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Abstract. This paper considers clustered small cell networks (SCNs)
with combined design of cooperative caching and energy-efficient policy
in the Coordinated Multi-Point (CoMP)-enabled cellular network. Small
base stations (SBSs) with cache storage are grouped into associative
clusters which can communicate with each other. This paper focus on
movie on-demand streaming from Internet-based servers and proposed
combined caching mode, where every SBS utilizes parts of cache space
to cache the most popular contents (MPC), while the remaining is used
for cooperatively caching different partitions of the less popular contents
(LPC). Instead of the known content popularity, we constructs a content-
aware weighted feature matrix (CWFM) in terms of spatiotemporal vari-
ation. Based on estimated content popularity and transmission design,
we propose a caching scheme that makes a caching decision to maximize
the energy efficiency (EE). To tackle this problem, A two-step stepwise
optimization method is adopted. First, EE conditioning is optimized with
a approach of linear programming and variable recovery. Then, the opti-
mal proportion of cache space for MPC is analyzed by comparing the
energy-efficient gain from the MPC with the energy-efficient loss from
the discarded contents. Extensive simulation results confirm that our
algorithm outperforms state-of-the-art algorithms based on MovieLens
data set.

Keywords: Clustered SCNs · Popularity prediction · CWFM · EE ·
Proactive caching

1 Introduction

In recent years, the emergence of smart mobile devices and multimedia capa-
bilities has resulted in the explosive increase of high data rate applications over
wireless networks. According to a recent report from Cisco [1], global mobile data
traffic will increase sevenfold between 2017 and 2022 with mobile video traffic
accounting for the majority. However, current networks are unable to keep up
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with the massive growth of mobile data services in the 5G era. As for wireless
networks already investigated in [2], by caching content at wireless edge, edge
nodes can deliver the cached content to users directly instead of retrieving it in
data center, which can significantly offloading the traffic flowing to the network.
The sinking of caching and computing capability can greatly alleviate back-
haul traffic and improve the cooperation efficiency of local base stations (BSs).
Additionally, it also exhibits strong potential to reduce power consumption and
improve energy efficiency (EE) of small cell networks (SCNs) [3].

Proactive caching in SCNs allow BSs to proactively prefetch contents from
data center through backhaul links during off-peak hours and deliver the cached
content to the user during peak hours. Depending on the availability and place-
ment of the requested content, caching mode can be typically classified into two
categories, namely uncoded caching [4] and coded caching [5]. Uncoded caching
aims at caching complete content in each BS. Coded caching enables each BS
to cooperatively caching different partitions contents. [6] demonstrated that the
combination of coded caching and uncoded caching can effectively adapt to poor
channels. Most the previous works on proactive caching at the SCN have been
developing new methods for accurately predicting content popularity and caching
the most popular contents with cooperation. [7] used a generalized Zipf distri-
bution to model content popularity and ignored the influence by spatiotemporal
variation. [8] estimated content popularity by using the request statistic of con-
tent, namely Least Recently Used (LRU) method. The multi-player multi-armed
bandit (MPMAB) learning scheme studied in [9] set tradeoff between exploita-
tion and exploration. The essence is learning in long period learning process to
maximize the local content popularity or caching the unrequested content that
may be popular. However, on the accuracy of predicting the content popularity,
the three methods behaved poorly for ignoring learning the internal relation of
user’s favor and desired content. [10] utilized feature to preliminarily express
content attribute, but it never fully set up the relation between user’s favor and
content popularity.

In heterogeneous networks, coexistence between SBSs and conventional
macro BSs causes additional intercell interference when spectrum resources are
shared. Coordinated Multi-Point (CoMP) technique was proposed to limit the
intercell interference and cell-edge throughput by allowing geographically sepa-
rated SBSs to deliver information to users cooperatively [11]. Joint transmission
with CoMP in the downlink of heterogeneous cellular networks with randomly
located SBSs was studied in [12], where expressions for coverage probability
and diversity gain were derived for typical user by using tools from stochastic
geometry. Further, recent studies in wireless edge caching with CoMP exhibited
new perspectives on the benefits of caching to improve network performance.
On cache-level cooperation in CoMP SCNs, the cache space of multiple SBSs in
a cluster is utilized as a entity. Parts of cache space is used to cache the most
popular contents (MPC) while the remaining selectively cache the less popular
contents (LPC) to improve the content diversity. Considering cooperative trans-
mission via caching manager, [13] analyzed the average cache service probability
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with comprehensive consideration of joint transmission and parallel transmis-
sion, and show an optimal inherent tradeoff between transmission diversity and
content diversity in cluster-centric network. Nevertheless, none of the existing
works provide efficient solutions for the cache utilization policy in cooperative
clustered SCNs based on unknown content popularity in prior. By using a more
accurate content popularity prediction method and caching cooperatively in the
clustered SCNs, the system energy efficiency can be significantly improved.

With the development of the network, SCN with intensive deployment of
multiple SBS can serve more users and provide users with higher QoS. Mean-
while, multiple SBSs results in higher energy consumption. Due to the changes
in network scenarios, more aspects need to be considered in the design of energy
strategy, such as the unknown popularity, collaboration between multiple SBSs,
and different caching methods. This paper proposes clustered SCNs with com-
bined design of cooperative caching and energy-efficient policy based on esti-
mated content popularity with spatiotemporal variation in order to maximize
EE, which has not been considered in cluster SCNs. The SBSs are grouped
into associated clusters, and the SBSs in different cluster can communicate with
each other to enhance the performance of cellular network. The overall cache
space within a cluster is arranged by central controller so as to either distribute
the same MPC in every SBS or cache different partitions of the LPC in dif-
ferent SBSs. In terms of accuracy of predicting content popularity, we use the
content features in popularity prediction, which can connect user’s favor with
content’s attributes. Based on estimated popularity, the controllers in each clus-
ter cooperatively assign cache space for the MPC while the remaining cache
space for the LPC to achieve largest content diversity. Within a certain cluster,
when the requested content is cached in SBSs, depending on whether the con-
tent is cached using MPC or LPC strategy, we use two transmission schemes
accordingly, namely joint transmission and parallel transmission. When content
is cached in MPC, it is delivered by federated transport, and when content is
cached in LPC, it will be delivered using parallel transport. We model the average
energy efficiency as optimization objective in the clustered SCNs, namely ratio
of total transmission rate to total power. For this complex problem in clustered
SCNs, we adopt a two-step stepwise optimization method, and quickly search
for an inherent tradeoff between cooperation transmission and content diversity
with our proposed scheme. We then maximize the average energy efficiency with
optimal content placement in clusters for LPC and optimal proportion of cache
space for MPC.

This paper is organized as follows. We present the network model and coop-
eration schemes in Sect. 2. In Sect. 3, we construct a content-aware weighted
feature matrix (CWFM) to predict content popularity in terms of spatiotem-
poral variation. In Sect. 4, we define the average energy efficiency as the main
performance metric and give its formulation. Furthermore, we analytically prove
the optimization proportion of cache space for MPC in each cluster using our
proposed scheme. Simulation results are presented in Sect. 5 and Sect. 6 con-
cludes the paper.
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2 System Model and Cooperation Schemes

In this work, we consider cache-enabled clustered SCNs where SBSs in each clus-
ter are distributed according to a two-dimensional homogeneous Poisson Point
Process (PPP) [14] and the distribution function is Φb = {bi ∈ R

2,∀i ∈ N
+}

with intensity λb. The set of all SBSs is denoted by B = {1, 2, · · · , b, · · · , B}.
As shown in Fig. 1, geographically adjacent SBSs are grouped into associative
clusters where collaboratively deliver contents requested and improve wireless
transmission performance. The cache manager (CM) is connected to a data cen-
ter via a high-speed dedicated link and some clusters are selected to connected
CM for efficient operations. The number of connected clusters is determined by
parameter ε, which is defined as the number of the proportion of the number
of selected clusters to the number of all clusters. In order to facilitate the man-
agement, there is a cluster controller SBS connected to the other SBSs while
the other SBSs are not directly connected. Some controller SBSs are directly
connected with some are not. The result of clustering is that all SBSs are clus-
tered into J clusters, and the set of cluster is denoted by J = {1, · · · , j, · · · , J},
where J is corresponded to the number of small cell. For convenience, the cache
device in SBS has the same storage capacity, and the total cache capacity in
each cluster is considered as an entity.

Fig. 1. A cache-enabled clustered SCN.

2.1 Small Cell Clustering

Based on the SCN model as Fig. 1, we consider using a hexagonal grid with
inter-cluster center distance 2Rh, and the area of each cluster is A = 2

√
3R2

h to
represent the shape of cell. For a random cluster, the probability mass function
that the number of SBSs n inside cluster equal to K follows a Poisson distribution
with mean λbA is denoted by

P(n = K) = e−2
√
3λbR2

h
(2

√
3λbR

2
h)

K

K!
, (1)
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Fig. 2. (a) JT transmission procedure. (b) PT transmission procedure.

there are K SBSs in a certain cluster, the SBS distribution follows a Binomial
Point Process. The distance distribution between randomly distributed SBSs and
the distance from a SBS to an arbitrary in hexagonal cell have been elaborated
in [15], where demonstrated that using a circle with the same area to provide the

best approximation of the distribution model, and the radius is R = Rh

√
2
√
3

π .
The set of SBSs in j-th cluster is Cj = {bi ∈ Φb

⋂
M(zj , R)}, where M(zj , R)

denotes the ball centered at zj with radius R. The j-th cluster with K SBSs
is denoted as Cj = {Cj,1, · · · , Cj,k, · · · , Cj,K}, due to the limitation of cache
capacity, each SBS can store up to D contents, then the total available storage
capacity of Cj is uj , as KD = uj .

The network is operated in time-slotted manner and the time slot is denoted
by T = {0, 1, · · · , t, · · · , T}. The total contents in data center in time slot t are
indexed by Ft = {1, 2, · · · , f, · · · , Ft}, which varies over time for new contents
uploaded. In the cluster with K SBSs, each content is divided into K equal-size
partitions [16]. At the beginning of each time slot, the CM makes a decision
on cooperatively refreshing the cache entities to cache new popular contents. In
each cluster, each user makes independent request for contents in each time slot.
To be specific, we consider MovieLens, a web-based recommender system based
on the rating of movie viewed by users [17] as the dataset. In each time slot, the
request statue among SBSs is different.

2.2 Cooperative Transmission

In this work, We assume single antenna at both SBSs and user device. Orthogonal
multiple access method is used to tackle simultaneous arrival of content requests.
In the SCN, we assume that each content contains S bits, the successful deliv-
ery of a content is defined by the event that S bits are successfully delivered
using bandwidth W and time Tφ. With CoMP, it provides two different trans-
mission modes, namely joint transmission(JT) and parallel transmission(PT), as
described in Fig. 2.
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Joint Transmission. If the requested content f is in the MPC range, each
SBSs in the cluster store entire content. Thus, f is jointly transmitted by K
SBSs to user. The purpose is to increase the received signal to interference plus
noise ratio (SINR) to enhance the content delivery reliability. It is denoted as
JT cooperation scheme with each SBS of a cluster sends S bits to the user using
the same bandwidth. The received signals from K SBSs are superimposed and
can be regarded as a single stream. The successful content delivery probability
(SCDP) [13] is defined as

P JT
K = P [WTφlog2(1 + SINR) > S | K] . (2)

P JT
K = P

[
SINR > 2

Rd
W − 1 | K

]
, (3)

where Rd = S
Tφ

as the expected delivery rate for successful content delivery.

Parallel Transmission. If the requested content f is in the LPC range, each
K cooperative SBSs in the cluster stores disjoint partitions. Thus, the different
partitions need to be transmitted to the user simultaneously by K streams. It
is denoted as PT cooperation scheme. We adopt PT with successive decoding
based spectrum sharing case with K SBSs simultaneously send S

K bits to the user
by sharing the same W bandwidth. The successive decoding with interference
cancellation (SIC) is utilized to decode the signal according to the received signal
power order [18]. The SCDP is defined as

pPT
K = P

⎡
⎣ ⋂

i∈Cj

WTφlog2(1 + SINRi) >
S

K
| K

⎤
⎦ , (4)

pPT
K = P

⎡
⎣ ⋂

i∈Cj

SINRi > 2
Rd

KW − 1 | K

⎤
⎦ . (5)

where SINRi is the SINR from the i-th SBS in cluster Cj of requested content.

Transmission for Sharing Case and Missing Case. In addition to the above
two transmission modes, we also consider transmission for sharing and transmis-
sion for missing case. When connecting user in Cj requests content f which
cached in Ci, the cluster controller SBS of Ci retrieve the content f according
to the caching mode, and then the cluster controller SBS of Cj fetches f from
the cluster controller SBS of Ci, and shares the decomposed contents to the
remaining SBSs within Cj with PT mode. Meanwhile, if connecting user in Cj

requests content f which is not cached in the local clusters. In this missing case,
the cluster controller SBS in Cj fetches content f from the data center through
backhaul links and transmits content f to user with PT mode.
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3 CWFM-Based Content Popularity Prediction

Before we design the caching strategy, we need to determine what contents will be
cached, which is to predict the popularity. With the edge network has the ability
to control, compute and cache, [19] proposed to cache the content purposefully
according to the user preferences, the simulation results indicate that a small
number of features can also show obvious effects in improving the cache hits.
Further, we expand the thought and ϕ features are extracted to construct a
connection between contents and user’s favor. The extracted features meet low
redundancy between features, and strong correlation between the features and
user. The data set MovieLens [17] is utilized and the user’s movie scoring process
in a timestamp is equivalent to the user’s content request process. We use mutual
information to measure the correlation and the redundancy, and the selected
feature set is defined as F∗.

For the content popularity in different time slot, ϕ features is constructed
into a matrix with M rows and N columns and matrix Af is used to represent
the attribute of content f , where element Amn

f equels 1 if content f has the
corresponding feature and 0 otherwise [20]. As the importance of each feature
is non-uniform, we determine a weight to each feature and construct a weighted
feature matrix (WFM) in terms of spatiotemporal variation. The WFM in Cj is
defined as Pj(t) in time slot t. At the initial time slot, the feature weight is given
by the accumulation of the number of historical requests, shown as pmn

j (0) �∑
f∈F0

Qj
f (τ)A

mn
f , where Qj

f (τ) and F0 are the request number of content f in
Cj after the training time τ and the set of initial contents respectively. Therefore,
the initial WFM can be written as

Pj(0) �
∑

f∈F0

Qj
f (τ) · Af . (6)

The popularity of content f in Cj in time slot t is given as

gj,f (t) = (1N )T (Pj(t) ⊗ Af1N ), f ∈ Ft, (7)

where ⊗ represents the Hadamard multiplication and 1N is the all one column
vector. Thus, it is possible to establish an internal relation between contents in
terms of popularity, also a relation between content popularity and user prefer-
ences.

It is reasonable to combine the historical feature weight and the content
request number in the previous time slot to balance the feature weight in the
next time slot. Hence, we learn user’s status online and dynamically adjusting
weight of feature. If one content is requested, the weight of corresponding feature
increases. To measure the increment, we introduce an growth factor ηj

f (t) =
σdj,f (t)/

∑
f dj,f (t), where dj,f (t) is the requested number of content f in Cj in

time slot t and σ is determined by the specific request status in SCNs, which
is no less than 1. It is observed that larger σ makes the prediction of user’s
favor more inclined to the features in the previous time slot. Different contents
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in Ft may have the same features. For simplicity and effectiveness, we adopt
statistical method of superimposing the feature weights and averaging them.
According to the known Pj(t) and the request information of Cj in time slot t,
the superimposed CWFM of Cj at beginning of time slot t + 1 is

Pj(t + 1) =
∑

f∈Ft

ηj
f (t)Af ⊗ Pj(t). (8)

Therefore, the feature matrix of Cj at the beginning of time slot t + 1 can be
written as

Pj(t + 1) = Pj(t + 1) �
∑

f∈Ft

Af , (9)

where � represents the Hadamard division. The feature weight of each content
can be refreshed with the passage of time slot , and the prediction result of the
popularity of content f in Cj within time slot t + 1 is

gj,f (t + 1) = (1N )T (Pj(t + 1) ⊗ Af1N ), f ∈ Ft+1. (10)

As a result, by refreshing and iterations, CWFM can achieve the accurate pre-
diction of content popularity, which contains the newly uploaded contents in
each time slot.

4 Proposed Energy Efficiency-Based Caching

In clustered SCNs, EE is the most important metric since CoMP can significantly
improves SINR and reduces delay, while multiple SBSs cause higher energy con-
sumption. In this paper, we define EE as the ratio of actual delivery rate to
energy consumption.

For the requested content f , the delivery policy in time slot t can be expressed
as y(t) = {yj,f,1(t), yj,f,2(t), yi,j,f (t), yc,j,f (t),∀i, j ∈ J , i �= j,∀f ∈ Ft}, where
yj,f,1(t) represents if content f is fully cached in Cj and yj,f,2(t) represents if
content f is partly cached in Cj . yi,j,f (t) indicates whether Cj fetches the content
f from Ci, yc,j,f (t) indicates whether Cj fetches the content f from data center.
They all take values from {0, 1}. Note that content f is fetched from Ci only
when Ci caches it, that is

yi,j,f (t) � yi,f,1(t) + yi,f,2(t). (11)

Only one case can be used to deliver the requested content f in each time slot,
thus

yj,f,1(t) + yj,f,2(t) + yi,j,f (t) + yc,j,f (t) � 1. (12)

As the limitation of cache capacity, it needs to be satisfied that
∑

f∈Ft

Kyj,f,1(t) + yj,f,2(t) � uj . (13)
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Hence, in time slot t, the EE can be formulated as

EE(t) =
∑

f∈Ft

∑

j∈J

∑

i∈J \j

dj,f (t)
[V1yj,f,1(t) + V2yj,f,2(t) + V3yi,j,f (t) + V4yc,j,f (t)]

[P1yj,f,1(t) + P2yj,f,2(t) + P3yi,j,f (t) + P4yc,j,f (t)]
,

(14)

where V1, V2, V3 and V4 respectively denote the actual deliver rate of the above
four deliver categories and P1, P2, P3, P4 respectively denote the energy con-
sumption. In clustered SCNs, the energy efficiency-optimized caching strategy is
actually maximize the CoMP gain and the content cache gain [21].

4.1 Successful Content Delivery Probability Analysis

As EE is the ratio of actual delivery rate to energy consumption. The actual
delivery rate is determined by the actual transmission rate (ATR) and SCDP.
Hence, the SCDP in different cases is discussed in this section. The SCDP in JT
mode and PT mode have been shown as (3) and (5).

For a typical cluster-center user locates at zj and requests content with JT,
the cooperating SBSs in Cj transmit the same symbol s with the equal trans-
mit power Pe. Considering the channel loss due to distance, we use a standard
distance-dependent power law pathloss attenuation as d−κ, d is the distance and
κ is the pathloss exponent. The channel output at the user is

Z =
∑
b∈Cj

√
Ped

− κ
2

b hbs +
∑

l∈B\Cj

√
Ped

− κ
2

l hlsl + No, (15)

where hb and hl represent the small-scale Rayleigh fading from the b-th and the
l-th SBS to the user respectively, which follows hb, hl � CN (0, 1), db, dl respec-
tively represent the distance from the b-th and the l-th SBS. sl represents the
transmitted symbol of the l-th SBS out of the cluster, s is the joint transmit-
ted symbol in Cj , No donates the background thermal noise. Considering the
interference-limited network and neglecting No, the signal to interference ratio
(SIR) is

SIRJT =
|
∑

b∈Cj
hbd

− κ
2

b |
2

∑
l∈B\Cj

|hl|2d−κ
l

. (16)

The expected SIR is θ1 = 2
Rd
W − 1, and the SCDP in JT case can be expressed

as

pJT
K (θ1) �

∫ R

0

· · ·
∫ R

0

LI\R

(
θ1∑K

k=1 x−κ
k

)
K∏

k=1

2xk

R2
dx1 · · · dxK , (17)

where LI\x is the Laplace transform of the interference coming from SBSs located
outside of M(0, x) and has been proven in [13] as

LI\x = exp

(
−πλs2/κ

∫ ∞

x2

s2/κ

1
1 + ω2/κ

)
. (18)
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When user locates at zj and in the case of PT, the cooperating K SBSs in
Cj transmit different parts of symbol [s1, · · · , sk, · · · , sK ] with equal transmit
power Pe to the user. The channel output at the user is

Z =
∑
b∈Cj

√
Ped

− κ
2

b hbsb +
∑

l∈B\Cj

√
Ped

− κ
2

l hlsl + No. (19)

In order to decode multiple streams simultaneously, we adopt received power
ordering to decode different data stream by distance value studied in [22]. The
distance vector can be expressed as d = [d∗

1, · · · , d∗
k, · · · , d∗

K ], where d∗
k denotes

the distance from zj to the k-th nearest SBS. When decoding the information
from the k-th SBS, all signals come from closer k − 1 SBSs should have been
successfully decoded and canceled. Hence, the SIR of the k-th stream is given as

SIRk � |hk|2(d∗
k)

−κ

∑
l∈B\M(0,d∗

k)
|hl|2d−κ

l

. (20)

Finally, the remaining interference only comes from out-cluster SBSs and the
distance is greater than R, thus the SIR of the final decoded stream is

SIRk � |hK |2(d∗
K)−κ

∑
l∈B\M(0,d∗

K) |hl|2d−κ
l

. (21)

The expected SIR is θ2 = 2
Rd

KW − 1, and the SCDP in PT case can be expressed
as

pPT
K (θ2) �

∫

0<xk<R

2KxK

R2
LI\R(θ2xκ

K)
K−1∏
k=1

2kxk

R2
LI\xk

(θ2xκ
k)dx1 · · · dxK . (22)

When user locates at zj and transmits for sharing case, the cluster controller
in Cj fetches f from Ci, i ∈ J \ j, and then transmits with PT mode. Since the
inter-cluster data transmission consumes time resources, the maximum transmis-
sion time of the wireless side is reduced. We define the delay of fetching requested
content f from Ci as Ti,j,f and the wireless side maximum transmission time is

changed as σ1Tφ, where σ1 = 1− Ti,j,f

Tφ
. Thus, the expected SIR is θ3 = 2

Rd
σ1W −1

and the SCDP is pPT
K (θ3).

When user locates at zj and transmits for missing case, the cluster controller
in Cj fetches f from data center and then transmits with PT mode. Since the
backhaul delay is relatively large, the maximum transmission time on the wireless
side is significantly reduced. We define the delay of fetching requested content f
from data center as Tc,j,f and the wireless side maximum transmission time is

changed as σ2Tφ, where σ2 = 1− Tc,j,f

Tφ
. Hence, the expected SIR is θ4 = 2

Rd
σ2W −1

and the SCDP is pPT
K (θ4).

The actual delivery rate can be defined as the product of SCDP and ATR.
For the expected delivery rate Rd, the ATR has a partial probability above
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Rd, and a partial probability below as the channel is unstable. Since the total
transmission content size remains unchanged, as long as the average transmission
rate is greater than Rd, the ATR can be combined by different transmission rate.
In addition, we analyze all possible combinations of transmission rates, and the
resulting average transmission rate is called the threshold of JT mode or PT
mode. If there is a probability that the ATR is greater than Rd, then there must
be a minimum transmission rate v∗ less than Rd in the different transmission
rates combination. When Rd is less than the threshold, we have v∗=0, and when
Rd is greater than the threshold, in order to meet the condition that the actual
delivery rate is greater than or equals to the Rd, v∗>0 is necessary, thus the
combination of transmission rates interval is [v∗, ∞]. The actual delivery rate
can be expressed as

∞∑
v=v∗

ΔvΔpK(2
v

KW − 1). (23)

Wherein, when v∗=0, the result of (23) is the threshold value which is greater
than or equals to Rdp

JT
K (2

v∗
KW − 1), the actual delivery rate can be given as

{
RdpK(2

v∗
KW − 1)|RdpK(2

v∗
KW − 1) ≤

∞∑

v=v∗
ΔvΔpK(2

v
Kw − 1)

}
. (24)

Hence, the effective delivery rates of above cooperative transmission cases are
Rdp

JT
K (θ∗

1), Rdp
PT
K (θ∗

2), Rdp
PT
K (θ∗

3), Rdp
PT
K (θ∗

4), respectively, where θ∗
1 = 2

v1
W -1,

θ∗
2 = 2

v2
KW -1, θ∗

3 = 2
v3

σ1W -1 and θ∗
4 = 2

v4
σ2W -1, v1, v2, v3 and v4 meet the demand

of (24).

4.2 EE-Based Proactive Caching Cooperatively

Energy consumption mainly consists of the wireless side emission energy con-
sumption and the wired side fiber transmission energy consumption. For JT
case, it contains only emission energy consumption which is given as KPe while
transmitting unit size content. For PT case, it also contains only emission energy
consumption. However, this case has lower transmission rate and the duration
of each SBS is similar to the JT case. Thus, the overall energy consumption is
also KPe. The energy consumption of the wired side fiber transmission can be
decomposed into the unit size content transmission energy consumption Pi,j of
the cluster controllers between Ci and Cj and the unit size decomposition part
transmission energy consumption Pkm of the cluster controller to other SBSs. In
sharing case, when content f is cached as MPC in Ci, the energy consumption is
(K−1)Pkm+Pi,j+KPe, when it is cached as LPC in Ci, the energy consumption
is 2(K − 1)Pkm +Pi,j +KPe. To distinguish the two types, we use yi,j,f,1(t) and
yi,j,f,2(t) respectively to indicate whether it occurs in time slot t and we have

yi,j,f,1(t) + yi,j,f,2(t) = yi,j,f (t). (25)
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Similarly, in transmission for missing case, the energy consumption is given as
(K − 1)Pkm + Pc,j + KPe, where Pc,j denotes the energy consumption which
data center transmits unit size content to the cluster controller of Cj .

In missing case, the backhaul energy consumption is significantly larger than
the other three cases, and the effective delivery rate of the backhaul is signif-
icantly smaller. If the local clusters cache the requested content, it should be
likely fetched from local clusters rather than the data center. Hence, when the
content caching policy is determined, the transmission policy is also determined
accordingly, and the total effective delivery rate in the time slot t is formulated
as

Vtot(t) =
∑

f∈Ft

∑

j∈J

∑

i∈J \j

dj,f (t)
[
pJT

K (θ1)Rdyj,f,1(t) + pPT
K (θ2)Rdyj,f,2(t)

]

+
[
pPT

K (θ3)Rdyi,j,f,1(t) + pPT
K (θ3)Rdyi,j,f,2(t) + pPT

K (θ4)Rdyc,j,f (t)
]
.

(26)

The total energy consumption is formulated as

Ptot(t) =
∑

f∈Ft

∑

j∈J

∑

i∈J \j

dj,f (t)
{

KPeyj,f,1(t) + KPeyj,f,2(t) + [(K − 1)Pkm + Pc,j + KPe]yc,j,f (t)
}

+
{
[(K − 1)Pkm + Pi,j + KPe]yi,j,f,1(t) + [2(K − 1)Pkm + Pi,j + KPe]yi,j,f,2(t)

}
.

(27)

Thus, the maximum EE in time slot t is written as

max
y(t)

Vtot(t)
Ptot(t)

. (28)

Note that the optimization goal is determined by the 5-dimensional Boolean
variable. The problem is actual where to place contents in time slot t, and its
cache mode to maximum the EE. However, even if the variables are related, the
conditional constraints can not simplify the EE formulation into a function form
determined by a single variable.

To optimize the EE, if the requested content gets hit within the cluster,
transmission time for wireless is a long period, the effective delivery rate is
large, and the energy consumption is small. If the requested content gets hit
in the neighboring cluster, the transmission time is reduced, the effective deliv-
ery rate becomes smaller, and the energy consumption becomes larger. If the
requested content misses, the remaining transmission time is least, the effec-
tive delivery rate is smallest, and the energy consumption is largest. Hence, the
cache hits become critical. Meanwhile, compared with the LPC, MPC cached
fully, although the effective delivery rate increases, the cache space occupied is
K times larger than the former. That means one of the MPC is cached, K − 1
LPC should be discarded. The effective delivery rate for the MPC should be
approximately K times than the LPC. Therefore, we should first ensure that
the requested content hits as many local clusters as possible, and then gradually
analyze and convert the content in LPC range into MPC. Comparing with the
non-convex problem which directly solves the optimal value, we adopt a two-
step stepwise optimization method. Firstly, all the contents are cached as LPC
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and transferred by PT mode, which reduces the dimensionality of the variables
and the complexity of the computation compared to a direct solution. After that,
some of the LPC will be converted to MPC for caching using EE as an indicator.
The whole algorithm processing process does not change the cache constraints,
but only the variable processing process is solved in two steps, so this method is
easy to implement and ensures reliability.

To maximize cache hits, the cache capacity of local cluster is a fixed value,
and the optimization objective becomes the maximum effective delivery rate in
the PT mode and minimizes the energy consumption. As analyzed above, both in
PT mode completely depend on the consumption of fiber transmission and pro-
portional to the time consumption and the energy consumption. Therefore, the
optimization objective turns to minimize fiber transmission consumption within
time slot t. In this work, we define the transmission consumption is the square
root of the product of time consumption and energy consumption. The content
caching policy at time slot t is denoted as yr(t) = {yi,j,f,2(t),∀i, j ∈ J ,∀f ∈
Ft}. If user associated with Cj fetches content f from Ci, the consumption is∑

i,j∈J
∑

f∈Ft
ei,jdj,f (t)yi,j,f,2(t)sf , where ei,j represents the consumption that

Ci delivers a unit size content to Cj and sf is the size of content f . Note that
if i = j represents that user fetches content f from the cluster associated with
currently. In addition, if user associated with Cj fetches content f from data cen-
ter, the consumption is

∑
j∈J

∑
f∈Ft

ec,jdj,f (t)yc,j,f (t)sf , where ec,j represents
the consumption that data center delivers a unit size content to Cj . dj,f (t) is
the number requests for content f , which is inextricably related with the pop-
ularity and can be replaced by αgj,f (t). Thus, our objective is minimizing the
consumption as

min
yr(t)

∑
i,j∈J

∑
f∈Ft

αgj,f (t)(ei,jyi,j,f,2(t) + ec,jyc,j,f (t))sf . (29)

Based on
∑

j∈J yi,j,f,2(t) + yc,j,f (t) = 1, we can eliminate yc,j,f (t), the formula-
tion turns to be

max
yr(t)

∑
f∈Ft

∑
j∈J

gj,f (t)sf

∑
i∈J

yi,j,f,2(t)(ec,j − ei,j). (30)

As Cj can retrieve content f from Ci only when Ci has cached it before. That
is the problem to maximize the objective is actual where to place f , the specific
cluster or data center. Hence, yi,j,f,2(t) can be eliminated, the placement policy
is given as

max
yr(t)

[y1,f,2(t), · · · , yJ ,f,2(t)] · Ef · [g1,f (t), · · · , gJ ,f (t)] . (31)

where Ef is a matrix with a dimension of J ×J , and the objective can be written
as

max
yr(t)

Y(t) · E · G(t), (32)
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Y(t) = [y1,1,2(t), · · · , yJ,1,2(t); · · · , yj,f,2(t), · · · , yJ,Ft,2(t)]
T , E is a diagonal

matrix as E = [E1, · · · ,Ef , · · · ,EFt
], G(t) = [g1,1(t), · · · , gJ,1(t); · · · , gj,f (t),

· · · , gJ,Ft
(t)]. Thanks to constraints on Boolean variables yj,f,2(t), content size

and link consumption, the optimization objective is non-convex. To make it con-
vex, we relax Boolean variable yj,f,2(t) ∈ {0, 1} into [0,1] and tackle the problem
with linear programming and variable recovery. Therefore, a optimal solution can
be achieved within a certain precision range, and then we can obtain a solution
denoted as Y∗(t). Note that y∗

j,f,2(t) in Y∗(t) represents the contribution degree
of content f to Cj . Since the dimension of Y∗(t) is 1, a quick sort algorithm
is adopted to map Y∗(t) into Yv(t) = [y1(t), · · · , yv(t), · · · , yJ·Ft

(t)] by size of
variable value, where y∗

j,f,2(t) mapped into yv(t) means that y∗
j,f,2(t) is the v-th

largest item in Y∗(t). The recovery is performed step by step and the recovery
policy for v-th variable is

yj,f,2(t) =

{
1, sf ≤ uj − ûj , yj,f,2(t) �= 1, ∀j ∈ J ,

0, otherwise
(33)

where ûb is the occupied caching space of Cj . Finally, maximum objective value
is obtained when CM completes the recovery process, and then substituting the
value into (28), we can get the EEini(t).

4.3 Optimal Design for Maximizing EE

The caching policy can be further improved by discarding some of the LPC and
converting the more popular ones into MPC, and using the EE gain of the JT
mode to improve the overall EE of the system. The contents cached in Cj are
sorted in descending order of contribution as

[
1∗
1, · · · , F ∗

j ; · · · , 1∗
J , · · · , F ∗

J

]
. For

Cj , f∗
j is converted into the MPC and the increase of effective delivery rate is

dj,f∗
j
(t)

[
Rdp

JT
K (θ1) − Rdp

PT
K (θ2)

]
, while energy consumption remains constant.

For Ci, the decrease of energy consumption is
∑

i∈J \j dj,f∗
j
(t)(K − 1)Pkm, while

effective delivery rate remains constant. In addition, converting f∗
j to the MPC

means that K−1 LPC are discarded. For this part of contents, in Cj , the decrease
of effective delivery rate is

F ∗
j∑

l∗j=F ∗
j −K+2

dj,l∗j (t)
[
Rdp

PT
K (θ4) − Rdp

PT
K (θ2)

]
, (34)

where l∗j is the discarded less popular content. The increase of energy consump-
tion is

F ∗
j∑

l∗j=F ∗
j −K+2

dj,l∗j (t) [Pc,j + (K − 1)Pkm] . (35)
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In Ci, the decrease of effective delivery rate is

∑
i∈J \j

F ∗
j∑

l∗j=F ∗
j −K+2

di,l∗j (t)
[
Rdp

PT
K (θ4) − Rdp

PT
K (θ3)

]
, (36)

while the increase of energy consumption is

∑
i∈J \j

F ∗
j∑

l∗j=F ∗
j −K+2

di,l∗j (t) [Pc,j − Pj,i − (K − 1)Pkm] . (37)

Hence, as content f∗
j is converted to the MPC, the change of effective delivery

rate is

V
1

f∗
j
(t) = dj,f∗

j
(t)

[
Rdp

JT
K (θ1) − Rdp

P T
K (θ2)

]
−

F ∗
j∑

l∗
j
=F ∗

j
−K+2

dj,l∗
j
(t)

[
Rdp

P T
K (θ4) − Rdp

P T
K (θ2)

]

−
∑

i∈J \j

F ∗
j∑

l∗
j
=F ∗

j
−K+2

di,l∗
j
(t)

[
Rdp

P T
K (θ4) − Rdp

P T
K (θ3)

]
.

(38)

The change of energy consumption is

P 1
f∗

j
(t) =

F ∗
j∑

l∗j =F ∗
j −K+2

dj,l∗j (t) [Pc,j + (K − 1)Pkm] −
∑

i∈J \j

di,f∗
j
(t)(K − 1)Pkm

+
∑

i∈J \j

F ∗
j∑

l∗j =F ∗
j −K+2

di,l∗j (t) [Pc,j − Pj,i − (K − 1)Pkm] .

(39)

Hence, the EE can be written as

EE1
f∗

j
(t) =

V 1
f∗

j
(t)

P 1
f∗

j
(t)

. (40)

If content f∗
j is not converted to the MPC and K − 1 contents as LPC are not

discarded, the effective delivery rate is given as

V 2
f∗

j
(t) = dj,f∗

j
(t)RdpPT

K (θ2) +

F ∗
j∑

l∗j =F ∗
j −K+2

dj,l∗j (t)RdpPT
K (θ2)

+
∑

i∈J \j

di,f∗
j
(t)RdpPT

K (θ3) +
∑

i∈J \j

F ∗
j∑

l∗j =F ∗
j −K+2

di,l∗j (t)RdpPT
K (θ3).

(41)
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The energy consumption is

P 2
f∗

j
(t) = dj,f∗

j
(t)KPe +

∑

i∈J \j

di,f∗
j
(t) [KPe + Pj,i + 2(K − 1)Pkm]

+

F ∗
j∑

l∗j =F ∗
j −K+2

dj,l∗j (t)KPe +
∑

i∈J \j

F ∗
j∑

l∗j =F ∗
j −K+2

di,l∗j (t) [KPe + Pj,i + 2(K − 1)Pkm] .

(42)

The EE can be written as

EE2
f∗

j
(t) =

V 2
f∗

j
(t)

P 2
f∗

j
(t)

. (43)

Whether Cj converts the content f∗
j to the MPC depends on EE1

f∗
j
(t) and

EE2
f∗

j
(t). If EE1

f∗
j
(t) ≥ EE2

f∗
j
(t), content f∗

j is converted to the MPC and K − 1
contents with lowest contribution are discarded, and EEini(t) is refreshed. If
EE1

f∗
j
(t) < EE2

f∗
j
(t), content f∗

j and EEini(t) remain unchanged. Therefore, at
most steps of J ·F , the entire process of contents conversion can be realized and
the maximum value of EE is EEini(t), and the CM guides the SBSs cooperation
of all clusters to maximize the EE of the clustered SCNs.

5 Performance Evaluation

In this section, we compare the performance of proposed energy efficiency
caching algorithm based on content-awareness (EECABC) with others: LRU-
based caching algorithm with proportion of MPC is 0.2 [8], MPMAB-based
caching algorithm [9] and MPC-based caching algorithm with proportion of MPC
is 0.1 [13]. In the simulation, we use the MovieLens DataSet [17] which included
a total of four full datasets of 100 k, 1m, 10m, and 20m, and in terms of time
span as well as data integrity considerations, this paper chooses the latest ml-
20m dataset as the simulation data. This dataset has 1000209 ratings of 3952,
and assume that the users only request their higher rating movies in requesting
process. In addition, considering the integrity of the video information, under
the condition of ensuring the reliability of the simulation, we divided the long
term timestamp into 20 time slots and 2000 movies were selected as historical
contents, and 200 movies were selected as the number of new contents uploaded
to the data center in subsequent time slots. We assume that the cache space
of each cluster is equal to 9000M and the unit content size is equal to 300M.
Other parameters in the simulation are showed in Table 1 which refers to the
parameter ranges of existing available devices and the parameter settings in [13]
[20]. We mainly compare the cache efficiency and system EE, where cache effi-
ciency is defined as the SCDP times the amount of cache hit data divided by
the total amount of caching data, which is utilized as a measure of cache hits.
The simulation runs 10 times to take the average.
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Table 1. Simulation parameters

Parameter Value

Number of clusters J 7
Proportion of the number of selected cluster controller
SBSs (ε)

0.3

Density of SBSs (λb) 10−4/m2

Radius of cell (Rh) 100 m
Path fading index (κ) 4
SBS transmit power Pe 1 W
Wired transmission consumption from data center to the
selected cluster per content

10 W

Wired transmission consumption between cluster per link
per content

[2 W, 2.5 W]

Transmission consumption between cluster controller and
the other SBS

0.2 W

Available bandwidth 10 MHz
Transmission delay between interconnected cluster
controller SBS per content

5 s

Transmission delay between data center and the connected
cluster controller SBS per content

15 s

Average number of contents requested per time slots 20

In order to measure the impact of the number of SBSs on the transmission
mode, as shown in Fig. 3, we first compare the relationship between the SCDP
and ATR of contents in JT and PT mode when the number of SBSs K is 2, 3
and 4, respectively. In JT mode, the more SBSs in a cluster, the higher SCDP
is, and in PT mode is on the contrary. This is because in the JT mode, more
SBSs cooperation provide stronger received signal and therefore a higher SIR,
the SCDP is increased. In PT mode, the SCDP is defined as the product of
the success probabilities of multiple data streams. When the number of parallel
streams increase, the reliability of each data stream needs to be ensure. The
more SBSs provide a lower SIR, thus the SCDP performance decrease. Obvi-
ously, regardless of the value of K in JT or PT mode, as the ATR increases,
the SCDP gradually decreases. That is because when the ATR increases, the
computational requirements for each SBS and the channel quality requirements
increase. In addition, the difference in SCDP between the PT mode and JT mode
is quite large, especially when the ATR increase to a large value. In the follow-
ing simulation, the number of SBSs in a cluster is set to be 3. The threshold of
delivery rate in the JT mode is calculated to be 22Mbps and in the JT mode is
7Mbps, respectively.

Figure 4 shows the performance comparison among LRU-based, MPMAB-
based, MPC-based and proposed EECABC proactive caching algorithm in terms
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Fig. 3. Comparison among JT and PT in SCDP versus ATR.

Fig. 4. (a) ACE comparison versus t (Rd =10 Mbps). (b) AEE comparison versus t
(Rd = 10 Mbps).

of average cache efficiency (ACE) and the average energy efficiency (AEE) as
a function of time slot shift with the expected delivery rate Rd is 10Mbps. As
shown in Fig. 4(a), when the time slot changes, the ACE shows a downward
trend, and the LRU, MPMAB and MPC cache algorithms decrease obviously.
In contrast, the EECABC cache algorithm has a relatively stable rate of decline
and eventually tends to be constant. With the passage of time, the new contents
are uploaded to the data center gradually. The combination of the historical
contents and the new contents improves the difficulty of popularity prediction.
Hence, the cache hits is reduced, and the ACE is also reduced. This may prove
that the popularity prediction bases on content-awareness has a relatively high
prediction accuracy than others and can effectively predict the popularity of new
contents. Meanwhile, as shown in Fig. 4(b), the AEE shows a downward trend
as well with the time slot changes. The AEE of the EECABC cache algorithm
outperforms than the other three algorithms. The combination of the histor-
ical contents and the new contents makes the accuracy of content popularity
prediction reduce, which has a great impact on the placement of contents. The
proposed EECABC cache algorithm achieves a higher prediction accuracy than
the others. In addition, it may also prove that in the process of cache algorithm
designing, the EECABC algorithm effectively improves the network performance
by utilizing the JT mode of the CoMP technology simultaneously.
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Fig. 5. (a) ACE comparison versus Rd. (b) AEE comparison versus Rd.

Figure 5 shows the performance comparison among LRU-based, MPMAB-
based, MPC-based and proposed EECABC proactive caching algorithm in terms
of ACE and the AEE as the expected delivery rate Rd is changed. When Rd is
in the interval [6,7] which lower than the threshold of 22Mbps in JT mode
and 7Mbps in PT mode, the SCDP is unchanged, the ACE is also unchanged.
When Rd exceeds the threshold of the PT mode, such as in the interval [7,17],
the SCDP of the PT mode is rapidly reduced, thus the ACE also decreases.
As shown in Fig. 5(a), the ACE of the four cache algorithms show a downward
trend when the Rd increases, the proposed EECABC caching algorithm performs
better. Meanwhile, when the Rd exceeds 11Mbps, the downward trend of ACE
in proposed EECABC algorithm shows down. This is because our algorithm
converts part of LPC into MPC, which can better utilize the advantage of JT
mode under high value of Rd.

As AEE is the ratio of actual delivery rate to energy consumption. The actual
delivery rate is the product of the SCDP and the expected delivery rate Rd. When
Rd increases, the SCDP decreases, thus the AEE fluctuates as the actual delivery
rate fluctuates. As shown in Fig. 5(b), the relationship between the AEE and Rd

is shown as a downward parabola, and the extreme points are different in different
caching algorithms. Comparing the four caching algorithm, our algorithm does
not show a rapid decrease after the extreme point, but presents a slow increase
and gradually tends to be stable. The reason may be that if the Rd increase
gradually, the SCDP of the PT mode is rapidly reduced, due to the relatively
high threshold value of JT mode, converting the contents into the MPC can
better adapt to the high Rd requirement and we can take advantage of the JT
mode. By adaptively adjusting the proportion of the MPC occupied in cache
space, our algorithm achieves optimal in EE.

6 Conclusion

In this paper, we use a CWFM-based popularity prediction method with spa-
tiotemporal variation, which can accurately predict the contents popularity, and
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then we propose the energy-efficient design in the clustered SCNs, and decom-
posed the EE problem into two sub-problems. Firstly, we performed variable
relaxation, LP and variable recovery under the condition of delivery consump-
tion to maximize the cache efficiency of the local cluster. Then, the EECABC
iteratively determine whether the contents with higher popularity was converted
into MPC, and discarded the corresponding LPC, thereby maximizing the EE
of the system within the global cluster. The simulation results showed that the
proposed EECABC outperforms the existing strategies in terms of EE.
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