaming
and download low bitrate videos when the vibration level is
high. As shown in Fig. 9b, OBA can save 33.3 percent energy
on average, which is very close to Optimal (36.2 percent), and
is much higher than FESTIVE (7 percent) and BBA (3.9 per-
cent). By using the crowdsourcing based approach for band-
width and vibration prediction, CBA can reduce the energy
consumption by 34.8 percent.

As shown in Fig. 9c, we separate the total energy con-
sumption during video streaming into two parts: base
energy and extra energy consumption. The base energy is
the energy consumed when all video segments are encoded
with the lowest bitrate, which includes the energy con-
sumed by the screen and the energy consumed by data
transmission and video processing. Thus, the base energy is
the minimum energy consumption for video streaming. All
video streaming approaches will try to choose bitrates
higher than the lowest bitrate to improve QoE, at the cost of
more energy consumption. The extra energy is the energy
difference between the energy consumed by the selected
video streaming approach and the base energy. As shown
in Fig. 9b, when only considering the extra energy, CBA can
save 78.7 percent energy which is very close to Optimal
(80.5 percent), and it is much higher than FESTIVE (14.6 per-
cent) and BBA (8.1 percent). For smartphones with smaller
screen size, the base energy part will be smaller and then
the total energy consumption will be smaller. Relatively
speaking, the energy saving will be more significant since
the denominator is smaller.

5.3.1 Video Playback versus Data Transmission

To further analyze the energy consumption, we separate the
total energy consumption during video streaming into two
parts: energy consumption for data transmission and
energy consumption for video playback. For each video, we
first identify the download periods and the signal strength
during each download period from the collected data traces.
We then calculate the energy consumption using the power
models shown in Section 3.3. As shown in Table 4, Ptðb; sÞ
indicates the power consumption affected by both data
transmission and video playback, and PbðbÞ indicates the
power consumption during video playback only. We calcu-
late the energy consumption for data transmission as
Ptðb1; sÞ � Pbðb2Þ times the duration of download periods,

Fig. 9. (a) Comparison of different approaches on energy consumption.
(b) Energy saving compared to Youtube. (c) The base energy and the
extra energy for trace 1.

Fig. 8. (a) Throughput prediction. (b) Vibration prediction.

Fig. 10. Mean absolute error for bandwidth prediction (a) and vibration prediction (b).
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where b1 and b2 are the bitrate of the video segment being
downloaded and the bitrate of the video segment being
played during the video downloading period, respectively.
Then the energy consumption for video playback during
the whole video streaming process can be calculated as the
energy difference between the total energy consumption
and the energy consumption for data transmission.

Taking video 1 as an example, the energy consumption for
data transmission and video playback is shown in Fig. 11. As
can be seen in Fig. 11a, Youtube consumes themost energy for
video playback compared to other five approaches. This is
because, for high bitrate video, more data will be processed
such as decoding and rendering, and hence more energy will
be consumed. Compared to Youtube, as shown in Fig. 11b,
the energy saving for video playback is 8 percent for OBA,
which is twice (three times) of that for FESTIVE (BBA). The
energy saving will be more significant if we compare the
energy consumption for data transmission. As can be seen in
Fig. 11b, compared to Youtube, CBA can save up to 81.3 per-
cent energy for data transmission, which is close to Optimal
(84.1 percent), and it is much higher than FESTIVE (20.2 per-
cent) and BBA (11.9 percent). This is because the power con-
sumption of the wireless interface is high when it is turned on

during data transmission, and is much lower when the inter-
face is turned off. Approaches, such as Youtube, FESTIVE and
BBA, request high bitrate video segments and consume more
energy, since the wireless interface stays on for long time to
download large amount of data.

5.3.2 Power Model Validation

To validate the power models, we compare the energy con-
sumption measured by the Monsoon power monitor and
the energy consumption calculated using the power models.
For each video, we first identify the download periods from
the packet trace obtained by Tcpdump, and obtain the sig-
nal strength during each download period from the signal
strength trace. We then calculate the energy consumption
using the power models shown in Section 3.3. Here we
show an example when the signal strength is -90 dBm. The
energy consumption for different bitrate videos based on
the real power trace is shown in Table 6. The calculated
energy consumptions are very close to the real measure-
ments, which indicates that our power models are pretty
accurate. The error ratio is consistently less than 3 percent,
with an average of 1.43 percent. Note that the power model
is dedicated for the specific smartphone used in this
research and can be enhanced by considering other factors
such as the current level of the battery.

5.4 QoE Comparison

Fig. 12a compares the QoE of all approaches. As can be seen,
Youtube outperforms other approaches for all traces
because Youtube requests all video segments at the highest
bitrate, and it suffers no quality impairment from bitrate
changes. However, the QoE gap between Youtube and
others is very small. This is because the QoE for video
streaming on smartphones does not improve too much

Fig. 11. (a) Energy consumption for video playback and data transmission. (b) Energy saving compared to Youtube.

TABLE 6
The Power Model Validation

Bitrate
(Mbps)

Measured
energy (J)

Calculated
energy (J)

Error
ratio

5.8 708.13 713.59 0.77%
3.0 648.69 658.62 1.53%
1.5 637.36 622.55 2.32%
0.75 615.69 609.79 0.96%
0.375 608.04 597.75 1.69%
0.1 597.02 589.38 1.28%

Fig. 12. (a) Comparison of QoE for each trace. (b) The average QoE for each approach. (c) QoE degradation compared to Youtube.
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when the video bitrate is very high, and the perceived qual-
ity is highly affected by the vibrating environment. Com-
pared to other traces, the QoE for trace 2 is much better for
all approaches due to its low vibration level.

The overall QoE for all approaches is shown in Fig. 12b. It
can be seen that OBA can achieve very high QoE. This is
because OBA considers the network bandwidth and the
vibration level when selecting video bitrate for each video
segment. OBA requests video segments encoded at the
most suitable bitrate under the vibrating environment, and
thus gains high QoE. After reaching the steady state, BBA is
aggressive to request higher bitrate videos, and thus gains
higher QoE at the cost of higher energy consumption.
Fig. 12c shows the QoE degradation compared to Youtube.
Compared to Youtube, the average QoE degradation of
CBA is 3.2 percent, which is better than OBA (3.6 percent),
and similar to FESTIVE (3.5 percent), Optimal (2.9 percent),
and BBA (2.2 percent).

5.4.1 Bitrate Changes and Rebuffering Events

As described in Section 3.2, the quality impairment during
data transmission includes the impact of rebuffering events
and bitrate changes. Here we show an example of video 1. As
can be seen in Figs. 13a and 13b, Youtube requests all video
segments at the same quality (i.e., the highest bitrate), and suf-
fers no quality impairment from bitrate changes. FESTIVE
generates the most number of bitrate changes due to the net-
work fluctuations, because it always requests video segments
encoded at the highest available bitrate that is just below the
estimated bandwidth. BBA gradually increases video bitrate
before reaching the steady state, and thus generates a number
of bitrate changes. After the buffered data is larger than the
predefined threshold, BBA always requests video segments at
the highest bitrate and thus generates less number of bitrate
changes compared to FESTIVE. In contrast, OBA generates
much less number of bitrate changes (i.e., up to 70 percent less
than that of FESTIVE) by considering the network conditions
and the context of video streaming. OBA limits sudden bitrate
changes; i.e., bitrate increase and then drop due to network
fluctuations.

Figs. 13c and 13d compare the rebuffering events of all
approaches. Rebuffering event happens when the video seg-
ment cannot be successfully downloaded in time before the
buffered video data drains out. As can be seen, Youtube
generates the most number of rebuffering events, which is
four times of FESTIVE and twice of BBA. This is because
Youtube always downloads video segments encoded at the
highest bitrate, and thus has the highest probability of

encountering rebuffering events when the network condi-
tion suddenly varies. Compared to FESTIVE, BBA is more
aggressive to download higher bitrate segments after reach-
ing the steady state, and thus generates more number of
rebuffering events. As can be seen, CBA and OBA do not
generate any rebuffering events, since they request video
segments encoded at the most suitable bitrate under the net-
work conditions and the vibrating environment.

5.5 Impact of Parameter g

For context-aware and energy-aware video streaming, our
goal is to minimize energy and maximize QoE. As shown in
Figs. 9 and 12, for trace 3, CBA save up to 34.5 percent
energy at the cost of only 2.8 percent QoE degradation. We
use the ratio of energy saving over QoE degradation to eval-
uate the overall performance, and the result is shown in
Fig. 14. The weighting factor g directly affects the objective
of the optimization problem in Equation (11). To see the
impact of g on the performance, we run experiments with
different g values that ranges from 0.1 to 0.9, with the inter-
val of 0.1. Note that parameter g does not affect the bitrate
decisions (i.e., the streaming performance) for FESTIVE and
BBA. As can be seen in Fig. 14, the ratio decreases as g

increases. This is because with a smaller g, the optimization
problem puts more weight on maximizing QoE; i.e., the
ratio becomes large when QoE degradation is very small. In
contrast, with a larger g, the optimization problem priorities
minimizing energy consumption.

Taking g ¼ 0:5 as an example, i.e., we equally consider
minimizing energy and maximizing QoE. On average, OBA
achieves better performance compared to FESTIVE (4.8X)

Fig. 13. (a) The number of bitrate changes. (b) The average magnitude of bitrate change. (c) The number of rebuffering events. (d) The average
rebuffering duration.

Fig. 14. The ratio of energy saving over QoE degradation.
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and BBA (5.1X). This is because the QoE does not improve
too much when the bitrate is very high for video streaming
on smartphones and is highly affected by the vibrating envi-
ronment, FESTIVE and BBA waste too much energy on
maintaining high bitrate video streaming in the vibrating
environment. As also can be seen, CBA can further improve
OBA by twenty percent in terms of the ratio of energy sav-
ing over QoE degradation.

5.6 Comparisons of Vibration Based Schemes

In the previous subsections, we compared the performance
of the proposed algorithms with others. In this subsection,
we compare it to a simple vibration based approach (called
VBA), which is based on a simple lookup table of vibration
level to select the bitrate for video segments. Since each
video is encoded with fourteen bitrates and the vibration
level is less than seven most of time in our experiments, we
can define the lookup table as a mapping function, i.e., j ¼
minð13;maxð14� intð2 � vÞ; 0ÞÞ, where v is the vibration
level and j is the bitrate level (j ¼ 13 represents the highest
bitrate and j ¼ 0 represents the lowest bitrate).

Fig. 15 shows the energy saving and QoE degradation of
OBA andVBA compared to Youtube. As can be seen, for trace
1, VBA can save 44.3 percent energy which is slightly better
than that of OBA (with g ¼ 0:5). However, the QoE degrada-
tion of VBA (46.9 percent) is much larger than that of OBA
(4.5 percent), since VBA downloads all video segments at
very low bitrate (i.e., at an average bitrate of 0.212 Mpbs). By
contrast, VBA consumes more energy than OBA for trace 2
where the vibration levels are low, because it always down-
loads high bitrate video segments. However, the QoE of VBA
is lower than that ofOBAdue to high frequency of rebuffering
events and bitrate changes. Compared to Youtube, OBA can
save 33.3 percent of energywhen all five traces are considered,
at the cost of 3.6 percent QoE degradation, which is much bet-
ter than that of VBA (i.e., 36.4 percent energy saving at the
cost of 34.5 percent QoE degradation). Different form VBA,
OBA selects bitrate considering both available bandwidth
and vibration level.Moreover, it relies on optimization techni-
ques tomaximizeQoE andminimize energy based on the net-
work bandwidth and the vibration level. Thus, OBA can
performmuch better than VBA which simply maps vibration
level to bitrate selection. Note that our CBA algorithm per-
forms better thanOBA, and then ismuch better than VBA.

6 RELATED WORK

QoE. There has been considerable research on maximizing
QoE for DASH based video streaming. Researchers [19],

[27] have proposed to model QoE for DASH based video
streaming with multiple metrics: average video bitrate,
bitrate changes between successive segments, and rebuffer-
ing event. FESTIVE [2] balances stability and efficiency, and
provides fairness among video players. Rather than estimat-
ing network bandwidth, researchers [5], [26] have also pro-
posed to use the current buffer level to determine the video
bitrate. Li et al. [28] proposed a probe and adapt bitrate
adaptation scheme. Yin et al. [20] proposed a control-theo-
retic model, which optimizes the user perceived QoE by
considering throughput and buffer information. In [29], a
neural network was trained to select the video bitrate of
future video segments. Balasubramanian et al. [30] proposed
device-to-device (D2D) based caching techniques to mini-
mize the latency for video streaming, and reinforcement
learning techniques were designed in [31] to reduce the
delay of downloading the video content in D2D networks.
Enghardt et al. [32] proposed an application-informed
approach to select the most suitable access network for each
video segment. These methods try to maximize the QoE by
considering the quality impairment caused by data trans-
mission, and none of them considers the quality impairment
caused by vibrations.

Energy Consumption. Researchers have proposed various
techniques [7], [9], [33] to reduce the energy consumption of
the wireless interface during video streaming. Hu et al. [7]
proposed techniques to save energy based on whether the
user tends to watch video for a long time, skip, or early quit.
Hoque et al. [9] designed a download scheduling algorithm
base on crowd-sourced viewing statistics. Wu et al. [33]
designed an energy efficient video streaming scheme over
heterogeneous networks. There has been some research [8],
[34], [35] on reducing the tail energy in cellular networks
during data transmission. Researchers have also proposed
techniques [10], [11], [12], [13], [36], [37] to reduce the
energy consumption of video processing on smartphones.
Yang et al. [10] proposed to save energy for video streaming
by adaptively adjusting the CPU frequency. Geng et al. [11]
proposed an energy-efficient computational offloading
scheme for energy-intensive video processing on multicore-
based mobile devices. He et al. [36] proposed to save energy
through dynamic resolution scaling based on the user-
screen distance. Kim et al. [38] adjusted the refresh rate of
the screen based on video content to achieve energy saving.
Park et al. [39] proposed to save energy by applying adap-
tive frame rate to some parts of the video. Other researchers
[12], [13], [37] focused on dynamically adapting the video
bitrate and the display brightness to save energy. Comple-
mentary to these energy-saving techniques, we take a differ-
ent approach to save energy by considering the context of
video streaming.

7 CONCLUSION

In this paper, we proposed to save energy by considering
the context of video streaming; i.e., watching video on a
moving vehicle or in a static environment may have differ-
ent QoE requirements. Based on quality assessment experi-
ments, we collected traces and modeled the impact of video
bitrate and vibration level on QoE, and modeled the impact
of video bitrate and signal strength on power consumption.

Fig. 15. Comparisons of vibration based schemes: (a) Energy saving
compared to Youtube. (b) QoE degradation compared to Youtube.
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Based on the QoE model and the power model, we formu-
lated the context-aware and energy-aware video streaming
problem as an optimization problem. We presented an opti-
mal algorithm which can maximize QoE and minimize
energy. Since the optimal algorithm requires perfect knowl-
edge of future tasks which is not available in practice, we
then proposed an online bitrate selection algorithm. To fur-
ther improve the performance of the online algorithm, we
proposed a crowdsourcing based approach for bandwidth
and vibration prediction. Through real measurements and
trace-driven simulations, we demonstrated that our pro-
posed algorithms can significantly reduce the energy con-
sumption (34.8 percent for the crowdsourcing based
algorithm) with only small QoE degradation (3.2 percent for
the crowdsourcing based algorithm).

Although smartphones are used for experiments in this
paper, the proposed algorithms can also be applied to other
mobile devices, such as tablets, considering their special fea-
tures. The powermodel can be enhanced by considering other
factors such as the current level of the battery. Besides using
the accelerometer sensor, other information such asWiFi SSID
can be leveraged for inferring the context of video streaming,
at home, in a commuter train, or bus. We will also investigate
how to apply the proposed techniques to other video stream-
ing scenarios such as 360 degree video streaming.
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