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Abstract—360o video is becoming an increasingly popular
technology on commercial social platforms and vital part of
emerging Virtual Reality/Augmented Reality (VR/AR) applications. However, the delivery of 360o video content in mobile
networks is challenging because of its size. The encoding of
360o video into multiple quality layers and tiles and edge cacheassisted video delivery have been proposed as a remedy to the
excess bandwidth requirements of 360o video delivery systems.
Existing works using the above tools have shown promising
performance for Video-on-Demand (VoD) 360o delivery, but they
cannot be straightforwardly extended in a live-streaming setup.
Motivated by the above, we study edge cache-assisted 360o live
video streaming to increase the overall quality of the delivered
360o videos to users and reduce the service cost. We employ Long
Short-Term Memory (LSTM) networks to forecast the evolution
of the content requests and prefetch content to caches. To further
enhance the delivered video quality, users located in the overlap
of the coverage areas of multiple Small Base Stations (SBSs) are
allowed to receive data from any of these SBSs. We evaluate and
compare the performance of our algorithm with Least Frequently
Used (LFU), Least Recently Used (LRU), and First In First
Out (FIFO) algorithms. The results show the superiority of the
proposed approach in terms of delivered video quality, cache-hitratio and backhaul link usage.
Index Terms—Tile-encoding, 360o live video streaming, edgecaching, LSTM networks.

I. I NTRODUCTION
In recent years, we have witnessed the emergence of live
streaming platforms such as YouTube Live, Facebook Live,
Twitch, Periscope, and Meerkat [1]. This has been fostered by
the proliferation of mobile devices that provide access to the
Internet from “everywhere”. These platforms allow attendants
of live events, e.g., games, shows, conferences, etc. to capture
them using affordable 360o cameras, and then broadcast them
to potentially millions of viewers.
To provide users an immersive experience, 360o videos
may be watched with the help of Head-Mounted Displays
(HMDs), e.g., Oculus Rift, Samsung Gear VR, and HTC Vive
[2]. In HMDs, each 360o scene is projected in the internal
part of a spherical surface [3], and a user wearing an HMD
watches only a Field of View (FoV) of the spherical scene,
known as viewport. The projected viewport is controlled by
the orientation of the viewer’s head in the x, y, and z axes, as
shown in Fig. 1.
To prevent users from experiencing motion sickness, the
mobile network’s response to the users’ head movements
should be as fast as the HMD refresh rate [4]. Considering
that the refresh rate is commonly 120Hz, the mobile network
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Fig. 1. User equipped with a Head Mounted Display, and the corresponding
video scene.

should deliver the requested viewport to the users in less
than 10msec. The end-to-end delivery delay imposes a tight
constraint that challenges mobile networks to respond to
such demands by tracking and rendering only the requested
viewport. Transmitting the whole scene could help overcome
the above limitation, as there would be no need for realtime response to head movements. However, this is not an
efficient strategy as it requires significant bandwidth resources
due to the high resolution of 360o videos (e.g., 4K, 8K, or
higher) [5]. In addition, delivering the entire scene leads to
significant bandwidth waste since only a part of the 360o video
will be displayed. The problem deteriorates when the network
infrastructure must support a large number of users who may
want to access the requested content from various locations.
Tile-based streaming has been proposed in [3], [6], [7] to
reduce bandwidth requirements for delivering 360o videos.
In tile-based video streaming systems, the 360o videos are
encoded into independently encoded segments (see Fig. 2),
known as tiles. Further, tiles can be encoded into multiple
quality layers. The base layer which is the most important
layer offers a reconstruction of a tile at the lowest available
quality. The next layers (enhancement layers) contain information that can progressively improve each tile’s reconstruction
quality. In order to reconstruct a tile at a requested quality
(e.g., lth quality layer), the corresponding enhancement layer
(lth enhancement layer) should be available along with all
previous enhancement layers, including the base layer. Tile
encoding facilitates streaming of only the requested viewport
in high quality to a user. To this aim, the demanded viewport is
predicted by considering past users’ navigation patterns. This
allows prefetching of the tiles corresponding to the forecasted
viewport to the user in order to meet the delivery deadlines.
The rest of the scene is still transmitted to the user, but at a
lower quality. This is needed to prevent rendering of black
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Fig. 2. Encoding of 360o videos into multiple quality layers and tiles to
facilitate rendering of the demanded viewport.

areas (i.e., areas with no content) in case of an erroneous
estimation of the demanded viewport [8].
When multiple users request various 360o videos, streaming
the requested content independently to the users leads to waste
of valuable bandwidth in the core network and the backhaul
links. To avoid such inefficient use of bandwidth resources,
edge caching has shown to be an efficient method to accommodate the demands of multiple users in cellular networks.
In edge caching systems, Small Base Stations (SBSs), e.g.,
pico-cells and femto-cells, are equipped with a cache where
they can store popular content files [9], [10]. The use of caches
permits to serve the content from the SBSs and limits the need
to retrieve it from distance servers through backhaul links.
Content retrieval from caches also reduces the experienced
latency. However, existing edge caching systems [11]–[13] that
exploit 360o video properties are appropriate for Video on
Demand (VoD) systems, and they cannot be trivially used for
360o live video streaming. Specifically, the works in [11]–[13]
belong to the family of offline caching schemes and require
the knowledge of the content popularity distribution.
In this paper, we propose a novel online caching framework
to support 360o live video streaming building on our early
work [14]. Similarly to [11]–[13], we exploit encoding of the
360o videos into multiple quality layers and tiles. To the best
of our knowledge, this is the first sophisticated caching scheme
that can support live streaming of 360o videos. The proposed
system aims at maximizing the overall video quality rendered
by the users, and decrease the usage of the backhaul links.
To this aim, it uses limited past observations of the users’
requests for the various 360o videos and viewports in order
to determine the optimal cache eviction/placement strategy.
When a decision is made by our system to cache a 360o video,
all the tiles of that video encoded in base quality are cached to
ensure interactivity, and a number of tiles in high quality are
also cached to enhance the quality of the demanded viewport.
The number of cached tiles in high quality at the SBSs depends
on both videos’ popularity, i.e., for the most popular videos,
more tiles are cached in high quality, as well as the tiles’
popularity, which determines which tiles are most likely to be
requested.
Our system uses Long Short-Term Memory (LSTM) networks, which are efficient for time series forecasting [15], to
decide which tiles of the 360o videos should be cached at the
edge caches and in what quality. LSTM networks have been
previously used for predicting video popularity [16], [17] of
traditional videos in cache networks, but they have not been
used for optimizing the cached content in cache networks for

the case of 360o videos we examine in this paper. Through the
use of the LSTM networks, the popularity of the 360o videos
and tiles for the next Group of Pictures (GOP) is predicted with
only a small error. The prediction outcomes are then used to
determine the content that should be prefetched at the SBSs
caches to enable on-time delivery of the 360o video content
to the users. We use both real and synthetic 360o video traces
to evaluate the performance of our scheme. We compare our
solution with Least Frequently Used (LFU), Least Recently
Used (LRU), and First In First Out (FIFO) algorithms, which
are commonly used to support live streaming applications.
The results show that the proposed method offers large gains
in terms of the quality of the rendered video, the cache hit
ratio, and the service cost. When users are located in the
communication range of multiple SBSs, we associate users
with multiple SBSs to further enhance the performance of all
methods. Hence, users can access content stored in multiple
caches from where they can satisfy their requests.
In summary, the contributions of our work can be summarized as follows:
• the introduction of a novel online caching framework to
support 360o live video streaming. Our framework takes
into account both 360o video popularity and viewports’
popularity to decide which tiles to cache at the SBSs;
• the use of LSTM networks for optimizing cache decisions
for 360o videos in cache networks for the live streaming
case. This permits prefetching of content that is likely to
be popular in the future at the SBSs caches, and hence,
facilitates the on-time delivery of 360o video content to the
users;
• extensive evaluation of the proposed solution with respect
to various system parameters and comparisons with several
state-of-the-art schemes in order to showcase the benefits
coming from our LSTM empowered cache-assisted framework.
The rest of this paper is organized as follows. In Section
II, we overview works related to 360o videos, 360o live video
streaming, and edge caching. Then, in Section III, we describe
the system setup, and afterwards, we provide the system model
in Section IV. Next, in Section V, we evaluate the performance
of the proposed scheme. Finally, conclusions are drawn in
Section VI.
II. R ELATED W ORK
During the past decade, the 360o video attracted significant
attention from the academic community. Different aspects of
360o video have been studied, and systems for processing and
streaming such content have been presented. For example,
authors in [18] designed subjective experiments in order to
analyze users’ navigation patterns when viewing 360o videos.
They observed that for a short time period in the beginning of
the 360o video streaming, e.g., first 30 seconds, users tend
to look around, and their attention is very low. However,
after about 1 minute, users’ attention becomes more focused.
Authors in [19] propose a solution based on MPEG DASH in
order to cope with the bandwidth limitations when streaming
360o videos at a resolution of 16K with an FoV of 4K. A
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Hadoop/Spark based transcoding solution is presented in [20]
to facilitate the delivery of high resolution 360o videos, i.e.,
8K and above. The evaluation shows that real-time transcoding
of 360o videos with a resolution of 8K, split into 8x8 tiles,
can be achieved at a rate of 99 fps. Differently from [20],
in [21], it is investigated how different parts of a 360o video
can be encoded at different qualities. To maximize the quality
of the 360o videos displayed by the users, authors in [22]
optimize the video encoding configurations so that 360o videos
are optimally encoded into multiple representations. To predict
the demanded viewports by the users in the near future, authors
in [23] present a contextual bandit algorithm. Differently
from [23], authors in [24] propose a trajectory-based viewport
prediction algorithm, aiming to predict the users’ requested
viewports in the long-term. To deal with the problem of inaccurate distortion measurements occurring when 360o videos
are projected from the spherical domain to 2D plane, the work
in [25] proposes a method that optimizes the encoding process
based on signals’ distortion in spherical domain. The results
show that their method achieves significant coding gains in
each projection and results in large bit rate savings.
Tile-encoding has been exploited for 360o live video streaming [26] in order to facilitate the delivery in high quality of
only the requested FoV. The presented live streaming platform
is supported by an architecture based on RTP and DASH. The
results made apparent the trade-off between video quality and
bandwidth usage and showed bandwidth savings of about 50%.
Differently from [26], authors in [27] proposed a multicasting
system to support 360o video live streaming. Simulations have
shown that users with low bandwidth capacities experienced
a quality gain of 3 dB, while users with high bandwidth
capacities saw a gain of 3.5-4 dBs. A live streaming system
based on MPEG media transport (MMT) is proposed in [28] to
guarantee the delivery of high-quality 360o videos to the users.
A generic measurement system is presented in [29] for collection of key performance statistics, e.g., video quality change,
rebuffering events, that is used for evaluating the performance
of live streaming platforms for 360o videos. Authors in [2]
proposed a mobile video telephony system over LTE cellular
networks that dynamically adjusts the compression strategy in
order to provide a high Quality of Experience (QoE) to the
users.
Edge caching has been proposed as an enabling technology
to support streaming of both standard videos [17], [30], and
360o videos [11]–[13], [31], [32]. In edge caching architectures, SBSs cache popular content, from where users can
retrieve the requested content directly. Caching is beneficial
in terms of reducing the usage of the pricey backhaul links
[10], [33], and helps users enjoy services with less latency.
The advantages of using edge caches to store 360o videos are
demonstrated in [11], [12]. The decisions regarding where to
cache a content and from where to retrieve it are made jointly
on a per-tile and per-layer basis. Differently from [11], [12],
authors in [13] examine 360o video caching when tiles are
encoded at different resolutions, and in multiple layers. A FoVaware edge caching scheme is proposed in [31] which uses a
probabilistic model based on the viewing trajectories of past
requests. Differently from [31], authors in [32] propose a col-

Fig. 3. Considered live streaming architecture.

laborative FoV prediction edge caching scheme by assigning
different playback latencies to different users. The difference
in the playback latencies creates the concept of “streaming
flock”, where the statistics regarding which viewports users
are watching in the front of the flock are exploited to predict
the viewports that users will watch at the back of the flock
(at a later time instant). The above-mentioned methods [31],
[32] assume users arriving at different time instants with the
time between users’ arrivals often exceeding 20 secs, which
render them inappropriate to support live streaming with strict
requirements
III. S YSTEM S ETUP
In this section, we first introduce the considered live streaming architecture. Then, we discuss transcoding of 360o videos
that is needed for encoding the videos into multiple quality
layers and tiles, when this had not been done by the content
producers. Finally, we describe the considered mobile edge
network architecture, the users’ requests model, and the endto-end delay in mobile edge networks.
1) Live Streaming Architecture: A high-level representation
of the considered 360o video live streaming architecture is
depicted in Fig. 3. We assume multiple users (broadcasters)
that capture a 360o FoV of a scene using omnidirectional
cameras. The captured 360o videos are first transmitted to the
Live Stream server using the Real-Time Messaging Protocol
(RTMP) [34]. RTMP is selected as it can ensure low end-toend latency between the broadcaster and viewers. The Live
Stream server transcodes the 360o videos so that they consist
of multiple quality layers and tiles. Transcoding is needed
because the captured 360o videos from the broadcasters may
not necessarily be encoded in that format. The transcoded
video streams are transmitted to the Content Delivery Network
(CDN) using HTTP. The mobile edge servers are populated
with content from the CDN according to the proposed cache
optimization algorithm, which will be presented in Section
IV. We would like to note that this work focuses on the cache
optimization of the mobile edge caches.
2) Transcoding of 360o videos: We assume that the total
number of the captured 360o videos is V = |V|, where
V = {1, . . . v, . . . , V } stands for the set of 360o videos that
comprise the content library. The video transcoding at the
Live Stream servers is performed using H.265/HEVC, but
our scheme is compliant with other video codecs. Each video
stream is encoded into a number of L quality layers and M
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Fig. 4. Considered mobile-edge architecture.

tiles. The first quality layer is the base layer, while the rest
L−1 layers are known as enhancement layers. The acquisition
of a tile at the base quality layer offers a reconstruction of the
tile at the lowest quality, while the progressive acquisition of
up to the lth quality layer gradually enhances the quality of
that tile. As the duration of each video may vary, each video
consists of a number of GOPs, that their number depends on
the duration of each video.
3) Content Delivery Network: The CDN comprises geographically distributed servers that collaboratively cache and
distribute popular content to a global reach using high-speed
links. Each CDN server can cache a number of video files.
In a CDN, the requested content in a geographic area is
commonly served from the cache of the CDN server that
is closer to the users. In this way, the demanded content is
retrieved by the users with less latency, as their requests do
not have to be routed to the Live Stream server. The use
of CDNs significantly reduces the traffic reaching the Live
Stream server.
4) Mobile Edge Network: We consider a mobile edge network architecture as the one depicted in Fig. 4. This network
consists of N Small Base Stations (SBSs), i.e., microcells, and
a Macrocell Base Station (MBS). Let N = {1, . . . n, . . . , N }
be the set of the N SBSs, and N + 1 represent the MBS.
The MBS is connected with the CDN through a high capacity
backhaul link, i.e., optical fiber, while the connection of
the SBSs with the CDN is established through the MBS
by millimeter-wave links. For notational convenience, let the
augmented set NB = N ∪N +1 denote the set that includes all
the SBSs along with the MBS. The communication ranges of
the SBSs are represented by the set P = {p1 , . . . pn , . . . , pN },
with pn being the communication range of the nth SBS. We
denote the communication range of the MBS by pN +1 . All
SBSs are within range of the MBS; otherwise, they would not
have access to the backhaul of the MBS. The cache capacity
of the n ∈ N SBS is denoted by Cn ≥ 0, ∀n ∈ N .
5) Users: In the considered network architecture, we consider U users that form the set U = {1, . . . u, . . . , U }. Users
may be located in the overlap of the coverage areas of multiple

SBSs, as shown in Fig. 4. When this happens, users may
be associated with any of these SBSs. For each user, the
primary SBS is the one that has the maximum signal-tointerference-plus-noise ratio (SINR). The association of a user
with multiple SBSs enables requested tiles that are not cached
at the primary SBS but are stored in the cache of one (or
more) of the other SBSs the user resides to be delivered to
the user from these caches. We assume that time is slotted
in T time slots. In each time slot t ∈ T , the request of user
u ∈ U for a GOP of a 360o video v ∈ V is denoted as wut .
Let Wu = {wu1 , . . . , wut , . . . , wuT } be the set which contains T
consecutive requests from user u ∈ U. Hence, each request is
indexed by the time slot t, which corresponds to the currently
displayed GOPs. This removes the need to associate requests
with the GOP index of each video.
6) End-to-end delivery constraint: The end-to-end delay
captures the overall delivery delay a user experiences. It is
the time elapsed from when users request the data until the
data is delivered to them. This delay depends on the location
of the SBS from where the requested content is retrieved. Let
dn be the delay needed to transmit one Mbit from the cache of
the nth SBS to a user within the SBS communication range.
Similarly, let dN +1 be the delay needed to transmit one Mbit
that is fetched from the backhaul of the MBS to a user. In order
to guarantee the timely delivery of the tiles of each GOP to
the users, the following constraint should be met:
X X X

n
ovglm · dn · yvglm
≤ tdisp , ∀v ∈ V, g ∈ G

(1)

n∈NB l∈L m∈M

The parameter ovglm in (1) denotes the size (in Mbits) of the
mth tile of the lth quality layer of the gth GOP of the vth
n
takes the value 1 when the
360o video. The variable yvglm
the mth tile of the lth quality layer of the gth GOP of the vth
360o video is delivered on time to the uth user from the nth
SBS (n ∈ N ) or the MBS (n = N + 1), and 0 otherwise. The
parameter tdisp corresponds to the time needed for each GOP
to be displayed.
IV. S YSTEM M ODEL
1) Caching Entity (CE): We consider that each SBS is
equipped with a CE, as shown in Fig. 5. This entity is responsible for deciding which 360o videos and tiles should be cached
at each SBS. Each caching entity is composed of a number
of modules, e.g., User Requests Processor, User Requests
Forecasting, Feature Updater, etc., that their operation will be
discussed later.
2) Users Request Processor (URP): The URP module is
responsible for decomposing the user requests wut , t ∈ T , u ∈
U as follows. If a viewport consists of k tiles, each user request
t
wut is decomposed into k + 1 requests wu,i
, as shown in Fig.
t
6. The first request wu,0 is for receiving all the tiles of the
requested 360o video at the base quality. The rest k requests
t
t
t
{wu,1
, . . . , wu,i
, . . . , wu,k
} are for receiving each of the k tiles
of the requested viewport in high quality. This decomposition
provides to our system the flexibility to decide which 360o
videos (all tiles at the base quality) should be cached to ensure
interactivity, and which tiles of these videos should be cached
in high quality to enhance the quality of the rendered video.
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Fig. 5. Flow of operations in a caching entity.

same content arrive simultaneously at an SBS, the first request
is prioritized for processing, while the rest of the user requests
are held in a queue for later processing. This mechanism is
needed because many people are watching the same content
almost simultaneously in live streaming scenarios. Without
such mechanism, in case a requested content is not cached
at the SBS, a cache miss will occur for all the user requests
for that content. This would cause all the traffic related to that
content to be redirected to the origin CDN or even the Live
Stream server, which in turn could cause the crashing of these
servers.

t into k + 1 requests.
Fig. 6. Decomposition of user request wu

t
t
t
t
Let the set Wut = {wu,0
, wu,1
, . . . , wu,i
, . . . , wu,k
} describe
these k + 1 requests.
3) Feature Updater (FU): The FU module is responsible
for updating features related to the requests for the various
360o videos and tiles. Specifically, this module calculates in
each time slot t ∈ T , the number of times each request (for
receiving either a 360o video at the base quality or a tile of
a viewport in high quality) was encountered. The computed
features are transferred to the Feature Database module, where
this information is stored.
4) Feature Database (FD): The FD module stores the
features computed by the FU module regarding the number
of times the various 360o videos (all tiles at base quality) and
tiles (in high quality) were requested at an SBS.
5) Users’ Requests Queue (URQ): After the decomposition
of each user request into multiple requests by the URP module,
the decomposed requests are directed to the URQ module. This
module applies a technique called request coalescing [35].
According to this technique, when multiple requests for the

6) Content Prefetcher (CP): Due to the end-to-end delay,
SBSs cannot respond instantly to the users’ head movements
and transmit the demanded tiles by the users. This is avoided
by using the CP module. Specifically, when the CP module
receives requests Wut for the various 360o videos (in base
quality) and tiles (in high quality) from the URP at the time
slot t, it decides what content should be prefetched for the
various 360o videos and tiles for the next time slot t + 1.
t+1 t+1
t+1
t+1
Let the set Zut+1 = {zu,0
, zu,1 , . . . , zu,i
, . . . , zu,k
} denote
the content that will be prefetched to the users regarding the
time slot t+1. Enabling prefetching allows the timely delivery
of the content to the users. To decide which content should
be prefetched, we use the Last Sample Replication (LSR) [8]
algorithm. This algorithm was chosen because it has minimal
computational overhead and hence is appropriate for real-time
applications as the one we examine here. The use of a more
advanced prediction algorithm would improve the delivered
quality, however, it would not change the derived conclusions
regarding the ability of the LSTM network to predict content
popularity evolution. According to LSR, when the CP module
t+1
t
receives a user request wu,i
at time slot t, the content zu,i
that
is decided to be prefetched for the time slot t+1 is considered
t
to be the same with the request wu,i
. For the sake of simplicity,
we assume that for the first time slot, the content that will be
prefetched to the users is the requested content.
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7) Cache Query (CQ): The CQ module examines whether
the content indicated by the CP module is already cached
at the SBS. When this content is cached at the SBS, it is
served to the users locally from the Cache Storage (CS) of
the SBS. Differently, when the content indicated by the CP
module is not available at the SBS, the Information Exchange
(IE) module is activated to check whether a neighboring SBS
can serve it to the user. This happens when the user is within
the communication range of the neighboring SBS. In case
the content is cached at a neighboring SBS, and the user is
associated with that SBS, the content is delivered to the user
from that SBS. Finally, when the content indicated by the
CP module is not cached at any neighboring SBS the user is
associated with, the content is fetched at the SBS through the
backhaul of the MBS, from where it is served to the user.
8) Cache Storage (CS): The CS module is responsible for
storing the 360o videos at the base quality and the tiles of the
cached videos in high quality. Each SBS has a separate cache
storage module with capacity Cn , where n is the SBS node
index.
9) Content Retrieval (CR): The CR module is responsible
for the delivery of the content to the users. This module
retrieves the content either through: a) the CS module, when it
is cached at the SBS, or b) the Retrieval from Backhaul (RFB)
module that retrieves the content from the backhaul, when it
is not cached at the SBS.
10) Information Exchange (IE): The communication of an
SBS with its neighboring SBSs is done through the IE module.
In particular, in case of a cache miss for a content at an SBS,
the SBS checks whether that content may be served to the
user from a neighboring SBS. The communication between
the SBSs is accomplished by millimeter-wave links through
the MBS. The delay needed for the above communication is
captured by the delay parameter dn . Recall, that this parameter
denotes the delay needed to deliver one Mbit from the nth SBS
to a user.
11) Retrieval from Backhaul (RFB): The RFB module is
responsible for retrieving the content that will be prefetched
to caches of the SBSs through the backhaul. After retrieving
the content by the RFB module, its popularity is estimated by
the Popularity Forecasting module. Also, a decision is made
at the Caching Decision module about whether to cache that
content.
12) Popularity Forecasting (PF): The PF module at each
time t performs forecasting of the popularity of the content
that will be prefetched for the time slot t + 1. Specifically, the
PF module uses a window of h time slots in order to estimate
popularity trends of the content that will be prefetched to the
users, and cache at the SBSs content that will be popular. To
this aim, it uses the features (number of requests per video
and per tile) stored at the FD module regarding the previous
h − 1 time slots along with the current time slot t ∈ T . Let
us denote by λtn,v,0 the popularity of the 360o video v ∈ V
(base quality) at the SBS n ∈ N in the time slot t ∈ T .
Similarly, let λtn,v,m stands for the popularity of the tile m ∈
M of the video v ∈ V at the SBS n ∈ N , where M =
{1, . . . , m, . . . M }. The popularities λtn,v,0 , λtn,v,m are defined
as the number of times each request (for either a 360o video

at the base quality, or a tile of a viewport in high quality) was
encountered. The popularity features were not normalized, as
the total number of requests is not known in advance. However,
had the normalization of the popularity features in the range
[0, 1] been possible, it would not affect the performance.
One way to predict these popularities would be to use
Recurrent Neural Networks (RNNs), as they are effective
for time series data forecasting [36]. However, simple RNNs
cannot capture long-term dependencies, as they lack control
structures, which causes the norm of gradients to decay
or explode during training [37]. To overcome this problem,
LSTM networks have been proposed [38], which are a special
type of RNNs able to learn long-term dependencies. Inspired
by [16], we use an LSTM network for the forecasting of
the popularity of the content retrieved by the RFB module.
The LSTM network takes as input the features of a content
regarding the previous h − 1 time slots along with the current
time slot t, and outputs the estimated popularity for the content
for the time slot t + 1. The LSTM is initially pre-trained
offline (warm-up phase) with historic data profiles using the
backpropagation through time method in order to find a good
starting point for its weights. Then, these weights are used for
the popularity prediction of the content retrieved by the RFB
module.
13) Caching Decision (CD): The CD module makes decisions regarding whether to cache the retrieved content by the
RFB module. To this aim, it uses the popularities predicted by
the PF module.
Let us denote the total number of cached 360o videos
at the SBS n ∈ N at the base quality as bn , and the
total number of cached tiles in high quality as fn . In addition, let the forecast popularities of the cached 360o videos
at the base quality at the time slot t + 1 form the set
B n,t+1 = {B1n,t+1 , . . . , Bin,t+1 , . . . , Bbn,t+1
}, and the forecast
n
popularities of the cached tiles in high quality form the set
F n,t+1 = {F1n,t+1 , . . . , Fjn,t+1 , . . . , Ffn,t+1
}.
n
When the content that will be prefetched to a user is
cached locally or at a neighboring SBS the user resides, it
is delivered to the user from the SBS which possesses it.
In such case, no cache update decision is made by the CD
module. In a different case, the content is retrieved by the
RFB module, and a decision is made about whether to cache
it. Specifically, first a decision is made about whether to cache
t+1
at the SBS the prefetched content zu,0
regarding the 360o
video indicated by the CP module (when it is not cached).
t+1
Let the predicted popularity by the PF module for the zu,0
t+1
t+1
be λn,v,0 . The prefetched content zu,0 will be cached at the
SBS in the place of the ith cached 360o video at the base
n,t+1
quality if λt+1
, where Bin,t+1 = min(B n,t+1 ).
n,v,0 > Bi
o
Next, in case the 360 video is cached at the base quality,
a decision about whether they should be stored at the CS
module is made for each one of the tiles in high quality
t+1
t+1
t+1
{zu,1
, . . . , zu,i
, . . . , zu,k
} that are not cached. Specifically,
t+1
if the predicted popularity by the PF module for the tile zu,i
t+1
is given by λt+1
n,v,m , the tile zu,i will be cached in the place
n,t+1
of the jth cached tile in high quality if λt+1
,
n,v,m > Fj
n,t+1
n,t+1
where Fj
= min(F
). However, if the initial decision
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Algorithm 1 Caching decisions using forecast popularities
1: Offline Phase
2:

Pre-train the LSTM network with historic transition pro-

files, using the backpropagation through time method
3: Online Phase
4:

for each time slot t do

5:

for each user u do

6:
7:

t
, i ∈ {0, 1, . . . , k} do
for each user request wu,i
t+1
if zu,0
(all tiles at base quality) are not cached

then
n,t+1
and min(B n,t+1 ) = Bin,t+1
if λt+1
n,v,0 > Bi

8:

TABLE I
N OTATION
Symbol
N
NB
V
G
L
M
U
T
δvglt
ovglt
Cn
tdisp

Physical Meaning
Set of Small Base Stations
Set of SBSs and MBS
Set of 360o videos
Set of GOPs
Set of quality layers
Set of tiles
Set of users
Set of time slots
Distortion reduction from obtaining the tile vglt
Size of the tile vglt
Cache capacity of the SBS n
Time duration of a GOP

then
t+1
Cache zu,0
in place of the ith cached 360o

9:

video at base quality
end if

10:
11:

end if

12:

t+1
if zu,0
(all tiles at base quality) are cached then

13:

t+1
if zu,i
(tile in high quality) is not cached then
n,t+1
and min(F n,t+1 ) =
if λt+1
n,v,m > Fj

14:

Fjn,t+1 then
t+1
Cache zu,i
in place of the jth cached tile

15:

in high quality
end if

16:

end if

17:
18:
19:
20:
21:

end if
end for
end for
end for

t+1
regarding the request zu,0
was to not cache it, no further cache
update decision is made, and none of the content requests
t+1
t+1
t+1
{zu,1
, . . . , zu,i
, . . . , zu,k
} regarding the tiles in high quality
are cached. The aforementioned cache update decision process
is summarized in Algorithm 1. It takes place at the CD module
using the forecast popularities provided by the PF module.
Following the above workflow, the cache is populated with
the most popular 360o videos at the base quality. Tiles in
high quality are cached only for the videos with cached base
layer tiles. The number of cached tiles in high quality for
each cached 360o video depends on videos’ popularity, i.e.,
the more popular is a 360o video, the more tiles are cached at
the SBSs. Hence, for the least popular videos, a small number
of tiles or even no tiles may be cached at the SBSs. This
provides our scheme greater flexibility in deciding how many
tiles to cache per video, helps increase the cache hits, and
enhances the quality of the displayed video, as we see in the
next section.
It is worth noting that our system forecasts the evolution
of the popularities of all the cached items to be requested,
i.e., sets B n,t+1 and F n,t+1 at each time slot. This can be

effectively implemented online without the cache size being a
limiting factor. This is because the predictions are made at the
SBSs, which can be equipped with GPUs and make predictions
in the order of µsecs, as was also shown in [17]. Furthermore,
LSTM training is performed in the warm-up phase (e.g., offpeak hours), which further lowers the cost of deploying LSTM
networks in practical systems.
The key notation of our problem is summarized in Table I.
V. P ERFORMANCE E VALUATION
In this section, we evaluate the performance of the proposed
online edge cache-assisted framework to support 360o live
video streaming. For all the schemes under comparison, when
users reside within the transmission range of multiple SBSs,
they can be associated with any of these SBSs. This allows
users to obtain their data from neighboring SBSs that possess
the requested content when it is not available at the primary
SBS. We should note that when the users’ requests arrive at
an SBS, the cache update decisions are made at that SBS
regardless if the users obtained their data from a neighboring
SBS or the backhaul.
A. Simulation Setup
The schemes under comparison, as well as the proposed
scheme, are described below:
1) Least Frequently Used (LFU): In this scheme, the network operator keeps track of the number of requests that
occurred for each cached 360o video and tile in high
quality of each GOP. When a request for the gth GOP
of a 360o video arrives at an SBS, the LSR algorithm
is used to decide which content should be prefetched as
follows: a) if no tiles of the GOP g + 1 are cached at the
SBS, all the tiles of the GOP g + 1 of the 360o video that
was requested the least frequently will be evicted from the
SBS cache. Then, the tiles indicated by the LSR algorithm
will be cached in the corresponding places of the evicted
tiles; b) if the tiles of the GOP g + 1 are already cached
at the base quality, but some (or all) of the requested tiles
in high quality are not cached, the cached tiles in high
quality that were requested the least frequently will be
evicted, and the requested tiles that were not cached will
be stored in the place of the evicted tiles.
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2) Least Recently Used (LRU): In this scheme, the network
operator keeps track of how recent are the requests that
occurred for each cached 360o video and tile in high
quality of each GOP. When an SBS receives a user
request for the GOP g of a 360o video, according to
the LSR algorithm: a) if no tiles of the GOP g + 1 are
cached at the SBS, all the tiles of the GOP g + 1 of the
360o video that was requested the least recently will be
evicted from the SBS cache. Then, the tiles indicated by
the LSR algorithm will be cached in the corresponding
places of the evicted tiles; b) if the tiles of the GOP g + 1
are already cached at the base quality, but some (or all)
of the requested tiles are not cached in high quality, the
cached tiles in high quality that were requested the least
recently will be evicted, and the requested tiles that were
not cached will be stored in their places.
3) First In First Out (FIFO): In this scheme, the network
operator keeps track of when the requests for each
cached 360o video and tile in high quality of each GOP
happened. For a user request for the GOP g of a 360o
video, according to the LSR algorithm: a) if no tiles for
the GOP g + 1 are cached at the SBS, all the tiles of
the GOP g + 1 of the 360o video that was requested the
earliest will be evicted from the cache at the SBS. Next,
all tiles of the viewport predicted by the LSR algorithm
for the GOP g+1 will be cached at the SBS; b) if the tiles
of the GOP g + 1 are already cached at the base quality,
but some (or all) of the requested tiles in high quality are
different from the tiles of the viewport indicated by the
LSR, the cached tiles in high quality that were requested
the earliest will be evicted, and the requested tiles that
were not cached will replace these tiles.
4) Proposed Scheme: In the proposed scheme, the caching
decisions are performed following the cache update
framework described in Section IV. The proposed scheme
uses popularity forecasting to decide with what content
to populate the SBSs caches and how to update them.
When a decision is made to cache a video at an SBS, all
the tiles in base quality are cached in it. Also, for each
GOP, a number of tiles that depends on their popularity
are cached in high quality.
As is obvious from the description of the schemes under
comparison, an item of the g+1 GOP under decision is always
replacing another cached item of the GOP g+1. This approach
was followed in order to allow all the GOPs of popular 360o
videos to remain in the cache for their whole video length. This
permits users to watch popular videos at a later time instant
by accessing the cached content (VoD case). Besides, evicting
items corresponding to past GOPs would be possible, however
such a strategy would introduce unnecessary complexity, as
the entire cache space for multiple GOPs should have been
examined.
It should be noted that for the schemes under comparison,
when an update decision is made base layer tiles of a 360o
video replace the base layer tiles of another video. The same
happens to the tiles of these videos in high quality. However,
in this case, the removed tiles may belong to more than one

videos. Hence, similarly to our scheme, LFU, LRU, and FIFO
can cache an arbitrary number of tiles in high quality.
For all the conducted experiments, unless otherwise specified, we assume a cellular network with N = 3 SBSs and an
MBS covering the area of all SBSs. The coverage range of
each SBS is pn = 200m, and the coverage range of the MBS
is pN +1 = 2000m. The cache capacity of the SBSs is set to
be enough to cache 10% of the 360o videos content library.
This space is calculated assuming that for each GOP of each
cached 360o video, all the tiles at the base quality along with
the tiles of one viewport in high quality are cached at the SBS.
However, as we have already mentioned, for all schemes, the
number of tiles in high quality that will be cached for each
360o video depends on the corresponding caching policy of
each scheme.
We consider that the total number of users is U = 540, who
are randomly placed in the coverage area of the SBSs. The
delay at which data is delivered from the cache of the users’
primary SBS is dnu = 1/14 sec/Mbit. The delay at which
data is delivered from the cache of an SBS that is not the
primary one to a user equals to dnu = 1/13 sec/Mbit. When a
request for a 360o video at base quality or tile in high quality
is not cached at any of the SBSs the user resides, the delay
needed to deliver that request from the backhaul equals to
d(N +1)u = 1/2.9 sec/Mbit.
The content library contains V = 100 videos. Each 360o
video has a duration of 300 GOPs, with each GOP lasting
tdisp = 1 sec. Each GOP of the 360o videos is encoded in
M = 12 tiles and L = 2 quality layers, while the size of each
viewport is 4 tiles. The considered viewports are depicted in
Fig. 7. The bitrate of the base layer is 2 Mbps, while the bitrate
of the enhancement layer is 12 Mbps. The distortion reduction
achieved by acquiring the base layer of a tile is δvg1m = 30
dB, while the distortion reduction achieved by obtaining the
enhancement layer of a tile is δvg2m = 10 dB. Although in
this paper the 360o videos are encoded into the same number
of layers and tiles, and tiles’ layers are encoded at the same
bitrate, the proposed system could be extended to deal with
tiles of different sizes. For example, a tile may be cached
in the place of more than one cached tiles if the popularity
of the former tile is higher than the sum of the popularities
of the latter set of tiles, which should be next evicted. This
approach was not implemented as our paper aims at showing
the benefits coming from the exploitation of advanced coding
tools for caching 360o videos and the use of LSTM networks
to predict popularity trends. The evaluation of our framework
for the case of tiles with different sizes is part of our future
work.
We assume that the popularity of the 360o videos through
the GOPs varies with the time. At any given moment, users
may stop watching a 360o video to view another. To this
aim, we assume that for the first GOP, the users’ requests
for the various 360o videos are decided by sampling a Zipfian
distribution [39] with shape parameter ηv = 1. Hence, the
probability of a 360o video to be selected is given by:
1/v ηv
ηv
v∈V 1/v

pv = P

(2)
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To capture the evolution of the popularity of the 360o
videos with the time, inspired by [40], we assume that the
probability of a user to stop watching a 360o video at the
GOP g ∈ {2, . . . , G} follows a Weibull distribution. Further,
following assumptions made in [40], the 360o videos that comprise the content library belong to one of 14 video categories,
e.g., News, Sports, Education, etc., with equal probability. The
Weibull distribution parameters for each video category can
be found in [40]. For each GOP, when users stop watching
a 360o video, the probability of selecting a different video to
watch follows again a Zipfian distribution with the same shape
parameter as the original video dataset.
For simulation purposes, we generate viewports’ requests
according to realistic navigation patterns obtained by the
dataset described in [41]. To this aim, we randomly sample 10
different videos from the dataset, and for each sampled video
we obtain 30 trajectories. To assign these trajectories to the
considered user requests, we mapped with uniform probability,
the 100 videos that comprise the content library to one of the
10 sampled videos. Then, for each user request for a specific
360o video, according to its mapped index, we assigned with
uniform probability one of the 30 available trajectories for that
video.
B. LSTM Neural Network training
We consider a deep LSTM network comprised of four
layers. The input layer gets as input a 3D tensor with shape
(samples, time-steps, 1), with “1” indicating the number of
features in our system and “time-steps” the number of previous
time slots considered for making the predictions. The feature
component of the 3D sensor is set to 1, as there is only one
feature for each one of the considered time-series. The input
vector in the proposed system consists of different time-series
of different objects. It is worth noting that the LSTM network’s
input is fed with the evolution of each content’s popularity
for each content retrieved by the RFB module, and not with
the sequence of the users’ requests. Each of the two hidden
layers of the LSTM network has 100 LSTM cells, and the
output layer is a dense layer with 1 unit. The deep LSTM
network is implemented with the open-source library Keras
in Python. The hidden layers have as activation function the
ReLu function, and the employed optimizer is Adam. The
LSTM network is initially pre-trained (warm-up phase) with
2000 samples of historic data profiles, as explained in Section
IV. Each sample represents the evolution in the popularity

Fig. 8. Evolution of the loss function (estimation error of content’s popularity)
of with respect to epoch’s number using LSTM networks.

of a 360o video (i.e., tiles in base quality) or a tile in high
quality over h = 10 consecutive time slots (time-steps). The
LSTM is pre-trained using a batch size of 300 samples for 50
epochs using MSE as the loss function between the predicted
popularities (outputs of the LSTM) and the actual popularities.
The historic data profiles are split into a training set and
validation set, where the training set contains 90% of the
historic data profiles, and the validation set the rest 10%. After
the pre-training of the LSTM, the trained weights are used
by the PF module to forecast the future content popularities
(online phase of Algorithm 1). Specifically, during the time
slot t, for each content retrieved by the RFB module, the
features regarding the h − 1 = 9 previous time slots along
with the current time slot t are given as an input to the LSTM
network, while its output is the predicted popularity at the
time slot t + 1. During the online phase, the weights of the
LSTM network are updated every 20 time slots. This is done
by randomly sampling 100 samples from the FD module and
training the LSTM network with that samples for 20 epochs.
From Fig. 8, we can note that the MSE loss during the training
of the employed LSTM decreases with the number of epochs
in both training and validation sets. We can also see that the
loss function converges to zero after only a few epochs, which
means that the LSTM network can predict the popularity of
the content that is prefetched to the caches of the SBSs with
a small error.
C. Parameter Analysis
1) Cache Size: We first study the impact of the cache size
on the overall quality of the rendered viewports. To this end,
we vary the cache capacity Cn in the range [5, 25]% of
the content’s library size. We can note from Fig. 9 that the
proposed scheme outperforms the schemes under comparison
significantly in terms of the overall quality of the rendered
viewports in all the range of cache sizes. Specifically, for small
cache sizes, i.e., 5%, the performance gap between the proposed scheme and the LFU, LRU, and FIFO is approximately
1.7 dB, 2.1 dB, and 2.2 dB, respectively. For large cache
size values, i.e., 25%, this gap grows to about 2.8 dB, 2.9
dB, and 3 dB, respectively. This performance gap is attributed
to the fact that the proposed scheme achieves a better cache
hit ratio compared to its counterparts, as is evident from Fig.
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Fig. 11. Y-PSNR of the rendered viewports with respect to the Zipf shape
parameter of the 360o videos for all schemes under comparison.
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Fig. 9. Y-PSNR of the rendered viewports with respect to the cache size for
all the schemes under comparison.
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under comparison.

Fig. 12. Cache Hit Ratio with respect to the Zipf shape parameter of the
360o videos for all schemes under comparison.

10. Specifically, the performance gap between the proposed
scheme and the LFU, which is the second best performing
scheme in terms of the cache hit ratio for small cache sizes
(e.g., 5-10%) is about 9%. When the cache size takes large
values, i.e., 25%, this gap closes to about 5%. This is because
as the cache size increases, more content can be cached at
the SBSs, and all schemes benefit from the additional cache
space. The proposed scheme achieves the highest cache hit
ratio due to the use of the LSTM network, which can help
accurately predict the popularity evolution of the content that
will be prefetched to the SBSs caches. Due to the increased
cache hit ratio in the proposed scheme, more tiles are delivered
in high quality to the users from the caches of the SBSs at a
small delay. Thus, it is more likely a greater number of tiles
in high quality to be delivered in total from the caches of the
SBSs along with the backhaul of the MBS to the users under
the tight end-to-end delivery constraint.
2) Video popularity distribution: In Fig. 11, we investigate
the impact of the users’ requests for the various 360o videos
on the quality of the rendered viewports. To this aim, we vary
the Zipf shape parameter ηv in the range [0.8, 1.6]. As we can
see, an increase in the Zipf shape parameter ηv leads to an
increase in the overall quality of the rendered viewports for
all the schemes. This is because as the parameter ηv increases,
the video popularity distribution gets steeper, and a smaller

number of 360o videos becomes more popular. As a result,
the overall cache efficiency increases, as shown in Fig. 12.
Thus, more tiles will be served directly from the caches of the
SBSs at a small delay, allowing more tiles to be served in total
to the users under the end-to-end time constraint. Similarly
to the previous comparison, the superiority of the proposed
scheme regarding the overall cache hit ratio is attributed to
the accurate prediction of the popularities of the content that
is prefetched to the SBSs caches, using LSTM networks. As
the value of the shape parameter increases from 0.8 to 1.6, the
performance gap between the proposed scheme and the LFU
widens from 1.9 dB to about 3.7 dB. Similar observations can
be made by comparing the proposed scheme with the LRU
and FIFO schemes.
3) Viewports popularity distribution: To examine the impact of the viewports’ popularity on the overall quality of the
rendered viewports, we assume that the viewports’ popularity
follows a Zipf distribution with shape parameter ηp . We vary
the shape parameter ηp in the range [0.5, 2.5], while we keep
the cache capacity constant at Cn = 10%. The performance
of all the schemes under comparison is shown in Fig. 13. We
can note that an increase in the value of the shape parameter
ηp leads to an increase in the overall quality of the rendered
viewports for all the examined schemes. This is attributed to
the fact that as the shape parameter ηp increases, the requests
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Fig. 16. Cache Hit Ratio with respect to the cache size for for various SBSs
communication ranges.

for the viewports become less diverse, and a smaller number
of viewports is more popular. This leads most of the requests
for tiles in high quality to be served from the SBSs while
respecting the end-to-end constraint. Overall, the cache space
is better used, as is evident from Fig. 14. For small values of
ηp , i.e., ηp = 0.5, the performance gap between the proposed
scheme and the LFU, LRU, and FIFO schemes is about 1.1 dB,
1.2 dB, and 1.3 dB, respectively. When the shape parameter
ηp is large, i.e., ηp = 2.5, the performance gap between the
proposed scheme and the LFU, LRU, and FIFO grows to about
1.8 dB, 2.4 dB, and 2.8 dB, respectively.
4) SBS Radius: To understand the impact of users’ association with multiple SBSs on the overall quality of the
rendered viewports, we vary the SBSs radius pn in the range
[200, 300]m. As the radius of the SBSs increases, the overlap
between the coverage areas of the SBSs also increases. This
results in more users being within the transmission range
of multiple SBSs, and hence being able to be associated
with multiple SBS. For the sake of completeness, we also
examine the case where users are assigned only to the SBS
with the maximum SINR. In such a case, the increase of the
transmission range of the SBSs from 200m to 300m does not
affect the overall rendered quality of the viewports because
users are always assigned to the same SBSs regardless of

the increase in the SBSs’ transmission range. The simulation
results are depicted in Fig. 15. As we can see, an increase
in the radius of the SBSs leads to an increase in the overall
quality of the rendered viewports due to the increase of the
cache hit ratio achieved because users will be associated with
multiple SBSs (see Fig. 16) for all cache sizes. As expected,
when users are assigned to the SBS with the maximum SINR,
the overall quality of the rendered viewports is lower compared
to its counterparts. This is due to the fact that users are
associated with only one SBS from which they can download
their data.
5) Backhaul Usage: In Fig. 17, we examine the backhaul
usage of the MBS with respect to the cache size of the SBSs
for all the schemes under comparison. To this aim, we vary
the cache capacity of the SBSs in the range [5, 25]% of the
content library. We can observe that an increase in the cache
size of the SBSs leads to a decrease in the backhaul usage
of the MBS for all schemes. This is because as the cache
size increases, most of the demanded content is cached at the
SBSs. As a result, more user requests will be served directly
from the SBSs caches with no need to use the MSB’s backhaul
to fetch content from the core network. We can further note
that as the cache size of the SBSs increases from 5% to
25%, the performance gap in terms of the backhaul usage
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between the proposed method and the LFU scheme closes
from about 20.2 GB to about 16.7 GB. This is attributed to
the fact that as the cache size increases, more content will be
delivered to the users from the caches of the SBSs in both
cases. Similar conclusions can be drawn when comparing the
proposed scheme with the LRU and FIFO schemes.
VI. C ONCLUSION
In this paper, we proposed an edge caching system to
support live streaming of 360o videos in mobile networks.
The 360o videos are encoded in multiple tiles and layers to
have higher flexibility in deciding what content to cache at the
SBSs. Our framework predicts the evolution of the popularity
of video tiles in future GOPs using LSTM networks. The
popularity estimates are then used to decide the cache updates
at the SBSs and enable prefetching of the content so that it is
available on time to the users. To further enhance our proposed
method’s performance, the potential association of users with
multiple SBSs was exploited by allowing users located in
the overlapping coverage areas of the SBSs to have access
to all the caches of these SBSs at the cost of an increased
communication delay. We tested our scheme for both real and
synthetic navigation patterns and compared it with the LFU,
LRU, and FIFO schemes. The results showed significant gains
for the proposed methods over the schemes under comparison
at affordable complexity. These gains were observed in terms
of the overall quality of the rendered viewports, the cache hit
ratio, and the backhaul usage. This is due to the fact that
the majority of the demanded content is acquired through
the SBSs, and the use of backhaul links is scarce. The
evaluation also showed that LSTM networks accurately predict
the evolution of tiles’ and videos’ popularities helping the
proposed system make the most out of content prefetching
and SBSs caching.
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