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Abstract—In this paper, we propose a device energy-efficient
two-step adaptive scheme for tile-based 360◦ video streaming to
support enhanced multi-user viewing quality-of-experience (QoE)
in a time-slotted system. Specifically, each video chunk is first
prefetched based on the predictive field-of-view (FoV), and the FoV
quality of the chunk is then enhanced at a closer-to-playback time
instant based on the updated FoV prediction with improved accu-
racy. Both transmission-driven and device video super-resolution
(VSR)-driven methods are adaptively selected to enable efficient
video chunk enhancement. At each time slot, the incremental QoE
gain of each user is characterized via a time-difference approach,
based on which the best candidate chunk is determined. Then, a
single-slot problem is formulated for maximizing the total incre-
mental QoE gain while minimizing the total device energy con-
sumption. A particle swarm optimization (PSO)-based iterative
solution is proposed to obtain optimal bandwidth allocation, bitrate
level selection, and enhancement method selection for multiple
users. Extensive simulation results demonstrate that our proposed
solution outperforms benchmark schemes in terms of average view-
ing QoE, average device energy consumption, and average utility.

Index Terms—Tile-based 360◦ video streaming, FoV prediction
accuracy, video super-resolution, incremental QoE gain, two-step
adaptive streaming.

I. INTRODUCTION

IN COMPARISON with traditional on-demand video stream-
ing, 360◦ virtual reality (VR) video streaming enables more

immersive and engaging viewing experience, which has at-
tracted significant attention from both academia and industry
vertical markets such as remote education and entertainment [1],
[2], [3]. It is forecasted that the number of head-mounted
displays (HMDs) and other types of mobile VR devices will
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reach over 112 million by 2026 [21]. Due to the large area
of an omni-directional video content, a 360◦ video has the
data size typically 4-6 times larger than a conventional video
at an equivalent quality, which requires an extremely high
end-to-end (E2E) transmission rate (e.g., 400Mbps) for smooth
high-resolution video playback and poses significant challenges
to current mobile networks [5], [6]. Based on the fact that a
user (or video client) watches only part of a 360◦ video at
any time instant due to the limited span of an HMD (e.g.,
100◦ × 100◦), referred to as field-of-view (FoV), the tile-based
adaptive 360◦ video streaming has been proposed and widely
adopted to reduce the high demand on transmission rate [7].
Specifically, at the video server side, a spherical 360◦ video
representation is first transformed into a planer format. Then, the
projected 360◦ video is temporally divided into a sequence of
video chunks, each of which is further spatially partitioned into
multiple non-overlapping video tiles. Each video tile is encoded
into multiple bitrate levels, corresponding to various quality ver-
sions, to support adaptive tile-based streaming. At the user side,
head movements are tracked by the HMD for FoV prediction [8].
Based on the prediction results and the estimated transmission
rate, video tiles are transmitted at different bitrate levels for
each video chunk to enhance the viewing experience, where the
video tiles covered by the predicted FoV are transmitted with
high bitrate levels [9], [10].

The tile-based adaptive 360◦ video streaming suffers from
transmission rate fluctuations and inevitable FoV prediction
errors, which affect the user perceived FoV quality. Maintaining
a large playback buffer occupancy ensures high video playback
smoothness, whereas reducing the FoV prediction accuracy
due to a large prediction time gap. In this case, the predictive
FoV tiles assigned with high bitrate levels may not be actually
watched by the user during the playback of the video chunk due
to high FoV prediction errors, which leads to low transmission
rate utilization and perceived FoV quality. Conversely, the FoV
prediction accuracy becomes high when the playback buffer
occupancy is small due to a short prediction time gap. Trans-
mission resources can be efficiently utilized to deliver predictive
FoV tiles with high bitrate levels, which can pose high risk of
generating stalling events for video playback under transmission
rate fluctuations.

There are many existing works addressing this dilemma,
focusing on single-user 360◦ video streaming. For example, the
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predicted FoV of each video chunk is adaptively enlarged with
extension tiles based on the recent FoV prediction accuracy
to compensate for possible FoV prediction errors [11], [12].
In addition, various two-tier/layer streaming frameworks have
been proposed, which account the impact of FoV prediction
accuracy on user perceived FoV quality. Each panoramic video
chunk is first prefetched with a basic quality to prioritize the
video playback smoothness. Then, the FoV quality of each
prefetched chunk is improved based on a more accurate updated
FoV prediction, which is performed when the playback buffer
occupancy reaches a certain threshold or is adaptively enabled
under transmission rate and playback buffer dynamics [13],
[14], [15], [16]. On the other hand, with increasingly power-
ful computing capability of an edge server or an end device,
the technique of video super-resolution (VSR) has been in-
corporated into the tile-based adaptive 360◦ video streaming
to further enhance the user viewing experience, which breaks
the strong dependency between available transmission rate and
user viewing quality-of-experience (QoE) [17], [18]. A remote
video server can transmit low-resolution video tiles which are
then reconstructed into higher-resolution versions (i.e., higher
bitrate levels) by an edge server or a user device using pre-
trained deep neural network (DNN)-based VSR models [19],
[20], [21].

Different from the existing studies, in this paper, we con-
sider multi-user 360◦ video streaming in a time-slotted system
and propose a two-step adaptive streaming scheme to achieve
device energy-efficient viewing QoE optimization. Each video
chunk is first prefetched based on the predictive FoV and then
enhanced at a closer-to-playback time instant based on the
updated FoV with improved prediction accuracy. Comparing
the predictive FoV with the updated FoV of a video chunk,
two types of tiles, i.e., miss-predicted tiles and hit tiles, are
respectively enhanced. The bitrate level of predictive FoV tiles
in the chunk prefetching step and the enhanced bitrate levels of
miss-predicted and hit tiles in the chunk enhancement step are
adaptively selected based on the allocated radio resources and
the playback buffer dynamics of a user. Transmission-driven and
device-VSR-driven methods for chunk enhancement are pro-
posed, which are adaptively enabled for both miss-predicted and
hit tiles under device energy consumption constraints. In order
to determine when to prefetch a new video chunk or enhance
a prefetched chunk, a time-difference approach is applied to
characterize the incremental QoE gain of each user at any slot,
based on which the best candidate chunk is determined. The best
candidate chunk of a user is a to-be-prefetched video chunk for
chunk prefetching or a prefetched chunk for chunk enhancement.
A single-shot problem is then formulated for maximizing the
total incremental QoE gain while minimizing the total device
energy consumption. A practical particle swarm optimization
(PSO)-based iterative solution is developed to determine the
per-slot optimal decisions of bandwidth allocation, bitrate level
selection, and enhancement method selection for each user. The
main contributions of this paper are summarized as follows.
� A two-step adaptive streaming scheme is proposed to

achieve enhanced 360◦ video viewing QoE for multiple

users, which captures the impact of FoV prediction ac-
curacy on user perceived FoV quality. Both transmission-
driven and device-VSR-driven methods are proposed and
adaptively enabled to achieve device energy-efficient FoV
quality enhancement;

� The incremental QoE gain of each user is characterized via
a time-difference approach. The best candidate chunk of
each user is then determined, which balances the tradeoff
between video playback smoothness and perceived FoV
quality;

� A single-slot problem is formulated for maximizing the
total incremental QoE gain while minimizing the total
device energy consumption, which is decomposed into
multiple independent per-user subproblems given band-
width allocation decisions. A PSO-based iterative solution
is developed to obtain the optimal bandwidth allocation,
bitrate level selection, and enhancement method selection
decisions for multiple users at each slot;

� Extensive simulation results based on real data traces are
presented to validate the improved performance of our
proposed solution over benchmark schemes.

The rest of this paper is organized as follows. Section II
reviews the background and related work. The system model
is provided in Section III. Section IV first presents the user
viewing QoE characterization and then the problem formulation.
The proposed PSO-based solution is presented in Section V.
Simulation results are provided in Section VI. Section VII
draws the conclusion. A list of important notations is given
in Table I.

II. BACKGROUND AND RELATED WORK

A. Background

Fig. 1 shows a general E2E tile-based 360◦ video streaming
system with emphasis on the end sides. At the server side, each
(spherical) 360◦ video is transformed into a planer format using
projection techniques such as the equirectangular projection
(ERP) and pyramid projection [22]. Each projected 360◦ video
is temporally divided into a sequence of video chunks, each
with a playback time of typically 1–10 seconds. Then, each
chunk is spatially partitioned into multiple non-overlapping
video tiles. Each tile is further independently encoded into mul-
tiple representations or interdependent layers, corresponding to
different bitrate (or quality) levels, to support adaptive tile-based
streaming under transmission rate variations [23], [24].

At the user side, head movements are tracked by the HMD
for FoV prediction, which is a critical module in tile-based
360◦ video streaming. Many FoV prediction approaches have
been proposed, which can be classified into three categories:
trajectory-based, content-based, and hybrid. Trajectory-based
approaches, such as (truncated) linear regression [14], [15],
dead-reckoning (DR) [25], and deep learning (DL) models (e.g.,
recurrent neural network (RNN)) [26], predict a user’s future
FoV based on the user’s historical head movement trajecto-
ries. Content-based approaches generate the saliency maps of
a 360◦ video using DNNs to predict which parts of the video
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TABLE I
LIST OF IMPORTANT NOTATIONS

Fig. 1. A general E2E tile-based 360◦ video streaming system.

attract users the most [27]. Hybrid approaches consider both
the saliency patterns of a 360◦ video and users’ head movement
traces in FoV prediction to achieve more accurate prediction
results [28], [29], [30]. When a user requests a video chunk, the
FoV of the chunk is first predicted. Then, based on the prediction
results and the estimated E2E transmission rate, the user selec-
tively requests a set of video tiles with different bitrate levels.
Generally, the priority of a video tile being requested depends on
its likelihood of being watched by the user. More transmission
resources are allocated to deliver the video tiles covered by the
predicted FoV than the peripheral tiles outside the predicted FoV.
Nevertheless, as the FoV prediction and downloading of a video
chunk are conducted before it is played, the predicted FoV may
diverge from the real one due to the inevitable prediction errors
caused by user viewing behavior dynamics, especially when the
prediction time gap becomes larger for a large playback buffer
occupancy. A more comprehensive description and discussion
of E2E tile-based 360◦ video streaming, including video pre-
processing, distribution, and streaming, can be found in [1].

B. Related Work

Tile-based 360◦ video streaming suffers from transmission
rate fluctuations and inevitable FoV predictions. Specifically,
under transmission rate variations, a user needs to adaptively
select bitrate levels for requested video tiles to balance between
video playback smoothness and video quality [6], [35], [36],
[37]. Moreover, transmission resources are not efficiently uti-
lized when the FoV prediction accuracy is low, as the predictive
FoV tiles assigned with high bitrate levels may not be actually
watched by a user, leading to low perceived FoV quality. Hence,
an adaptive streaming scheme, which considers the interplay
among video playback smoothness, perceived FoV quality, and
FoV prediction accuracy, is critical for supporting good 360◦

video viewing experience.
Many works have been done to achieve enhanced user viewing

QoE for tile-based 360◦ video streaming, focusing on single-user
case, as shown in Table II. For example, multiple edge-assisted
tile-based 360◦ video streaming frameworks have been pro-
posed [38]. An edge server can cache some (popular) video tiles
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TABLE II
COMPARISON AMONG DIFFERENT ADAPTIVE STREAMING SCHEMES FOR TILE-BASED 360◦ VIDEO STREAMING

and deliver them to the intended users with reduced latency [31],
[39]. Besides, a cached video tile with a high bitrate level can
be transcoded by the edge server into various lower bitrate level
versions. In the case when multiple users request the same 360◦

video, instead of caching multiple bitrate level versions of a
video tile, the video tile with a high bitrate level can be cached at
the edge server to save the caching space, at the cost of additional
transcoding delay [33]. Therefore, in an edge-assisted tile-based
360◦ video streaming system, the joint design of adaptive edge
caching placement, edge computing resource allocation, and
bitrate level selection is crucial [29], [40], [41]. Particularly,
the switching cost for caching replacement needs to be consid-
ered [32]. For a newly cached video tile, it can be either directly
downloaded from a remote server with extra transmission delay
or transcoded from a higher bitrate level version of the same
tile already cached in the edge server with extra transcoding
delay. Besides, for all newly cached video tiles, the edge server
can download from the remote server(s) and locally transcode
simultaneously to reduce the total switching delay.

Recent advancements in VSR techniques open another
promising direction to further enhance video quality, while
breaking the strong dependency between user viewing QoE
and available transmission rate [17]. Leveraging the computing
capability of an edge server and/or a user device, a video chunk
or tile with a low bitrate level can be reconstructed into a higher
bitrate level version with improved quality. The VSR technique
has been exploited and widely investigated in traditional video
streaming [42], [43], [44], [45], [46], [47], [48], [49]. Further-
more, multiple lightweight and scalable DNN-based VSR mod-
els, customized for the tile-based 360◦ video streaming service,
have been developed [18], [20], [34], [50], [51], [52], [53]. As
shown in Fig. 2, typically, to train a VSR model offline, a pair of
low-resolution and high-resolution tile frames (i.e., a video tile

Fig. 2. DNN-based VSR model training and inference in tile-based 360◦ video
streaming.

in a frame of a 360◦ video) of the same video tile is used as the
input and output of the VSR model as one training data sample.
Each VSR model is trained to learn how to reconstruct a tile
frame from a low-resolution one to a high-resolution one (e.g.,
240p → 480p). During the inference stage, the reconstruction of
an encoded video tile usually goes through the sequential steps
of decoding, reconstruction, and re-encoding, which requires
certain computations and incurs additional reconstruction time.
Many works have investigated VSR-assisted tile-based adaptive
360◦ video streaming by leveraging the computing capability of
an edge server and/or a user device [18], [19], [20], [21], [34],
[54]. A video tile with a low bitrate level can be transmitted
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by a remote video server first and then reconstructed into a
target enhanced bitrate level by the edge server or the user
device before being put into the playback buffer. Specifically,
when video tile reconstruction is performed at the edge server
(edge-VSR), the backhaul transmission between the server and
the edge server is reduced, whereas enlarging the wireless
transmission time due to the larger size of a reconstructed tile.
When video tile reconstruction is performed at the user device
(device-VSR), the E2E transmission time is reduced at the cost
of device energy consumption, which is essential to consider for
mobile 360◦ video delivery due to the limited battery capacity
of an HMD. Therefore, in a VSR-assisted tile-based 360◦ video
streaming system, it is critical to adaptively determine the pair
of download and reconstructed bitrate levels for each requested
video tile, as well as the location for the video tile reconstruc-
tion (i.e., edge-VSR or device-VSR), to balance transmission
time and reconstruction time while considering device energy
consumption.

On the other hand, many previous works have explicitly con-
sidered the impact of FoV prediction accuracy on user perceived
FoV quality in tile-based adaptive streaming scheme design.
For example, probabilistic FoV prediction methods have been
proposed to accommodate possible FoV predictions [12], [55].
Extension tiles are adaptively appended to the predicted FoV
based on the recent prediction accuracy to form an extended
FoV [11]. In addition, some works focus on the playback buffer
management for an accurate FoV prediction. The maximum
playback buffer length of a video player (i.e., HMD) is set
to a small value (e.g., 1-3s) to guarantee high FoV prediction
accuracy with a short prediction time gap. To balance between
video playback smoothness and perceived FoV quality, multiple
two-tier streaming schemes have been proposed [14], [15], [16],
[55]. During the streaming, each panoramic video chunk is first
prefetched with the lowest bitrate level (i.e., base tier) to pri-
oritize the video playback smoothness. Then, the updated FoV
tiles of a prefetched chunk are downloaded with a higher bitrate
level (i.e., enhancement tier) to improve the FoV quality, which
is performed when the playback buffer occupancy reaches a
preset upper-bound, or is adaptively enabled under transmission
rate and playback buffer dynamics.

Different from the existing studies, in this paper, we con-
sider multi-user tile-based 360◦ video streaming and propose
a two-step adaptive streaming scheme for multi-user viewing
QoE optimization. Our core idea is that each video chunk
is first prefetched based on the predictive FoV and then en-
hanced at a closer-to-playback time instant based on the updated
and more accurate FoV. Specifically, the switching between
chunk prefetching and enhancement is adaptively determined
for each user to balance between video playback smoothness
and perceived FoV quality. Transmission-driven and device-
VSR-driven methods are proposed and adaptively enabled to
achieve device energy-efficient FoV quality enhancement. The
bitrate level of predictive FoV tiles in the chunk prefetching
step and the bitrate levels of updated FoV tiles in the chunk
enhancement step are adaptively selected for different users
under network and playback buffer dynamics to achieve efficient
resource utilization for enhanced viewing experience.

Fig. 3. The considered network scenario.

III. SYSTEM MODEL

A. Network Scenario

We consider a multi-user on-demand 360◦ video streaming
service, as shown in Fig. 3, where time is slotted with constant
duration τ . Multiple video users under the coverage of a base
station (BS) request 360◦ videos asynchronously which may
have different video lengths. Each user’s streaming request is
initiated at the beginning of a slot. In each slot, we consider
only active users who have an ongoing 360◦ video streaming
session. Let Ut be the set of users at slot t. For each user u ∈ Ut,
the playback buffer at slot t is denoted by Bt,u, which contains
the indexes of all prefetched video chunks to be played at slot
t, and the playback buffer occupancy at slot t is given by Ot,u

seconds.1 The BS is pre-configured with a total radio spectrum
bandwidth of W MHz for wireless video data transmission.

Content-aware VSR is considered to support video quality
enhancement [18]. A particular DNN-based VSR model is pre-
trained for each 360◦ video and stored in a remote server with
the 360◦ video. When a user initiates a 360◦ video streaming
request to a remote server, the server sends back the media
presentation description (MPD) file and the pre-trained VSR
model of the requested 360◦ video to the user. Due to the small
sizes of an MPD file and a VSR model, e.g., 1MB, the time for
transmitting the MPD file and the pre-trained VSR model at the
initial stage of a 360◦ video streaming session is neglected. Each
VSR model leverages the computing capability of a user device
(i.e., HMD) to reconstruct a video tile from a low-resolution (or
low bitrate level) to a higher-resolution (or higher bitrate level),
which incurs additional reconstruction time and device energy
consumption. Let pu be the device electricity power (in Watt)
of user u. Due to the small focused area of a video tile and the
inherent overfitting property of DNN, near-zero training error
can be achieved, and a pre-trained VSR model for a particular
360◦ video can learn the features that map a low-resolution video

1Throughout this paper, we assume that all the mathematical sets are finite
and their elements are sorted in an ascending order.
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Fig. 4. Video traffic model.

tile to a higher-resolution one [20]. Thus, a video tile with an
original bitrate level r′b achieves the same perceived quality as
the same tile that is reconstructed from a lower bitrate level to
the bitrate level r′b [19], [42].

B. Video Traffic Model

As shown in Fig. 4, each 360◦ video is temporally divided
into multiple consecutive video chunks, with each video chunk
of Tc seconds. The duration of a time slot is smaller than that of
a video chunk (i.e., τ < Tc), and Tc is assumed to be divisible
by τ . Let Iu = {1, 2, . . . , |Iu|} be the set of video chunks of
user u, indexed by i ∈ Iu. Each video chunk is further spatially
partitioned into a set of non-overlapping video tiles (e.g., 4× 6),
denoted by J = {1, 2, . . . , |J |} and indexed by j ∈ J . To sup-
port adaptive tile-based 360◦ video streaming, constant bitrate
(CBR) format is considered for video tile encoding [16], [56].
Each video tile is encoded into multiple bitrate levels denoted by
R = {r1, r2, . . . , r|R|} and indexed by rb ∈ R, corresponding
to different video tile resolutions. A video tile with a higher
bitrate level has a higher quality. Let R† = {r0} ∪ R with
r0 = 0.

C. Two-Step Adaptive Streaming Framework

Considering the interplay among video playback smoothness,
perceived FoV quality, and FoV prediction accuracy in tile-based
360◦ video streaming, we propose a two-step adaptive streaming
approach, as shown in Fig. 5. Each video chunk can go through
two sequential steps, i.e., chunk prefetching and enhancement.
In the prefetching step, a new panoramic chunk is prefetched,
where the predictive FoV tiles are downloaded with a selected
bitrate level, and the peripheral tiles outside the predictive FoV
are downloaded with a basic bitrate level (i.e., r1) to avoid
blank screen. In the enhancement step, a prefetched chunk is
selected to enhance the FoV quality based on the updated and
more accurate FoV. With the two-step approach, video playback
smoothness is improved by prefetching new video chunks, while
the FoV quality of each prefetched chunk is enhanced with the
updated FoV that is more likely to be watched by a user. For
simplicity, we consider that each video chunk is enhanced at
most once. Comparing the predictive FoV in the prefetching
step and the updated FoV in the enhancement step, there are
two types of video tiles, i.e., miss-predicted tiles and hit tiles.
Miss-predicted tiles are those covered by the updated FoV but

not by the predictive FoV of a video chunk and thus have a basic
quality. Hit tiles are the ones covered by both the predictive
and updated FoVs of a video chunk. As shown in Fig. 6, we
consider transmission-driven and device-VSR-driven methods
for the chunk enhancement. In the transmission-driven method,
miss-predicted or hit tiles with an enhanced bitrate level are
directly transmitted from a remote server to its intended user. In
the device-VSR-driven method, the prefetched miss-predicted
or hit tiles are locally reconstructed to a target enhanced bitrate
level by the user device.

In order to track the streaming performance over time for a
user, two auxiliary vectors are defined for useru at slot t:At,u =
(At,u,i, i ∈ Iu), u ∈ Ut for the (average) FoV quality of each
chunk, where At,u,i denotes the FoV quality of chunk i at slot t;
et,u = (et,u,i, i ∈ Iu), u ∈ Ut for the chunk enhancement sta-
tus, where et,u,i = 1 indicates video chunk i has been enhanced
before slot t and 0 otherwise. If a new video chunk is prefetched,
the chunk index is given by i# = mini∈Iu{i, At,u,i = 0}. Let
J P
t,u be the set of predictive FoV tiles when a new video chunk

is prefetched, and the assigned bitrate level of the predictive
FoV tiles is denoted by rPt,u. Moreover, let rPu,i and J P

u,i record
the bitrate level and the set of predictive FoV tiles, respectively,
when video chunk i is prefetched. Thus, when video chunk i#

is prefetched, we have rPu,i# = rPt,u and J P
u,i# = J P

t,u. Then,
At+1,u,i# is updated by

At+1,u,i# = q(rPt,u) (1)

where q(rb) =
rb
r|R|

[21].
When prefetched chunk i ∈ Bt,u in the current playback

buffer is enhanced, the updated FoV of prefetched chunk i is
denoted by J E

t,u,i. Comparing the predictive FoV when video
chunk i is prefetched, i.e.,J P

u,i, with the updated FoV, the sets of
miss-predicted and hit tiles are denoted as JM

t,u,i = J E
t,u,i\J P

u,i

and JH
t,u,i = J E

t,u,i ∩ J P
u,i, respectively. Let rMt,u,i and rHt,u,i

be the enhanced bitrate levels of miss-predicted and hit tiles,
respectively, and we have

rMt,u,i ≥ r1
rHt,u,i ≥ rPu,i.

(2)

Then, we have et+1,u,i = 1, and the FoV quality of prefetched
chunk i, i.e., At+1,u,i, is updated by

At+1,u,i =

∣∣JM
t,u,i

∣∣ q(rMt,u,i) + ∣∣JH
t,u,i

∣∣ q(rHt,u,i)∣∣J E
t,u,i

∣∣ . (3)

Moreover, let ρMt,u,i = {0, 1} and ρHt,u,i = {0, 1} be the en-
hancement method indicators for the miss-predicted and hit
tiles of prefetched chunk i, respectively, where ρMt,u,i/ρ

H
t,u,i = 0

for the transmission-driven method and ρMt,u,i/ρ
H
t,u,i = 1 for the

device-VSR-driven method.

D. Communication Model

At each time slot, the BS allocates orthogonal bandwidth
among users to support chunk prefetching and/or transmission-
driven chunk enhancement. Let wt,u = [0, 1], u ∈ Ut be the
fraction of bandwidth allocated to user u at slot t, with the
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Fig. 5. The proposed two-step adaptive streaming framework.

Fig. 6. Enhancement methods.

wireless transmission rate κt,u given by

κt,u = wt,uW log2(1 + ξt,u) (4)

where ξt,u denotes the signal-to-noise ratio (SNR). We assume
that the wireless link between the BS and a user is the bottleneck
during E2E video data transmission from a remote server to the
user.

The total fraction of bandwidth allocated to all users at any
slot t should not exceed 1, given by

∑
u∈Ut

wt,u ≤ 1, ∀t. (5)

E. Delay Model

Next, we analyze the total experienced delay for user u ∈ Ut

when a new video chunk is prefetched or when a prefetched
chunk is enhanced at slot t. When a new video chunk is
prefetched, the delay for transmitting the chunk from a remote

server to the user, denoted by dPt,u, is given by

dPt,u = 1
(
rPt,u �= r0

) ∣∣J \J P
t,u

∣∣ s(r1) + ∣∣J P
t,u

∣∣ s(rPt,u)
κt,u

(6)

where1(a) is an identity function which equals 1 if conditiona is
true and 0 otherwise and s(·) returns the size in Mbits of a video
tile given a bitrate level rb with s(rb) = rbTc. In the numerator
of (6), the first and the second terms represent the total sizes of
peripheral tiles and predictive FoV tiles, respectively.

When prefetched chunk i is enhanced, the experienced delay,
denoted by dEt,u, depends on both the enhancement methods and
the enhanced bitrate levels for the miss-predicted and hit tiles,
given by

dEt,u = 1(ρHt,u,i = ρMt,u,i) · dE,A
t,u + 1(ρHt,u,i �= ρMt,u,i) · dE,B

t,u

(7)
where dE,A

t,u and dE,B
t,u are given in (8) and (9) shown at the

bottom of the page, respectively. In (7) and (8), dE,A
t,u calculates

the total delay when the miss-predicted and hit tiles are enhanced
via the same method, dE,B

t,u calculates the total delay when the
miss-predicted and hit tiles are enhanced via different methods
in parallel, and φu(rb, r

′
b) represents the time for reconstructing

a video tile from bitrate level rb to a higher bitrate level r′b by
user device, where r′b ≥ rb with φu(rb, rb) = 0 [34].

IV. PROBLEM FORMULATION

A. User Viewing QoE

User viewing QoE consists of three components: average
perceived FoV quality, average video stall time, and average tem-
poral quality smoothness across all video chunks of a user [10],

dE,A
t,u = (1− ρHt,u,i)

(
1(rMt,u,i > r1)

∣∣JM
t,u,i

∣∣ s(rMt,u,i) + 1(rHt,u,i > rPu,i)
∣∣JH

t,u,i

∣∣ s(rHt,u,i)
κt,u

)

+ ρHt,u,i
(∣∣JM

t,u,i

∣∣φu(r1, r
M
t,u,i) +

∣∣JH
t,u,i

∣∣φu(r
P
u,i, r

H
t,u,i)

)
(8)

dE,B
t,u = max

⎡
⎣(1− ρHt,u,i)

1(rHt,u,i>rPu,i)|JH
t,u,i|s(rHt,u,i)

κt,u
, ρHt,u,i

∣∣JH
t,u,i

∣∣φu(r
P
u,i, r

H
t,u,i),

(1− ρMt,u,i)
1(rMt,u,i>r1)|JM

t,u,i|s(rMt,u,i)

κt,u
, ρMt,u,i

∣∣JM
t,u,i

∣∣φu(r1, r
M
t,u,i)

⎤
⎦ (9)
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[57], [58]. The average temporal quality smoothness captures the
average perceived FoV quality variations between consecutive
video chunks. Formulating user viewing QoE is challenging:
First, with the proposed two-step adaptive streaming approach,
each video chunk can go through the two sequential steps of
prefetching and enhancement, which happen at two different
time slots. Second, the average perceived FoV quality and the
average temporal quality smoothness are two QoE components
that are measured on the basis of video chunks, whereas the
average video stall time is a QoE component measured based
on the dynamics of a user’s playback buffer over time. In the
following, we leverage a time-difference approach to analyze
each QoE component individually.

1) Average Perceived FoV Quality: Let Q1
t,u,i, i ∈ Iu be the

perceived FoV quality for video chunk i of u at slot t with FoV
quality At,u,i. The impact of FoV prediction accuracy on the
FoV quality perceived by a user needs to be considered. In the
chunk prefetching step, a high bitrate level can be assigned to
predictive FoV tiles when the current playback buffer occupancy
of a user is small, that is when the FoV prediction accuracy is
high with a small prediction time gap. On the other hand, it
is more effective to enhance a prefetched chunk closer to its
playback time, as the updated FoV is more accurate and more
likely to be the actual FoV a user will watch during the playback
of the chunk. We define an effective factor vector for user u,
denoted by ft,u = (ft,u,i, i ∈ Iu), to characterize the impact of
FoV prediction accuracy when a new video chunk is prefetched
or a prefetched chunk is enhanced, which is updated over time.
Specifically, when a new video chunk i# is prefetched at slot t,
ft+1,u,i# is updates as

ft+1,u,i# = 1− Ot,u

B
(10)

where B is a constant for normalization.
When prefetched chunk i ∈ Bt,u is enhanced, ft+1,u,i is

updated as

ft+1,u,i = 1−
(B−1

t,u(i)− 1
)+

Tc + εt,u

B
(11)

where (x)+ = max(x, 0), εt,u denotes the unplayed time of
the video chunk currently being played, and B−1

t,u(i) indicates
a reverse function that returns the index of element i in Bt,u.

Then, the perceived FoV quality for video chunk i is given
by Q1

t,u,i = At,u,ift,u,i. The average perceived FoV quality,
denoted by Q1

t,u, is given by

Q1
t,u =

1

|Iu|
∑
i∈Iu

Q1
t,u,i, u ∈ Ut. (12)

2) Average Video Stall Time: Let Q2
t,u be the average video

stall time of user u at slot t. When a new video chunk of user
u is prefetched at slot t, the video stall time at slot t is given
by (τ −Ot,u)

+, and the average video stall time is updated as
Q2

t+1,u = Q2
t,u + 1

|Iu| (τ −Ot,u)
+. The playback buffer occu-

pancy is updated as

Ot+1,u = (Ot,u − τ)+ + Tc. (13)

When prefetched chunk i ∈ Bt,u is enhanced, the video stall
time is 0 since FoV quality enhancement does not affect the
smooth playback of the chunk, thus Q2

t+1,u = Q2
t,u. The play-

back buffer occupancy is updated by

Ot+1,u = (Ot,u − τ)+ . (14)

Finally, when neither chunk prefetching nor enhancement is
performed, the video stall time at slot t is (τ −Ot,u)

+, and
the average video stall time is updated by Q2

t+1,u = Q2
t,u +

1
|Iu| (τ −Ot,u)

+. The playback buffer occupancy is updated as

Ot+1,u = (Ot,u − τ)+.
3) Average Temporal Quality Smoothness: The average tem-

poral quality smoothness of user u ∈ Ut at slot t, denoted by
Q3

t,u, is given by

Q3
t,u =

1

|Iu| − 1

|Iu|∑
i=2

∣∣Q1
t,u,i −Q1

t,u,i−1

∣∣. (15)

Let G1
t,u, G2

t,u, and G3
t,u represent the incremental gains in

terms of different QoE components of user u ∈ Ut at slot t,
respectively, given by⎧⎨

⎩
G1

t,u = Q1
t+1,u −Q1

t,u

G2
t,u = Q2

t+1,u −Q2
t,u

G3
t,u = Q3

t+1,u −Q3
t,u.

(16)

The incremental QoE gain of user u ∈ Ut at slot t is given by

Gt,u = αG1
t,u − βG2

t,u − γG3
t,u (17)

where α, β, γ ∈ [0, 1] are the importance coefficients regard-
ing different QoE components, which can be flexibly adjusted
by preference. The viewing QoE of user u is then given by∑

t 1(u ∈ Ut)Gt,u.

B. Best Candidate Chunk

As a comprehensive evaluation of viewing experience, it is
challenging to optimize the user viewing QoE due to dynamics
of user viewing behaviors (i.e., changing viewing orientation
and the number of video tiles covered by an FoV) and video
streaming requests (i.e., the time instant when a streaming re-
quest is initiated and the requested 360◦ video). In the following,
we develop a solution to enhance multi-user viewing QoE under
user device energy constraints.

Fig. 7 shows an example playback buffer of a user u ∈ Ut

at slot t, where chunk i is the video chunk currently being
played, chunks i+ 1 - i+ 3 are prefetched chunks that have not
been played, and chunk i+ 4 is the to-be-prefetched chunk. The
prefetched chunks and the to-be-prefetched chunk are referred
to as ‘candidate chunks’. Our main idea is to first estimate the
achieved largest possible incremental QoE gain, denoted by
Δt,u,i, for each candidate chunk. Specifically, for each candidate
chunk i, the achieved largest possible perceived FoV quality,
denoted by Q̂1

t+1,u,i, is estimated based on the following two
principles: 1) The incremental gain in terms of average perceived
FoV quality must be no less than the penalty of average temporal
quality smoothness, which is given in (18) shown at the bottom
of the next page. Note that only the adjacent chunks that have
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Fig. 7. An example playback buffer of a user u ∈ Ut at slot t.

already been enhanced before slot t are accounted for the penalty
of average temporal quality smoothness, since the adjacent
chunks that have not been enhanced at slot t (i.e., et,u,i = 0)
have the chance of being enhanced in future slots. For example,
in Fig. 7, when prefetched chunk i+ 2 is enhanced at slot t, only
the adjacent chunk i+ 1 with et,u,i+1 = 1 is considered in the
estimation of the achieved largest possible perceived FoV quality
for chunk i+ 2; 2) For each candidate chunk i, the perceived
FoV quality must satisfy Q1

t,u,i ≤ Q1
t+1,u,i ≤ ft+1,u,i. Then,

the perceived FoV quality of each candidate chunk i can be
maximized as in (P0).2

(P0) : max
Q1

t+1,u,i

f
(
Q1

t+1,u,i

)
(19)

s.t. Q1
t,u,i ≤ Q1

t+1,u,i ≤ ft+1,u,i (20)

f
(
Q1

t+1,u,i

) ≥ 0. (21)

Proposition 1: The optimum of (P0) is obtained at the bound-
ary values of Q1

t+1,u,i.
Proof: The proof of Proposition 1 is provided in

Appendix. �
According to Proposition 1, the largest perceived FoV quality

for each candidate chunk i of user u at slot t, i.e., Q̂1
t+1,u,i,

is estimated. Then, the best candidate chunk that achieves the
largest incremental QoE gain is given by

i∗t,u = arcmax
i

Δt,u,i = arcmax
i

{
f
(
Q̂1

t+1,u,i

)

− β
1

|Iu| (τ −Ot,u)
+

}
. (22)

If the best candidate chunk is the to-be-prefetched chunk,
then chunk prefetching is performed at slot t, and the user is
termed as a prefetching user. Otherwise, chunk enhancement is
performed at slot t, and the user is termed as an enhancement

2A tunable parameter, ε > 0, can be introduced in (19) as f(Q1
t+1,u,i)− ε

for prefetched chunk i ∈ Bt,u to prioritize video playback smoothness over
perceived FoV quality.

user. Hereafter, we use i instead of i∗ to indicate the best
candidate chunk for brevity.

C. Problem Formulation

A single-slot problem is formulated to allocate bandwidth
among multiple users, select the bitrate level of predictive FoV
tiles for the best candidate chunk of each prefetching user, and
determine the enhanced bitrate levels and enhancement methods
of the miss-predicted and hit tiles for the best candidate chunk of
each enhancement user. LetUP

t andUE
t be the sets of prefetching

and enhancement users at slot t, respectively. The total delay for
chunk prefetching or enhancement needs to be smaller than the
slot length, given by

dPt,u ≤ τ, u ∈ UP
t (23)

dEt,u ≤ τ, u ∈ UE
t . (24)

Et,u =
ρMt,u,i

∣∣JM
t,u,i

∣∣φ(r1, rMt,u,i) + ρHt,u,i
∣∣JH

t,u,i

∣∣φ(rPu,i, rHt,u,i)
τ |Iu|

(25)

Moreover, device energy is consumed when the best candi-
date chunk of an enhancement user is enhanced through the
device-VSR-driven method, which is critical to consider due to
an HMD’s limited battery capacity. Let Et,u be the incremental
average (normalized) device energy consumption of useru at slot
t, given in (25), whereEt,u = 0 for anyu ∈ UP

t . At each slot, the
objective is to maximize the total incremental QoE gain while
minimizing the total incremental average device energy con-
sumption to achieve energy-efficient multi-user viewing QoE
optimization. The single-slot problem is formulated as

(P1) : max
wt,u,r

P
t,u,

rHt,u,i,r
M
t,u,i,ρ

H
t,u,i,ρ

M
t,u,i

∑
u∈UP

t

ΨP
u +

∑
u∈UE

t

ΨE
u (26)

s.t. (5), (23), (24)

rPt,u ∈ R†, u ∈ UP
t (27)

rHt,u,i ∈ R, rHt,u,i ≥ rPu,i, u ∈ UE
t (28)

rMt,u,i ∈ R, rMt,u,i ≥ r1, u ∈ UE
t (29)

ρHt,u,i, ρ
M
t,u,i = {0, 1} , u ∈ UE

t (30)

where ΨP
u = f(Q1

t+1,u,i) − β 1
|Iu| (τ − Ot,u)

+, ΨE
u =

f(Q1
t+1,u,i)− β 1

|Iu| (τ −Ot,u)
+ − δEt,u, and δ = [0, 1] is the

importance coefficient regarding device energy consumption.
Note that (P1) is a mixed-integer non-linear programming

(MINLP), which is NP-hard [59]. In the next section, we develop
a PSO-based iterative solution to solve the problem.

f
(
Q1

t+1,u,i

)
= α

1

|Iu|
(
Q1

t+1,u,i −Q1
t,u,i

)− 1

|Iu| − 1
γ

[ (∣∣Q1
t+1,u,i −Q1

t+1,u,i−1

∣∣− ∣∣Q1
t,u,i −Q1

t,u,i−1

∣∣) et,u,i−1

+
(∣∣Q1

t+1,u,i+1 −Q1
t+1,u,i

∣∣− ∣∣Q1
t,u,i+1 −Q1

t,u,i

∣∣) et,u,i+1

]
≥ 0

(18)
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V. PSO-BASED ITERATIVE SOLUTION

A. Problem Decomposition

Given the bandwidth allocation decisionswt,u, u ∈ Ut, the bi-
trate level and/or enhancement method selection decisions for a
user are independent of those for the other users. Thus, (P1) can
be decomposed into multiple independent per-user subproblems,
expressed as (P2 − 1) and (P2 − 2), where (P2 − 1) represents
the subproblem for each prefetching user u ∈ UP

t at slot t, and
(P2 − 2) represents the subproblem for each enhancement user
u ∈ UE

t at slot t.

(P2 − 1) : max
rPt,u

ΨP
u

s.t. (23), (27) (31)

(P2 − 2) : max
rHt,u,i,r

M
t,u,i,ρ

H
t,u,i,ρ

M
t,u,i

ΨE
u

s.t. (24), (28), (29), (30) (32)

Given wt,u, u ∈ Ut, the objective of (P1) is obtained by
solving the subproblem of each user according to the user type
(i.e., prefetching or enhancement user). As both (P2 − 1) and
(P2 − 2) have only discrete decision variables and the size of
the bitrate level set |R| is small (e.g., 5), the sizes of the solution
spaces for (P2 − 1) and (P2 − 2) are |R†| and 4|R| × |R|,
respectively. Therefore, we enumerate all feasible combinations
of decisions and find the one that obtains the maximal objec-
tive value to determine the optimal decisions of (P2 − 1) and
(P2 − 2).

B. Algorithm Design

We propose a PSO-based solution to solve (P1), where the
bandwidth allocation decisions are iteratively optimized through
the PSO algorithm, and the bitrate level and/or the enhancement
method selection decisions are made by solving the subproblem
of each user (i.e., (P2 − 1) or (P2 − 2)). The flowchart of
the proposed PSO-based solution is shown in Fig. 8. Specif-
ically, we consider a particle swarm of size N . The position
of particle n, denoted by xn = (xn,1, xn,2, . . . , xn,|Ut|), is a
multi-dimensional vector with dimension D = |Ut|, represent-
ing a feasible bandwidth allocation among users, i.e., xn =
{wt,u, u ∈ Ut}. Let K be the total number of iterations. The
inertia weight is denoted by �. Two acceleration coefficients,
also termed as cognitive and social factors, are denoted by c1 and
c2, respectively. In the initialization stage of the PSO algorithm,
the positions of N particles are first initialized with the Dirichlet
distribution, which meets the constraint (5). The velocity of
particle n, denoted by vn = (vn,1, vn,2, . . . , vn,|Ut|), is initial-
ized with each dimension vn,d ∈ [vmin, vmax], where vmin and
vmax are the minimal and maximal velocities, respectively. The
personal best position and fitness value (i.e., the objective value
of (P1)) of each particle are initialized using its initial position
and the corresponding fitness value, respectively. The global best
position and fitness value within the swarm are initialized by the

Fig. 8. The flowchart of the proposed PSO-based solution.

particle that has the largest personal best fitness value. Let the
algorithm iteration index k = 1.

For each iteration k, the position and velocity of particle n
are updated as (Step 1)

vkn,d = �kvk−1
n,d + c1θ1

(
xP
n,d−xk−1

n,d

)
+ c2θ2

(
xG
d −xk−1

n,d

)
(33)

xk
n,d =

(
xk−1
n,d + vkn,d

)+
(34)

where θ1, θ2 ∈ [0, 1] are two random numbers, xP
n,d is the d-th

dimension of the personal best position of particle n, and xG
d is

the d-th dimension of the global best position within the swarm.
If
∑|Ut|

d=1 x
k
n,d > 1, xk

n,d is projected onto xk
n,d/

∑|Ut|
d=1 x

k
n,d to

satisfy the constraint (5).
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Fig. 9. The convergence performance of the proposed PSO-based solution at
sample slots.

Next, the fitness value of each particle is calculated, and the
personal best position and fitness value are updated (Steps 2
and 3). Then, the global best position and fitness value of the
swarm are updated (Step 4). Finally, inertia weight � is updated
with an adaptive linear decreasing method to balance the global
exploration and local exploitation capabilities of particles within
the swarm (Step 5), given by

�k = �max − (�max −�min)
k

K
(35)

where �min and �max denote the minimal and maximal inertia
weights, respectively. The global best position and fitness value
of the swarm are output when the number of iterations reaches
K.

Fig. 9 shows the convergence performance of the proposed
PSO-based iterative solution at sample slots [60], [61]. The
proposed PSO-based two-step algorithm is summarized in Al-
gorithm 1. At slot t, the best candidate chunk of each user is first
determined (line 3). Next, the proposed PSO-based solution is
applied to obtain the optimal bandwidth allocation decisions,
i.e., wt,u, u ∈ Ut (line 4). Then, based on the allocated band-
width wt,u, the subproblem (P2 − 1) or (P2 − 2) is solved
for user u based on the user type to obtain the optimal bitrate
level and/or the enhancement method selection decisions, i.e.,
rPt,u or (rHt,u,i, r

M
t,u,i, ρ

H
t,u,i, ρ

M
t,u,i) (line 5). At the end of each

slot, At,u, et,u, ft,u, rPu,i, and J P
u,i are updated for each user

based on the determined optimal decisions (line 6). For the
practical implementation of Algorithm 1, at any slot, each user
first determines the best candidate chunk. Then, the current
streaming performance and the related information of the best
candidate chunk (e.g., the set of predictive FoV tiles or the sets of
miss-predicted and hit tiles) are sent from the user to the BS. The
BS determines the bandwidth allocation among different users.
Finally, each user determines the other decisions based on the
allocated bandwidth and user type, and sends a corresponding
video content request to the intended video server.

The time complexity of Algorithm 1 consists of two parts.
The best candidate chunk of each user at any slot t is first

Algorithm 1: PSO-based Two-Step Adaptive 360◦ Video
Streaming.

TABLE III
MAIN SIMULATION PARAMETERS

determined, which requires a running time of O(|Bt,u||Ut|).
Then, the proposed PSO-based solution is applied, consuming
at most O(NK|Ut||R|2) time. Overall, the time complexity of
Algorithm 1 is O(|Bt,u||Ut|) +O(NK|Ut||R|2).

VI. PERFORMANCE EVALUATION

In this section, simulation results are presented to validate
the performance of our proposed two-step adaptive streaming
scheme based on real data traces3 [62]. All the experiments
are conducted using Python 3.10.0 and FFmpeg.4 FFmpeg
is leveraged for video cropping (i.e., video chunk and tile),
encoding, and FoV stitching, while tile-based adaptive 360◦

video streaming is simulated using Python. The main simulation
parameters are given in Table III.

A. Data Trace Preprocessing

The selected data traces contain ten 360◦ videos and the
viewing orientations of 50 subjects for each 360◦ video. The
viewing trajectories are given in radian in terms of yaw (from
−π to π) and pitch (from −π

2 to π
2 ).

3https://github.com/360VidStr/A-large-dataset-of-360-video-user-
behaviour

4https://ffmpeg.org/
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Fig. 10. The considered video tiling layout with sphere-to-plane coordinate
transformation.

Fig. 11. The considered benchmark schemes for performance comparison.

As shown in Fig. 10, we consider a 4× 8 tiling layout and
an FoV of 100◦ × 100◦. The panoramic video scene is spatially
partitioned into 32 video tiles, each of which covers a 45◦ × 45◦

square viewing span and is indexed in raster-scan order [9]. For
a predicted viewpoint (i.e., yaw and pitch), we first conduct
sphere-to-plane coordinate transformation, which maps the pre-
dicted yaw (θi) and pitch (ϕi) in the spherical coordinate system
to the horizontal (ωi ∈ [0◦, 360◦]) and vertical (hi ∈ [0◦, 180◦])
coordinates in the projected 2D video plane [7]. Then, the set of
tiles covered by the predicted FoV is obtained.

B. Simulation Settings

We consider that |U| users are uniformly distributed within
the coverage (500 m) of a BS and asynchronously request one of
the two 360◦ videos (3840× 2160) selected from the real data
traces. The transmit power of the BS is 43dBm. The channel
gain between the BS and a user consists of path loss, log-normal
shadow fading with a standard deviation of 8dB, and Rayleigh-
distributed fast fading with scale parameter

√
2
2 [63], [64]. Video

chunk length Tc = 1 s, and the slot length τ = 0.25 s [21], [54].
Following the recommended encoding settings by YouTube,5

each video chunk can be encoded into five bitrate levels: 480p
(2.5 Mbps), 720p (5 Mbps), 1080p (8 Mbps), 2K (16 Mbps), and
4K (40 Mbps). Each video tile consumes 1

32 bitrate of a video
chunk [19]. Linear regression (LR) is adopted for FoV prediction
using the recent past 3-s viewing orientations (i.e., pitch and
yaw) at a sampling frequency of 5 Hz [16], [54]. According
to empirical data, the importance coefficient regarding device
energy consumption δ is set to 0.04.

We consider three existing streaming schemes as benchmarks
for performance comparison, termed as Flare, SDSR, and RAM,
respectively, as shown in Fig. 11. Specifically,

5https://support.google.com/youtube/answer/1722171?hl=en

� Flare [65]: A typical tile-based streaming scheme. Video
chunks are progressively downloaded based on the predic-
tive FoVs;

� SDSR [19]: A device-VSR-assisted streaming scheme. The
predictive FoV tiles of each video chunk are first down-
loaded and then locally enhanced by the user device. A
pair of download and enhanced bitrate levels is adaptively
determined to balance transmission time with reconstruc-
tion time. Device energy consumption is not considered;

� RAM [16]: A two-layer streaming scheme. At each slot,
either a new video chunk is prefetched with a basic quality
or a prefetched chunk in the current playback buffer is
selected to be enhanced via only the transmission-driven
method.

C. Simulation Results
Figs. 12–14 show the performance of different schemes in

terms of average viewing QoE, average normalized (device)
energy consumption, and average utility, which incorporates
both user viewing QoE and device energy consumption, under
various QoE objectives. The number of users is 4, and the total
bandwidth of the BS is 4 MHz. The size of the particle swarm
is 30, and the total number of iterations is 100. We consider
three sets of configurations for importance coefficients (α, β, γ)
to represent different QoE objectives, i.e., (2/3, 1/6, 1/6) for
prioritizing the average perceived FoV quality, (1/6, 2/3, 1/6)
for prioritizing the average video stall time, and (1/3, 1/3, 1/3)
for comprehensive consideration [20], [21].

Our observation on the performance comparison are as fol-
lows: First, SDSR achieves higher average viewing QoE than
Flare due to the device-VSR-assisted (predictive) FoV quality
enhancement when the total bandwidth of the BS is insufficient;
Second, RAM achieves higher average viewing QoE than Flare
due to the two-layer streaming scheme. Each video chunk’s
FoV quality is enhanced more effectively with a more accurate
updated FoV, which is limited by the insufficient total bandwidth
and may incur large temporal quality variations. In addition,
each video chunk is prefetched with only a basic quality while
neglecting the playback buffer dynamics. Bandwidth resources
may not be efficiently utilized, especially when the allocated
bandwidth to a user is large and the current playback buffer occu-
pancy is small (i.e., the FoV prediction accuracy is high); Third,
our proposed two-step adaptive streaming scheme achieves the
highest average viewing QoE among the benchmarks and less
average device energy consumption than SDSR under differ-
ent QoE objectives. The proposed scheme captures the impact
of FoV prediction accuracy on user perceived FoV quality.
Bandwidth resources are efficiently utilized through adaptive
bandwidth allocation among users under network condition and
playback buffer dynamics. Device energy efficiency is achieved
via adaptive enhancement method selection. Therefore, the pro-
posed scheme outperforms the benchmarks and achieves the
highest average utility under various QoE objectives.

Fig. 15(a)–(c) show the average viewing QoE, average nor-
malized energy consumption, and average utility of different
schemes with varying total bandwidth of the BS, respectively.
The number of users is 3 and (α, β, γ) = (1/3, 1/3, 1/3). The
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Fig. 12. Performance of different schemes with (α, β, γ) = (2/3, 1/6, 1/6).

Fig. 13. Performance of different schemes with (α, β, γ) = (1/6, 2/3, 1/6).

Fig. 14. Performance of different schemes with (α, β, γ) = (1/3, 1/3, 1/3).

size of the particle swarm is 10, and the total number of iterations
is 50. It can be seen that as the total bandwidth increases,
the average viewing QoE and utility under different streaming
schemes increase, where our proposed two-step adaptive scheme
achieves the highest average viewing QoE and utility compared
to the benchmarks. The average normalized energy consumption

under our proposed scheme decreases with the total bandwidth,
whereas the average normalized energy consumption increases
with the total bandwidth under SDSR. SDSR and Flare are
both one-step streaming schemes, which overlook the impact
of FoV prediction accuracy on user perceived FoV quality.
SDSR fully relies on the device-VSR-driven method for FoV
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Fig. 15. Performance of different schemes with varying total bandwidth of the BS.

Fig. 16. Performance of different schemes with varying number of users.

quality enhancement without considering the device energy
consumption, thus resulting in inefficient bandwidth utilization
and large device energy consumption, especially when the total
bandwidth is large. The performance of RAM is limited by the
total bandwidth, as it fully relies on the transmission-driven
method for FoV quality enhancement. Each video chunk is
prefetched with only a basic quality even if the total bandwidth
is large, leading to inefficient bandwidth usage.

As the total bandwidth of the BS increases, a larger bitrate
level is selected for predictive FoV tiles when prefetching a
new video chunk, which leads to smaller reconstruction time for
enhancing a video tile to a target bitrate level with the device-
VSR-driven method. More video tiles are likely to be enhanced
with the transmission-driven method. The computing loads for
device-VSR-driven chunk enhancement are reduced. Therefore,
higher average viewing QoE and less device energy consumption
are achieved with the proposed scheme when the total bandwidth
increases.

Fig. 16(a)–(c) show the average viewing QoE, average nor-
malized energy consumption, and average utility of different
schemes with varying numbers of users, respectively. The total
bandwidth of the BS is 10 MHz and (α, β, γ) = (1/3, 1/3, 1/3).
The size of the particle swarm is 30, and the total number
of iterations is 100. We can see that as the number of users
increases, the average viewing QoE and average utility under dif-
ferent schemes decrease, where our proposed two-step adaptive
scheme achieves the highest average viewing QoE and utility

compared to the benchmarks. The average normalized energy
consumption under the proposed scheme increases with the
number of users and is smaller than that under SDSR. For SDSR,
when the number of users increases, it costs more time, including
transmission and reconstruction time, to deliver a video tile
with a given pair of download and enhanced bitrate levels. A
smaller pair of download and enhanced bitrate levels is selected
to satisfy the delay constraint, thus leading to less device energy
consumption. In addition, as discussed earlier, Flare and SDSR
neglect the impact of FoV prediction accuracy on user perceived
FoV quality, and RAM depends on the total bandwidth, thus
resulting in worse performance than our proposed scheme.

With the proposed scheme, when more users share the total
bandwidth of the BS, a smaller bitrate level is selected for predic-
tive FoV tiles when prefetching a new video chunk, which leads
to larger reconstruction time for enhancing a video tile to a target
enhanced bitrate level with the device-VSR-driven method. The
achieved FoV quality improvement is much constrained with
the transmission-driven method. More video tiles are likely to be
enhanced via the device-VSR-driven method, resulting in higher
computing loads. Thus, more device energy is consumed. On
the other hand, the FoV quality of each video chunk is enhanced
effectively based on the updated FoV with improved prediction
accuracy. A best candidate chunk is determined for each user in
any slot to achieve the largest total incremental QoE gain with
efficient bandwidth usage. The transmission-driven and device-
VSR-driven methods are adaptively enabled for FoV quality
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Fig. 17. Cropped snapshots of the generated demo videos (Coastal pier, slow-paced) under the proposed scheme and Flare.

Fig. 18. Cropped snapshots of the generated demo videos (Mega coaster, fast-paced) under the proposed scheme and Flare.

enhancement under network and playback buffer dynamics to
achieve the device energy efficiency. Therefore, our proposed
scheme achieves higher average viewing QoE and utility than
the benchmarks under different numbers of users.

To provide visualization of the performance improvement
with our proposed streaming scheme, Figs. 17 and 18 show
snapshot images from the generated demo videos for comparison
of perceived FoV qualities using the proposed scheme and one
of the benchmark schemes (Flare). Specifically, we consider two
types of 360◦ videos: slow-paced (Coastal pier) and fast-paced
(Mega coaster). The total bandwidth of the BS is 2MHz. The
number of users is 4 and (α, β, γ) = (1/3, 1/3, 1/3). The size
of the particle swarm is 4, and the total number of iterations is
30. The images show the cropped FoV of a particular user while
watching the 360◦ videos. By comparing the image qualities
generated by both schemes, shown in Figs. 17 and 18, we can
see that with the proposed two-step adaptive streaming scheme,
the user enjoys better video quality with higher-resolution FoV
tiles than Flare. For better visualization, we highlight some major
areas showing video quality improvements using red rectangular
boxes in both figures. Please note that due to display resolution
and space limit, we only visualize the image comparison of
perceived FoV quality between our scheme and Flare. The
visualized performance comparisons with all the benchmark
schemes in terms of user viewing QoE are provided in the
generated demo videos, submitted as supplemental materials
along with this manuscript.

VII. CONCLUSION

In this paper, a two-step adaptive streaming framework
has been proposed to enhance 360◦ video viewing experi-
ence. Each video chunk is first prefetched and then enhanced
at a closer-to-playback time instant. Transmission-driven and
device-VSR-driven methods are adaptively enabled to achieve
energy-efficient FoV quality enhancement. User viewing QoE

is characterized using a time-difference approach. A practical
PSO-based algorithm is developed for multi-user viewing QoE
optimization, through the decision-making of bandwidth alloca-
tion, bitrate level selection, and enhancement method selection.
Simulation results validate the performance of our proposed
framework over benchmark schemes. For future work, the pro-
posed scheme will be extended to consider successive chunk
enhancement, where each chunk can be enhanced multiple times
before the playback. A more comprehensive QoE model incor-
porating the QoE component of spatial quality smoothness will
be considered for more fine-grained viewing QoE optimization.
In addition, the cooperation among edge computing/caching
nodes and users will be investigated to support more advanced
360◦ video streaming service provisioning.

APPENDIX

PROOF OF PROPOSITION 1

For each candidate chunk i, Q1
t,u,i, Q1

t+1,u,i−1, Q1
t,u,i−1,

Q1
t+1,u,i+1, and Q1

t,u,i+1 are known as constants, with
Q1

t+1,u,i−1 = Q1
t,u,i−1 and Q1

t+1,u,i+1 = Q1
t,u,i+1. For brevity,

let Q1
t+1,u,i = x, Q1

t+1,u,i−1 = Q1
t,u,i−1 = C1, Q1

t,u,i = C2,
Q1

t+1,u,i+1 = Q1
t,u,i+1 = C3, and (18) is rewritten as

f(x) = α
1

|Iu| (x− C2)− 1

|Iu| − 1
γ [(|x− C1| − |C2 − C1|)

et,u,i−1 + (|C3 − x| − |C3 − C2|) et,u,i+1] .
(A1)

We first consider the case when et,u,i−1 = et,u,i+1 = 1. In
this case, we have

f(x) = fA(x)− fB(x) = α
1

|Iu| (x− C2)− 1

|Iu| − 1
γ

[
(|x− C1| − |C2 − C1|) + (|C3 − x| − |C3 − C2|)

]
(A2)
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with f ′
A(x) = α 1

|Iu| > 0. Next, we analyze the monotonicity of
fB(x), which has the following two cases.

1) C1 ≤ C3: If C1 ≤ x ≤ C3, f ′
B(x) = 0 and f ′(x) =

α 1
|Iu| > 0. If x ≤ C1, f ′

B(x) = − 2
|Iu|−1γ and f ′(x) = α 1

|Iu| +
2

|Iu|−1γ > 0. If x ≥ C3, f ′
B(x) =

2
|Iu|−1γ and f ′(x) = α 1

|Iu| −
2

|Iu|−1γ, which can be either larger than, smaller than, or
equal to 0. Therefore, when C1 ≤ C3, f(x) monotonically
increases with x when x ≤ C3 and monotonically increases or
decreases with x when x ≥ C3. Considering the domain of x,
i.e., C2 ≤ x ≤ ft+1,u,i, the maximum of f(x) is obtained by
max(f(C2), f(ft+1,u,i)) with f(C2) = 0.

2) C1 ≥ C3: Similar monotonicity analysis can be applied to
the case when C1 ≥ C3, which is omitted for brevity.

When et,u,i−1 = 0 and/or et,u,i+1 = 0, it is a special case of
f(x). Similar monotonicity analysis can be applied, which is
omitted for brevity.
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