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With the rapid growth of Internet traffic and smart mobile terminals, ultradense networks are adopted as the key technology of the
fifth generation to enhance resource utilization and content distribution while causing serious energy efficiency problem. Mobile
edge computing has recently drawn great attention for its advantages in reducing transmission delay and network energy
consumption by implementing caching and computing abilities at the edge of mobile networks. To improve network energy
efficiency and content transmission, in this paper, we propose a novel energy-efficient hierarchical collaborative scheme by
considering the in-network caching, request aggregation, and joint allocation of caching, computing, and communication
resources in a layered heterogeneous network including mobile users, small base stations, macro base stations, and the cloud.
We formulate the energy consumption problem as a queuing theory-based centralized model, where the same content requests
can be aggregated in the queue of each base station. Then, the optimal solution is analyzed based on the distribution
characteristic of content popularity at the base stations. Simulation results show that the performance of our proposed model is
much better than the existing cloud-edge cooperation solutions without considering the deployment of caching resource and
request aggregation policies.

1. Introduction

With the rapid growth of Internet traffic represented by
multimedia (e.g., Youtube and Netflix) and smart mobile
terminals (e.g., smartphones and tablets) [1], as the key tech-
nology of the fifth generation (5G) mobile communication
system, ultradense networks can efficiently improve the
resource utilization and efficiency of content distribution
[2]. However, the consequent energy consumption problem
has been increasingly prominent caused by the density
deployment of base stations (BSs) and strict quality of ser-
vice (QoS) of mobile traffic. Therefore, it is urgent and chal-
lenging to enhance network energy efficiency while ensuring
the efficiency of content transmission [3, 4].

Although improving content delivery by shortening the
distance between content requesters and providers, cloud
computing brings extra deployment and operation costs
and huge energy consumption [5, 6]. As a lightweight exten-
sion of cloud computing, mobile edge computing (MEC) can
further reduce transmission delay and network energy con-
sumption by implementing caching and computing abilities
at the edge of mobile networks, e.g., base stations (BSs),
access routers, and switches [7]. Considering the obvious
advantages and limited service capacity of MEC compared
with cloud computing, hierarchical cloud-edge cooperation
schemes have recently drawn great attention of academic
and industry to improve energy efficiency of mobile net-
works and content delivery [8].
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Cloud-edge collaboration solutions have initially been
explored in a two-layer network of edge devices and the
cloud, ignoring the computing and caching capabilities of
the BSs [9–11]. Zhang et al. [12] investigate energy-saving
wireless backhaul bandwidth allocation and power alloca-
tion in heterogeneous small cellular networks and propose
an optimal energy efficiency model, which can be solved iter-
atively. Then, distributed frameworks and centralized pro-
cessing capabilities are developed to achieve green
networks, in particular, by reducing energy consumption
through BS sleep policies. Qi and Wang [9] discuss
interference-aware user association problem under cell
sleeping for heterogeneous cloud cellular networks. Han
et al. [13] propose an energy sharing-based energy and user
joint allocation method between macro base stations (MBSs)
and small base stations (SBSs) in a heterogeneous network.
Wang et al. [14] consider improving network performance
in mobile networks by joint management and allocation of
caching, computing, and communication (3C) resources. Li
et al. [15] propose an energy-efficient resource allocation
scheme by orchestrating the delay-sensitive tasks in a
resource-constrained cloud-edge-end collaboration system.
However, most current works mainly focus on the coopera-
tive optimization of two kinds of resources above [7, 16]. Kai
et al. [17] design a cooperative computation offloading pol-
icy under the constrained serving and transmitting capabili-
ties, where the tasks are partially conducted at the mobile
devices, edge servers, and the cloud. Chen et al. [18] develop
a reinforcement learning-based resource allocation frame-
work, which can leverage energy consumption and network
latency while satisfying power and computation constraints.
Xu et al. [19] propose an IC-IoT network architecture based
on software-defined networking paradigm and use deep Q-
network (DQN) model to optimize the allocation of com-
puting and cache resources to propagate IC-IoT processes.
Zhang et al. [20] formulate the joint offloading and resource
allocation problem as a Markov decision process (MDP) to
maximize the number of unloading tasks while reducing
energy consumption.

Although cloud-edge cooperation can improve energy
efficiency and content distribution, most works are studied
in a three-tier topology of mobile users (MUs), BSs, and
the cloud, without considering the influence of in-network
caching, request aggregation [21–24] and network heteroge-
neity, and mainly focused on the joint allocation optimiza-
tion of two kinds of resources. In this paper, we propose
an energy-efficient hierarchical collaborative solution to
improve content delivery, where in-network caching, request
aggregation, and the cooperative allocation of 3C resources
are analyzed in a layered heterogeneous network including
MUs, SBSs, MBSs, and the cloud. The main contributions
of the paper are as follows.

(i) We formulate the energy efficiency problem as a
queuing theory-based centralized model in a
cloud-edge cooperation network, where in-network
caching is considered and the same content requests
can be aggregated in the queue of each base station.
Energy consumption is minimized by jointly opti-

mizing the allocation of 3C resources while ensuring
QoS of content delivery

(ii) We analyze the minimal energy consumption prob-
lem based on the distribution characteristic of con-
tent popularity and present the key factors that
affect network performance

(iii) We evaluate the proposed energy efficiency model
in heterogeneous network environments. Simula-
tion results show that the performance of our pro-
posed solution is much better than the existing
cloud-edge cooperation schemes not considering
the deployment of caching resource and request
aggregation policies

The rest of this paper is organized as follows. In Section
2, the energy models of different network components are
presented. In Section 3, the minimal energy consumption
problem is formulated and analyzed. Simulation results are
presented and discussed in Section 4. Finally, we conclude
this study in Section 5.

2. System Model

In this section, we formulate the cloud-edge cooperation
problem to minimize energy consumption and improve con-
tent delivery by jointly allocating 3C resources in a mobile
network. Figure 1 describes a cloud-edge cooperation sce-
nario, where both MBSs and SBSs have caching and comput-
ing capabilities. Content requests from a MU can be satisfied
by its connected BS and the cloud in sequence. As shown in
Figure 1, the total energy consumption consists of MUs, BSs,
the cloud, and network links, where energy models of differ-
ent BSs and their accessed MUs are discussed separately in
the system.

2.1. Energy Model of Mobile Users. We assume that there
are Nm MBSs in the network, and the ith MBS is directly
accessed by Ni,s SBSs and Ni,m MUs. Nij,m is the number
of MUs connected to the jth SBS of the ith MBS. The
number of different network contents available in our sys-
tem is F. Thus, the energy consumption of MUs, EMU , can
be written as

EMU = 〠
Nm

i=1
〠
Ni,s

j=1
〠
Nij,m

m=1
〠
F

k=1
Ek
ij,m + 〠

Nm

i=1
〠
Ni,m

j=1
〠
F

k=1
Ek
i,m: ð1Þ

2.1.1. Energy of Mobile Users in SBSs. The energy about a
content request k consumed by the mth user of the ijth
SBS, Ek

ij,m, is the product of its power and the delay
between sending this request and receiving the corre-
sponding data, which can be written as

Ek
ij,m = Pk

ij,mT
k
ij,m, ð2Þ

Tk
ij,m = Tk

ijX
k
ij + 1 − Xk

ij

� �
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, ð3Þ
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where Pk
ij,m is the power about the content request k con-

sumed by themth user of the ijth SBS, Xk
ij and X

k
i are boolean

variables and indicate whether the request about content k is
satisfied at the ijth SBS and ith MBS, respectively. Xk

ij is equal

to be 1 if the ijth SBS buffers content k, and 0 otherwise. Xk
i is

equal to be 1 if the ith MBS caches content k, and 0 otherwise.
Tk
ij, T

k
i , and Tk

c are the delay for the content request k to be
met at the ijth SBS, ith MBS, and cloud, respectively.

To solve (3), a new M/M/ks queuing model with differ-
ent service rates and arrival rates is designed, where in-
network caching and request aggregation are considered [3,
25]. In our proposed queuing model, the same requests
arriving at a network node can be aggregated to a request
to be forwarded to fetch the corresponding content. If this
node stores the data in its cache, the content will be distrib-
uted to the end-users along the routing path in the opposite
direction. Therefore, both in-network caching and request
aggregation can reduce the response time caused by content
requests and further improve energy efficiency of our sys-
tem. We assume that λij, μij, and kij are request arrival rate
and service rate of the ijth SBS after the introduction of in-
network caching and request aggregation policies [3], the
number of servers at the ijth SBS, respectively. Therefore,
the utilization of the ijth SBS can be written as

ρij =
λij
kijμij

: ð4Þ

The probability that a request from a MU of the ijth SBS
will have to queue at this SBS when its servers are occupied
can be written as

PQij
= π0i j

k
kij
i j

kij!

ρ
kij
ij

1 − ρij
, ð5Þ

where π0i j is the steady-state probability that zero request tasks

exist in the ijth SBS.
Therefore, on basis of (4) and (5), the response time that

a content request k is satisfied at the ijth SBS can be written
as

E Tk
ij

h i
= 1
μij

+
ρij

λij 1 − ρij

� � PQij
: ð6Þ

When the content k is stored at the ijth SBS, the total
delay that a MU obtains this content consists of uplink
and downlink transmission delay between the ijth SBS and
this MU, execution time, and response delay in the ijth
SBS, which can be derived as

Tk
ij =

Skc
vij

+ αcs
k

lij,up
+ E Tk

ij

h i
+ 1 − αcð Þsk

lij,down
, ð7Þ

where the lij,up and lij,down indicate uplink and downlink
transmission rate between the ijth SBS and the accessed
MU, vij denotes the CPU clock speed in the ijth SBS, Skc is

Internet

MBS SBS Mobile users

Cloud

Figure 1: A cloud-edge cooperation scenario.
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the number of CPU clocks to deal with the task about con-
tent request k, sk is the size of content k, and αc is the pro-
portion of the requested data in the total traffic generated
by the task about content request k.

Similarly, we assume that λi, μi, and ki are request arrival
rate and service rate of the ith MBS after the introduction of
in-network caching and request aggregation policies, the
number of servers at the ith MBS, respectively. λc, μc, and
kc are request arrival rate and service rate of the cloud con-
sidering in-network caching and request aggregation, the
number of servers in the cloud. Thus, the total delay of a
content request k from the SBS satisfied in the ith MBS
and the cloud can be written as

Tk
i =

Skc
vi

+ Tk
ij +

αcs
k

li,up
+ E Tk

i

h i
+ 1 − αcð Þsk

li,down
, ð8Þ

Tk
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Skc
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k
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c

h i
+ 1 − αcð Þsk

lC,down
, ð9Þ

where the li,up and li,down are uplink and downlink transmis-
sion rate between the ijth SBS and ith MBS, lC,up and lC,down
are uplink and downlink transmission rate between MBSs
and the cloud, vi and vc are the CPU clock speed in the ith
MBS and cloud, and E½Tk

i � and E½Tk
c � are the response time

that a content request k is satisfied at the ith MBS and cloud,
respectively.

2.1.2. Energy of Mobile Users in MBSs. Based on the above
analysis, the energy about the content request k consumed
by the mth user of the ith MBS, Ek

i,m, and its corresponding

delay, Tk
i,m, can be written as

Ek
i,m = Pk

i,mT
k
i,m, ð10Þ
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ð11Þ
where Pk

i,m is the power consumed by the mth MU of the ith
MBS when obtaining content k.

2.2. Energy Model of Base Stations. In the mobile network,
the energy consumption of BSs can be written as

EBS = 〠
Nm

i=1
〠
Ni,s

j=1
PijTs + 〠

Nm

i=1
PiTs, ð12Þ

where Ts represents running time of the system, and Pij and
Pi are the power consumption of the ijth SBS and ith MBS,
respectively.

2.2.1. Energy of SBSs. The total power consumption of the ij
th SBS can be written as

Pij = Pt
ij + Pc

ij, ð13Þ

where Pt
ij and Pc

ij represent the traditional power and cache
power at the ijth SBS.

The traditional power consumption Pt
i,j of the ijth SBS

can be written as

Pt
ij = P0ij +

ΔPij

γij
2μi j/Bij − 1

� �
〠
F

k=1
1 − Xk

ij

� �
qkijs

k, ð14Þ

where γij, Bij, and qkij are the signal-to-noise ratio and the
maximal transmission rate, the amount of network requests
about data k at the ijth SBS, and P0ij and ΔPij

are the static

power consumption of the ijth SBS in the active mode and
its corresponding slop parameter [26].

The cache power at the ijth SBS consists of two parts:
cache retrieval power and content caching power, which
can be written as

Pc
ij = 〠

F

k=1
qkijP

k
ij,r + Xk

ijs
kwca

� �
, ð15Þ

where Pk
ij,r presents the retrieval power consumption about

content k in the buffer of the ijth SBS, and wca is the power
efficiency parameter depending on storage hardware tech-
nologies [27].

2.2.2. Energy of MBSs. Similarly, the total power consump-
tion of the ith MBS can be written as

Pi = Pt
i + Pc

i , ð16Þ

where Pt
i and Pc

i are the traditional power and cache power
consumption of the ith MBS, respectively.

Therefore, the expressions of Pt
i and Pc

i can be written as

Pt
i = P0i +

ΔPi

γi
2μi/Bi − 1
� �

〠
F

k=1
1 − Xk

i

� �
qki s

k, ð17Þ

Pc
i = 〠

F

k=1
qki P

k
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i s
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� �
, ð18Þ

where γi, Bi, and qki are the signal-to-noise ratio, the maximal
transmission rate, and the amount of network requests about
content k at the ith MBS, P0i and ΔPi

are the static power con-
sumption of the ith MBS in the active mode and its corre-
sponding slop parameter, and Pk

i,r is the retrieval power
consumption about content k in the buffer of the ith MBS.

4 Wireless Communications and Mobile Computing



2.3. Energy Model of Cloud. The model of cloud is consisted
with static power Ps and the processing power of requests
which can not satisfied by MBS.

Pc = Ps + 〠
Nm

i=1
〠
F

k=1
〠
Ni,s

j=1
qkij 1 − Xk

i

� �Y
j
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ij′
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+〠
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i=1
〠
F

k=1
qki 1 − Xk
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1 − Xk

ij
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Pk
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ð19Þ

where Pk
c,r is the retrieval power consumption about content

request k in the cloud.

2.4. Energy Model of Network Wired Links. As shown in
Figure 1, the total energy consumption of wired link can
be written as

EL = 〠
Nm

i=1
〠
Ni,s

j=1
PLi, j

Ts + 〠
Nm

i=1
PLi

Ts, ð20Þ

where PLi, j
is the power consumption about traffic transmit-

ting between the ijth SBS to the ith MBS, PLi
is the power con-

sumption about traffic distributing between the ithMBS to the
cloud [27, 28].

3. Problem Formulation and Analysis

In this section, we formulate the minimal energy con-
sumption problem as a cooperative cloud-edge resource
allocation model for content delivery services. Then, this
model is analyzed theoretically to present how to obtain
the optimal solution.

3.1. Problem Formulation. Based on the energy models pre-
sented in Section 2, the energy-efficient hierarchical collab-
orative problem can be formulated as Eq. (21), where Ci
and Cij are the maximal caching capacities of MBS i and
its accessed SBS j, respectively. Therefore, the optimization
objective of Eq. (21) is to minimize energy consumption of
the system by designing optimal caching and routing strat-
egies under the limited caching, computation, and com-
munication capacities.

In the constraints, C1-C2 are the maximal cache size
constraints of SBSs and MBSs, C3-C5 present the utiliza-
tion constraints of SBSs, MBSs, and the cloud, the boolean
variables related to caching decision can only be 0 or 1 in
C6, and C7 limits the proportion of the requested data in
the total traffic generated by a request task between 0
and 1.

3.2. Model Analysis. In this part, we analyze the optimal
solution of the proposed hierarchical energy consumption
problem (21) based on the distribution characteristic of con-
tent popularity, which will provide a benchmark for online
solutions to obtain near-optimal results in mobile heteroge-
neous networks.

We assume that network content popularity follows the
Zipf’s distribution and the BSs cache network contents
according to the rank of content popularity [29]. Zipf’s law
is a statistical distribution in certain data sets and states that
the relative request probability for the kth most popular con-
tent is calculated by k−α/∑F

f=1 f
−α, where F is the number of

different network contents, and α is the skewness factor. A
large value of α indicates that more requests are sent for
the popular data. In our model, the vertical collaborative
caching between a MBS and its followed SBSs is utilized to
optimize the cache hit rate to improve energy efficiency,
which means that the most popular contents are stored in
the SBSs and the less ones are cooperatively cached in their

upper MBS. Therefore, the utilization of ijth SBS and ith
MBS with optimal caching can be written as

ρij′ =
λij
kijμij

∑F
k=Cij+1k

−αi j

∑F
k=1k

−αi j
, ð22Þ

ρi′=
λi
kiμi

∑F
k=Cij+Ci+1k

−αi

∑F
k=1k

−αi
, ð23Þ

where αij and αi are the skewness factors of content popular-
ity at the ijth SBS and ith MBS. The number of popular con-
tents arriving at the BSs increases with the growth of the
skewness factor.

Based on the rewritten utilization expressions in (22)
and (23), the minimal delay can be obtained under the opti-
mal caching. Similarly, we can rewrite the formulas related
to network power in Section 2 on basis of content popular-
ity. Therefore, the minimal energy consumption can be
achieved to improve content delivery in the system.

Min 〠
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i s
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4. Simulation and Results

In this section, we evaluate the performance of our proposed
model in heterogeneous scenarios, e.g., cache size, content
popularity, the number of different contents, and the arrival
rate of network requests. In the simulation, cache size of a BS
is abstracted as a proportion and is equal to the relative size
to the amount of different contents, which is from 0:1% to
10% [30, 31]. The content popularity follows the Zipf distri-
bution, where the range of the skewness factors αi and αij
varies from 0:6 to 1:5 [29, 32]. In addition, the request
arrival rate of a MBS is twice that of its accessed SBSs. The
default value of arrival rate about a SBS is set to be 10 in
our simulation. The simulation is carried out to demonstrate
the advantages of the proposed solutions “Offline with
Cache” and “Online with Cache” compared with “OPT
without Cache and Aggregation” and “OPT without Cache”
schemes. “Offline with Cache” and “Online with Cache” are
the corresponding offline and online models of Eq. (21),
which operate under the limited 3C resources capacities by
using optimal and least recently used (LRU) caching policies
while considering request aggregation. “OPT without Cache
and Aggregation” indicates that the existing cloud-edge
cooperation scheme does not consider the deployment of
caching resource and request aggregation policies, while
request aggregation is adopted in “OPT without Cache” [3,
33]. The advantages of in-network caching and aggregation
have been discussed in Section II-A. Through performance
comparison, we can find their influence on energy consump-
tion in the simulation, respectively.

Figure 2 shows the network energy consumption of the
four solutions under different cache sizes. As shown in

Figure 2, we can see that the performance of our proposed
model performs much better than “OPT without Cache”
and “OPT without Cache and Aggregation,” where energy
consumption of the latter always remains the same. The rea-
son is that there are no caches deployed in the access net-
works, and all their requests are routed to the cloud to
fetch data. Due to that the same content request can be
aggregated in the BSs, compared with “OPT without Cache
and Aggregation,” the network delay in “OPT without
Cache” is significantly improved. As the cache size increases,
more popular contents are buffered at the network edge,
which reduces the performance gap between “Offline with
Cache” and “Online with Cache.” With the growth of cache
size, energy efficiency of BSs converges to a stable state in the
proposed model, because additional cached unpopular con-
tents have little effect on energy efficiency of the system.

Figure 3 shows the network energy consumption of the
four solutions under different content popularity. As shown
in Figure 3, we can see that content popularity has no effect
on the performance of “OPT without Cache and Aggrega-
tion,” because each request must be routed to the cloud to
obtain the corresponding content. As content popularity
grows, energy efficiency is improved in “Offline with Cache”
and “Online with Cache.” The reason is that a larger Zipf
skewness parameter means more popular contents are
requested by the MUs, which makes the majority of requests
directly satisfied by the cached data in the SBSs and MBSs.
Moreover, the performance of “OPT without Cache” is
improved as content popularity increases. The reason is that
more content requests are aggregated in the queue.

Figure 4 shows the network energy consumption of the
four solutions when the number of different contents varies.
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As shown in Figure 4, we can see that the energy consump-
tion of our proposed solution increases with the growth of
the number of different contents. The reason is that a larger

amount of different contents means more unpopular con-
tents are requested by MUs, which makes more requests
unsatisfied in the BSs with limited cache capacity and obtain
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Figure 3: Network energy consumption versus content popularity when Cij = 0:4%, Ci = 0:8%, F = 1000, and λ = 10.
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their contents from the cloud. Besides, a larger content
diversity can bridge the performance gap between “Offline
with Cache” and “Online with Cache,” because the increase
of more unpopular requests reduces the impact of caching
resources on network performance to a certain extent. Com-
pared with in-network caching, the growth of content diver-
sity has limited effect on the request aggregation, which
makes the energy consumption of “OPT without Cache”
increase slowly. Due to that, each request fetches the corre-
sponding content from the cloud in “OPT without Cache
and Aggregation,” its performance is not affected by the
number of different contents.

Figure 5 shows the network energy consumption of the
four solutions under different request arrival rates. As shown
in Figure 5, we can see that energy efficiency of the four
schemes declines when the request arrival rate increases,
because a larger queuing delay results in the growth of
energy consumption. Due to the fact that popular contents
are always cached at the network edge in “Offline with
Cache,” the performance gap between “Offline with Cache”
and other solutions enlarges with the growth of the request
arrival rate. The performance between “OPT without Cache”
and “OPT without Cache and Aggregation” has the similar
trend. The reason is that the effect of request aggregation is
improved with the increase of arrival rate.

5. Conclusions

In this paper, we propose a novel energy-efficient hierarchi-
cal collaborative model for content delivery services by con-
sidering the in-network caching, request aggregation, and
cooperation allocation of caching, computing, and commu-

nication resources in a layered heterogeneous network of
MUs, SBSs, MBSs, and the cloud. Firstly, we formulate the
energy efficiency problem as a centralized model, which
can aggregate the same content requests in the queue of each
BS, and achieve minimal energy consumption by jointly
optimizing different resources on basis of cloud-edge coop-
eration and request queue. Then, the optimal energy effi-
ciency problem is analyzed based on the distribution
characteristic of content popularity. Simulation results show
that the performance of our proposed model is much better
than the existing cloud-edge cooperation scheme without
considering the deployment of caching resource and request
aggregation policies.

In future work, we will design a more efficient online
scheme to approximate the optimal solution, e.g., predictive
and proactive caching about network contents. Besides, we
intend to develop a weighted model between network power
and delay to achieve their prominent tradeoff. Moreover, the
mobile behaviors of network users will be considered to
improve our proposed model. Finally, the full-dimensional
collaboration problem will be investigated to verify the sys-
tem performance in the more complex network
environment.
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