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With the arrival of 5G mobile cellular networks and the
proliferation of smart mobile devices, the wireless mobile
data increase unprecedentedly, which will inevitably impose
great pressure on the backhaul and degrade the QoE of
mobile users. Edge computing or fog computing can provide
enhanced service quality with increased network capacity
and low latency, by utilizing elastic resources of edge or fog
nodes, for example, computation, storage, and networking.
Wireless caching, as an important technology for edge com-
puting, has been attractingmore andmore focuses from both
industry and academia. In caching-aided networks, popular
data files can be proactively cached at the edge of mobile
networks. These cached contents will be delivered to users
directly from the edge of the networks. Meanwhile, the shift
of wireless traffic from centrally generated voice service to
locally created data also provides significant opportunities for
caching, which is known as the trend of information-centric
networks. In this special issue, we have invited a few papers
to give insights on wireless caching aided 5G networks.

One paper of this special issue addresses an energy-
efficient caching problem based on shot noise model in
backhaul-aware cellular networks, with both the cache hit
rate and the optimal cache considered. A distributed caching
policy is proposed to enhance the cache hit rate, and an
optimization is formulated to analyze the tradeoff between
energy efficiency and cache capacity. Another paper presents
the performance analysis for Internet-of-things system under
Nakagami channels, with both the direct link and the
multihop relaying caching considered. Its main contribution
is that the outage probability and bit error rate of the

system are derived analytically without any approximation.
Another paper investigates the energy efficiency in cache-
enabled cellular networks with the limited backhaul, where
the successful content delivery probability is calculated by the
stochastic geometry method, and the analytical expressions
of throughput, power consumption, and energy efficiency are
derived as well for various cases.

Another paper of this special issue proposes a coop-
erative strategy to improve both the caching replacement
and efficiency at wireless edges in IP-based networks. User’s
QoE is introduced to estimate the caching efficiency, and
various caching allocation methods are adopted for better
user’s quality of experience. Another paper analyzes the sys-
tem performance of a two-hop decode-and-forward relaying
network without and with cache, respectively. The analytical
expressions of outage probability and symbol error rate are
derived, and the system diversity order is improved fast when
the cache is adopted. Another paper considers a signal detec-
tion problem in spatial modulation 3D-MIMO systems, and
the normalization preprocessing and structured sparsity of
sparse signals are exploited to avoid the overamplified noise
and reduce computation, respectively. Simulation results
prove that the proposed algorithm in this paper surpasses the
conventional signal detectors.
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Performance analysis is studied in this paper for the wireless transmissions in Internet of Things (IoT) system, where both the
direct link and the multihop relaying caching wireless transmission from the source node to the destination node are taken into the
consideration.The key feature is theNakagami channels of thewireless channel from the source node to the destination node, which
results in the difficulty of the theoretical analysis over the system performance. To tackle this difficulty, the probability distribution
function (PDF) of the received signal-to-noise ratio (SNR) at the destination node is derived by exploiting the function and integral
properties. Then, the outage probability and bit error rate (BER) of the whole wireless IoT system are derived in the analytical
expression without any approximation. Numerical simulations demonstrate the accuracy of the derived theoretical analysis for this
system.

1. Introduction

Internet of Things (IoT) becomes very import since it can
support the requirement from the fifth generation (5G) of
the cellular transmission. For instance, IoT can serve massive
access nodes for wireless service in the scenario of the
ultradense networks (UDN) in 5G [1–4]. It is shown that
there are as many as over three thousands of papers in IEEE
exploring over the study of IoT, where the number of the
journal papers is over six hundreds. For example, RFID as
IoT enabler is reviewed in [5] from both the physical layer
and MAC layer point of review, where the SDR (soft defined
radio) platform is utilized to guarantee the time delay of
the tag identification. In [6], the performance of employee
is evaluated automatically by the proposed game theories,
where the data is collected by the sensory nodes in IoT
systems. Three deployment patterns of the industrial IoT
are theoretically discussed by the authors from [7] for the
cognitive access in IoT.The cost and the performance tradeoff
are demonstrated in [8–10] for selecting the platform in
IoT, where the CUP, GPU, and FPGA are taken into the

consideration for the computer vision. In [11], the smartman-
ufacturing with real-time traceability is studied in [11] which
is enabled by IoT, where the authors propose a production
performance analysis and exception diagnosis model. The
authors in [12] review the channel access protocols for IoT
system, where the ALOHA method is discussed in detail.
All of these research results show that IoT have potential
good performance for wireless performance especially in 5G
cellular systems. However, there is no study on the outage
probability analysis over IoT where the wireless channel from
the source node to the destination node is distributedwith the
Nakagami.

There are extensive results over the performance analysis
in existing wireless communication systems especially in the
multihop relaying system without involving IoT technology.
Themultihop system with cooperative relay is usually named
as multihop cooperative relay systems (MCRSs). Compared
to traditional networks, MCRSs have a lot of advantages such
as the connectivity improvement and the capacity enhance-
ment. In multihop wireless communications, many relay
stations assist the source terminal to transmit signal to
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the destination terminal, which reduces the transmit power
and improves the wireless link reliability especially for the
scenario of the long-distance between the source and the des-
tination [6–13]. The amplify-and-forward relaying protocol
is studied in [13] for the multihop and multibranch wireless
cooperative systems with nonregenerative fixed gain at the
relay station. In [14], the outage probability and the bit error
rate are analyzed theoretically for MCRSs over Nakagami-𝑚 fading channels, where the approximated expression is
derived in closed form. The asymptotic performance is
analyzed in [15] for the bit error rate in the multihop
relaying caching networks, where each hop of the wireless
channel is distributed with Generalized-K. These studies
are applicable to the amplify-and-forward (AF) relaying
protocol. A method is proposed in [16] which is based on the
generalized transformed characteristic function (GTCF) for
theAFmultihop relaying system.A statistical-theorem-based
approach is proposed to analyze the performance ofmultihop
relaying system in [17]. For the decode-and-relaying protocol,
the ergodic capacity is theoretically analyzed in [18–20]. It
is discovered from [19] that the fixed AF relaying method
outperforms the other relaying methods such as the fixed
DF and the selective DF. All these studies are suitable
for one-way relaying protocol, where the two-way relaying
protocol is examined in [20] by deriving the expression to
the outage probability.The dual-hopwireless communication
system has been theoretically analyzed in [21–23], where
performance analysis is derived for different assumptions.
However, all of these results cannot be applied to the more
general scenario where the wireless channel is distributed
with the Nakagami, where the goal is to obtain the accurate
expressionwithout approximation for the target performance
such as the outage probability and the bit error rate.

With the fifth generation mobile communication (5G),
the Internet of Things (IoT) technology becomes more and
more important since IoT can provide many attractive
improvements to 5G. The IoT-based wireless communica-
tions typically employ the relaying technique which can
enlarge the coverage of the wireless communications. For
instance, the mobile terminal in the vehicle-based relaying
system transmits signals to the base station via the multi-
hop relaying retransmission [24]. A dual interface relay is
designed to improve the power efficiency of the IoT-based
wireless sensor networks; it is proved in [25] that the relaying
technology reduces the outage probability in the energy
harvesting IoT-based wireless networks while decreasing the
feedback cost from the receive node to the transmit node.
Thus, it is interesting to study the performance analysis over
the relaying based IoT wireless transmissions.

In this paper, the signal-to-noise ratio (SNR) from the
source to the destination is derived in the closed form
for the IoT wireless communications. Moreover, the outage
probability and the bit error rate are theoretically analyzed
by deriving the analytical expression via exploiting the
probability properties.The key feature is that all wireless links
are distributed with Nakagami-𝑚 from the source node to
the destination node. The final expression over the outage
probability is exactwithout any approximation for the studied
IoT wireless system.

Destination (D)

Source (S)

R1

R2

R3

RN−1

Direct path

Multi-hop relays

Figure 1: Illustration of a multihop cooperative relay network.

The rest of this paper is organized as follows. The system
model is introduced in Section 2 for the IoT multihop
relaying wireless communications with the existence of the
directwireless link from the source to the destination node. In
Section 3, the probability density function (PDF) ofmultihop
relaying link is derived exactly in an analytical expression.
Moreover, the outage probability and the bit error rate are
derived by exploiting the probability properties, which are
based on the derived PDF as mentioned above. In Section 4,
the numerical simulations are plotted to show the effective-
ness of the obtained theoretical analysis. Section 5 concludes
the whole paper.

2. System Model

The considered system consisting of one source node, one
destination, and 𝑁 − 1 relay nodes as shown in Figure 1. In
the first time slot, the source node transmits the signal to the
first relay node. Meanwhile, the destination also receives the
signal from the source node by the wireless channel, which
is usually ignored by most of the existing methods in this
literature. In the 𝑛th (𝑛 = 2, 3, . . . , 𝑁−1) time slot, the 𝑛−1th
relay node first amplifies the received caching signal and the
retransmits it to the 𝑛th relay node. Finally, the 𝑁th relay
node amplifies the received caching signal and forwards it
to the destination in the 𝑁th time slot. At the destination,
the receiver receives two branches of the signals, respectively,
from the source node directly and from the relay nodes via
multihop caching technology. The maximal-ratio combining
(MRC) is employed at the destination node to combine these
two branches, which maximizes the signal-to-noise ratio at
the destination. It is assumed that the channel is slow fading
or block fading in the multihop IoT networks.

In the first time slot, the source node as the transmitter
in IoT wireless networks sends the signal via the wireless
channel to the destination node directly. The received signal𝑦𝐷 at the destination node𝐷 is then given by

𝑦𝐷 = √𝑃𝑆h𝑠 + 𝑛, (1)
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where 𝑃𝑆 is the transmission power of the source terminal,
h denotes the channel matrix from transmitting antenna
of source terminal to receiving antenna of the destination
terminal, and the channel ℎ followsNakagami-𝑚 distribution
and the norm of channel ℎ, which means that the signal with
shadowing effect can be approximated by a gamma distribu-
tion as 𝑓‖ℎ‖2(𝑥) = (1/Γ(𝜆))(𝜆/Ω)𝜆𝑥𝜆−1𝑒−(𝜆/Ω)𝑥, 𝑥 > 0. 𝑠 is the
source transmitted signal, 𝑛 is additive white Gaussian noise
(AWGN) at the destination, and 𝑛 ∼ 𝐶𝑁(0, 𝜎2𝑛).

In the following time slots, the relay node amplifies the
received caching signal and then forwards it to the next relay
node. The received caching signal 𝑦1 at the 1th relay terminal
can be described as

𝑦1 = √𝑃𝑆h1𝑠 + 𝑛1, (2)

where h1 denotes the channel matrix from transmitting
antenna of source terminal to the receiving antenna of 1th
relay terminal, 𝑠 is the source transmitted signal, 𝑛1 is additive
white Gaussian noise (AWGN) at the 1th relay terminal, and𝑛1 ∼ 𝐶𝑁(0, 𝜎2𝑁). In order to satisfy the requirements of relay
transmission power, the signal receiving energy is normalized
at the relay (divided by 𝜌 = √𝑃𝑆‖h1‖22 + 𝜎2𝑛) and amplified
at the current relay node with the factor 𝑤𝑟, |𝑤𝑟| = √𝑃𝑟.
It is noting that the channel parameter follows Nakagami
distribution, where every signal is subject to independent
path loss, shadowing, and Nakagami fading effect. The
reasons to choose the Nakagami-𝑚 channels in the paper are
as follows.

(1) Nakagami-𝑚 channel characteristic can conform
practical experience data more exactly than Rayleigh and
Rice channel; it is worth noting that Nakagami-𝑚 channel
can accurately feature terrestrial wireless communication
channel, indoor mobile communication channel, and other
wireless multipath fading channels [26].

(2) Nakagami-𝑚 channel can be equivalent to other
wireless multipath fading channels with different parameter𝑚 ∈ (1/2,∞), which present that Nakagami-𝑚 channel
can cover other fading channels generally. In other words,
Nakagami channel model has become a general channel
model and thus has a high application value.

Nakagami-𝑚 channel

⇒

{{{{{{{{{{{{{{{{{{{{{{{{{{{{{

Unilateral Gaussian channel, 𝑚 = 12
Rayleigh channel, 𝑚 = 1
Nakagami-𝑛,𝑚 = (1 + 𝑛2)2

1 + 2𝑛2 , 𝑛 ≥ 0
Ricechannel, 𝐾 = 𝑛2 = √𝑚2 − 𝑚𝑚 − √𝑚2 − 𝑚, 𝑚 ≥ 1
Constant channel, 𝑚 = ∞.

(3)

Thus, the transmitting caching signal of 1th relay node is
expressed as

𝑡 = 𝑤𝑟𝜌 𝑦1. (4)

Similarly, the receiving signal of 2th relay node is given by

𝑦2 = h2 ⋅ 𝑡 + 𝑛2 = h2 (𝑤𝑟𝜌 𝑦1) + 𝑛2
= h2

𝑤𝑟𝜌 √𝑃𝑠h1𝑠 + h2
𝑤𝑟𝜌 𝑛1 + 𝑛2,

(5)

where h2 is the channel matrix from the transmit antenna of
1th relay node to the receive antenna of 2th relay node and𝑛2 is additive white Gaussian noise (AWGN) at the 2th relay
node and 𝑛2 ∼ 𝐶𝑁(0, 𝜎2𝑛). In this way, the signal received at
the 𝑛 + 1th (𝑛 ≤ 𝑁) relay node is expressed as

𝑦𝑛 = h𝑛 (𝑤𝑟𝜌 𝑦𝑛−1) + 𝑛𝑛
= (𝑤𝑟𝜌 )𝑛−1 h𝑛h𝑛−1 ⋅ ⋅ ⋅ h1√𝑃𝑠𝑠

+ (𝑤𝑟𝜌 )𝑛−1 h𝑛h𝑛−1 ⋅ ⋅ ⋅ h2𝑛1
+ (𝑤𝑟𝜌 )𝑛−2 h𝑛h𝑛−1 ⋅ ⋅ ⋅ h3𝑛2 + ⋅ ⋅ ⋅ + 𝑤𝑟𝜌 h𝑛𝑛𝑛−1
+ 𝑛𝑛,

(6)

where h𝑛, h𝑛−1, . . . , h1 are the wireless channel vectors,𝑛𝑛, 𝑛𝑛−1, . . . , 𝑛1 is the AWGN noise received at the cor-
responding relay node, and 𝑛𝑛 ∼ 𝐶𝑁(0, 𝜎2𝑛), . . . , 𝑛1 ∼𝐶𝑁(0, 𝜎2𝑛).
3. Performance Analysis for IoT-Based
Multihop Caching

In this section, the signal-to-noise ratio is analyzed theo-
retically by deriving the corresponding probability density
function (PDF), where the goal is to obtain the closed form
expression.Then, the outage probability and the bit error rate
are derived by utilizing the integration properties.

For the destination, there are two branches of the received
signals that are directly from the source node and from
the multihop caching node. With the signal arrived at the
destination node from the multihop relaying caching link
[27], the PDF of the corresponding SNR over the multihop
caching link is given by

𝑓Multhop (𝑦)
= 𝜕 {1 − ∏𝑁

𝑛=1 (1 − Γ (𝑚𝑛, 𝑚𝑛𝑦/𝛾𝑛) /Γ (𝑚𝑛))}𝜕𝑦 , (7)

where symbol 𝜕(⋅) is the derivation to variables and the
function Γ(⋅, ⋅) is Gamma function and defined as Γ(𝑧) =∫∞
0

𝑒−𝑡𝑡𝑧−1𝑑𝑡 [28], which can be sorted as

Γ(𝑚𝑛, 𝑚𝑛𝑦𝛾𝑛 ) = Γ (𝑚𝑛) ⋅ 𝑒−𝑚𝑛𝑦/𝛾𝑛 ⋅ 𝑚𝑛 −1∑
𝑗=0

𝑗! (𝑚𝑛𝑦𝛾𝑛 )𝑗 . (8)
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It can be mentioned that the parameter𝑚 needs to calcu-
late in the form of integer in order to derive conveniently. By
inserting (8), we have that

𝑓Multihop (𝑦)
= −𝜕 {∏𝑁

𝑛=1 (1 − 𝑒−𝑚𝑛𝑦/𝛾𝑛 ⋅ ∑𝑚𝑛 −1𝑗=0 𝑗! (𝑚𝑛𝑦/𝛾𝑛)𝑗)}𝜕𝑦 . (9)

It is seen from (9) that the multiplication is involved
in many terms, which makes the following derivations
intractable.Thus, we propose to express (9) into another form
equivalently, where the term involving the multiplication
operation in (9) is derived as

𝑁∏
𝑛=1

(1 − 𝑒−𝑚𝑛𝑦/𝛾𝑛 ⋅ 𝑚𝑛 −1∑
𝑗=0

𝑗! (𝑚𝑛𝑦𝛾𝑛 )𝑗)

= 𝑁∑
𝑡=0

∑
𝑏1𝑏2 ⋅⋅⋅𝑏𝑡∈{𝑎1𝑎2 ⋅⋅⋅𝑎𝑁};∀𝑘,𝑙∈{1,2,...,𝑡},𝑏𝑘 ̸=𝑏𝑙

(−1)𝑡 𝑏1𝑏2 ⋅ ⋅ ⋅ 𝑏𝑡.
(10)

In order to expressed clearly and simply, it can be denoted
that 𝑏1𝑏2 ⋅ ⋅ ⋅ 𝑏𝑡 ∈ {𝑎1𝑎2 ⋅ ⋅ ⋅ 𝑎𝑁}; ∀𝑘, 𝑙 ∈ {1, 2, . . . , 𝑡}, 𝑏𝑘 ̸= 𝑏𝑙 as℧, where (⋅)! is the factorial of variables and 𝑏1𝑏2 ⋅ ⋅ ⋅ 𝑏𝑡 can be
expressed as follows:

𝑏1 = 𝑒−𝑚1𝑦/𝛾1 ⋅ 𝑚1 −1∑
𝑗=0

𝑗! (𝑚1𝑦𝛾1 )𝑗

𝑏2 = 𝑒−𝑚2𝑦/𝛾2 ⋅ 𝑚2 −1∑
𝑗=0

𝑗! (𝑚2𝑦𝛾2 )𝑗

...
𝑏𝑡 = 𝑒−𝑚𝑡𝑦/𝛾𝑡 ⋅ 𝑚𝑡−1∑

𝑗=0

𝑗! (𝑚𝑡𝑦𝛾𝑡 )𝑗 .

(11)

By substituting (10) and (11) into (9), we have the
expression of the PDF for the received SNR via the multihop
relaying link as

𝑓Multihop (𝑦)

= 𝜕 {∑𝑁𝑡=0 ∑℧ ∑𝑚1−1𝑗1=0
∑𝑚2−1𝑗2=0

⋅ ⋅ ⋅ ∑𝑚𝑡−1𝑗𝑡=0
(((𝑚1/𝛾1)𝑗1 ⋅ ⋅ ⋅ (𝑚𝑡/𝛾𝑡)𝑗𝑡 ⋅ 𝑦∑𝑡𝑞=1 𝑗𝑞) / ((−1)𝑡+1 ⋅ 𝑒𝑦⋅∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝) ⋅ 𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡!))}𝜕𝑦

= 𝑁∑
𝑡=0

∑
℧

𝑚1−1∑
𝑗1=0

𝑚2−1∑
𝑗2=0

⋅ ⋅ ⋅𝑚𝑡−1∑
𝑗𝑡=0

(𝑚1/𝛾1)𝑗1 ⋅ ⋅ ⋅ (𝑚𝑡/𝛾𝑡)𝑗𝑡(−1)𝑡+1 ⋅ 𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡!
⋅ {𝑦−1+∑𝑡𝑞=1 𝑗𝑞 ⋅ 𝑒−𝑦⋅∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝) ⋅ 𝑡∑

𝑞=1

𝑗𝑞 − 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 ⋅ 𝑦∑𝑡𝑞=1 𝑗𝑞 ⋅ 𝑒−𝑦⋅∑𝑡𝑝=1𝑚𝑝/𝛾𝑝} .

(12)

With (12) as the PDF of the received SNR at the destina-
tion from the multihop caching link as well as the Nakagami
distribution of the direct wireless channel from the source to
the destination, the total SNR received at the destination node
after the MRC receiver can be expressed as

𝑓𝑧 (𝑧) = ∫𝑧
0
𝑓𝑋 (𝑥) 𝑓𝑌 (𝑧 − 𝑥) 𝑑𝑥 = 1Γ (𝜆) ( 𝜆Ω)𝜆

⋅ 𝜆−1∑
𝑠=0

𝐶𝑠𝜆−1𝑧𝜆−1−𝑠 (−1)𝑠 𝑒−(𝜆/Ω)𝑧 ∫𝑧
0
𝑓𝑋 (𝑥) ⋅ 𝑒(𝜆/Ω)𝑥

⋅ 𝑥𝑠𝑑𝑥 = 𝜆𝜆 ⋅ 𝑒−(𝜆/Ω)𝑧 ⋅ 𝐶𝑠𝜆−1(−1)𝑠+𝑡+1 Γ (𝜆)Ω𝜆𝑧1+𝑠−𝜆
𝜆−1∑
𝑠=0

𝑁∑
𝑡=0

∑
℧

𝑚1−1∑
𝑗1=0

𝑚2−1∑
𝑗2=0

⋅ ⋅ ⋅𝑚𝑡−1∑
𝑗𝑡=0

(𝑚1/𝛾1)𝑗1 ⋅ ⋅ ⋅ (𝑚𝑡/𝛾𝑡)𝑗𝑡𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡! ⋅ {∫𝑧
0

𝑡∑
𝑞=1

𝑗𝑞

⋅ 𝑥−1+∑𝑡𝑞=1 𝑗𝑞 ⋅ 𝑒−𝑥⋅∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝) ⋅ 𝑒(𝜆/Ω)𝑥 ⋅ 𝑥𝑠𝑑𝑥
− ∫𝑧

0

𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 ⋅ 𝑥∑𝑡𝑞=1 𝑗𝑞 ⋅ 𝑒−𝑥⋅∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝) ⋅ 𝑒(𝜆/Ω)𝑥

⋅ 𝑥𝑠𝑑𝑥} = 𝜆𝜆 ⋅ 𝑒−(𝜆/Ω)𝑧Γ (𝜆)Ω𝜆
𝜆−1∑
𝑠=0

𝐶𝑠𝜆−1𝑧𝜆−1−𝑠 (−1)𝑠

⋅ 𝑁∑
𝑡=0

∑
℧

(−1)𝑡+1 𝑚1−1∑
𝑗1=0

𝑚2−1∑
𝑗2=0

⋅ ⋅ ⋅𝑚𝑡−1∑
𝑗𝑡=0

1𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡! (
𝑚1𝛾1 )

𝑗1

⋅ ⋅ ⋅ (𝑚𝑡𝛾𝑡 )
𝑗𝑡 ⋅ {{{

𝑡∑
𝑞=1

𝑗𝑞 ⋅ ( 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 − 𝜆Ω)−(∑
𝑡
𝑞=1 𝑗𝑞+𝑠)

⋅ 𝛾 ( 𝑡∑
𝑞=1

𝑗𝑞 + 𝑠, ( 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 − 𝜆Ω) ⋅ 𝑧) − 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝



Wireless Communications and Mobile Computing 5

⋅ ( 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 − 𝜆Ω)−(𝑠+1+∑
𝑡
𝑞=1 𝑗𝑞)

⋅ 𝛾 (𝑠 + 1 + 𝑡∑
𝑞=1

𝑗𝑞, ( 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 − 𝜆Ω) ⋅ 𝑧)}}} .
(13)

The parameter lambda is the shadowing effect value and
can be expressed as 𝜆 = 1/(𝑒(𝜎𝑑𝐵/8.686)2 − 1), where 𝜎𝑑𝐵 is
the shadow spread parameter expressed in decibels whose
value usually ranges from 4 to 9 in practice. The Γ(𝜆) can
be expressed as Γ(𝜆) = ∫∞

0
𝑡𝜆−1𝑒−𝑡𝑑𝑡, where symbol 𝐶 is for

“Combination.” A combination is an unordered collection of
distinct elements and usually of a prescribed size and taken
from a given set such as 𝐶𝑟𝑛 = 𝑛!/𝑟!(𝑛 − 𝑟)! (! denotes
factorial). It is observed that there are two terms involving
the incomplete gamma function and the expression can be
derived using some manipulations [28] as

𝛾( 𝑡∑
𝑞=1

𝑗𝑞 + 𝑠, ( 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 − 𝜆Ω) ⋅ 𝑧)

= Γ( 𝑡∑
𝑞=1

𝑗𝑞 + 𝑠)

⋅ [[1 − ∑
𝑡
𝑞=1 𝑗𝑞+𝑠∑
𝑘=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑘 ⋅ 𝑧𝑘
𝑒(∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝)−𝜆/Ω)⋅𝑧𝑘! ]

] .

𝛾(𝑠 + 1 + 𝑡∑
𝑞=1

𝑗𝑞, ( 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 − 𝜆Ω) ⋅ 𝑧)

= Γ(𝑠 + 1 + 𝑡∑
𝑞=1

𝑗𝑞)

⋅ [[1 − 𝑠+1+∑
𝑡
𝑞=1 𝑗𝑞∑

𝑙=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑙 ⋅ 𝑧𝑙
𝑒(∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝)−𝜆/Ω)⋅𝑧 ⋅ 𝑙! ]

]

(14)

By substituting (14) into (13), we can obtain the outage
probability expression of the received SNR at the destination
node after the MRC receiver as

𝑃out (𝜂th) = 𝜆𝜆𝐶𝑠𝜆−1𝑧𝜆−1−𝑠(−1)𝑠+𝑡+1 Γ (𝜆)Ω𝜆
𝜆−1∑
𝑠=0

𝑁∑
𝑡=0

∑
℧

𝑚1−1∑
𝑗1=0

𝑚2−1∑
𝑗2=0

⋅ ⋅ ⋅𝑚𝑡−1∑
𝑗𝑡=0

(𝑚1/𝛾1)𝑗1 ⋅ ⋅ ⋅ (𝑚𝑡/𝛾𝑡)𝑗𝑡𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡! ⋅ {{{
𝑡∑
𝑞=1

𝑗𝑞 ⋅ ( 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝
− 𝜆Ω)−(∑

𝑡
𝑞=1 𝑗𝑞+𝑠) ⋅ Γ ( 𝑡∑

𝑞=1

𝑗𝑞 + 𝑠) ⋅ ∫𝜂th
0

[
[𝑒−(𝜆/Ω)𝑧

− 𝑒−(∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝))⋅𝑧

⋅ ∑
𝑡
𝑞=1 𝑗𝑞+𝑠∑
𝑘=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑘 ⋅ 𝑧𝑘
𝑘! ]

] − 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝
⋅ ( 𝑡∑

𝑝=1

𝑚𝑝𝛾𝑝 − 𝜆Ω)−(𝑠+1+∑
𝑡
𝑞=1 𝑗𝑞) ⋅ Γ (𝑠 + 1 + 𝑡∑

𝑞=1

𝑗𝑞)

⋅ ∫𝜂th
0

[
[𝑒−(𝜆/Ω)𝑧 − 𝑒−(∑𝑡𝑝=1(𝑚𝑝/𝛾𝑝))⋅𝑧

⋅ 𝑠+1+∑
t
𝑞=1 𝑗𝑞∑

𝑙=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑙 ⋅ 𝑧𝑙
𝑙! ]

]
}}}

= 𝜆𝜆𝐶𝑠𝜆−1𝑧𝜆−1−𝑠(−1)𝑠+𝑡+1 Γ (𝜆)Ω𝜆
𝜆−1∑
𝑠=0

𝑁∑
𝑡=0

∑
℧

𝑚1−1∑
𝑗1=0

𝑚2−1∑
𝑗2=0

⋅ ⋅ ⋅𝑚𝑡−1∑
𝑗𝑡=0

(𝑚1/𝛾1)𝑗1 ⋅ ⋅ ⋅ (𝑚𝑡/𝛾𝑡)𝑗𝑡𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡! ⋅ {{{{{
𝑡∑
𝑞=1

𝑗𝑞

⋅ Γ (∑𝑡𝑞=1 𝑗𝑞 + 𝑠)
(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)(∑𝑡𝑞=1 𝑗𝑞+𝑠) ⋅ [[

Ω𝜆 (1

− 𝑒−(𝜆/Ω)𝜂th) − 𝑠+∑
𝑡
𝑞=1 𝑗𝑞∑
𝑘=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑘
𝑘! (∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑘+1

⋅ 𝛾 (𝑘 + 1, 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 ⋅ 𝜂th)]
] − 𝑡∑

𝑝=1

𝑚𝑝𝛾𝑝
⋅ Γ (𝑠 + 1 + ∑𝑡𝑞=1 𝑗𝑞)
(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)(𝑠+1+∑𝑡𝑞=1 𝑗𝑞) ⋅ [[

Ω𝜆 (1

− 𝑒−(𝜆/Ω)𝜂th) − 𝑠+1+∑
𝑡
𝑞=1 𝑗𝑞∑

𝑙=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑙
𝑙! (∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑙+1

⋅ 𝛾 (𝑘 + 1, 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 ⋅ 𝜂th)]
]
}}}}}

.
(15)

Based on (15), the bit error rate of the whole system can
be expressed as

𝑃BER = 𝐸 {𝑄 (√V𝛾)} = √V2√2𝜋 ∫∞
0

𝑒−(V/2)𝑥√𝑥 𝐹 (𝑥) 𝑑𝑥, (16)
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where the function 𝑄(⋅) is the Gaussian tail function and
V is the modulation mode in the transmission process; for
example, V = 1 represents the BFSK modulation and V = 2
is the BPSK modulation.

By substituting the CDF of received SNR into (16), we can
have

𝑃BER = √V2√2𝜋 ∫∞
0

𝑒−(V/2)𝑥√𝑥 𝜆𝜆𝐶𝑠𝜆−1𝑧𝜆−1−𝑠(−1)𝑠+𝑡+1 Γ (𝜆)Ω𝜆
⋅ 𝜆−1∑
𝑠=0

𝑁∑
𝑡=0

∑
℧

𝑚1−1∑
𝑗1=0

𝑚2−1∑
𝑗2=0

⋅ ⋅ ⋅𝑚𝑡−1∑
𝑗𝑡=0

(𝑚1/𝛾1)𝑗1 ⋅ ⋅ ⋅ (𝑚𝑡/𝛾𝑡)𝑗𝑡𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡!

⋅ {{{{{
𝑡∑
𝑞=1

𝑗𝑞 ⋅ Γ (∑𝑡𝑞=1 𝑗𝑞 + 𝑠)
(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)(∑𝑡𝑞=1 𝑗𝑞+𝑠)

⋅ [[
Ω𝜆 (1 − 𝑒−(𝜆/Ω)𝜂th)

− 𝑠+∑
𝑡
𝑞=1 𝑗𝑞∑
𝑘=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑘
𝑘! (∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑘+1 ⋅ 𝛾 (𝑘

+ 1, 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 ⋅ 𝜂th)]
] − 𝑡∑

𝑝=1

𝑚𝑝𝛾𝑝
⋅ Γ (𝑠 + 1 + ∑𝑡𝑞=1 𝑗𝑞)
(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)(𝑠+1+∑𝑡𝑞=1 𝑗𝑞) ⋅ [[

Ω𝜆 (1

− 𝑒−(𝜆/Ω)𝜂th) − 𝑠+1+∑
𝑡
𝑞=1 𝑗𝑞∑

𝑙=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑙
𝑙! (∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑙+1

⋅ 𝛾 (𝑘 + 1, 𝑡∑
𝑝=1

𝑚𝑝𝛾𝑝 ⋅ 𝜂th)]
]
}}}}}

𝑑𝑥

℘ = Ω𝜆 ⋅ (√2𝜋
V

− √ 𝜋
V/2 + 𝜆/Ω)

⋅ √V𝜆𝜆𝐶𝑠𝜆−1𝑧𝜆−1−𝑠 (−1)𝑠+𝑡+12√2𝜋Γ (𝜆)Ω𝜆
𝜆−1∑
𝑠=0

𝑁∑
𝑡=0

∑
℧

𝑚1−1∑
𝑗1=0

𝑚2−1∑
𝑗2=0

⋅ ⋅ ⋅𝑚𝑡−1∑
𝑗𝑡=0

(𝑚1/𝛾1)𝑗1 ⋅ ⋅ ⋅ (𝑚𝑡/𝛾𝑡)𝑗𝑡𝑗1! ⋅ ⋅ ⋅ 𝑗𝑡!

⋅ {{{{{
Γ (∑𝑡𝑞=1 𝑗𝑞 + 𝑠) ⋅ ∑𝑡𝑞=1 𝑗𝑞

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)(∑𝑡𝑞=1 𝑗𝑞+𝑠) ⋅ [[℘

− 𝑠+∑
𝑡
𝑞=1 𝑗𝑞∑
𝑘=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑘
𝑘! (∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑘+1

⋅ [[
√2𝜋

V
Γ (𝑘 + 1)

− 𝑘∑
𝑟1=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑟1 ⋅ Γ (𝑟1 + 1/2)
𝑟1! ⋅ (V/2 + ∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑟1+1/2

]
]
]
]

− Γ (𝑠 + 1 + ∑𝑡𝑞=1 𝑗𝑞) ⋅ ∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝)
(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)(𝑠+1+∑𝑡𝑞=1 𝑗𝑞) ⋅ [[℘

− 𝑠+1+∑
𝑡
𝑞=1 𝑗𝑞∑

𝑙=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝) − 𝜆/Ω)𝑙
𝑙! (∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑙+1

⋅ [[
√2𝜋

V
Γ (𝑙 + 1)

− 𝑙∑
𝑟2=0

(∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑟2 ⋅ Γ (𝑟2 + 1/2)
𝑟2! ⋅ (V/2 + ∑𝑡𝑝=1 (𝑚𝑝/𝛾𝑝))𝑟2+1/2

]
]
]
]
}}}}}

.
(17)

To this end, the outage probability and BER closed form
analytical expression are derived in detail, which are suitable
for the Nakagami channel in the transmission process.
Moreover, the bit error rate is expressed in the closed form
without any approximation, which is different from the
existing results in this literature.

4. Simulation and Analysis

In this section, we present the various performance eval-
uation results derived by numerical and simulations with
a binary phase shift keying modulation scheme. We also
verify the gap between the derived theoretical results and
the numerical simulations. We assume that the transmitting
power of source terminal and relay terminal are the same in
general. We consider that the multihop network is composed
by a LoS path and three relays.The relays employ the amplify-
and-forward technique and each node is equipped with
only one antenna.The simulations operate over Nakagami-𝑚
fading channel with different fading parameter𝑚.We employ
the maximal-ratio combining at the destination.

Figure 2 plots the outage probability function versus the
SNR received at the destination, where different channel
distributions of the direct link from the source to the
destination are simulated for the different Nakagami factor,
respectively. It is shown that the derived theoretical result is
very tight to the curve from the numerical simulations in the
scenario of 𝑚 = 1, 2, 3 for every SNR. Thus, it is concluded
that our result is very accurate from the outage probability



Wireless Communications and Mobile Computing 7

Analytical result, m = 1
Simulation result, m = 1
Analytical result, m = 2
Simulation result, m = 2
Analytical result, m = 3
Simulation result, m = 3

1 2 3 4 5 60
SNR (dB)

10
−4

10
−3

10
−2

10
−1

10
0

O
ut

ag
e p

ro
ba

bi
lit

y

Figure 2: The outage probability.

point of view. It is mentioned that the outage probability can
be decreased with the 𝑚 growing, because the parameter 𝑚
stands for the strength of line of sight, so the bigger the factor𝑚, the better the system performance.

Figure 3 gives the bit error rate as the function of the
SNR received at the destination. It is seen from Figure 3
that our derived theoretical expression is almost the same
with the result from the numerical simulations in the every
regime of SNR regardless of the Nakagami factor 𝑚. Thus, it
is concluded that our scheme is very accurate from the BER
point of view. It is worth noting that the BER of multihop
network can be decreased with the relay increasing; the
reason is that the relay can amplify the received signal and
forward to the next node and the multiple relay can reduce
the large scale fading to some extent. However, the broadcast
error with relay node is not considered herein and will be our
future work.

Figure 4 plots the outage probability comparison of LoS
and non-LoS. It can be seen that the performance with
LoS is superior to the non-LoS; the reason is that LoS can
improve the received SNR and increase the diversity order
for the IoT networks. Figure 5 presents the outage probability
comparison with different parameter; we can see that the
bigger the parameter 𝑚, the better the outage probability
performance. The reason is that the parameter 𝑚 represents
the strength of LoS, which can result in the higher received
SNR.

Figure 6 shows the BER comparison with different
parameter; it seems that the less relay number presents more
superior BER performance; the reason is that the multihop
IoT network may bring about different cases for each link;
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Figure 3: The BER performance of the IoT network.
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Figure 4: The outage probability comparison of LoS and non-LoS.

however, the IoT network may depend on the multihop relay
nodes to improve the communication efficiency.
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Figure 5: The outage probability comparison with different param-
eter.

m = 1 N = 2
m = 1 N = 4
m = 1 N = 6
m = 2 N = 2
m = 2 N = 4

m = 2 N = 6
m = 3 N = 2
m = 3 N = 4
m = 3 N = 6

10
−3

10
−2

10
−1

BE
R

1 2 3 4 5 60
SNR (dB)

Figure 6: The BER comparison with different parameter.

5. Conclusions

In this paper, the probability distribution function is derived
in closed form expression without any approximation for
the signal-to-noise ratio received at the destination node
from the multihop caching link in Internet of Things system.

Moreover, both the outage probability function and the bit
error rate are derived in analytical expressions by exploiting
the function and integration properties. The obtained results
are suitable for any distribution of the wireless channel
from the source directly to the destination node in IoT
communications.
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We investigate cache technique from the spatial view and study its impact on the relaying networks. In particular, we consider a dual-
hop relaying network, where decode-and-forward (DF) relays can assist the data transmission from the source to the destination.
In addition to the traditional dual-hop relaying, we also consider the cache from the spatial view, where the source can prestore the
data among the memories of the nodes around the destination. For the DF relaying networks without and with cache, we study the
system performance by deriving the analytical expressions of outage probability and symbol error rate (SER). We also derive the
asymptotic outage probability and SER in the high regime of transmit power, from which we find the system diversity order can
be rapidly increased by using cache and the system performance can be significantly improved. Simulation and numerical results
are demonstrated to verify the proposed studies and find that the system power resources can be efficiently saved by using cache
technique.

1. Introduction

With the rapid progress in wireless big data, a lot of wireless
techniques have been proposed to enhance the transmission
quality and reliability [1–10]. Cooperative relaying, such as
amplify-and-forward (AF) and decode-and-forward (DF)
relaying protocols, is an effective means to enhance network
reliability as well as security [11, 12], extend coverage region
[13, 14], and reduce the impact of interference [15–17].
Therefore, cooperative relaying is a significant technique in
the current and future generations wireless networks, and the
research on relaying networks has been active. The outage
performance of multirelay networks was studied in [18, 19],
and the exact outage probabilities were derived. In [20], the
authors turned to investigate the performance of relaying

networks in terms of symbol error rate (SER). In [21, 22], the
performance of relaying networks in the high signal-to-noise
ratio (SNR) regime was analyzed and the diversity order was
revealed.

To improve the transmission performance relaying net-
works, cache technique has been proposed to enhance the
user experience quality and reduce the latency. In partic-
ular, the authors in [23] studied the fundamental limits
of caching and found an information-theoretic formulation
of the caching problem by focusing on its basic structure.
Then the authors in [24] applied the coding technique into
cache and studied the fundamental limits by proposing an
improved delivery rate-cache capacity tradeoff. Further, the
authors in [25] investigated content-centric sparse multicast
beamforming for cache-enabled cloud RAN and revealed
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Figure 1: Decode-and-forward relaying networks.

that caching strategy had a significant impact on the system
performance.The application of cache into relaying networks
has been studied in [26], where optimization of hybrid cache
placement for collaborative relaying was investigated. In this
paper, the signal transmission cooperation gain and content
delivery diversity were achieved to enhance the system
transmission performance. There are some other works on
the application of cache in network security to ensure the
secure information transmission [27–30]. However, to the
best of the authors’ knowledge, there has been little work on
the spatial view of cache on performance improvement of the
relaying networks.

In this work, we study the spatial view of cache on the
DF relaying networks, where the source communicates with
the destination with several DF relays. If the cache is used,
the source can prestore the data among the nodes around
the destination. In this way, the destination can directly
access the data from the nearby nodes, instead of having
to communicate with the source. For the traditional dual-
hop relaying and the DF relaying assisted by the cache, we
study the system transmission performance by deriving the
analytical expression of outage probability and SER. We also
provide the asymptotic expressions of outage probability and
SER in the high region of transmit power, fromwhich we find
that the cache can efficiently improve the systemperformance
by increasing the transmission diversity order. Numerical and
simulation results are demonstrated to verify the proposed
studies in this paper.

Notations 1. We useCN(0, 𝜎2) to represent a circularly sym-
metric complex Gaussian random variable (RV) with zero
mean and variance𝜎2.We use𝑓𝑋(⋅) and𝐹𝑋(⋅) to represent the
probability density function (PDF) and cumulative density
function (CDF) of the random variable (RV)𝑋, respectively.
In addition, the notation𝑋 ∼ Naka(𝑚, 𝛼) represents that the
random variable 𝑋 is subject to Nakagami-𝑚 distribution,
where the PDF of variable of 𝑌 = |𝑋|2 is 𝑓𝑌(𝑦) =(𝑚𝑚𝑦𝑚−1/𝛼𝑚Γ(𝑚))𝑒−𝑚𝑦/𝛼. We use Pr[⋅] to denote probability.
2. System Model

Figure 1(a) shows the traditional dual-hop relaying networks
without cache, where a single decode-and-forward relay node

𝑅 assists the two-phase data transmission from the source 𝑆
to the destination 𝐷. In contrast, Figure 1(b) demonstrates
the cache aided dual-hop relaying networks, where the data
can be prestored at 𝑁 nodes {𝑅𝑛 | 1 ≤ 𝑛 ≤ 𝑁} (the
relays can obtain the data from the source during nonpeak
time, and these relays can work in either the cooperative
or noncooperative ways [31]) around the destination 𝐷.
Then the data can be directly transmitted from the relays to
the destination, instead of through the traditional dual-hop
relaying links. Due to the size limitation, each node has a
single antenna only [32–35], and we assume that each node
operates in a time-division half-duplex mode [36–39]. In the
following, we describe the data transmission for the relaying
networks without and with cache, respectively.

For the traditional data transmission without cache as
shown in Figure 1(a), let ℎ𝑆𝑅 ∼ Naka(𝑚1, 𝛼) and ℎ𝑅𝐷 ∼
Naka(𝑚2, 𝛽) denote the channel parameter of the 𝑆-𝑅 and 𝑅-𝐷 links, respectively. In the first phase, the source 𝑆 sends the
normalized signal 𝑠 to the relay, and then the relay receives

𝑦𝑅 = √𝑃ℎ𝑆𝑅𝑠 + 𝑛𝑅, (1)

where 𝑃 is the transmit power of the source and 𝑛𝑅 ∼
CN(0, 𝜎2) is the additive white noise at the relay. If the relay𝑅 can correctly decode the signal from the source, it will
forward the signal to the destination in the second phase, and
accordingly the destination𝐷 receives

𝑦𝐷 = √𝑃ℎ𝑅𝐷𝑠 + 𝑛𝐷, (2)

where 𝑛𝐷 ∼ CN(0, 𝜎2) is the additive white noise at the
destination. From (1)-(2), we can obtain the received end-to-
end SNR at the destination𝐷 as

SNR𝐷 = 𝑃𝜎2 min (𝑢, V) , (3)

where 𝑢 = |ℎ𝑆𝑅|2 and V = |ℎ𝑅𝐷|2 denote the channel gains of
the first and second hops, respectively.

For the cache aided DF relaying networks demonstrated
in Figure 1(b), the source data can be firstly prestored at the𝑁 relay nodes around the destination, and then the data
transmission can be directly performed from the relays to
the destination, instead of through the traditional two-hop
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relaying links. Specifically, when the 𝑛th relay 𝑅𝑛 is used for
data transmission, the received signal at the destination 𝐷 is
given by

𝑦𝐷 = √𝑃ℎ𝑅𝑛,𝐷𝑠 + 𝑛𝐷, (4)

where ℎ𝑅𝑛,𝐷 ∼ Naka(𝑚2, 𝛽) is the channel parameter of
the second-hop relaying links associated with the 𝑛th relay.
Accordingly, the received end-to-end SNR at the destination𝐷 is given by

SNR𝐷 = 𝑃𝜎2 V𝑛, (5)

where V𝑛 = |ℎ𝑅𝑛 ,𝐷|2 is the instantaneous channel gain of the𝑅𝑛-𝐷 link. Among these 𝑁 relays, one best relay 𝑅𝑛∗ can
be selected to assist the data transmission, and the selection
criterion is given by

𝑛∗ = arg max
1≤𝑛≤𝑁

V𝑛. (6)

3. Performance Evaluation

3.1. Outage Probability. In this part, we investigate the data
transmission performance by deriving the analytical expres-
sion of outage probability as well as the asymptotic expression
with high transmit power. Let 𝑃wo

out and 𝑃w
out denote the outage

probability of the DF relaying networks without and with
cache assistant, respectively.

3.1.1. Without Cache. For the traditional dual-hop relaying
networks without cache, the outage event occurs when the
transmission data rate is below a target data rate 𝑅𝑡 [40, 41],

12 log2 (1 + SNR𝐷) < 𝑅𝑡, (7)

where the term 1/2 comes from the two-phase data transmis-
sion. This equation is equivalent to

SNR𝐷 < 𝛾1𝑡, (8)

where 𝛾1𝑡 = 22𝑅𝑡 − 1 is the SNR threshold without cache.
Accordingly, we can write the system outage probability 𝑃wo

out
as

𝑃wo
out = Pr (SNR𝐷 < 𝛾1𝑡)
= Pr(min (𝑢, V) < 𝛾1𝑡𝜎2𝑃 )
= 1 − Pr(min (𝑢, V) ≥ 𝛾1𝑡𝜎2𝑃 ) .

(9)

By considering that the variables of 𝑢 and V are independent
of each other, we can rewrite 𝑃wo

out as

𝑃wo
out = 1 − Pr(𝑢 ≥ 𝛾1𝑡𝜎2𝑃 )Pr(V ≥ 𝛾1𝑡𝜎2𝑃 ) . (10)

By applying the PDFs of 𝑓𝑢(𝑢) = (𝑚𝑚11 𝑢𝑚1−1/𝛼𝑚1Γ(𝑚1))𝑒−𝑚1𝑢/𝛼 and 𝑓V(V) = (𝑚𝑚22 V𝑚2−1/𝛽𝑚2Γ(𝑚2))𝑒−𝑚2V/𝛽,
we can compute the analytical outage probability of the DF
relaying networks without cache as

𝑃wo
out = 1 − ∫∞

𝛾1𝑡𝜎
2/𝑃

𝑚𝑚11 𝑢𝑚1−1𝛼𝑚1Γ (𝑚1) 𝑒
−𝑚1𝑢/𝛼𝑑𝑢

× ∫∞
𝛾1𝑡𝜎
2/𝑃

𝑚𝑚22 V𝑚2−1

𝛽𝑚2Γ (𝑚2) 𝑒
−𝑚2V/𝛽𝑑V

(11)

= 1 − 𝑒−(𝛾1𝑡𝜎2/𝑃)(𝑚1/𝛼+𝑚2/𝛽)𝑚1−1∑
𝑘1=0

𝑚2−1∑
𝑘2=0

1𝑘1!𝑘2!

× (𝑚1𝛾1𝑡𝜎2𝑃𝛼 )𝑘1 (𝑚2𝛾1𝑡𝜎2𝑃𝛽 )𝑘2 ,
(12)

where [42, eq. (3.351.2)] is applied in the last equality. The
analytical outage probability in the above equation contains
elementary functions only, and hence it is easy to be evalu-
ated.

To obtain more insights on the system, we propose to
derive the asymptotic expression of outage probability for the
DF relaying networks without cache, in the high transmit
power regime. Since the approximation of 𝑒𝑥 ≃ ∑𝑁𝑛=0(𝑥𝑛/𝑛!)
holds for small value of |𝑥| [42], we apply this approximation
in (12) and can obtain the asymptotic outage probability of
the DF relaying networks without cache as

𝑃wo
out ≃ 𝑚𝑚1−11Γ (𝑚1) (

𝛾1𝑡𝜎2𝑃𝛼 )𝑚1 + 𝑚𝑚2−12Γ (𝑚2) (
𝛾1𝑡𝜎2𝑃𝛽 )𝑚2 . (13)

By considering the relationship between 𝑚1 and 𝑚2, we can
further specify the asymptotic outage probability as

𝑃wo
out

≃

{{{{{{{{{{{{{{{{{{{{{{{{{

𝑚𝑚1−11Γ (𝑚1) (
𝛾1𝑡𝜎2𝑃𝛼 )𝑚1 , If 𝑚1 < 𝑚2

𝑚𝑚1−11Γ (𝑚1) (
𝛾1𝑡𝜎2𝑃𝛼 )𝑚1 + 𝑚𝑚2−12Γ (𝑚2) (

𝛾1𝑡𝜎2𝑃𝛽 )𝑚2 , If 𝑚1 = 𝑚2
𝑚𝑚2−12Γ (𝑚2) (

𝛾1𝑡𝜎2𝑃𝛽 )𝑚2 , If 𝑚1 > 𝑚2.

(14)

From this asymptotic expression, we can find that the weaker
hop between the dual hops becomes the bottleneck of the
system whole transmission, and the system diversity order is
equal to min(𝑚1, 𝑚2). In particular, if the first hop is weaker
with𝑚1 < 𝑚2, the first hop regulates the system transmission
performance and the diversity order is𝑚1; if the second hop is
weakerwith𝑚2 < 𝑚1, the secondhopbecomes the bottleneck
of the system whole transmission and the diversity order is𝑚2.
3.1.2. With Cache. For the cache aided DF relaying networks,
the destination can directly access the data from the relays,
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and the outage event occurs when the 𝑛∗th relay is selected to
assist the data transmission,

log2 (1 + SNR𝐷) < 𝑅𝑡, (15)

which is equivalent to

SNR𝐷 < 𝛾2𝑡, (16)

where 𝛾2𝑡 = 2𝑅𝑡 − 1 is the SNR threshold with cache. From
this expression, we can write the system outage probability as

𝑃w
out = Pr (SNR𝐷 < 𝛾2𝑡)
= Pr(V1 < 𝛾2𝑡𝜎2𝑃 , . . . , V𝑁 < 𝛾2𝑡𝜎2𝑃 ) . (17)

By considering that V𝑛 values are independent of each other
and are identically distributed, we can further write 𝑃w

out as

𝑃w
out = [[[

[
Pr(V1 < 𝛾2𝑡𝜎2𝑃 )⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

𝐼

]]]
]

𝑁

. (18)

To compute the probability 𝐼, we apply the PDF of 𝑓V1(V) =(𝑚𝑚22 V𝑚2−1/𝛽𝑚2Γ(𝑚2))𝑒−𝑚2V/𝛽 as
𝐼 = ∫𝛾2𝑡𝜎2/𝑃
0

𝑚𝑚22 V𝑚2−1

𝛽𝑚2Γ (𝑚2) 𝑒
−𝑚2V/𝛽𝑑V

= 1 − 𝑒−𝑚2𝛾2𝑡𝜎2/𝑃𝛽𝑚2−1∑
𝑘=0

1𝑘! (𝑚2𝛾2𝑡𝜎
2

𝑃𝛽 )𝑘 .
(19)

Accordingly, we obtain the analytical expression of outage
probability for the cache aided DF relaying networks as

𝑃w
out = (1 − 𝑒−𝑚2𝛾2𝑡𝜎2/𝑃𝛽

𝑚2−1∑
𝑘=0

1𝑘! (𝑚2𝛾2𝑡𝜎
2

𝑃𝛽 )𝑘)
𝑁

. (20)

Note that the above equation includes some elementary
functions only and is also easy to be evaluated.

We now derive the asymptotic outage probability for the
considered system, to obtain more insights on the system
design. By applying the approximation of 𝑒𝑥 ≃ ∑𝑁𝑛=0(𝑥𝑛/𝑛!)
into 𝐼, we can simplify the expression of 𝐼 as

𝐼 ≃ 𝑚𝑚2−12Γ (𝑚2) (
𝛾2𝑡𝜎2𝑃𝛽 )𝑚2 . (21)

From the asymptotic 𝐼, we can obtain the asymptotic expres-
sion of the outage probability for the cache aided DF relaying
networks as

𝑃w
out ≃ (𝑚

𝑚2−1
2Γ (𝑚2))

𝑁(𝛾2𝑡𝜎2𝑃𝛽 )𝑚2𝑁 . (22)

From this equation, we can find that the system diversity
order is equal to 𝑚2𝑁, indicating that the system transmis-
sion performance can be rapidly improved by increasing the
number of cache relays. Moreover, the system performance is
not dependent on the first relaying links, as the destination
can directly access the data from the relays.

3.2. SER. In this part, we derive the analytical expression
of symbol error rate for the DF relaying networks, as well
as the asymptotic expression in the high regime of transmit
power. We use 𝑃wo

𝑒 and 𝑃w
𝑒 to denote the SER of the system

without or with cache, respectively. For the linearmodulation
scheme, the SER can be computed from the expression of
outage probability [43]

𝑃𝑒 = 1√2𝜋 ∫
∞

0
𝐹SNR𝐷 (𝑥

2

𝜆 ) 𝑒−𝑥
2/2𝑑𝑥, (23)

where 𝐹SNR𝐷(𝑥) is the CDF of the received SNR at the
destination 𝐷, which can be obtained from the analytical
expression of outage probability in (12) and (20). And 𝜆 is
a constant depending on the specific modulation scheme.
For example, 𝜆 is equal to 2 when the BPSK modulation is
used.

3.2.1. Without Cache. For the traditional dual-hop relaying
networks without cache, we can write the system SRR as

𝑃wo
𝑒 = 1√2𝜋 ∫

∞

0

[
[
1 − 𝑒−(𝑥2𝜎2/𝑃𝜆)(𝑚1/𝛼+𝑚2/𝛽)𝑚1−1∑

𝑘1=0

𝑚2−1∑
𝑘2=0

1𝑘1!𝑘2! (
𝑚1𝑥2𝜎2𝑃𝛼𝜆 )𝑘1 (𝑚2𝑥2𝜎2𝑃𝛽𝜆 )𝑘2]

]
𝑒−𝑥2/2𝑑𝑥 (24)

= 12 −
𝑚1−1∑
𝑘1=0

𝑚2−1∑
𝑘2=0

1𝑘1!𝑘2! (
𝑚1𝜎2𝑃𝛼𝜆 )

𝑘1 (𝑚2𝜎2𝑃𝛽𝜆 )
𝑘2 × 1√2𝜋 ∫

∞

0
𝑥2(𝑘1+𝑘2)𝑒−[1/2+(𝜎2/𝑃𝜆)(𝑚1/𝛼+𝑚2/𝛽)]𝑥2𝑑𝑥

= 12 −
𝑚1−1∑
𝑘1=0

𝑚2−1∑
𝑘2=0

1𝑘1!𝑘2! (
𝑚1𝜎2𝑃𝛼𝜆 )

𝑘1 (𝑚2𝜎2𝑃𝛽𝜆 )
𝑘2 × 𝑏𝑘1+𝑘2[1 + (2𝜎2/𝑃𝜆) (𝑚1/𝛼 + 𝑚2/𝛽)]𝑘1+𝑘2+1/2 ,

(25)
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where [42, eq. (3.321.3)] and [42, eq. (3.461.2)] are applied and𝑏𝑛 is
𝑏𝑛 = {{{

1, If 𝑛 = 0
(2𝑛 − 1)!!, If 𝑛 ≥ 1. (26)

Note that the analytical expression of SER in (25) contains
some elementary functions only, and hence we can easily
evaluate the system SER for the traditional DF relaying
networks without cache aid. The details about the numerical
computation can be found in [44–46].

We now propose to derive the asymptotic SER for the
traditional DF relaying networks without cache, in the high
regime of transmit power 𝑃. By combining (13) and (23), we
can write the asymptotic SER with high transmit power 𝑃 as

𝑃wo
𝑒 ≃ 1√2𝜋
⋅ ∫∞
0
[𝑚𝑚1−11Γ (𝑚1) (

𝑥2𝜎2𝑃𝛼𝜆 )
𝑚1 + 𝑚𝑚2−12Γ (𝑚2) (

𝑥2𝜎2𝑃𝛽𝜆 )
𝑚2]

⋅ 𝑒−𝑥2/2𝑑𝑥 = 𝑚𝑚1−11 (2𝑚1 − 1)!!2Γ (𝑚1)
1(𝑃𝛼𝜆)𝑚1

+ 𝑚𝑚2−12 (2𝑚2 − 1)!!2Γ (𝑚2)
1

(𝑃𝛽𝜆)𝑚2 ,

(27)

where [42, eq. (3.461.2)] is used in the last equality. From
this asymptotic SER, we can find that the system diversity
order is equal to min(𝑚1, 𝑚2), indicating that the weaker hop
between dual hops becomes the bottleneck of the whole data
transmission. In particular, the bottleneck is the first hop link
if𝑚1 < 𝑚2 and the second hop otherwise.

3.2.2. With Cache. To compute the analytical expression of
SER for the cache aided DF relaying networks, we first re-
express the analytical expression in (12) by using the binomial
expansion [42],

𝑃w
out = ∑̃ 𝑐1𝑛𝑐2𝑛 𝑒−𝑗𝑚2𝛾2𝑡𝜎

2/𝑃𝛽 (𝑚2𝛾2𝑡𝜎2𝑃𝛽 )𝑐3𝑛 , (28)

where

∑̃ = 𝑁∑
𝑗=0

𝑗∑
𝑛1=0

𝑛1∑
𝑛2=0

⋅ ⋅ ⋅ 𝑚2−2∑
𝑛𝑚2−1=0

,

𝑐1𝑛 = ( 𝑗𝑛1)(
𝑛1𝑛2) ⋅ ⋅ ⋅ (

𝑛𝑚2−2𝑛𝑚2−1) ,
𝑐2𝑛 = (−1)𝑗 (2!)𝑛2−𝑛3 (3!)𝑛3−𝑛4 ⋅ ⋅ ⋅

× ((𝑚2 − 2)!)𝑛𝑚2−2−𝑛𝑚2−1 ((𝑚2 − 1)!)𝑛𝑚2−1
𝑐3𝑛 = 𝑛1 + 𝑛2 + ⋅ ⋅ ⋅ + 𝑛𝑚2−1.

(29)

From this expression, we write the system SER for the cache
aided relaying networks as

𝑃w
𝑒 = ∑̃ 𝑐1𝑛√2𝜋𝑐2𝑛 (

𝑚2𝜎2𝑃𝛽𝜆 )
𝑐3𝑛

⋅ ∫∞
0
𝑒−(1/2+𝑗𝑚2𝜎2/𝑃𝛽𝜆)𝑥2𝑥2𝑐3𝑛𝑑𝑥

= ∑̃ 𝑐1𝑛2𝑐2𝑛 (
𝑚2𝜎2𝑃𝛽𝜆 )

𝑐3𝑛 𝑏𝑐3𝑛(1 + 2𝑗𝑚2𝜎2/𝑃𝛽𝜆)𝑐3𝑛+1/2 ,
(30)

where [42, eq. (3.321.3)] and [42, eq. (3.461.2)] are used. From
this analytical expression, we can easily evaluate the system
SER for the DF relaying networks without cache.

We now propose to derive the asymptotic SER for the
cache aided DF relaying networks, where we assume that the
transmit power is large. By applying the asymptotic outage
probability of (22) in (23), we can obtain the asymptotic SER
as

𝑃w
𝑒 ≃ 1√2𝜋 ∫

∞

0
(𝑚𝑚2−12Γ (𝑚2))

𝑁(𝑥2𝜎2𝑃𝛽 𝜆)𝑚2𝑁 𝑒−𝑥2/2𝑑𝑥

= (2𝑚2𝑁 − 1)!!
2 (𝑚𝑚2−12Γ (𝑚2))

𝑁 1
(𝑃𝛽𝜆)𝑚2𝑁 .

(31)

From this asymptotic SER, we can find that the system
diversity order is equal to 𝑚2𝑁, indicating that the sys-
tem transmission performance can be rapidly improved by
increasing the fading parameter𝑚2 or the number of relays.

4. Simulation and Numerical Results

In this section, we provide some numerical and simulation
results to validate the proposed studies. All links in the
network experience Nakagami-m fading, and we set 𝛼 = 𝛽 =1 without loss of generality. The power of the additive white
noise at the receiver is set to unity with 𝜎 = 1. The target data
rate 𝑅𝑡 is set to 1 bps/Hz, so that the two SNR thresholds 𝛾1𝑡
and 𝛾2𝑡 are associated with 3 and 1, respectively. For the SER
computation, the BPSK modulation scheme is used, so that
the modulation constant 𝜆 is set to 2.

Figure 2 depicts the outage probability of the traditional
dual-hop relaying networks versus the transmit power 𝑃,
where 𝑚1 = 2 and 𝑚2 varies from 1 to 3. As observed from
this figure, we can find that, for various values of𝑃 and𝑚2, the
analytical result matches well with the simulation value and
the asymptotic result converges to the exact one in the high
regime of transmit power𝑃.This validates the effectiveness of
the derived analytical and asymptotic expressions of outage
probability for the traditional dual-hop relaying networks
without cache. Moreover, the curve slope of the outage
probability linearly increases with 𝑚2, when 𝑚2 ≤ 𝑚1, since
the second relaying link becomes the bottleneck of the system
data transmission. In further, the curves with 𝑚2 = 2 and𝑚2 = 3 have the same slope, indicating that the system
diversity order remains unchanged.
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Figure 2: Outage probability versus the transmit power 𝑃 without
cache.
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Figure 3: Symbol error rate versus the transmit power 𝑃 without
cache.

Figure 3 demonstrates the symbol error rate of the
traditional dual-hop relaying networks without cache, where𝜆 = 2, the transmit power 𝑃 varies from 0 dB to 30 dB,
and 𝑚2 varies from 1 to 3. We can see from this figure that
the analytical SER fits well with the simulated SER and the
asymptotic SER converges to the exact SER in the high region
of transmit power 𝑃. This verifies the derived analytical
and asymptotic expressions of SER for the traditional dual-
hop relaying networks without cache. Moreover, the curve
slope increases with 𝑚2 when 𝑚2 ≤ 𝑚1, since the second
relaying link becomes the bottleneck of the systemwhole data
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Figure 4: Outage probability versus the transmit power 𝑃 with
cache.

transmission. Furthermore, the curve slopewith𝑚2 = 2 is the
same as that of 𝑚2 = 3, indicating that the system diversity
order remains unchanged.

Figure 4 illustrates the outage probability of the cache
aided DF relaying networks, where𝑁 = 2, 𝑃 varies from 0 dB
to 30 dB, and 𝑚2 varies from 1 to 3. As seen in Figure 4, we
can find that the analytical outage probability tallies with the
simulation probability and the asymptotic outage probability
converges to the exact𝑃out with large value of𝑃.This validates
the correctness of the derived analytical and asymptotic
expressions of outage probability. Moreover, the curve slopes
are in parallel with the value of𝑚2, indicating that the system
diversity order increases with the value of 𝑚2. By comparing
Figures 2 and 4, we can obtain that, for achieving a target
level of outage probability 10−4, the transmit power can be
saved by about 17.5 dBwhen𝑚2 = 3, indicating that the cache
technique can save the power resource efficiently.

Figure 5 provides the symbol error rate of the cache aided
DF relaying networks versus the transmit power 𝑃, where𝜆 = 2 and 𝑚1 = 2 and 𝑚2 varies from 1 to 3. We can
see from Figure 5 that the analytical SER is identical to the
simulation one, and the asymptotic SER converges to the
exact value in the high regime of transmit power 𝑃. This
verifies the derived analytical and asymptotic expressions of
SER for the cache aided DF relaying networks. Moreover, the
curve slopes are in parallel with the value of 𝑚2, indicating
that the system diversity order increases linearly with𝑚2. By
comparing Figures 3 and 5, we can find that, to achieve a
target SER level of 10−4, using cache can save about 10 dB,
indicating that cache will be very useful in the scarce power
resource scenarios.

Figures 6 and 7 show the impact of number of relays 𝑁
on the performance of cache aided relaying networks versus
the transmit power 𝑃, where 𝑚1 = 𝑚2 = 2 and 𝑁 varies
from 1 to 3. Specifically, Figures 6 and 7 are associated with
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Figure 5: Symbol error rate versus the transmit power 𝑃with cache.
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Figure 6: Impact of relay number 𝑁 on the cache aided relaying
networks: outage probability.

outage probability and SER, respectively.We can find that, for
different values of 𝑁, the analytical performance is in good
agreementwith the simulation value and the asymptotic value
converges to the exact one when the transmit power is large,
which validates the effectiveness of the derived analytical
and asymptotic expressions of outage probability and SER.
Moreover, the curve slopes are in parallel with𝑁, indicating
that the system diversity order increases linearly with the
number of relays. For the target outage probability and SER
around 10−4, we can find that the cache technique with𝑁 = 3
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Figure 7: Impact of relay number 𝑁 on the cache aided relaying
networks: symbol error rate.

can save about 18.5 dB and 11 dB, respectively, indicating that
cache can be used to save power resource.

5. Conclusions

This paper studied a two-hop DF relaying network, where
cache could be used to prefetch the data from the source to
the nodes around the destination. In this way, the destination
could directly access the data from the relay nodes, instead
of communicating with the source. For the DF relaying
networks without and with cache, the system performances
were studied by deriving the analytical expressions of outage
probability and symbol error rate (SER). The asymptotic
outage probability and SER were also provided in the high
regime of transmit power, from which we could find the
system diversity order is rapidly increased by using cache and
the system performance is significantly improved. Simula-
tion and numerical results were demonstrated to verify the
proposed studies, and the transmit power could be saved by
about 18.5 dB and 11 dB for achieving outage probability and
SER level of 10−4.
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Caching popular contents at base stations (BSs) has been regarded as an effective approach to alleviate the backhaul load and
to improve the quality of service. To meet the explosive data traffic demand and to save energy consumption, energy efficiency
(EE) has become an extremely important performance index for the 5th generation (5G) cellular networks. In general, there are
two ways for improving the EE for caching, that is, improving the cache-hit rate and optimizing the cache size. In this work, we
investigate the energy efficient caching problem in backhaul-aware cellular networks jointly considering these two approaches.
Note that most existing works are based on the assumption that the content catalog and popularity are static. However, in practice,
content popularity is dynamic. To timely estimate the dynamic content popularity, we propose amethod based on shot noise model
(SNM).Then we propose a distributed caching policy to improve the cache-hit rate in such a dynamic environment. Furthermore,
we analyze the tradeoff between energy efficiency and cache capacity forwhich an optimization is formulated.Weprove its convexity
and derive a closed-form optimal cache capacity for maximizing the EE. Simulation results validate the proposed scheme and show
that EE can be improved with appropriate choice of cache capacity.

1. Introduction

With the proliferation of new wireless devices and smart
phones, as well as bandwidth-intensive applications, user
demand for wireless data traffic has been growing tremen-
dously, and the corresponding network load increases expo-
nentially [1, 2]. For more effectively handling the explosive
growth ofmobile data services, caching at the edge of wireless
network has been proposed and has become a hot research
issue [3, 4]. Recent studies have shown that caching popular
contents at the edge of wireless networks can not only reduce
the backhaul cost, access latency, and energy consumption
but also boost the throughput [5, 6].

Meanwhile, energy efficiency (EE) has become a major
performance metric for future 5G cellular networks [7].
However, only few works in the literature consider the energy
efficiency analysis for cache-enabled cellular networks. In
general, the EE of a cellular network with caching can be
improved from two aspects: improving the cache-hit rate
and optimizing the cache size. The work in [8] takes con-
tent popularity and request arrival density into account for

deriving the EE. By analyzing the EE for the caching-enabled
network, [9] elaborates whether and how caching at BSs can
improve the EE. The authors in [10] show that introducing
cache can improve the EE if the content catalog size is not
infinitely large and placing cached contents at small cell
base stations (SBSs) is more energy efficient. Furthermore, a
user-centric cooperative model is proposed in [11], and the
relationship between EE and the cache-hit rate is analyzed.
In [12], the authors analyzed the impact of various factors on
EE such as interference level, backhaul and cache capacity,
user and BS density, power consumption parameters, BS
work state, and content popularity. Also, the condition when
the EE can benefit from caching is derived. This work also
points out that the backhaul power consumption and caching
power consumption are not negligible for analyzing EE. It is
worth noting that there are tradeoffs between backhaul power
consumption and caching power consumption. Specifically,
caching more contents could reduce the backhaul load and
correspondingly reduce the backhaul power consumption,
at the cost of increasing the caching power consumption.
However, it is still not clear what is the optimal amount of
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cached popular contents at the BS which could maximize the
EE of the downlink system.

Furthermore, all the above works are based on an ideal
assumption that the content popularity is known and fixed.
Popularity refers to the cumulative number of requests for
each content, or the requested probability, or the requested
arrival rate over a specific area and period of time [13]. In
reality, content popularity is dynamic which needs to track
an ever changing popularity profile of contents. Substantial
number of experimental results have shown that requests
for contents frequently appear during a certain period of
time at a specific location, while the number of requests
outside this time period is small [14]. Apparently, considering
dynamic content popularity will pose some challenges, such
as how to predict content popularity andhow to analyze cache
performance in such a dynamic environment [15].

In this work, we investigate the energy efficient caching
problem in backhaul-aware cellular networks by jointly
improving cache-hit rate and deriving optimal cache size.
And dynamic content popularity is considered. To timely
estimate the dynamic content popularity, we propose a
method based on shot noisemodel (SNM), which can predict
the request hit rate of contents.Thenwe propose a distributed
caching policy to improve the cache-hit rate in such a
dynamic environment. Also, the content redundancy can
be reduced by the proposed policy. Finally, we analyze the
tradeoff between energy efficiency and cache capacity for
which an optimization is formulated. Analytically closed-
form solutions are obtained. And the simulation results show
effectiveness of the proposed scheme under limited backhaul
and cache capacity.

The remainder of this paper is organized as follows: in
Section 2, we introduce the system model. The dynamic
caching policy and distributed cache policy are proposed in
Section 3. The EE optimization problem of a cache-enabled
cellular network is formulated and analyzed in Section 4.
Numerical results and analysis are provided in Section 5, and
the conclusions are summarized in Section 6.

2. System Model

In this section, we describe our network, transmission, and
BS sleep pattern models. For ease of reading, we summarize
the notation used throughout in Notations.

2.1. Network Model. We consider a backhaul-aware cellu-
lar network consisting of 𝑁𝑏 base stations. These BSs are
randomly distributed on a two-dimensional Euclidean plane
R2 by a homogeneous spatial Poisson point process (HPPP)Φ𝑏 = {𝑑𝑖} with density 𝜆𝑏 [16]. Each BS is equipped with𝑁𝑡 transmit antennas and serves multiple users with single
antenna. Each BS has a cache device which is able to cache𝑁𝑐 contents and is connected to the core network through
a backhaul link with limited backhaul capacity 𝐶bh. An
illustration of the network model is depicted in Figure 1.

In the network model, the users are modeled by an inde-
pendent homogeneous PoissonPoint Processwith density𝜆𝑢,
where 𝜆𝑢 > 𝜆𝑏. In the paper, we assume that user associating
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Figure 1: An illustration of the network model. A BS is deployed
in a circle area with radius D to serve multiple users uniformly
distributed in the area.

with BS is based on both content and signal-to-interference-
plus-noise ratio (SINR). Specifically, if there are multiple BSs
which have cached the requested content, a userwill select the
nearest one. Otherwise, a user will be associated with an BS
with maximal receiving SINR. For mathematical tractability,
we use a circular area with a radius of 𝐷 to approximate the
hexagonal shaped area, where a number of single antenna
users are evenly distributed. The average user density of each
cell is 𝜆𝑢; then the probability density of 𝑢 users in each cell
can be expressed as

𝑃𝑥(𝑢) = (𝜆𝑢/𝑁𝑏)𝑢Γ (𝑢) exp(− 𝜆𝑢𝑁𝑏

) . (1)

Denoting 𝐶𝑖 = {1, 2 . . . , 𝑁𝑐} as the set of contents
cached at the 𝑖th BS, 𝑖 = 1, 2 . . . , 𝑁𝑏. Each user requests
different content, such as video, music, and news. We build
the contents of the user request into a content catalog, that is,𝐹𝑓 = {1, . . . , 𝐹𝑓}. We assume that each content has equal size𝐹 bits in the content catalog, and the cache capacity of each BS
is 𝐹 ⋅ 𝑁𝑐 bits. If the content requested by the user is cached in
the local BS, the base station will directly deliver the content
to the user from the caching device. And this user is called the
cache-hit user, where the transmission rate is determined by
the SINRof the downlink channel [17]. On the contrary, when
the user requested content is not cached in the local BS, the BS
firstly obtains the content from the core network through the
backhaul link and then transmits it to the user through the
radio link. Similarly, this user is called the cache-miss user.

2.2. Transmission Model. Spatial multiplexing is taken into
consideration. At the same time, the number of simultane-
ously served users can not exceed the number of antennas𝑁𝑡. And a round-robin scheduling policy is applied [18]. To
capture the essence of the problem and simplify the analysis,
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we assume that each BS serves users with zero-forcing beam-
forming (ZFBF) [19], which is a spatial signal process-
ing technique to eliminate multiuser interference. And the
downlink transmission power for all users is the same. We
introduce a parameter 𝛽 to reflect the percentage of intercell
interference (ICI) that can be eliminated by interference
management methods (i.e., coordinated beam-forming and
serial interference suppression) [20].

The signal transmitted from a given BS is affected by two
propagation losses before reaching the user:

(1) Path-loss: a distance dependent path-loss 𝑝(𝑟𝑢𝑏) = 𝑟−𝛼𝑢𝑏 ,
where 𝑟𝑢𝑏 is the distance from the BS to user and 𝛼 is
the path-loss exponent.

(2) Rayleigh fading: ℎ𝑢𝑏 ∈ 𝐶𝑁𝑡×1 is the small-scale
Rayleigh fading channel vector from the BS to user.

Particularly, we describe the channel gain between the 𝑢th
user and the 𝑏th BS as 𝐺𝑢𝑏, which can be expressed as

𝐺𝑢𝑏 = 𝑟−𝛼𝑢𝑏 ℎ𝑢𝑏2 , (2)

where |ℎ𝑢𝑏|2 denotes the integrated channel power gain
between the 𝑢th user and the 𝑏th BS due to Rayleigh fading.
With the above expressions, we can get the SINR of a typical
user 𝑢 as

SINR (𝑟𝑢𝑏) = 𝑃𝑟−𝛼𝑢𝑏 ℎ𝑢𝑏2∑𝑁𝑏
𝑗=1,𝑗 ̸=𝑏

𝛽𝑃𝑟−𝛼𝑢𝑏 ,𝑖 ℎ𝑢𝑏 ,𝑖2 + 𝜎2 , (3)

where 𝑃 is the transmit power of each base station and
the random variable ℎ𝑢𝑏 ,𝑖 denotes the small-scale Rayleigh
fading of the wireless channel and follows the exponential
distribution. 𝐼BS→𝑈 = ∑𝑁𝑏

𝑗=1,𝑗 ̸=𝑏
𝛽𝑃𝑟−𝛼𝑢𝑏 ,𝑖‖ℎ𝑢𝑏 ,𝑖‖2 denotes the

cumulative interference experienced from all BSs except the𝑖th BS, and 𝑟−𝛼𝑢𝑏 ,𝑖 is the distance between the user and all base
stations except the 𝑖th BS. 𝜎2 is the variance of the white
Gaussian noise.

2.3. BS Sleep Pattern of theNetwork. Theenergy consumption
of a BS is determined by its working state [21]. When a
BS is in active state, the components (e.g., power amplifier,
signal processing unit, and antennas) will generate energy
consumption. On the other hand, if the BS switches to sleep
state, some units will be closed, and parts of the energy
consumption can be saved. Once a BS has no active user,
it will be switched into the sleeping state. According to the
system model, the probability of a BS being in sleep state can
be expressed as

𝑃𝑠 = 𝑒(𝜆𝑏/(𝜆𝑢+𝜆𝑏)). (4)

3. Distributed Caching with Dynamic
Content Popularity

Appropriate modeling has important impacts on the perfor-
mance analysis of caching policies. However, most existing
works do not take the dynamic changes of popular content
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Figure 2: An illustration of the Poisson Shot Noise Model. This
figure shows the two different request arrival rates and times during
the lifetime and sets the active lifetime and shape of all content fixed,
where 𝜇1 and 𝜇2 are the request arrival rate of a content 1 at time 𝑡1.
distribution into consideration. In this work, we consider
dynamic content popularity and propose a method to handle
the time-varying popularity based on Poisson Shot Noise
Model (SNM) [22].

Shot Noise Model is a “content-level” business model,
which can reveal the dynamic changing of content catalogs
and the arrival rates of different contents in the same area, and
can be used to evaluate the performance of a cached network.
SNM describes the process of each content generation (i.e.,
content from active to inactive) and each content request
process [23]. In [24], the author assumes that the process of
generating contents is a Poisson process, and each content is
taken out after being active for certain period. The request
process of each content is an independent nonhomogeneous
Poisson process. In this paper, we assume that the process
of generating contents and the request process follows the
process of [24]. Figure 2 shows the Poisson Shot NoiseModel,
which includes two different request arrival rates and time
during the lifetime.We consider the active lifetime and shape
of all contents to be fixed in this model.

The lifetime of each content 𝑓 is associated with a
time-varying request, which can be described by following
characteristics:

(1) The start time of request content 𝑡𝑓: the request
start time of contents follows a Poisson process with
average arrival rate 𝜆𝑓 (i.e., for a unit of time there is
an average of 𝜆𝑓 contents start to be active). For rect-
angular pulses, the average total number of contents
generated in time 𝑇0 is 𝑁𝑓 = 𝜆𝑓𝑇0 and the average
number of active content is 𝜆𝑓𝑇, where 𝑇 is the file
life-cycle.

(2) Shape ∧𝑓(𝑡): the shape describes the regularity of the
request arrival rate of file 𝑚 changing with time (i.e.,
rectangular pulse). It is reported that the this feature
has a smaller impact on the hit probability under the
Least RecentlyUsed (LRU) cachemanagement policy.

(3) The total number of requests 𝑁𝑓: this feature repre-
sents the total number of times that content 𝑓 is
requested by a user during the active time.
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(4) The life-cycle of content 𝑇𝑓: this feature describes the
length of the request for the content 𝑓’s arrival time,
which can be defined by rectangular pulses, so the file
life-cycle 𝑇𝑓 can be expressed as

𝑇𝑓 = 1∫∞
0

∧2
𝑓 (𝑡) 𝑑𝑡 . (5)

We assume that all contents have the same life-cycle.
Denote with 𝑡𝑚 the arrival time of each request content 𝑓. At
time 𝑡 the lifetime content catalog is expressed as

𝐹𝑓 (𝑡) = {𝑓 : 𝑡𝑓 < 𝑡 < 𝑡𝑚 + 𝑇} . (6)

We can describe the alive content 𝑓 ∈ 𝐹𝑓 by the active
“age” of each content and the total number of requests 𝑁𝑓.
The “age” of active content 𝑓 at time 𝑡 can be expressed by𝜏𝑓(𝑡) = 𝑡 − 𝑡𝑓, where the “age” refers to the active time of
content 𝑓 at time 𝑡 since the content appears in the system.
According to the above characteristics, for the shot noise
model with file life-cycle 𝑇 and rectangular pulse ∧𝑓, the
request arrival rate of a content𝑓 at time 𝑡 can be expressed as𝜇𝑓(𝑡) = ∧𝑓𝑁𝑓(𝑡 − 𝑡𝑓).
3.1. Request Hit Rate with Estimated Popularity. In this sec-
tion, we assume that we do not know the popularity of each
content; then we estimate the dynamic content popularity by
observations of the past user’s requests to the file in the
caching controller and try to maximize the request hit rate in
lifetime𝑇. However, considering that there is no traffic power
for transmitting a content from the core network to the BSs,
we can achieve the time horizon request hit rate optimization
via solving the individual problem of maximizing the request
hit rate in each time instance.

In this model, we choose the pointwise traversal method
to study the request hit rate in each time instance. For ease of
analysis, we choose to study the case where 𝑡 = 0 and
observe the random events in the time interval [−𝑇, 0]. We
use binary caching vector 𝑋𝑓(𝑡) to determine whether the
content is cached at time 𝑡, where 𝑥𝑓(𝑡) = 1 represents
the fact that content 𝑓 is cached in the BS at time 𝑡, and𝑥𝑓(𝑡) = 0 otherwise. Due to the limited cache capacity, the
constraint ∑𝑓=𝐹𝑓

𝑓=1
𝑥𝑓(𝑡) ≤ 𝐶ca must be satisfied in each time

interval.
In the following, we consider using binary caching vector𝑋𝑓(𝑡) to maximize the instantaneous request hit probability

at the origin. Taking the fact into account that contents pop-
ularity 𝜇𝑓 is unknown, the instantaneous request hit proba-
bility at the origin can be expressed as 𝑅(𝑥) = ∑𝑓=𝐹𝑓

𝑓=1
𝑥𝑓𝜇𝑓.

Next we would like to optimize the expected request
hit rate which can be expressed as follows:

E [𝑅 (𝑥) | (𝑁𝑓) , (𝜏𝑓)] = 𝑓=𝐹𝑓∑
𝑓=1

𝑥𝑓E [𝜇𝑓 | 𝑁𝑓, 𝜏𝑓] . (7)

With SNM, predictive popularity can be expressed as

E [𝜇𝑓 | (𝑁𝑓) , (𝜏𝑓)]
= ∫𝜇𝑓

0
𝜇𝑓 (𝜇𝑓𝜏𝑓)𝑁𝑓 (𝑒−𝜇𝑓𝜏𝑓/𝑁𝑓) 𝑓 (𝜇𝑓) 𝑑𝜇𝑓∫𝜇𝑓

0
(𝜇𝑓𝜏𝑓)𝑁𝑓 (𝑒−𝜇𝑓𝜏𝑓/𝑁𝑓) 𝑓 (𝜇𝑓) 𝑑𝜇𝑓 , (8)

where 𝑓(𝜇𝑓) is the power-law density and 𝜏𝑓 is the “age” of
active content 𝑓 at time 𝑡. Accordingly, the request hit rate
maximization problem based on predicted popularity can be
formulated as

𝑅∗ (𝑁𝑓, 𝜏𝑓) = argmax
∀𝑓,𝑥𝑓∈{0,1}

𝑓=𝐹𝑓∑
𝑓=0

𝑥𝑓E [𝜇𝑓 | 𝑁𝑓, 𝜏𝑓]
subject to

F∑
0

𝑥𝑓 ≤ 𝐶ca.
(9)

It can be seen from the above expression that we can calculate
the instantaneous request hit rate by the value of𝑁𝑓 and 𝜏𝑓.
3.2. Age-BasedThreshold Caching Policy. To solve the optimal
request hit probability at every time instant, we design a
caching policy with age-based threshold, and this policy
does not need to calculate the estimation 𝜇𝑓 = E[𝜇𝑓 |(𝑁𝑓), (𝜏𝑓)]. Intuitively, the “age” 𝜏𝑓 affects the estimation 𝜇𝑓.
Due to the uncertainty in the estimation 𝜇𝑓 is low; then if we
want to maximize the request hit rate we must cache more
contents with larger ages. Accordingly, we propose an age-
based threshold 𝐴𝜏 which depends on the content age 𝜏.
Under this policy, if the content satisfies𝑁𝑓 ≥ 𝐴(𝜏𝑓), it will be
cached. When the content is fixed and the age is known, the
cache decision depends only on the total number of requests𝑁𝑓, which makes caching decision more simpler.

Note that an important progress of the age-based thresh-
old estimation is to compute 𝐴𝜏. We can compute the age
threshold function𝐴𝜏 by iteratively filling cache capacity 𝐶ca
in the algorithms, which make the marginal request hit rate
improvements E[𝜇𝑓 | (𝑁𝑓) = 𝐴𝜏, (𝜏𝑓 = 𝜏)] for each
request age 𝜏 approximately equal. The details can be found
in Algorithm 1.

3.3. The Correlation of Content Request Popularity. Due to
differences in social and cultural backgrounds among users,
restrictions on specific office areas, or the impact of certain
group activities, content popularity among BSs may vary.
However, there are still possible correlations. We assume
that the contents exhibit geographical correlations and hence
there exist groups of contents which are very popular in
subset of local caches [25–27]. For local caches with the same
popularity, we can more effectively constrain the aggregation
to a subset of caches that witness similar traffic patterns by
aggregating all cached request contents.

Request Model for Correlated Popularity. We design a
model for the correlation of content request popularity
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Step 1: Selecting Parameter. (i) 𝐶ca is the cache capacity, (ii) 𝜆 is the average request rate, (iii) 𝑇𝜆 is the average
total number of request content at any time instant, (iv) 𝛾ca = 𝐶ca/𝜆𝑇 is the fraction of caching content catalog,
(v)𝑊𝜇𝑓

is the function of distribution. (vi) Define 𝜃(𝛾ca) is the 𝛾cath tipper-percentile of𝑊𝜇𝑓
, where𝜃(𝛾ca) = 𝑊−1

𝜇𝑓
(1 − 𝛾ca).

Step 2: Setting the Age-Based Threshold. Denote �̃�𝑓(𝜏) is the age-based threshold.�̃�𝑓(𝜏) = min{𝑓 ∈ N : E[𝜇𝑓 | 𝑁𝑓 = 𝑓, 𝜏𝑓 = 𝜏] ≥ 𝜃(𝛾ca)}
Step 3: Caching Content Vector. Using binary caching vector𝑋𝑓(𝑡) to determine whether the content is cached
at time 𝑡.

𝑋𝑓(𝑡) = {{{
1, if 𝑁𝑓 ≥ �̃�(𝜏𝑓),
0, if otherwise,

Step 4: Caching Capacity. We define a constraint condition for the capacity of the cache, if ∑𝐹
0 𝑥𝑓 > 𝐶ca, we will

select ∑𝐹
0 𝑥𝑓 − 𝐶ca, ∀𝑓 ∈ 𝐹 with 𝑥𝑓 = 1, otherwise set 𝑥𝑓 = 0 for content.

Algorithm 1: Age-based threshold policy.

𝜇𝑖𝑓. The aggregate total popularity is expressed as 𝜇𝑁𝑏
𝑓

=𝑁𝑏𝜇𝑖𝑓(𝜏), ∀𝑓, 𝑖 ∈ (1 ⋅ ⋅ ⋅ 𝑁𝑏), and the global average request hit
rate is E[𝜇𝑍𝑓 ] = 𝜇. We obtain the correlation between the in-
tercell request arrival rate 𝜇𝑖𝑚 through community detection
[28] and inhomogeneous random graphs [29] as follows:

(i) Each content 𝑓 is associated with a property vector𝑀𝑓, where 𝑀𝑓 is the property of the content 𝑓 (e.g.,
the probability of the content as comedy). In order
to simplify the model we consider that 𝑀𝑓 is an
independent uniformly distributed random variable
taking values in [0, 1].

(ii) Each BS 𝑖 is also associated with a property vector 𝐿 𝑖,
where 𝐿 𝑖 is the property of the BSs 𝑖 (e.g., the prob-
ability of the user request comedy in intercell 𝑖). The
vector 𝐿 𝑖 is selected uniformly and randomly in [0, 1].

(iii) We assume that 𝑀𝑓 and 𝐿 𝑖 are uniformly distributed
in [0, 1].We define𝐾(𝑥, 𝑦) = 𝑔(|𝑥−𝑦|), where𝑔(⋅) is a
symmetric and continuous function with period of 1,
strictly decreasing on [0, 1/2], and ∫1

0
𝑔(|𝑥−𝑦|)𝑑𝑦 = 1

for all 𝑥 ∈ [0, 1].
When the content popularity of each intercell is different,
according to [30], the request arrival rate of content 𝑓 in BS
can be expressed as

𝜇𝑖𝑓 = 𝜇𝑍𝑓 𝐾(𝑀𝑓, 𝐿 𝑖)∑𝑖
0 ∈ 𝑁𝑏𝐾(𝑀𝑓, 𝐿 𝑖) , ∀𝑓, 𝑖, (10)

where 𝑍 are the contents in the core network. As the number
of caching contents 𝑍 increases in the core network and
the kernel function 𝑔(⋅) satisfies some base conditions, the
normalization constant almost surely becomes deterministic:

1𝑍
𝑖=𝑍∑
𝑖=0

𝐾(𝑀𝑓, 𝐿𝑖) → lim
𝑍→∝

∫1

0
𝑔 (𝑀𝑓 − 𝑦) 𝑑𝑦 = 1

𝜇𝑖𝑓 → lim
𝑍→∝

𝜇𝑍𝑓𝐾(𝑀𝑓, 𝐿 𝑖)𝑍 .
(11)

In the section, the request hit rate of the future contents
is predicted according to the request information of the
historical contents of each BS, and then each BS caches the
most popular𝑁𝑐 different contents.

3.4. BS Cache Policy of the Network. Research shows that
multiple users could access the same content, like some
videos, news, music, and so on. In this case, the network will
be flooded with requests of same contents, which can largely
increase the latency, eventually leading to network conges-
tion. Therefore, under the limited cache capacity, assuming
that the user’s choice distribution matches with the dynamic
content popularity, then each BS can cache most popular
content to reduce service latency and backhaul congestion in
such a dynamic environment.

A content catalog is defined as𝐹𝑓 = {1, 2, . . . , 𝐹𝑓}, and the
size of each content 𝑓 in the catalog has a length of 𝐿(𝑓)
Mbytes. According to the description of Section 3, we can pre-
dict the content popularity, and the instantaneous popularity
follows the Zipf distribution [31]. Each user requests a content
from the content catalog𝐹𝑓, and the probability of requesting
the 𝑓th content is

𝑃𝐹(𝑓) = (∑𝐹𝑓
𝑖=1 (1/𝑖𝜆𝑢/𝜆𝑏))−1𝑓𝜆𝑢/𝜆𝑏

, (12)

where 𝜆𝑢/𝜆𝑏 characterizes the steepness of the distribution.
The value of 𝜆𝑢/𝜆𝑏 depends on the average number of users
per BS, and higher values of 𝜆𝑢/𝜆𝑏 correspond to steeper
distributions which means that the higher the number of
users attached to a BS is, the more accurately the trend is
sampled.

As mentioned above, each BS caches most popular 𝑁𝑐

content according to the dynamic popularity distribution.
Hence, the cache-hit rate of each BS can be obtained by the
Zipf distribution:

𝐻 = 𝑁𝑐∑
𝑓=1

𝑓𝜆𝑢/𝜆𝑏

∑𝐹𝑓
𝑖=1 𝑖𝜆𝑢/𝜆𝑏 . (13)
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It can be proved from (13) that𝐻 converges to 1 when the
content catalog𝐹𝑓 in theBS goes to infinity. Consider the rela-
tion between maximal EE of the network and the cache size.
To this end, we provide the cache-hit rate 𝐻 for large values
of 𝑁𝑐 and 𝐹𝑓. In order to show the impact of the cache
capacity and content library𝐹𝑓 on cache-hit rate, we analyze a
normalized cache size 𝜂 ≜ 𝑁𝑐/𝐹𝑓, 0 < 𝑁𝑐 ≤ 𝐹𝑓, 𝜂 ∈ [0, 1].
Thus (13) is normalized as

𝐻 = ln𝑁𝑐 + Θ (𝑁−1
𝑐 )

ln𝐹𝑓 + Θ(𝐹−1
𝑓

) ≈ ln𝑁𝑐

ln𝐹𝑓 ≈ 1 + ln 𝜂
ln𝐹𝑓 , (14)

where the approximation in (14) is accurate when𝑁𝑐 ≫ 1 and𝐹𝑓 ≫ 1.
Cache-hit rate affects the performance of wireless net-

works, like throughput, energy efficiency, user quality of
service (QoS), and so on. In order to increase cache-hit rate,
we propose a distributed content caching strategy in
backhaul-aware cellular networks, where four adjacent BSs
cache different popular contents. According to the system
model, we can find that each user is associatedwith a BS based
on both content and SINR. Meanwhile, if there are several
BSs caching the requested content, the user selects one whose
distance to him is the shortest and delivers the content via
radio link directly.Otherwise, user associateswith a BSwhose
SINR is maximal from its neighbouring BSs and then gets the
requested content through the backhaul link from the core
network. As illustrated in Figure 3, each hexagon represents a
BS with cached popular content. This distributed content
caching strategy can reduce content redundancy by caching
different contents in different BS. When each BS caches 𝑁𝑐

contents with the distributed cache strategy, each user can
requests 4𝑁𝑐 popular contents.

4. Energy Efficiency Optimization

In recent years, the research on green communications has
made great progress. It shows that the energy efficiency of the
cellular network has become an essential factor in the study
of its performance, which is the key to reduce operating costs
and is aiming to provide wireless access in the way of sustain-
able development and rational utilization of resources [32].
We define the EE as the ratio of the average throughput of the
network to the average total power consumption at the BS,
which can be expressed as

EE = 𝑅𝑃𝑡

, (15)

where𝑅 is the average throughput and𝑃𝑡 is the average power
consumption.

4.1. AverageThroughput of theNetwork. If user (𝑢1, 𝑢2, . . . , 𝑢𝑐)
request contents are cached at local BS, the user can immedi-
ately obtain the requested content from the local cache via the
radio links, where the data rate is limited only by the capacity
of the wireless channel. On the contrary, if the contents
requested by users (𝑢𝑐+1, . . . , 𝑢𝑏) are not cached at local BSs,

Four adjacent BS
cache different

contents

Cache (4N)th contents

Cache (4N − 2)th contents

a

a

a

a

a

a

b

b

b

b

b

b

c

c

c

c

c

c d d

d

d

d

d

Cache (4N − 3)th contents

Cache (4N − 3)th contents

Figure 3: An illustration of distributed caching policy. The BS
marked with “a,” “b,” “c,” and “d” caches different popular contents
and each user associates with the nearest BS that caches the user’s
requested contents.

the BSs need to obtain the contents from the core network
via the backhaul links and then transmit the contents to users
through radio links, so the data rate is subject to backhaul link
capacity and radio channel capacity. Considering the above
two cases, the downlink average throughput of the 𝑏th cell
can be expressed as

𝑅 = (1 − 𝑃𝑠) (𝑅2 + (𝑅1 − 𝑅2)(1 + ln 𝜂
ln𝐹𝑓)) ,

𝑅1 = E{𝐵 𝑢𝑐∑
𝑢=1

log2 (1 + SINR𝑢𝑏
)} ,

𝑅2 = E{min(𝐵 𝑈𝑏∑
𝑈=𝑢𝑐+1

log2 (1 + SINR𝑢𝑏
) , 𝐶bh)} ,

(16)

where𝑅1 is the average sum rate of the cache-hit users and𝑅2

is the average sum rate of the cache-miss users.

4.1.1. The Average Sum Rate of Cache-Hit Users. Considering
that the SINR for every user shown in (3) are identically
distributed, the average sum rate of the cache-hit users𝑅1 can
be approximated as

𝑅1 = 𝑢𝑐𝐵E{{{log2 (1

+ 𝑟−𝛼𝑢𝑏 ℎ𝑢𝑏 2∑𝑁𝑏
𝑗=1,𝑗 ̸=𝑏

𝛽𝑢𝑏𝑟−𝛼𝑢𝑏 ,𝑖 ℎ𝑢𝑏 ,𝑖2 + 𝜎2/𝑃)}}}
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≈ 𝑢𝑐𝐵(log2𝑁𝑡 − 𝑢𝑏 + 1𝑢𝑏 + ∫𝐷

0
log2𝑟𝑢𝑏−𝛼 2𝑟𝑢𝑏𝐷2

𝑑𝑟𝑢𝑏)
− 𝑢𝑐𝐵(log2 (𝑒(𝜆𝑏𝑢/(𝜆𝑢+𝜆𝑏𝑢))𝛽2𝜙𝐷−𝛼 + 𝜎2𝑃 ))
≈ 𝑢𝑐𝐵( 𝛼2 ln 2 + log2

⋅ (𝑁𝑡 − 𝑢𝑏 + 1)𝑢𝑏 (𝑒𝑢𝜆𝑏/(𝜆𝑢+𝑢𝜆𝑏)𝛽2𝜙 + (𝜎2/𝑃)𝐷𝛼)) ,
(17)

where 𝜙 is a constant only depending on the path-loss
exponent 𝛼when𝑁𝑏 → ∞, 𝑟𝑢𝑏 is the distance from 𝑏th BS to
the 𝑢th user.

4.1.2. The Average Sum Rate of Cache-Miss Users. Consid-
ering the transmit power of base stations to be the same,
the cumulative interference from all BS approaches to its
expectation E{𝐼BS→𝑈} when𝑁𝑏 → ∞ according to the law of
the ultradense BSs deployment. This suggests that the com-
parison of 𝐶bh and 𝐵∑𝑈𝑏

𝑈=𝑢𝑐+1
log2(1 + SINR𝑢𝑏

) depends on
the distance from each user to the local base station when the
number of BSs is very large.Therefore, the average sum of the
cache-miss users can be approximated as

𝑅2 = E{min(𝐵 𝑈𝑏∑
𝑈=𝑢𝑐+1

log2 (1 + SINR𝑢𝑏
) , 𝐶bh)}

≈ E{min((𝑢𝑏 − 𝑢𝑐) 𝑅3

+ 𝛼𝐵2 ln 2
𝑢𝑏∑
𝑢𝑐+1

2 ln 𝐷𝑟𝑢𝑏 , 𝐶bh)} ,
𝑅3 ≈ log2

𝑁𝑡 − 𝑢𝑏 + 1𝑒𝑢𝜆𝑏/(𝜆𝑢+𝑢𝜆𝑏)𝛽2𝜙 + (𝜎2/𝑃)𝐷𝛼
.

(18)

Given that the user’s distributions are independent and
random, we can apply the probability density function of2𝑟𝑢𝑏/𝐷2 to proving that (2 ln(𝐷/𝑟𝑢𝑏), 𝑢 ∈ {1 ⋅ ⋅ ⋅ 𝑢𝑏}, 𝑏 ∈{1 ⋅ ⋅ ⋅ 𝑁𝑏}) are random variables which are independently and
exponentially distributed. Thus, we can get that 𝑥 =∑𝑢𝑏
𝑢𝑐+1

2 ln(𝐷/𝑟𝑢𝑏) is a random variable following Gamma
distribution G(𝑢𝑏 − 𝑢𝑐, 1). In this case, when the probability
density function∑𝑢𝑏

𝑢𝑐+1
2 ln(𝐷/𝑟𝑢𝑏) > 0, we can derive 𝑓(𝑥) =𝑥𝑢𝑏−𝑢𝑐−1𝑒−𝑥/(𝑢𝑏 −𝑢𝑐 −1)!. Therefore, when 𝐶bh ≤ (𝑢𝑏 −𝑢𝑐)𝑅3,

(18) becomes 𝑅2 = 𝐶bh. When 𝐶bh > (𝑢𝑏 − 𝑢𝑐)𝑅3, (18) can be
approximated as

𝑅2 ≈ ∫∞

0
min(𝐴𝑅3 + 𝛼𝐵2 ln2 𝑥, 𝐶bh)𝑓 (𝑥) 𝑑𝑥

≈ ∫𝑍

0
(𝐴𝑅3 + 𝛼𝐵2 ln2 𝑥)𝑓 (𝑥) 𝑑𝑥 + ∫∞

𝑍
𝐶bh𝑓 (𝑥) 𝑑𝑥

≈ 𝐴( 𝛼𝐵2 ln 2𝛾𝐵 + 𝑅3𝛾𝐶 + 𝐶bhΓ𝐶) ,
(19)

where𝐴 = (𝑢𝑏−𝑢𝑐), 𝐵 = (𝑢𝑏−𝑢𝑐+1, 𝑍),𝐶 = (𝑢𝑏−𝑢𝑐, 𝑍),𝑍 =(2 ln 2/𝛼𝐵)(𝐶bh−𝐴𝑅3), Γ(𝑎, 𝑏) = 𝑒−𝑏 ∑𝑏−1
𝑖=0 (𝑏𝑖/𝑖!), and 𝛾(𝑎, 𝑏) =1 − Γ(𝑎, 𝑏).

In summary, the average sum rate of the cache-miss users
can be approximated as

𝑅2

≈ {{{
𝐴( 𝛼𝐵2 ln 2𝛾𝐵 + 𝑅3𝛾𝐶 + 𝐶bhΓ𝐶) , if 𝐶bh > 𝐴𝑅3,𝐶bh, if 𝐶bh ≤ 𝐴𝑅3.

(20)

(i) When 𝜆𝑏 is large and 𝑁𝑡 = 𝑢𝑏, by simplifying (17),
the average number of bits totally transmitted can be
approximated as follows:

𝑅1

≈ 𝐵( 𝛼2 ln 2 + log2
𝑁𝑡𝑒𝑢𝜆𝑏/(𝜆𝑢+𝑢𝜆𝑏)𝛽2𝜙 + (𝜎2/𝑃)𝐷𝛼

) . (21)

(ii) When 𝑢𝑏 − 𝑢𝑐 = 1 and 𝑁𝑡 = 𝑢𝑏, we can get𝑧 = (2 ln 2/𝛼𝐵)(𝐶bh − 𝑅𝑒), 𝛾(𝐵) = 1 − 𝑒−𝑧(1 +𝑧), 𝛾(𝐶) = 1 − 𝑒−𝑧 and Γ(𝐶) = 𝑒−𝑧, 𝑅3 ≈𝑅4 ≈ log2(𝑁𝑡/(𝑒𝑢𝜆𝑏/(𝜆𝑢+𝑢𝜆𝑏)𝛽2𝜙 + (𝜎2/𝑃)𝐷𝛼)), 𝑅5 =(𝛼/2 ln 2)2−((𝑅4 −𝐶bh)/𝛼). So the formula 𝑅bh can be
approximated as

𝑅2 ≈ {{{
𝐵( 𝛼2 ln 2 + 𝑅3 − 𝑅4) , if 𝐶bh > 𝑅4,𝐶bh, if 𝐶bh ≤ 𝐴𝑅4. (22)

4.2. Average Total Power Consumption of the Network. In
this work, we investigate the performance of EE in cellular
networks with caching at BSs. To this end, we need to
calculate the overall energy consumption caused by the
transmission and storage of contents.

We have known that when the BS is in sleeping state,
some units are turned off, such that the BS reduces part of
the power consumption. As a result, we can divide the circuit
power consumption and transmit power consumption into
two states according to the working state of BS, respectively.

Finally, the overall power consumption of the network
can be divided into four parts:

(i) The average total transmit power of the base station
in the entire downlink can be expressed as

𝑃𝑡 = {{{
𝑁𝑏𝜌𝑃 (1 − 𝑃𝑠) , if 𝜁BS = 1,
0, if 𝜁BS = 0. (23)
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(ii) The average total power consumption of the power
supply circuit can be expressed as

𝑃𝑐 = {{{
𝑁𝑏𝑃1 (1 − 𝑃𝑠) , if 𝜁BS = 1,
𝑁𝑏𝑃𝑠𝑃2, if 𝜁BS = 0, (24)

where 𝜁BS is the active state of the base station, 𝜌
reflects the impact of power amplifier, 𝑃 is the trans-
mit power of the BS in active mode, 𝑃1 is the supply
power of the BS in active mode, and 𝑃2 is the circuit
power of the BS in sleeping mode.

(iii) The average caching power consumption: in this
paper, we consider DRAM as cache hardware.
According to the power model in [33], if the power
coefficient of the cache hardware is fixed, the average
caching power consumption is related to the size and
the number of content cached in the local caching
device.The average caching power consumption of BS
can be expressed as

𝑃3 = 𝑁𝑐𝐹𝜔1 = 𝜂𝐹𝑓𝐹𝜔1, (25)

where 𝜔1 is the power coefficient of caching hardware
and 𝜂 is the normalized cache capacity.

(iv) The average backhaul power consumption: we use
fiber as the backhaul link (with capacity 1 Gbps).
When we download contents, the backhaul link will
generate power consumption, and the average back-
haul power consumption of BS can be expressed as

𝑃4 = (1 − 𝑃𝑠) (1 − 𝐻)𝜔2𝑅2 = − (1 − 𝑃𝑠) ln 𝜂
ln𝐹𝑓

𝜔2𝑅2, (26)

where 𝜔2 = 𝑃1/𝐶1
bh is the power coefficient of back-

haul equipment and 𝑃1 denotes the power consumed
by the backhaul for supporting the maximum data
rate 𝐶1

bh. From formula (26), we can find that the
energy consumption for backhauling will reduce
sharply with a little decrease of the cache size, but
decreasing more and more slowly with the growth of
cache size. Therefore, we need to find the best cache
capacity to minimize power consumption.

Then, the average total power consumption at all BSs can
be expressed as

𝑃𝑡 = 𝑃𝑡 + 𝑃𝑐 + 𝑃3 + 𝑃4. (27)

4.3. Energy Efficiency of the Network. Substituting (16) and
(27) into (15), we can approximate the network EE as

EE

≈ (1 − 𝑃𝑠) (𝑅1ln𝐹𝑓 + (𝑅1 − 𝑅2) ln 𝜂)
(𝑃𝑡 + 𝑃𝑐) ln𝐹𝑓 + 𝜔1𝐹𝜂𝐹𝑓 ln𝐹𝑓 − (1 − 𝑃𝑠) 𝜔2𝑅2 ln 𝜂 .

(28)

The goal of this paper is tomaximize the energy efficiency
of the downlink wireless network by finding out the optimal
cache content in the local base station. Mathematically, we
have the following optimization problem:

maximize
𝜂∈(0,1)

EE (𝜂)
subject to

∑𝜂𝐹𝑓
𝑓=1

𝑓(−𝜆𝑢/𝜆𝑏)

∑𝐹𝑓
𝑗=1 𝑗(−𝜆𝑢/𝜆𝑏) < 1, ∀𝑁𝑐 ∈ 𝐹𝑓,

𝐶bh ≤ 𝐶
bh, ∀𝑁𝑏 ∈ BS,

𝑃𝑠𝜔2𝑅2𝜔1𝐹 > 𝐹𝑓∑
𝑖=1

𝑖−1, ∀𝑁𝑐 ∈ 𝐹𝑓,

(29)

where ∑𝜂𝐹𝑓
𝑓=1

𝑓(−𝜆𝑢/𝜆𝑏)/∑𝐹𝑓
𝑗=1 𝑗(−𝜆𝑢/𝜆𝑏) < 1 represents the prob-

ability of the cache-hit rate,𝐶bh ≤ 𝐶
bh is the limit of backhaul

capacity, and 𝑃𝑠𝜔2𝑅2/𝜔1𝐹 > ∑𝐹𝑓
𝑖=1 𝑖−1 is the condition that the

cache can increase energy efficiency.The following result can
be obtained for the maximization of EE and the analysis is
carried out later.

Proposition 1. Consider that the BS has limited cache capacity
and let 𝜂0 denote the optimal cache size that maximizes EE.
Then

𝜂0 = 𝑄𝐹𝑓𝑊(𝑄𝑒𝑀) , (30)

where 𝑊(𝑄𝑒𝑀) is a Lambert-W function satisfying 𝑓(𝑊(𝑥)) =𝑊(𝑥) exp𝑊(𝑥).

Proof.

(i) We first derive the derivative of 𝜂 in (28); we obtain

𝑑EE𝑑𝜂
𝜂=𝜂0 = 0 ⇒

𝑄𝜂0𝐹𝑓 + ln 1𝜂0𝐹𝑓 − 𝑀 = 0,
𝑄 = (𝑅1𝑅2/ (𝑅1 − 𝑅2)) 𝜔2 (1 − 𝑃𝑠) + 𝑃𝑡 + 𝑃𝑐𝜔1𝐹 ,
𝑀 = 𝑅2𝑅1 − 𝑅2

ln𝐹𝑓 − 1,

(31)

where𝑀 and 𝑄 are considered as constants.
(ii) Let𝑓(𝜂) = 𝑄/𝜂𝐹𝑓+ ln(1/𝜂𝐹𝑓)−𝑀, and the derivative

of 𝜂 in the equation is

𝑓 (𝜂) = − (𝑀 + 𝜂𝐹𝑓)𝐹𝑓𝜂2 . (32)
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Table 1: Numerical calculation parameter settings.

Parameters Value
Number of BSs:𝑁𝑏 36.
Round radius of cells:𝐷 40.
Number of antennas:𝑁𝑡 4.
The transmission bandwidth: 𝐵 21MHz.
The noise power: 𝜎2 −90.
The path-loss model: 𝛼 1.
The size of each content: 𝐹 30MB
The size of catalog: 𝐹𝑓 105𝜌, 𝑃, 𝑃1, 𝑃2 15.2, 22, 3.95, 10.3
The power coefficient of caching: 𝜔1 6.25 × 10−7
The power coefficient of backhaul: 𝜔2 5.35 × 10−5

(iii) So 𝑓(𝜂) < 0 when 𝜂 > 0; then 𝑓(𝜂) decreases with
the increase of the value 𝜂. When 𝜂 = 𝜂0, the equation𝑓(𝜂) = 0; then we can get

𝑓 (𝜂) < 0, if 𝜂 > 𝜂0,
𝑓 (𝜂) > 0, if 𝜂 < 𝜂0. (33)

(iv) Since 𝑓(𝜂) decreases with 𝜂, we can obtain that
EE monotonically increases when 𝜂 < 𝜂0 and EE
monotonically decreases when 𝜂 > 𝜂0. Through the
above descriptions, we find that the EE can be maxi-
mized when 𝜂 = 𝜂0.

5. Numerical and Simulation Results

In this section, we evaluate the energy efficiency of downlink
networks with caching at BS. Meanwhile, we investigate the
impacts of some system parameters on throughput and
energy efficiency, for example, interference level 𝛽, the ratio
of user density to BS density 𝜆𝑢/𝑁𝑏, and backhaul capacity𝐶bh.

In the work, the distribution of BS and user depends on
HPPP in the whole downlink network, and the user density is
set to be 𝜆𝑢 = 35. In order to facilitate calculation, we record
the parameters in Table 1 that will be used throughout the
numerical analysis.

5.1. Caching and Backhaul Power Consumption. In this sec-
tion, we validate whether both the energy consumption for
content update and the power consumption for transmit
content influence the total power consumption, where the
transmission power involves the power consumed by the core
network transmitting the content to the BS through backhaul
link.

(i) Caching power consumption: in interval 𝑇, we
assume that 𝑥 percent of the cached dynamic contents
are updated in BSs. According to (25), the percentage

Table 2: Cache and backhaul power consumption.

𝑥 𝑇 𝜂 𝐸ca 𝐸bh10% 12 0.01 3.5% 10.5%15% 12 0.05 4.2% 10.9%20% 12 0.05 4.4% 12%20% 12 0.1 4.9% 11.6%
of caching energy consumption with respect to the
average total energy consumption at all BSs during 𝑇
can be expressed as

𝐸ca = 𝑥𝐹𝜂𝐹𝑓𝜔1𝑇𝑃𝑡

, (34)

where 𝑥𝐹𝜂𝐹𝑓𝜔1 is the caching energy consumed for
updating contents. In Section 3, we consider that
many contents are dynamic changes at lifetime𝑇, and
the popularity of many contents changes slowly. We
set up several sets of data in Table 2 to validate the
assumption that the cache energy consumption for
content updates can not be ignored when the content
popularity changes slowly. According to the result of𝐸ca in the table, we find that 𝐸ca > 3%. Then, the
caching energy consumption for content update can
not be ignored when content popularity is dynamic
changes in lifetime 𝑇.

(ii) Backhaul power consumption: we assume that 𝑥
percent of the requested contents are transmitted over
the backhaul link; the percentage of backhaul power
consumption to the total power consumption in
interval 𝑇 is

𝐸bh = −𝑥 (1 − 𝑃𝑠) (ln 𝜂/ ln𝐹𝑓𝜔2𝑅2)𝑇𝑃𝑡

. (35)

According to the above parameters, we can obtain𝐸bh > 10%; then we must consider the backhaul
power consumption for the total power consumption
in all BS.

Based on the above analysis, we have a knowledge that the
power consumption of cache andbackhaul cannot be ignored
in the total power consumption when analyzing EE.

5.2. Impact of Parameters on Throughput. We compare the
simulation results of the average throughput per cell with the
numerical results obtained from (16) versus 𝐶bh in Figure 4.
We can see that the throughput increases with increasing
backhaul capacity. Moreover, the throughput increases with𝐶bh more sharply when 𝛽 is small.

To show the impact of different cache size on the average
throughput per cell, we provide the numerical results derived
from (16) versus 𝜂 in Figure 5. It can be seen when the
interference level is the same and the throughput of the
downlink increases with the cache capacity.Moreover, we can
also find when 𝛽 is small, the average throughput increases
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Figure 4: Average throughput versus backhaul capacity.
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Figure 5: Average throughput versus cache capacity.

with 𝜂more sharply.This suggests that the throughput can be
boosted more efficiently by caching at the BS if the ICI level
can be reduced.

5.3. Impact of Parameters on EE. According to the derivation
of the optimal cache capacity for EE maximization in Sec-
tion 3, we derive numerical results of EE with both backhaul
capacity and cache capacity. As shown in Figure 6, when only
a small portion of contents are cached at eachBS, the EEfirstly
increases rapidly with the increasing backhaul capacity (i.e.,𝜂 = 0.001); then the performance gain approaches a constant.
This is due to the fact that though the throughput is increased
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Figure 6: EE versus backhaul capacity.
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Figure 7: EE versus cache capacity 𝜂.
and the backhaul power consumption is reduced by caching,
ICI limits the final throughput.

In Figure 7, we show the numerical results of EE obtained
from (28) versus the normalized cache capacity with different
ratios of BS density to user density. It can be seen that the EE
firstly increase with 𝜂 quickly and then decreases gradually.
This suggests that there is an optimal normalized cache
capacity that maximizes EE. Moreover, with the same cache
capacity, EE increases with 𝜆𝑏/𝜆𝑢.

In Section 3, we propose a distributed caching strategy
to cache different contents at four adjacent BSs. Figure 8
shows the simulation results of EE for nondistributed caching
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Figure 8: Impact of user with distributed caching.

strategy, distributed caching strategy which caches differ-
ent contents at two adjacent base stations, and distributed
caching strategy which caches different contents at four
neighbouring BSs. We can see that distributed caching can
achieve higher EE as shown in the figure. This is because
when each BS uses a distributed cache strategy to cache 𝑁𝑐

contents, each user can access 4𝑁𝑐 cache contents; that is, the
cache-hit rate is increased. No matter what kind of cache
policy is adopted, energy efficiency firstly increases and then
decreases, which indicates the existence of an optimal cache
capacity to maximize energy efficiency.

6. Conclusion

In this paper, we have investigated the energy efficient caching
problem in backhaul-aware cellular networks jointly consid-
ering the cache-hit rate and the optimal cache. Considering
that the content popularity is dynamic, we have proposed a
policy with “age” threshold based on the shot noise model to
timely estimate content popularity. Then, we have further
proposed a distributed caching policy to improve the hit rate.
Finally, based on the analysis of the tradeoff between energy
efficiency and cache capacity, we have formulated an opti-
mization problem and have derived a closed-form solution of
optimal cache capacity formaximizing the EE.The numerical
results show that the EE can be improved with appropriate
choice of cache capacity. Meanwhile, compared with the
nondistributed cache scheme, the distributed cache scheme
can further improve the energy efficiency by increasing the
cache-hit rate.

Notations

𝜆𝑏, 𝜆𝑢: Distribution density of BSs and users𝑁𝑏: Number of BSs𝑁𝑡: Number of antennas𝐹𝑓: Content catalog𝑁𝐶: Number of content cached at the 𝑖th BS

𝐹: Each content size (in bits)𝐶ca, 𝐶bh: Limited cache capacity and backhaul
capacity𝐷: Round radius of cells𝑟𝑢𝑏: Distance from BS to userℎ𝑢𝑏: Rayleigh fading channel vector𝑃: Transmit power of each BS𝑃1: The supply power of BS in active mode𝑃2: Circuit power of the BS in sleeping
mode𝜎2: White Gaussian noise𝛽: The percentage of intercell interference𝛼: Path-loss exponent𝜂: Normalized cache size𝜔1, 𝜔2: Power consumption per bit (in Watt/
bit)𝜆𝑓: Average arrival rate𝜇𝑓: The request arrival rate of a content 𝑓
at time 𝑡𝑥𝑓(𝑡) = 1: Represent that content 𝑓 is cached in
BS at time 𝑡𝜏𝑓: The “age” of active content 𝑓 at time 𝑡.
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Caching in the cellular networks has been proposed as a promising technology for reducing the content delivery latency and
backhaul cost. Since the backhaul capacity is limited in the practical scenario, the network performance analysis of base station (BS)
caching should address the effects of the limited backhaul.This paper investigates the energy efficiency of the cache-enabled cellular
networks with the limited backhaul based on the stochastic geometry method. First, the successful content delivery probability
(SCDP), which depends on the successful access delivery probability, successful backhaul delivery probability, and cache hit ratio,
is analyzed under the limited backhaul. Based on the obtained SCDP results, we derive the analytical expressions of throughput,
power consumption, and energy efficiency for various scenes including the general case, the interference-limited case, and themean
load approximation case.The accuracy of theoretical analysis is verified by theMonte Carlo simulation.The simulation results show
that BS caching can dramatically improve energy efficiency when the content popularity is skewed, the content library size is small,
and the backhaul capacity is relatively small. Furthermore, it is confirmed that there exists an optimal BS density which maximizes
the energy efficiency of the cache-enabled cellular networks.

1. Introduction

Fifth-generation mobile networks (5G) are confronted with
the explosive growth of the data traffic anddiversified services
[1]. In order to handle the ever growing traffic and meet
the high quality of service (QoS) requirement of various
applications, a large number of new techniques, such as dense
cellular networks, full-duplex communications, and massive
Multiple-Input Multiple-Output (MIMO), are deployed to
boost the data rate of radio access in 5G [2]. However,
the limited backhaul hardly copes with the enormous data
traffic generated by duplicating downloads of a few popular
contents from the core network and becomes the bottleneck
of the network performance. Besides, the capacity of storage
units has increased substantially while the cost declines
consistently in recent years. As a result, cache-enabled cellular
networks, in which the popular contents are proactively
cached at base stations (BSs) or user equipment (UE), are

proposed for content access delay reducing and backhaul
traffic releasing recently [3].

In cache-enabled cellular networks, BSs save contents
in the cache store according to the specific caching strat-
egy, which makes access protocol, user association, content
transmission, and resource allocation different from these of
traditional cellular networks. In order to get deep insights
into the BS caching, extensive research has been given on
the network performance analysis [4–9]. By modeling the
network topology with the regular hexagonal grid or the
Poisson point process (PPP), various performance metrics in
different scenarios had been characterized. The work of [4]
derived the hit ratio in a stochastic geometry mode with the
limited backhaul. In [5], the author analyzed the successful
download probability in two scenarios of the always-on
architecture and the dynamic on-off architecture. The work
of [6] proposed a collaborative content caching scheme
among BSs and compares the average delay per request
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with the noncooperative scenario using queuing theory. The
average ergodic rate and the outage probability of a three-
tier heterogeneous network (HetNet) were studied in [7].
The work of [8] investigated the caching and multicasting
in a large-scale cache-enabled HetNet and derives tractable
expressions of the successful transmission probability. As for
the content caching in UE and sharing the content by device-
to-device (D2D) communications, [9] introduced a proactive
caching scheme and quantifies the traffic offloading by cache
utility maximization in D2D cellular networks.

In cache-enabled cellular network, contents have been
placed at BSs by broadcasting during off-peak times. When
the requested files are cached at BSs, users obtain the required
contents from local BSs directly and the delivery rate is no
longer subject to the limited backhaul capacity. In this case,
the system throughput is improved greatly and the power
consumption of BS caching should be considered besides the
transmission power consumption. When the requested files
are not cached at BSs, users need to fetch contents from the
core network via the backhaul link. In this case, the limited
backhaul capacity not only influences the throughput but
also the power consumption of networks. Therefore, it is
necessary to analyze the energy efficiency performance of
cache-enabled cellular networks with limited backhaul.

1.1. Related Works. Energy efficiency (EE) is a commonly
used performance metric in cellular networks [10]. Cache-
enabled BSs were proved to be able to improve the energy
efficiency significantly compared with the traditional BSs
[11]. The work of [12] explored the energy efficiency of
cooperative caching in dense cellular networks. A relay
caching mechanism for multimedia was designed in [13] to
improve the energy efficiency in cellular networks. The work
of [14] proposed a social-aware cache information processing
approach, in which the social-tie factor (STF) was modeled
with the practical data and network performances including
throughput, delay, and energy efficiency were derived based
on the STF. The work of [15] compared the energy efficiency
performance of two scenarios with a macro BS or multiple
noncoordinated pico-BSs and confirmed the impact of con-
tent popularity and request arrival rate.

Performance analysis was also extended to cache-enabled
heterogeneous networks. The work of [16] analyzed the
energy efficiency of cache-enabled two-tier HetNet with
cochannel/orthogonal channel deployment. The energy effi-
ciency of cache-enabled cooperative dense HetNets was
analyzed in [17]. The work of [18] solved the energy-efficient
context-aware resource allocation problem with matching
algorithm in cache-enabled HetNets. In [19], the caching
strategy and base station activation policies of the heteroge-
neous network were jointly designed to minimize the overall
energy consumption. The work of [20] proposed a maxi-
mum distance separable (MDS) encoded caching strategy
to maximize the energy efficiency of HetNets. The work
of [21] presented a cache-enabled software defined HetNet
consisting of control-plane (C-plane) and user-plane (U-
plane) and analyzed the energy efficiency performance on the
assumption that the macro BSs and small BSs cooperate with

different cache abilities.The content-related energy efficiency
of the cache-enabled D2D network was analyzed in [22].

1.2. OurContributions. Theexisting contributions neglect the
impact of backhaul link on the energy efficiency of the cache-
enabled cellular network. In the realistic networks, the cache
capacity of the BSs is limited compared to the enormous
content catalog. Since not all contents are cached in BSs, the
backhaul link needs to act as a supplement to fetch the content
from the core network with the aim of meeting all users
demand, which affects the system throughput seriously and
generates extra power consumption. In this paper, we investi-
gate the energy efficiency of cache-enabled cellular networks
considering the limited backhaul.Themain contributions are
summarized as follows.(1) Taking the limited backhaul into account, a cache-
enabled cellular network model is developed with the
stochastic geometry theory. The network model includes
the cellular network model, channel model, cache model,
and backhaul model. The backhaul model assumes that the
backhaul capacity of each BS is limited. In doing so, the
limited backhaul has a great impact on the performance of
content delivery in cellular networks, such as throughput and
energy efficiency.(2) Based on the system model, the energy efficiency
is theoretically analyzed. Since in cache-enabled cellular
networks successful content delivery probability (SCDP)
is a basic expression by stochastic geometry analysis, we
derived SCDP synthetically considering the wireless channel,
BS caching, content popularity distributions, and limited
backhaul. Then we derive the exact closed-form expressions
of energy efficiency under the constraint of SCDP for one
general case and two specific cases of no noise and the mean
load approximation.(3) Simulation results of the energy efficiency of cache-
enabled cellular networks with limited backhaul are given.
The accuracy of theoretical analysis via Monte Carlo sim-
ulations is verified firstly. Then the network parameters,
including BS density, cache capacity, content popularity
distribution, and the backhaul capacity, are simulated. Simu-
lation results show that BS caching is able to improve energy
efficiency effectively. The performance gain is more obvious
under the condition that the content popularity is skewed,
the content library size is small, and the backhaul capacity
is relatively small. For a fixed cache capacity, there exists an
optimal BS density to maximize the energy efficiency of the
cache-enabled cellular networks.

The rest of this paper is organized as follows. Section 2
describes the system model. Section 3 derives and analyses
the EE of the cache-enabled cellular network. Section 4
validates the theoretical results with simulation analysis.
Finally, Section 5 concludes the paper.

2. System Model

This section describes the system model; specifically the
cellular network model, channel model, cache model, and
backhaul model are detailed.
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Figure 1: An example of PVT cellular structure.

2.1. Cellular Network Model. Consider a downlink cellular
network in this paper. Denoting 𝑥𝑏𝑖 , 𝑦𝑢𝑗 as the locations of
the 𝑖th BS and 𝑗th UE, the spatial distributions of BSs and
UE obey two independent PPPs Φ𝑏 = {𝑥𝑏𝑖 : 𝑖 = 0, 1, 2, . . .},Φ𝑢 = {𝑦𝑢𝑗 : 𝑗 = 0, 1, 2, . . .} in the two-dimensional Euclidean
plane, and the intensities are 𝜆𝑏, 𝜆𝑏 accordingly. Each UE is
assumed to be associated with the closet BSwith the strongest
mean received signal strength, leading to the coverage areas
which comprise a typical Poisson Voronoi Tessellation (PVT)
[27]. Each BS is configured with a cache and stores a certain
amount of contents according to the storage capacity. All BSs
are connected to the core network via the limited backhaul.
An illustration of network topology is shown in Figure 1.
According to Palm theory, the statistical properties of UE at
any positions coincide with that of a typical UE at a fixed
position. Without loss of generality, the analysis is conducted
on a typical UE at the origin, namely, the tagged UE 𝑦𝑢0 in the
tagged BS 𝑥𝑏0.
2.2. ChannelModel. Thewireless channel gain consists of two
types of propagation effect, that is, path loss and Rayleigh
fading. The path loss of the tagged UE at a distance of 𝑟 from
the tagged BS is calculated with the power-law model as 𝑟−𝛼,
where 2 < 𝛼 ≤ 4 is the path loss exponent. Rayleigh fadingℎ follows exponential distribution with mean 1, ℎ ∼ exp(1).
Setting the transmission power of BSs as 𝑃, thus the received
power at the tagged UE can be expressed as 𝑃ℎ𝑟−𝛼.

Universal frequency reuse is adopted in this paper. All
BSs except the tagged BS cause interference to the tagged
UE, and the total interference power received is denoted as 𝐼.
Therefore, the signal to interference plus noise ratio (SINR)
of the tagged UE can be expressed as

SINR = 𝑃ℎ𝑧−𝛼𝐼 + 𝜎2 , (1)

where 𝐼 ≜ ∑𝑖∈Φ𝑏\𝑥
𝑏
0
𝑃ℎ𝑖𝑧𝑖−𝛼 indicates the cumulative interfer-

ence; 𝜎2 is the additive white Gaussian noise (AWGN).
The system bandwidth is 𝑊. For tractability, BSs allocate

equal spectrum resource to the associated UE. According to

the Shannon theory, the downlink rate of the tagged UE is
calculated as

𝑅𝑎 = 𝑊𝑀 log2 (1 + SINR) , (2)

where𝑀 denotes the total amount of UE served by the tagged
BS, namely, the cell load.

2.3. Cache Model. The content catalog contains 𝑁𝑓 contents,
all of which have the same size𝐹. For the scenarios of different
content sizes, the same analysis is still applicable by splitting
the content into chunks of equal size [28]. In this paper, the
popularity of the content catalog is known a priori and follows
Zipf distribution [29]. We assume that the statistical content
popularity distribution changes slowly over time compared
with the content delivery in cellular networks. Sorting the
content in the descending order of popularity, the popularity
of the 𝑘-ranked content can be described as

𝑃𝑁𝑓 (𝑘) = 𝑘−𝛾∑𝑁𝑓
𝑔=1 𝑔−𝛾 , (3)

where 𝛾 ≥ 0 is the shape parameter, reflecting the skewness
of the popularity distribution.The larger the value of 𝛾 is, the
more uneven the content popularity distribution is.

Due to the limited size of cache space, BSs choose 𝑁𝑐

most popular contents to cache; cache capacity is 𝑁𝑐𝐹. Users
make content request according to the content popularity. If
the requested content is cached in associated BS, the use can
directly obtain the content from the local cache.The cache hit
ratio can be calculated as

𝑃hit = 𝑁𝑐∑
𝑘=1

𝑃𝑁𝑓 (𝑘) = ∑𝑁𝑐
𝑘=1

𝑘−𝛾
∑𝑁𝑓
𝑔=1 𝑔−𝛾 . (4)

Otherwise, if the requested content is not cached, the user
needs the BS to fetch the content from the core network via
backhaul link. The cache miss ratio can be calculated as

𝑃miss = 1 − 𝑃hit = 1 − ∑𝑁𝑐
𝑘=1

𝑘−𝛾
∑𝑁𝑓
𝑔=1 𝑔−𝛾 . (5)
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2.4. Backhaul Model. The backhaul capacity per BS, denoted
as 𝐶𝑏, can be modeled as [4]

𝐶𝑏 = 𝐶1𝜆𝑏 + 𝐶2, (6)

where 𝐶1 > 0, 𝐶2 > 0 are arbitrary coefficients.

3. EE of the Cache-Enabled Cellular Network

This section first derives some auxiliary results contain-
ing successful content delivery probability, throughput, and
power consumption. Then based on the obtained results,
we further analyze the energy efficiency of the backhaul-
constrained cache-enabled networks for a general case and
two specific cases.

3.1. Successful Content Delivery Probability (SCDP). The suc-
cessful content delivery probability (SCDP) is defined as the
probability that the achievable delivery rate 𝑅 of the tagged
user exceeds the rate demand 𝑅0 required by the requested
content: Pr(𝑅 > 𝑅0). SCDPmeasuring user’s satisfaction with
the rate provided with respect to the rate demand is a metric
of the quality of service (QoS).

In cache-enabled cellular networks, if cache hit occurs,
the user directly gets the requested content from the serving
BS and the delivery rate is equal to access delivery rate.
SCDP is the probability that the access delivery rate is higher
than the rate demand. If cache miss occurs, the user needs
the serving BS to fetch the requested content from the core
network via backhaul link and forward it to the user via access
link. The delivery rate is composed of the access delivery rate
and the backhaul delivery rate. SCDP is the probability that
both the access delivery rate and the backhaul delivery rate
meet the rate demand. To sum up, SCDP is derived as

Pr (𝑅 > 𝑅0) = 𝑃hitPr (𝑅𝑎 ≥ 𝑅0)
+ 𝑃missPr (𝑅𝑎 ≥ 𝑅0&𝑅𝑏 ≥ 𝑅0)

(𝑎)= 𝑃hitPr (𝑅𝑎 ≥ 𝑅0)
+ (1 − 𝑃hit)Pr (𝑅𝑎 ≥ 𝑅0)Pr (𝑅𝑏 ≥ 𝑅0)

= Pr (𝑅𝑎 ≥ 𝑅0)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
SADP

⋅ ( 𝑃hit⏟⏟⏟⏟⏟⏟⏟
Cache hit ratio

+ (1 − 𝑃hit)Pr (𝑅𝑏 ≥ 𝑅0)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
SBDP

) .

(7)

Equation (𝑎) makes sense due to the fact that the access
link and backhaul link are independent of each other. It is
shown in (7) that SCDP ismainly determined by three factors,
that is, the successful access delivery probability (SADP)
Pr(𝑅𝑎 ≥ 𝑅0), the successful backhaul delivery probability
(SBDP) Pr(𝑅𝑏 ≥ 𝑅0), and the cache ratio 𝑃hit.

Theorem 1. The successful content delivery probability of the
tagged UE in the cache-enabled cellular network is given by the
expression

𝑃𝑐 = ∞∑
𝑚=1

∫∞
0

2𝜋𝜆𝑏𝑧
⋅ exp{−𝑧𝛼𝛿𝜎2𝑃 − 𝜋𝜆𝑏𝑧2 [𝐻 (𝛿, 𝛼) + 1]} 𝑑𝑧
× {𝑃ℎ𝑖𝑡 + (1 − 𝑃ℎ𝑖𝑡) [𝑚−1∑

𝑛=0

(𝑚 − 1𝑛 )
⋅ 𝑃𝑚−𝑛−1ℎ𝑖𝑡 (1 − 𝑃ℎ𝑖𝑡)𝑛min(1, 𝑁𝑏(𝑛 + 1))]} 3.53.5𝑚!
⋅ Γ (𝑚 + 4.5)Γ (3.5) (𝜆𝑢𝜆𝑏 )𝑚 (3.5 + 𝜆𝑢𝜆𝑏 )−(𝑚+4.5) ,

(8)

where 𝛿 = 2𝑚(𝑅0/𝑊) − 1, 𝐻(𝛿, 𝛼) = (2𝛿/(𝛼 − 2)) 2𝐹1(1, 1 −2/𝛼; 2 − 2/𝛼; −𝛿), and 2𝐹1 is the hypergeometric function.

Proof. According to the definition of SCDP, we can further
deduce the formula

Pr (𝑅 > 𝑅0)
= ∞∑
𝑚=1

Pr (𝑅𝑎 ≥ 𝑅0 | 𝑚)
× (𝑃hit + (1 − 𝑃hit)Pr (𝑅𝑏 ≥ 𝑅0 | 𝑚)) 𝑃𝐿 (𝑚) ,

(9)

where 𝑃𝐿(𝑚) denotes the distribution of the load serviced by
the tagged BS [30] and is given by𝑃𝐿 (𝑀 = 𝑚 + 1)

= 3.53.5𝑚! Γ (𝑚 + 4.5)Γ (3.5) (𝜆𝑢𝜆𝑏 )𝑚 (3.5 + 𝜆𝑢𝜆𝑏 )−(𝑚+4.5) . (10)

The SADP and SBDP are discussed, respectively, based on
the load 𝑚 of the tagged BS.

(1) Successful Access Delivery Probability (SADP). SADP is the
probability that the access delivery rate 𝑅𝑤 achieved at the
tagged UE is higher than the rate demand 𝑅0 and can be
calculated as𝑃𝑎 = Pr (𝑅𝑎 ≥ 𝑅0 | 𝑚)

= Pr(𝑊𝑚 log (1 + SINR (𝑧)) ≥ 𝑅0)
= Pr (SINR (𝑧) ≥ 2𝑚(𝑅0/𝑊) − 1) .

(11)

Defining 2𝑚(𝑅0/𝑊) − 1 = 𝛿 as the equivalent SINR threshold,
Pr(SINR ≥ 𝛿) denotes the coverage probability. As proved in
[31], the coverage probability can be expressed as

Pr (SINR ≥ 𝛿) = 2𝜋𝜆𝑏 ∫∞
0

𝑧 exp(−𝑧𝛼𝛿𝜎2𝑃 )
⋅ exp (−𝜋𝜆𝑏 (𝐻 (𝛿, 𝛼) + 1) 𝑧2) 𝑑𝑧.

(12)
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SADP is derived as

𝑃𝑎 = 2𝜋𝜆𝑏 ∫∞
0

𝑧 exp(−𝑧𝛼 (2𝑚(𝑅0/𝑊) − 1) 𝜎2𝑃 )
× exp (−𝜋𝜆𝑏 (𝐻 ((2𝑚(𝑅0/𝑊) − 1) , 𝛼) + 1) 𝑧2) 𝑑𝑧.

(13)

(2) Successful Backhaul Delivery Probability (SBDP). Due to
the limited backhaul capacity, the maximum number of users
supported at the same time by the backhaul link is fixed as𝑁𝑏 = 𝐶𝑏/𝑅0. Denote the number of cachemiss users as𝑁miss;
if 𝑁miss ≤ 𝑁𝑏, all the cache miss users can be scheduled
with the backhaul link. On the contrary, if 𝑁miss > 𝑁𝑏, the
backhaul link fails to support all the cache miss users and
will randomly pick 𝑁𝑏 users. The probability of the backhaul
delivery for each user is the same and equal to 𝑁miss/𝑁𝑏.

Assuming that the requested content of the tagged user
is not cached and there are another 𝑛 cache miss users asso-
ciated with the tagged BS, the successful backhaul delivery
probability of the tagged UE is given by

𝑃𝑏 = Pr (𝑅𝑏 ≥ 𝑅0 | 𝑚)
= 𝑁𝑏−1∑

𝑛=0

(𝑚 − 1𝑛 ) 𝑃𝑁𝑏−𝑛−1hit (1 − 𝑃hit)𝑛
+ 𝑚−1∑
𝑛=𝑁𝑏

(𝑚 − 1𝑛 ) 𝑃𝑚−𝑛−1hit (1 − 𝑃hit)𝑛 𝑁𝑏(𝑛 + 1)
= 𝑚−1∑
𝑛=0

(𝑚 − 1𝑛 ) 𝑃𝑚−𝑛−1hit (1 − 𝑃hit)𝑛min{1, 𝑁𝑏(𝑛 + 1)} .

(14)

Substituting (4), (13), and (14) in (7),Theorem 1 is proved.

Theorem 1 indicates that SCDP mainly depends on three
network parameters sets: the first set is related to the access
link containing the BS density, transmit power, and path
loss parameter; the second set is backhaul capacity, which
is associated with backhaul link; the third set is concerned
with the cache including the content popularity and cache
capacity.

The SCDP expression for general case (8) containing one
improper integral of the distance 𝑧, one infinite summation
over the load 𝑚, and one judgment of the minimum and
especial use of lookup tables for 2𝐹1 is of high computational
complexity. In order to analyze the SCDP more conveniently
and effectively, two approximate results for the special cases
are derived in the following corollaries.

Corollary 2. The successful content delivery probability in
interference-limited scenario is simplified as

𝑃𝑐 = ∞∑
𝑚=0

1𝐻 (𝛿, 𝛼) + 1 {𝑃ℎ𝑖𝑡 + (1 − 𝑃ℎ𝑖𝑡) [𝑚−1∑
𝑛=0

(𝑚 − 1𝑛 )
⋅ 𝑃𝑚−𝑛−1ℎ𝑖𝑡 (1 − 𝑃ℎ𝑖𝑡)𝑛min(1, 𝑁𝑏(𝑛 + 1))]} × 3.53.5𝑚!
⋅ Γ (𝑚 + 4.5)Γ (3.5) (𝜆𝑢𝜆𝑏 )𝑚 (3.5 + 𝜆𝑢𝜆𝑏 )−(𝑚+4.5) .

(15)

Proof. In interference-limited scenario, the noise power is
small with respect to the interference power. Letting 𝜎2 →0 in (12) and calculating the integral of 𝑧, the coverage
probability neglecting noise can be expressed as

Pr (SIR ≥ 𝛿) = 1𝐻 (𝛿, 𝛼) + 1 . (16)

Substituting 𝛿 = 2𝑚(𝑅0/𝑊) − 1 into (16), we get the SADP in
interference-limited scenario as

𝑃𝑎 = 1𝐻 (2𝑚(𝑅0/𝑊) − 1, 𝛼) + 1 . (17)

The noise power only has effect on SADP. Multiplying (17)
with the unchanged SBDP expression (14), Corollary 2 is
proved.

Corollary 3. The successful content delivery probability with
the approximation of the mean load in interference-limited
scenario is given by

𝑃𝑎V𝑒𝑐 = 1𝐻 (𝛿𝑎V𝑒, 𝛼) + 1 {{{𝑃ℎ𝑖𝑡 + (1 − 𝑃ℎ𝑖𝑡)

⋅ [[
1.28(𝜆𝑢/𝜆𝑏)∑

𝑛=0

(1.28𝜆𝑢𝜆𝑏𝑛 ) 𝑃1.28(𝜆𝑢/𝜆𝑏)−𝑛
ℎ𝑖𝑡

(1 − 𝑃ℎ𝑖𝑡)𝑛

⋅ min(1, 𝑁𝑏(𝑛 + 1))]]
}}} ,

(18)

where 𝛿𝑎V𝑒 = 2(1+1.28(𝜆𝑢/𝜆𝑏))(𝑅0/𝑊) − 1.
Proof. As proved in [30], the mean load of the tagged BS can
be calculated as

E𝑀 = 1 + 1.28𝜆𝑢𝜆𝑏 . (19)

Substituting 1 + 1.28(𝜆𝑢/𝜆𝑏) within (17) and (14), the SADP
and SBDPwith themean load approximation in interference-
limited scenario are derived, respectively, as

𝑃ave
𝑎 = 1𝐻 (2(1+1.28(𝜆𝑢/𝜆𝑏))(𝑅0/𝑊) − 1, 𝛼) + 1 , (20)

𝑃ave
𝑏 = 1.28(𝜆𝑢/𝜆𝑏)∑

𝑛=0

(1.28𝜆𝑢𝜆𝑏𝑛 ) 𝑃1.28(𝜆𝑢/𝜆𝑏)−𝑛hit (1 − 𝑃hit)𝑛

× min{1, 𝑁𝑏(𝑛 + 1)} .
(21)

Using an approximation with E𝑀[𝑃𝑐(𝑚)] ≈ 𝑃𝑐(E𝑀) and
eliminating the summation over𝑚, simplified expression (18)
is obtained.
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3.2. Energy Efficiency. The throughput defined in this paper
is the successful delivery throughput and can be derived as

𝑇 = 𝜆𝑢𝑅suc, (22)

where𝑅suc is the average delivery rate of the typical UE under
the premise of the successful content delivery.

In backhaul-constrained cache-enabled cellular net-
works, if the requested content is cached in the local BS,𝑅suc equals the average successful access delivery rate. If the
requested content is not cached and needs to be fetched from
the core network, 𝑅suc is equivalent to the average successful
backhaul delivery rate defined as the minimum required rate𝑅0 on the condition that access link and backhaul link are
successfully provided. According to the total probability law,
the average successful delivery rate 𝑅suc can be derived as

𝑅suc = 𝑃hit𝑅𝑎suc + 𝑃miss𝑃𝑎𝑃𝑏𝑅0. (23)

Lemma 4. The average successful access delivery rate in the
cache-enabled cellular networks is given by

𝑅𝑎𝑠𝑢𝑐 = 𝑅0 + ∫∞
𝑅0

∫∞
0

∞∑
𝑚=1

2𝜋𝜆𝑏𝑧
⋅ exp(−𝑧𝛼 (𝛿𝑡 − 𝛿) 𝜎2𝑃 )
× exp (−𝜋𝜆𝑏𝑧2 (1 + 𝐻 (𝛿𝑡, 𝛼) − 𝐻 (𝛿, 𝛼)))
⋅ 𝑃𝐿 (𝑚) 𝑑𝑧 𝑑𝑡,

(24)

where 𝛿𝑡 = 2𝑚(𝑡/𝑊) − 1 and 𝑃𝐿(𝑚) is the load distribution in
(10).

Proof. Please refer to the Appendix.

Combining the average successful access delivery rate
(24), successful access delivery probability (13), and success-
ful backhaul delivery probability (14) together, we can get the
average successful delivery rate in general scenario.

Theorem 5. The average successful delivery rate in the cache-
enabled cellular network is given by

𝑅𝑠𝑢𝑐 = 𝑃ℎ𝑖𝑡 (𝑅0 + ∫∞
𝑅0

∫∞
0

∞∑
𝑚=1

2𝜋𝜆𝑏𝑧
⋅ exp(−𝑧𝛼 (𝛿𝑡 − 𝛿) 𝜎2𝑃 )
⋅ exp (−𝜋𝜆𝑏𝑧2 (1 + 𝐻 (𝛿𝑡, 𝛼) − 𝐻 (𝛿, 𝛼)))
⋅ 𝑃𝐿 (𝑚) 𝑑𝑧 𝑑𝑡) + (1 − 𝑃ℎ𝑖𝑡) 𝑅0 ∞∑

𝑚=1

𝑃𝑎 (𝑚)
⋅ 𝑃𝑏 (𝑚) 𝑃𝐿 (𝑚) ,

(25)

where 𝛿𝑡 = 2𝑚(𝑡/𝑊) − 1 and 𝑃𝐿(𝑚) is the load distribution in
(10).

Two special cases are derived to further simplify the
average successful delivery rate.

Corollary 6. In interference-limited scenario 𝜎2 → 0, the
average successful delivery rate is expressed as

𝑅𝑠𝑢𝑐 = 𝑃ℎ𝑖𝑡 (𝑅0
+ ∫∞

𝑅0

∞∑
𝑚=1

11 + 𝐻 (𝛿𝑡, 𝛼) − 𝐻 (𝛿, 𝛼)𝑃𝐿 (𝑚) 𝑑𝑡) + (1
− 𝑃ℎ𝑖𝑡) 𝑅0 ∞∑

𝑚=1

𝑃𝑎 (𝑚) 𝑃𝑏 (𝑚) 𝑃𝐿 (𝑚) ,
(26)

where 𝑃𝑤(𝑚) is the SADP neglecting the noise in (17).

Corollary 7. The average successful delivery rate with the
approximation of the mean load in interference-limited sce-
nario is expressed as

𝑅𝑎V𝑒𝑠𝑢𝑐
= 𝑃ℎ𝑖𝑡 (𝑅0 + ∫∞

𝑅0

11 + 𝐻 (𝛿𝑎V𝑒𝑡 , 𝛼) − 𝐻 (𝛿𝑎V𝑒, 𝛼)𝑑𝑡)
+ (1 − 𝑃ℎ𝑖𝑡) 𝑅0𝑃𝑎V𝑒𝑎 𝑃𝑎V𝑒𝑏 ,

(27)

where𝛿𝑎V𝑒𝑡 = 2(1+1.28(𝜆𝑢/𝜆𝑏))(𝑡/𝑊)−1;𝑃𝑎V𝑒𝑤 and𝑃𝑎V𝑒𝑏 denote SADP,
SBDP with the mean load approximation, respectively, in (20)
and (21).

The total power consumed at a BS in cache-enabled cel-
lular network consists of three parts, namely, BSs power con-
sumption, cache power consumption, and backhaul power
consumption [24]

Pow = 𝜆𝑏 (Pow𝑎 + Pow𝑐 + Pow𝑏) . (28)
BS power consumption contains transmit power con-

sumption 𝑃𝑡 and circuit power consumption 𝑃𝑜 and is given
by

Pow𝑎 = 𝜀𝑃𝑡 + 𝑃𝑜, (29)
where 𝜀 is the power amplifier efficiency.

Energy-proportional model is used to describe the cache
power consumption. In this model, the cache power con-
sumption is proportional to the cache capacity and can be
calculated as

Pow𝑐 = 𝜌𝑁𝑐𝐹, (30)
where 𝜌 denotes the power coefficient of cache hardware.

Backhaul power consumption depends on the successful
backhaul delivery throughput at a BS calculated by multiply-
ing the backhaul usage ratio with the backhaul capacity and
can be expressed by
Pow𝑏 = 𝜔𝑇𝑏

= 𝜔𝐶𝑏 ∞∑
𝑚=1

𝑚∑
𝑛=1

(𝑚𝑛) 𝑃𝑚−𝑛hit (1 − Phit)𝑛min{1, 𝑛𝑁𝑏

} , (31)

where 𝜔 is the power coefficient of the backhaul.
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With the mean load approximation, backhaul power
consumption can be simplified as

Powave
𝑏 = 𝜔𝐶𝑏1+1.28(𝜆𝑢/𝜆𝑏)∑

𝑛=1

(1 + 1.28𝜆𝑢𝜆𝑏𝑛 )
× 𝑃1+1.28(𝜆𝑢/𝜆𝑏)−𝑛hit (1 − 𝑃hit)𝑛min{1, 𝑛𝑁𝑏

} .
(32)

In conclusion, the total power consumption and the corre-
sponding approximation using the mean load are derived as

Pow = 𝜆𝑏 (Pow𝑎 + Pow𝑐 + Pow𝑏) , (33)

Powave = 𝜆𝑏 (Pow𝑎 + Pow𝑐 + Powave
𝑏 ) . (34)

According to the definition, we can get the energy effi-
ciency of the cache-enabled cellular networks by dividing the
throughput by total power consumption for various scenarios
in the sequel.

The energy efficiency for the general case can be calcu-
lated with (22), (25), and (33).

𝜂EE = 𝑇
Pow

= 𝜆𝑢𝑅suc
Pow

. (35)

The energy efficiency in interference-limited scenario can be
derived with (22), (26), and (33).

𝜂EE = 𝑇
Pow

= 𝜆𝑢𝑅suc
Pow

. (36)

The energy efficiency with the approximation of the mean
load in interference-limited scenario can be calculated with
(22), (27), and (34).

𝜂aveEE = 𝑇ave

Powave = 𝜆𝑢𝑅ave
suc

Powave . (37)

4. Simulation Analysis

This section presents both the numerical and Monte Carlo
simulation results. The scenario of homogeneous cellular
network is considered, in which UE and BSs are distributed
according to PPP in a circular area with 200 km radius. The
simulation parameters are listed in Table 1 and the results
are averaged over 10000 Monte Carlo trials. We validate the
analysis in the previous section via Monte Carlo simulations
and investigate the impact of various parameters on the
system performance containing SCDP and EE.

4.1. SCDPPerformance. Figures 2–5 show the performance of
SCDP under different system parameters, specifically includ-
ing the BSs density, the cache capacity, and the backhaul
capacity. There are four different curves in each figure. From
the figures we can see that the simulation curve matches with
the numerical curves well and thus validates the numerical
results obtained above. The general result and the no noise
result obtained, respectively, fromTheorem 1 and Corollary 2

Table 1: Simulation parameters.

Parameter Value
UEs density 𝜆𝑢 0.00024m−1

Bandwidth 𝑊 20MHz
Path loss exponent 𝛼 4 [23]
Rate threshold 𝑅0 200Kbps
Transmit power 𝑃𝑡 46 dBm
Static power consumption 𝑃0 [24] 724.6W
BS power coefficient 𝜀 [24] 3.22
Content catalog 𝑁𝑓 10000
Content size 𝐹 10Mbit
Caching power coefficient 𝜌 [25] 6.25 × 10−12W/bit
Backhaul capacity coefficient 𝐶2 0
Backhaul power coefficient 𝜔 [26] 5 × 10−7W/bps
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Figure 2: SCDP versus BSs density with different cache capacity:𝛿 = 0.6, 𝑁𝑓 = 10000, and 𝐶1 = 24 bps.

almost overlap, which confirms that noise is not a very
important factor in interference-limited cellular networks.
The curve shape of the general case and the mean load
approximation obtained from Corollary 3 are relatively con-
sistent, but there still exists small gap under some parameter
settings. The reason lies in that the approximation error of
mean load is aggravated with the operation of summation in
(14).

Figure 2 shows the evolution of the SCDP with respect
to the BS density for different values of cache capacity. The
SCDP increases with the increment of the BS density and
gradually converges to a stable value. The main reason is
that dense BSs deployment reduces the load at the serving
BS and raises the access delivery rate substantially. However,
the increasing BS density aggravates the ICI and hinders
the further improvement of the access delivery rate, which
eventually results in the saturation of SCDP. Comparing the
curves shown for the different cache capacity, BS caching is
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popularity parameter: 𝜆𝑏 = 0.00001m−2, 𝑁𝑓 = 10000, and 𝐶1 =
24 bps.
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Figure 4: SCDP versus cache capacity with different content library
size: 𝜆𝑏 = 0.00001m−2, 𝛿 = 0.6, and 𝐶1 = 24 bps.

proved to be able to increase the SCDP. The larger the cache
capacity, the greater the performance gain. The maximum
SCDP gain can reach 225% for 𝑁𝑐 = 4000 with respect to
no caching.

Figures 3 and 4 investigate the effect of the content
popularity distribution in cached enabled cellular networks.
Figure 3 shows the SCDP versus cache capacity with differ-
ent popularity distribution parameter 𝛿. As cache capacity
increases, the number of contents stored in the BS grows
and the cache hit ratio increases. Since most users obtain the
request content from the local BSs and the delivery rate is less
affected by the limit of backhaul link, the SCDP is improved.
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Figure 5: SCDP versus backhaul capacity with different cache
capacity: 𝜆𝑏 = 0.00001m−2, 𝛿 = 0.6, and 𝑁𝑓 = 10000.

Each curve eventually converges to a point at which BSs
caching and backhaul link cooperatively ensure the content
availability for each UE and the SCDP is equivalent to the
SADP. Furthermore, a large parameter 𝛿, standing for a more
concentrated content popularity, results in high cache hit
ratio for a fixed cache capacity and further increases the
SCDP.

Figure 4 depicts the evolution of SCDP with respect to
cache capacity with different content library size 𝑁𝑓. As
shown, the SCDP decreases with the increase of the content
library size. If there are a large number of contents, the span of
the content popularity distribution is large and the popularity
of each content is relatively small for a fixed 𝛿. As a result, the
cache hit rate decreases and the SCDP decreases accordingly
for a given cache capacity.

The impact of backhaul capacity on the SCDP is shown in
Figure 5 for different cache capacity. It can be observed that
the increment of backhaul capacity can effectively improve
the SCDP due to the increasing SBDP for the cache miss UE.
All curves saturate at last, and the larger the cache capacity is,
themore quickly the curve saturates, leading to the left shift of
the backhaul capacity point that reaches themaximumSCDP.

To sum up, the increment of BSs density, cache capacity,
and backhaul capacity can effectively improve the SCDP.
Moreover, the performance increases sharply when the con-
tent popularity is uneven and the content library size is small.

4.2. EE Performance. Figures 6–9 show the performance of
EEwith respect to different system parameters containing the
BSs density, the cache capacity, and the backhaul capacity.
From the figures we can see that the simulation curve and
the numerical curve of EE obtained from Theorem 5 and
Corollary 6 match well, which gives an effective validation of
the numerical results. The general result and the mean load
approximation obtained from Corollary 7 are consistent, but
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Figure 7: EE versus cache capacity with different content popularity
parameter: 𝜆𝑏 = 0.00001m−2, 𝑁𝑓 = 10000, and 𝐶1 = 24 bps.

there still exists difference due to the fact that the operation
of summation in (14) and integral in (24) aggravate the
approximation error.

In Figure 6, the EE variation with regard to BSs density
for different cache capacity is illustrated. As BSs density
increases, the EE first increases benefitting from the improve-
ment of the network throughput and then decreases on
account of the large power consumption. There exists an
optimal BSs density tomaximize the EE. Caching at BSs helps
to improve the EE due to the increment of the delivery rate
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Figure 8: EE versus cache capacity with different content library
size: 𝜆𝑏 = 0.00001m−2, 𝛿 = 0.6, and 𝐶1 = 24 bps.
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Figure 9: EE versus backhaul capacity with different cache capacity:𝜆𝑏 = 0.00001m−2, 𝛿 = 0.6, and 𝑁𝑓 = 10000.

for the one side and the reduction of the backhaul power
consumption for the other side.

Figure 7 shows the influence of cache capacity on the EE
with different content popularity distribution parameter 𝛿.
With the increase of cache capacity, the performance of EE is
improved correspondingly due to the increment of the cache
hit ratio until all contents are cached. Moreover, as parameter𝛿 increases, the EE increases sharply.The reason is that a large
amount of UE requests few popular contents; then a cache
capacity augmentation can improve the EE more effectively.
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Figure 8 depicts the EE versus cache capacity with
different content library size 𝑁𝑓. As content library shrinks,
BS with a fixed cache capacity can store large parts of the
contents and the cache hit ratio increases. The EE improves
due to the increase of the throughput.

In Figure 9, the relationship between the EE and the
backhaul capacity is depicted with different cache capacity.
The increasing backhaul capacity increases the throughput
of the caching miss UE and improves the EE. EE eventually
approaches fixed value, indicating that backhaul capacity is
sufficient to support the cache miss UE. BSs caching further
enhances the EE. The larger the cache capacity, the smaller
the backhaul capacity required to achieve the maximum
EE.

In summary, there exists an optimal BS density to
maximize the EE for a given cache capacity. The EE can be
improved by increasing the cache capacity and the backhaul
capacity. The performance gain is large when the content
popularity is uneven and the content library size is small.

5. Conclusion

In this paper, we analyzed the energy efficiency of cache-
enabled cellular networks with the limited backhaul. Using
stochastic geometry model, the SCDP is investigated. Based
on the auxiliary results of SCDP, we derived the specific
expressions of energy efficiency. Simulations study the effect
of various factors on system performance and confirm that
energy efficiency can be improved dramatically if the content
popularity is skewed, the content library size is small, and the
backhaul capacity is relatively small. Besides, there exists an
optimal BS density to maximize the energy efficiency for a
given cache capacity.

Appendix

Let 𝑓𝑍(𝑧) = 2𝜋𝜆𝑏𝑧𝑒−𝜋𝜆𝑏𝑧2 denote the probability density
function (PDF) of the distance 𝑧 between the tagged user and
its serving BS. The average access delivery rate is derived as
follows:

𝑅𝑎suc = 𝐸 (𝑅𝑎 | 𝑅𝑎 > 𝑅0) = ∫∞
0

𝑃 (𝑅𝑎 > 𝑡 | 𝑅𝑎 > 𝑅0) 𝑑𝑡 = 𝑅0 + ∫∞
𝑅0

𝑃 (𝑅𝑎 > 𝑡)𝑃 (𝑅𝑎 > 𝑅0)𝑑𝑡
= 𝑅0 + ∫∞

𝑅0

∫∞
0

∞∑
𝑚=1

𝑃 ((𝑊/𝑚) log2 (1 + 𝑃ℎ𝑧−𝛼/ (𝐼 + 𝜎2)) ≥ 𝑡)𝑃 ((𝑊/𝑚) log2 (1 + 𝑃ℎ𝑧−𝛼/ (𝐼 + 𝜎2)) ≥ 𝑅0) × 𝑃𝐿 (𝑚) 𝑓𝑍 (𝑧) 𝑑𝑧 𝑑𝑡.
(A.1)

Let 𝛿𝑡 = 2𝑚(𝑡/𝑊) − 1 and 𝛿 = 2𝑚(𝑅0/𝑊) − 1.
(𝑎)= 𝑅0 + ∫∞

𝑅0

∫∞
0

∞∑
𝑚=1

exp (−𝑧𝛼𝛿𝑡𝜎2/𝑃) 𝐸𝐼 (exp (−𝑧𝛼𝛿𝑡𝐼/𝑃))
exp (−𝑧𝛼𝛿𝜎2/𝑃) 𝐸𝐼 (exp (−𝑧𝛼𝛿𝐼/𝑃))

× 𝑃𝐿 (𝑚) 𝑓𝑍 (𝑧) 𝑑𝑧 𝑑𝑡
(𝑏)= 𝑅0

+ ∫∞
𝑅0

∫∞
0

∞∑
𝑚=1

exp (−𝑧𝛼𝛿𝑡𝜎2/𝑃) exp (−𝜋𝜆𝑏𝑧2𝐻 (𝛿𝑡, 𝛼))
exp (−𝑧𝛼𝛿𝜎2/𝑃) exp (−𝜋𝜆𝑏𝑧2𝐻 (𝛿, 𝛼))

× 𝑃𝐿 (𝑚) 𝑓𝑍 (𝑧) 𝑑𝑧 𝑑𝑡 = 𝑅0
+ ∫∞

𝑅0

∫∞
0

∞∑
𝑚=1

2𝜋𝜆𝑏𝑧 exp(−𝑧𝛼 (𝛿𝑡 − 𝛿) 𝜎2𝑃 )
× exp (−𝜋𝜆𝑏𝑧2 (1 + 𝐻 (𝛿𝑡, 𝛼) − 𝐻 (𝛿, 𝛼)))
⋅ 𝑃𝐿 (𝑚) 𝑑𝑧 𝑑𝑡,

(A.2)

where equality (𝑎) holds due to ℎ ∼ exp(1); the proof of (𝑏) is
similar to Theorem 2 in [31]. The proof is complete.
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Content caching is a promising approach to enhancing bandwidth utilization and minimizing delivery delay for new-generation
Internet applications. The design of content caching is based on the principles that popular contents are cached at appropriate
network edges in order to reduce transmission delay and avoid backhaul bottleneck. In this paper, we propose a cooperative caching
replacement and efficiency optimization scheme for IP-based wireless networks.Wireless edges are designed to establish a one-hop
scope of caching information table for caching replacement in cases when there is not enough cache resource available within
its own space. During the course, after receiving the caching request, every caching node should determine the weight of the
required contents and provide a response according to the availability of its own caching space. Furthermore, to increase the caching
efficiency from a practical perspective, we introduce the concept of quality of user experience (QoE) and try to properly allocate the
cache resource of thewhole networks to better satisfy user demands.Different caching allocation strategies are devised to be adopted
to enhance user QoE in various circumstances. Numerical results are further provided to justify the performance improvement of
our proposal from various aspects.

1. Introduction

In today’s rapid development of Internet applications, users
have ever-increasing demand for communication bandwidth
and yet with high expectation for delivery speed from the
Internet. In this connection, scholars proposed content-
centric networking (CCN) to fit in the explosive development
of Internet services [1–4]. With CCN, the network infras-
tructure implements a unified naming scheme for content
data such that the content names are mapped to the IP in
the middle layer. This way, CCN makes the content the main
unit of network addressing and communication. To achieve
the high bandwidth utilization and minimize delivery delay,
the operation of CCN is based on a built-in caching function
within the network wherein intermediate network nodes
cache all passing content and hence potentially can respond
to user requestswithout obtaining the requested content from

their sources. Among others, the caching strategy has a direct
impact on the quality of CCN content distribution network
performance and hence attracted growing attention of the
network research community in recent years.

Technically, with CCN, many of the basic principles
for traditional Internet design are no longer applicable to
the current network environment. Future Internet should
have functions or services to support transparent separation
between content name from the name of the host on which
the content resides. Besides, network security and quality
of service should also be part of the built-in attributes of
the future network. Research on future Internet is pursued
in accordance with two main development trends: (1) the
evolutionary route, which is based on the smooth evolution
of the existing IP network architecture by introducing net-
work services incrementally in a transparent and backward-
compatible manner, and (2) the revolutionary idea, which
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aims to revamp the Internet with a new network architecture
with the necessary next-generation infrastructure services. In
the long run, incremental improvements will introduce a lot
of complexity and inefficiency to the network infrastructure
and hence will not be able to fundamentally solve the
problems of flexibility, reliability, and controllability of the
Internet architecture. In this paper, we focus on the evolu-
tionary route by investigating an IP-based caching network
for meeting needs of new-generation Internet applications
[5–9].

The caching technique of Leave Copy Everywhere (LCE),
as one kind of path caching scheme, is one of themost popular
caching strategy [10, 11], whose basic concept is to cache the
content data by all the caching nodes on return paths when
receiving the content data. While the caching nodes do not
have enough space, the replacement policy of least recently
used will be performed to update local saved content which
means the longest unused contents should be replaced with
the new-coming contents. Although the above-mentioned
strategy is simple and easy to deployed, it can likely cause
redundancy of caching data and high frequency of caching
replacements. Thus, how to design an appropriate caching
strategy, reducing caching redundancy and increasing cache
hit, is a critical point which is worthy of being focused on
[12, 13].

To solve the caching issue raised above, many researchers
have proposed different improvement methods, such as the
LCD strategy proposed in [14].When the data is responded, it
is only cached in the next hop node of the hit node. Reference
[15] mentioned the ProbCache strategy, in which nodes along
the way with a probability 𝑃 cache content, and the closer
to the requester, the greater the value of 𝑃. In addition,
Cho et al. in [16] proposed WAVE Strategy; the upstream
node obtains the file popularity by recording the number of
times that the file is requested. Furthermore, according to
the value of the popularity to the downstream nodes, the
proposal suggested the need to cache chunk and its number.
However, the above-mentioned strategies mainly focus on
the reduction of caching redundancy and the increase of
cache hit ratio and less consider the network bandwidth
savings. Literature [17] proposed Betw caching solution. In
the proposed method, when the packet is returned along the
requested path, the caching is only made at the most impor-
tant node along the way. This strategy reduces the number of
hops in the content transmission in the network. However,
the excessive concentration of caching contents makes the
high-center nodes overloaded which will inevitably lead to
frequent replacement of caching content, thereby reducing
the subsequent utilization of caching resource. In [18], the
authors proposed and described the main building blocks
of a hybrid Fog-supported P2P architecture for wireless
content delivery which is named the Fog-Caching P2P archi-
tecture. The proposal explored the topological information
locally available at the serving Fog-caching nodes, with the
intention to speed up the data searching process carried
out by the served pairs. In [19], the authors raised an
alternative architecture in which the caching and routing
operations are separated and the caching routers are ded-
icated to packet routing when the caching server controls

the whole network caching contents. During the course,
the caching server is supposed to be installed at every
domain.

Many emerging techniques and mathematical methods,
including convex optimization, game theory, and intelligent
algorithms, are utilized to solve the optimal caching issues
in wireless networks [20–23]. Furthermore, numbers of
solutions and strategies from other areas in communication
networks can inspire the scholars to solve the caching difficul-
ties [24–30]. In this paper, we focus on the IP-based caching
architecture which is a research hot point in recent years
[31–35]. In [31], the authors proposed an in-network caching
solution in IP-basednetworks by inserting a content identifier
into a new-coming IPv6 extension header, wherein the
proposed architecture is called caching-based IP networks. In
[32], the authors studied the information-centric networking
architectures with caching functions for their potentials to
adapt to emergency communications which is involved in
the satellite communication networks. In [33], a new type of
threat was introduced to the coherence-exploiting hardware
Trojan which can be implanted in master components in a
system by taking advantage of cache coherence protocols. In
[34], the authors proposedmandatory content access control,
a distributed information flow control mechanism enables a
content provider to control which network nodes can cache
its contents.

In this paper, we propose a caching strategy to enhance
caching efficiency in IP-based network architecture by intro-
ducing the notion of quality of user experience (QoE) and
simplify the replacement method of neighbor node’s caching.
We first design a simple cooperative caching strategy in
IP-based networks to build and discover suitable neighbor
caching nodes and determine whether caching the new
content data according to the weight information of the
contents and current caching status.The caching replacement
method is performedwithin one-hop node region to facilitate
the operations. Furthermore, we mainly pay our attention
on the enhancement of caching efficiency by considering
the effects of caching resource placement on the user QoE.
Due to the nonlinear relationship between the increase of
caching resource and the user QoE, detailed research on the
change of user QoE deserves more attention. In this case,
we give the definition of QoE with respect to the caching
allocation. We mainly focus on how to efficiently use the
caching resource in condition of no enough caching space for
the requests of wireless edges. Various solutions to respond to
the situations where different user demands and emergency
degree are raised to address the caching resource allocation.
In additions, we provide the simulated results to testify our
proposals.

The main contributions of this paper are as follows:

(1) A cooperative caching strategy is designed to simplify
the establishment and implementation of neighbor
caching and replacement in case of limited caching
resource being required by wireless nodes. The main
contribution of this paper lies in that we propose a
simplified caching solution with high feasibility and
low complexity.
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Figure 1: Caching at numbers of wireless edges.

(2) A solution for caching efficiency enhancement is
devised by introducing wireless node QoE. We inves-
tigate how to use limited caching space to increase the
user QoE which leads to an enhancement of caching
efficiency as a result.

The rest of this paper is organized as follows. We give the
system model of caching at wireless edges in Section 2.Then,
the scheme for caching replacement on neighbor nodes along
with the strategy to enhance caching efficiency is proposed
in Section 3. In Section 4, numerical results are supplied to
evaluate the performance of our proposed algorithm. At last,
we conclude this paper in Section 5.

2. System Model

In this paper, we consider an IP-based information-centric
caching networks where caching is installed at plenty of wire-
less edges as shown in Figure 1. Due to the problems on com-
patibility and routing performance of information-centric-
based network mechanism, totally discarding traditional IP-
based networks and adopting information-centric networks
are uneasy to fulfill and deploy currently. On the other hand,
for themultimedia-oriented network circumstance, the com-
munication mode of device-to-device transmission in IP-
based networks has the defects of unavailability for wireless
caching. Thus, we consider an IP-based information-centric

networks with many edges caching as a hybrid networks to
smooth the compatibility and enhance network performance
as well. In Figure 1, some of the wireless edges are equipped
with caching modules rather than all of them. In fact, it is not
essential for all the terminals or base stations to be cached so
as to enhance network performances. Only some key nodes
with large relay transmission tasks should be installed by
caching modules.

Besides, as information-centric caching networks are
characterized by their large numbers of content resource and
dynamic network mechanism, it is difficult to deploy them
as centralized systems. There also exists feasibility problem
for caching networks to completely replace traditional IP-
based networks. Therefore, we consider a hybrid approach
combining traditional networks and caching networks to per-
form our proposed caching strategy for enhancing caching
efficiency and improving system performance. The basic
diagram of transmitting signal and caching content in the
proposed model is as shown in Figure 2.

In the scenario described in Figure 2, users can decide
whether they should carry IP option according to demands in
application services.When the data packets carrying IP infor-
mation arrive at usual routers, they can be relayed directly
without any logical processing. When the data packets reach
the caching routers, they will be processed by logical units
to judge in the routers whether part of contents should
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Figure 2: Diagram of transmitting signal and caching content.

be cached. In addition, many wireless edges, for instance,
routers, macro base stations, small base stations, relay nodes,
andmobile terminals, are considered to be capable of caching
data. Based on the requests marked with content label, the
edges can respond to the content data to save link resource of
the networks and achieve fast transfer of the data packets.

3. Enhancement of Caching Efficiency

Wide deployment of caching at wireless edges can reduce
redundancy flowand content transmit-delay.However, due to
very limited space of caching especially at personal terminals,
how to efficiently utilize caching space of kinds of edges to
improve caching efficiency and network performance is a
critical issue.

Currently, classical caching strategy of Leave Copy Every-
where (LCE) may lead to large caching redundancy and
frequent caching replacement, which inspires more practical
cooperative caching techniques to be raised. Since the path
cooperative caching solution tends to perform decision-
making based on every single path, wherein the caching
policy can incur collision when numbers of paths will pass
by same node. Meanwhile, the centralized processing mode
in local cooperative caching scheme proposed recently will
cause relatively large communication overhead.

To solve the problems mentioned above, this paper
proposes a simple reactive cooperative caching method with
the consideration of user’s quality of experience to enhance
caching efficiency when no enough caching space can be
used during the course. Our proposal carries out caching and
replacement only in one hop of adjacent neighbor router.The
cooperative cachingmethod should fulfill the foundation and
discovery of neighbor relation and then make a judgement
on whether caching the new-coming content data according
to local and neighbor caching information in the past. A
cooperative replacement will occur when local caching space
is insufficient and the information exchange with neighbor
router has been completed.

3.1. Cooperative Caching. The IP-based cooperative caching
strategy we propose is a reactive real-time policy for caching

content data.The strategy can contain the following processes
as follows:

(1) Find neighbor and foundation between caching
routers.

(2) When the caching routers in this circumstance receive
new content data, they will check neighbor caching
information tables. If the caching tables have the cor-
responding contents, no caching will be performed;
otherwise, the caching operation will be forwarded
according to storage space. If the storage space is
sufficient enough, the router caches the content. Oth-
erwise, replacement strategy should be implemented.

3.1.1. Mechanism of Neighbor Finding and Foundation. In
general, the routers within one-hop physical distance can be
called neighbor nodes. For the proposed IP-based caching
networks, usual routers and caching routers coexist simul-
taneously as shown in Figure 3. For traditional mode of
broadcasting to find neighbor routers, information overflow
and high communication cost are likely to happen. Thus, we
design a simple and efficient neighbor finding mechanism in
this paper. In this section, we propose an IP address-based
replacement scheme which adopts Request Integration Table
(RIT) to build the neighbor relationship between caching
routers to ensure symmetry of both uplink and downlink data
and find neighbor routers. The diagram is given in Figure 4.

The main feature of the IP address-based discovery
and replacement mechanism for caching router proposed
in this paper is that each caching node accomplishes this
by continuously updating and recording neighbor nodes’
status information within one-hop scope. In the caching
discovery process, the current cache node first determines
whether the currently received data has a caching value
and checks whether its own caching status is suitable for
storing the content. If all the above conditions are satisfied,
the current node can complete the content caching and
continue forwarding the related content to the next node.
If the current node discovers that the data content does
not need to be cached, it is forwarded directly to the next
node.
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When it is found that the caching content is important
which is worthy of caching, the current node needs to check
the latest neighbor node caching status table if one caching
space is insufficient. If the current node finds that a neighbor
node has a buffer space in the range of one hop, it may send
a request message to ask for caching the current content.

After receiving the caching request, the neighbor node
also determines the weight of the content and provides a
response according to the availability of its own caching
space. If all the conditions can be met, it will reply an
acknowledgement to the requesting node; otherwise, the
request will be rejected. Corresponding caching discovery
and replacement process are shown in Figure 4; the program
architecture used in our proposal is given in Algorithm 1.

3.1.2. Caching Replacement Mechanism. The specific caching
replacement mechanism is described in Algorithm 1. Before
performing caching replacement operation, the neighbor
routers within one-hop scope should judge the weight factors
of every caching request andwhether they have enough cache
space to utilize currently. If the conditions can be met, the
replacement will be forwarded.

3.2. Caching Improvement according to User’s Quality of
Experience. In this subsection, we will further investigate
the caching allocation issue in condition of no enough
caching space for users’ demand.The content of the previous
discussion focuses on how to find the appropriate neighbor
nodes and complete the request and transfer of the cache
content when the space of the current caching node is not
enough. Next, we focus on the same time when the caching
space of the current node is insufficient, the caching space of
the neighbor node is also relatively lacking; at this time the
network needs to make a certain choice of the caching con-
tent. That is to say, the overall caching space of the network
does not meet the need of real-time transmission of caching
content. How to improve the caching efficiency in this case?
Due to the rapid development of mobile data services, a
variety of users of data information is flooding. Compared
with the massive data services, the caching spaces of each

node, routers, server stations, terminals, and other devices are
very limited; thus it is difficult to meet the demand. In this
case, how to cache efficiently is very important.

The traditional methods to improve the efficiency of
caching content include dividing the content of the cache
or dividing the priority, the emergency degree, and the
reasonable cleaning of the historical cache information. This
paper intends to raise amethod to improve caching efficiency
from the perspective of user satisfaction. According to cur-
rent network load, caching allocation strategy for traditional
network to the user group assumes that the cell users’ QoS
demand is stable and similar and allocates from several fixed
cache sizes and neighbor nodes to users. In actual mobile
network interaction, the behavior characteristics and habits
of different users are different. The communication QoS
psychological expectation on the time axis and the change
of user satisfaction will affect the final results of the caching
scheduling.That is to say, there is a certain deviation between
mobile network’s payment on caching resource and the user
satisfaction of expected revenue. In this case, how to further
improve the satisfaction index according to the slight changes
of customer satisfaction, which is to further improve the
efficiency of cache use, in the case of limited resources, is
worthy of in-depth study.

Firstly, assuming that the completion time of the mobile
user expects the task to be completed, the total time length
of the task from submission to feedback confirmation is 𝑇𝑒.
If the task is completed within time 𝑇𝑒, the task can obtain
high satisfaction. The minimum caching resource needed to
complete this task is the unit execution resource, marked
as 𝐶𝑖. The central controller processes 𝑛 tasks successively
in a time segment 𝑇𝑠. At the same time, we introduce the
quality of user experience to represent the user’s experience
satisfaction, and the quality of the total user experience after
the execution of each task can be expressed as

𝑄 = 𝑛∑
𝑖=1

QoE𝑖, (1)

where QoE represents the quality of user experience gained
after the execution of 𝑖 task. User QoE is closely related to the
expected completion time of users.When𝑇𝑐−𝑇𝑒 ≤ 0 (𝑇𝑐 is the
actual completion time of tasks), the QoE value is the highest,
otherwise getting down gradually. However, in general, in
the process of calculation of task execution, the relationship
between the two factors is not simply linearly decreasing,but
a ladder-like broken line, as shown in Figure 5. It can be
seen from the ladder curve that the system completes the task
time reduction and sometimes cannot directly improve the
user QoE, or increasing the amplitude is not proportional
to growth. Then, according to the nonlinear characteristics
of the user QoE, more reasonable scheduling of caching
resources can increase the utilization of network resources.

For given overall caching capacity 𝐶 in the whole net-
works, then the contribution degree to QoE with per caching
resource can be given as

𝑈profit = 𝑛∑
𝑖=1

QoE𝑖𝐶 . (2)
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Initialization:
Caching contents 𝑉 = {V1, V2, . . . , V𝑛} and corresponding weight
factor𝑊 = {𝑤1, 𝑤2, . . . , 𝑤𝑛};
Weight threshold𝑊𝑡; Number of caching contents 𝑘;
Weight comparison factor 𝑔;
New caching content’s size 𝑠;
Neighbor router available cache size 𝑎;
Main routine:
Calculate comparison factor 𝑔𝑖 = 𝑤𝑖/𝑤𝑗, 𝑖 and 𝑗 ∈ 𝑛;
Reorder the comparison factor of new caching contents as𝐺 = {𝑔1, 𝑔2, . . . , 𝑔𝑛}
and the caching content’s size set as 𝑆 = {𝑠1, 𝑠2, . . . , 𝑠𝑛}
if 𝑔 ≤ 𝑔𝑖 (𝑖 = 1, 2, . . . , 𝑛), then

The new content data will not be cached by the local caching node;
if 𝑤𝑖 ≤ 𝑊𝑡, then

The new content data will not be cached by the local caching node;
else

if 𝑠 ≤ 𝑠𝑛 & 𝑎! = 0, then
Replace the content correlated with 𝑔𝑛 by the new content;

else𝑆𝑢 = 𝑠𝑛;𝐹𝑔 = 1;
for 𝑗 = 𝑘 − 1 to 1 run

if 𝑔 > 𝑔𝑗, then𝑆𝑢 = 𝑆𝑢 + 𝑠𝑗;
if 𝑠 ≤ 𝑆𝑢 & 𝑎! = 0, then

Replace queue of 𝐺 = {𝑔1, 𝑔2, . . . , 𝑔𝑛} by the new
content data;𝐹𝑔 = 0;
Break;

end if
else

break;
end if

end for
if Fg==1, then
The new content will not be cached by the caching node;

end if
end

end

Algorithm 1: Caching replacement algorithm.

Content server

Source IP address 
replacement

Source IP address
IP A

Source IP address
IP R1

Source IP address
IP R1

Caching router R3

Source IP address
IP R2

Caching router R1 Usual routerUser terminal

Source IP address
IP A

Caching router R2

Figure 4: IP-based router replacement mechanism.
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In order to maximize the contribution degree in fixed
time slot 𝑇𝑠, the following condition should be met

QoE = max( 𝑛∑
𝑖=1

𝐹 (𝑇𝑒𝑖 − 𝐵𝑖)) , (3)

where

𝐶 = 𝐵1 + 𝐵2 + ⋅ ⋅ ⋅ + 𝐵𝑛. (4)

Through gathering and analyzing the characteristics
information of user behaviors, we can obtain the distribution
probability function of load task and then further predict sets𝐶𝑖 and 𝑇𝑒𝑖 for time slot 𝑇𝑠. Thus, convert the optimization
objective mentioned above to be a multidimensional and
linear optimization problem to solve.

From the aspect of systems, the allocation strategy of
caching resource mainly depends on the two factors includ-
ing the distribution probability of user’s task delivery over
time line and completion time expected by the user. We plan
to divide the service time in task controller into numbers of
equal time slots𝑇1, 𝑇2, . . . , 𝑇𝑚.The average execution time for
single task can be expressed as

𝑑𝑡 = (∑𝑘𝑖=1 time (task𝑖))𝑘 . (5)

The user’s expected completion time can be judged by
the user’s feedback results or the frequency of the task to be
refreshed. If the frequency of user query or refresh is faster,
the shorter the expected task completion time is, the more
urgent the demand is, the higher the satisfaction expectation
is. According to the user’s query frequency, the expected
degree of the time slot 𝑇𝑠 can be divided into three priority
levels and marked by different colors. Blue means lower than
the average, white means average, and red means that the
frequency of inquiries is greater than the average.

The strategy of caching resource supply should be care-
fully divided according to the degree of urgency and the busy
state. When the user’s work status is classified into two types,

Busy

Multidimensional
Optimization for
maximizing caching
efficiency

Maximizing the
utilization of the
minimum resource
block required by the
task

Idle

General Emergency

Local resource
optimization with
minimal completion
time

Multidimensional
optimization with
least completion time
priority

Figure 6: Caching management diagram.

idle and busy, the query frequency corresponds to the general
and emergency two cases. The caching scheduling policy
at this point is shown in Figure 6. Different optimization
strategies should be applied to solve the problem of caching
resource allocation at the wireless edges. In the following
section of simulation test, we will give the performances of
our proposal compared with the other general method of
caching solution.

4. Numerical Results

In this section, we perform several simulation tests to testify
our proposed method. Based on the NS-3 simulation plat-
form [36]; we simulate and analyze the proposed cooperative
caching replacement solution within neighbor nodes and the
scheme of caching efficiency improvement. In the following
tests, a network platform is built based on numbers of caching
module, and a BRITE topology generator is used to generate
a network topology according to Waxman probability model
[37, 38]. The network includes overall 80 routers, containing
20 caching routers. The location of all the wireless edges is
random. Furthermore, 60 terminals along with 10 content
servers coexist in the network. The user requests to send
signal by the rate of 10 times per second. The contents of the
network data have 5000 types. Interaction between neighbors
is performed per 3 seconds; the total simulation time is 2000
seconds.

As shown in Figure 7, we give the performance of cache
hit ratio with changing cache size between our proposal
and other two methods. LCE solution denotes the caching
technique of Leave Copy Everywhere which is a traditional
method to caching the content data by all the caching nodes
along the return paths when receiving the content data. The
method of CCTH denotes the cooperative caching strategy
with neighbor detection scope of two hops. CCTH adopts
similar caching scheme compared with our proposal except
for the detection scope. We can observe from Figure 7 that
the cache hit ratio rises obviously with increase of cache
size. Due to more caching space occupied in network nodes,
the performance of LCE outperforms our proposed method.
However, the increase of cache hit ratio of our proposal is
relatively faster than that of LCE. Besides, the cache hit ratio
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Figure 8: Traffic reduction ratio with changing cache size.

of CCTH method is approaching to that of LCE solution
and better than our method due to expanded detection scope
from one neighbor hop to two neighbor hops.

Furthermore, as shown in Figure 8, the traffic reduction
ratio with changing cache size is presented. It is apparent
from the figure that the traffic capacity will be affected
due to the increase of cache size. Since the LCE method
needs more caching nodes to involve in the networks, the
traffic reduction ratio is relatively high compared to other
methods. Besides, due to the increase of scanning area of
neighbor caching replacement for CCTH method, more
replacements and exchanges of caching contents will occur
which leads to the increase of traffic reduction ratio as a
result.
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In Figure 9, we further give the performances of user
QoE under optimal cache allocation raised in this paper and
average caching allocation. The definition of QoE has been
given in (3), and we randomly select 10 terminals to figure
out the average value. We thus allocate and activate more
cache resources to the terminals raising frequent requests
during the transmission. The optimal caching allocation
elastically assigns limited resource to users. Compared to
the average cache allocation method, our scheme can receive
high user QoE with less cache size. Besides, as shown in
Figure 10, the cache hit ratio with changing cache size is
presented. With the increase of cache size, the cache hit
ratio in optimal cache allocation scheme is approaching to
the method of LCE who has more caching nodes in the
networks.



Wireless Communications and Mobile Computing 9

5. Conclusions

In this paper, we investigate the caching problems including
caching replacement and caching efficiency enhancement
in IP-based communication systems where most of the
caches are installed in various wireless edges. The main
contribution of this paper lies in that we devised a simplified
caching replacement and user QoE-based caching allocation
scheme to improve caching efficiency at wireless edges.
During caching replacement operation, each caching node
accomplishes the cache detection by continuously updating
and recording neighbor nodes’ status information within
one-hop scope. Besides, we introduce the concept of user’s
QoE to describe the caching efficiency from another aspect.
By adopting different kinds of optimization solutions to
properly allocate nodes’ cache resources, user’s QoE can
be improved as a result. Simulation tests are performed to
testify our proposal’s performances. By comparing with other
traditional caching method in wireless systems, we give the
presentations of several solutions in perspective of cache hit
ratio and traffic reduction ratio. With the increase of cache
size, our proposal can reap rapid and reasonable capacity
improvement with relatively low cache size.
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Signal detection is one of the fundamental problems in three-dimensional multiple-input multiple-output (3D-MIMO) wireless
communication systems. This paper addresses a signal detection problem in 3D-MIMO system, in which spatial modulation (SM)
transmission scheme is considered due to its advantages of low complexity and high-energy efficiency. SMbased signal transmission
typically results in the block-sparse structure in received signals.Hence, structured compressed sensing (SCS) based signal detection
is proposed to exploit the inherent block sparsity information in the received signal for the uplink (UL). Moreover, normalization
preprocessing is considered before iteration process with the purpose of preventing the noise from being overamplified by the
column vector with inadequately large elements. Simulation results are provided to show the stable and reliable performance of the
proposed algorithm under both Gaussian and non-Gaussian noise, in comparison with methods such as compressed sensing based
detectors, minimum mean square error (MMSE), and zero forcing (ZF).

1. Introduction

Multiple-input multiple-output (MIMO) systems improve
reliability and spectral efficiency of communication systems
as a result of multiple antennas and have been included in
the fourth generation (4G)mobile communication standards
[1, 2]. Nowadays, three-dimensional multiple-inputmultiple-
output (3D-MIMO) system, equipped in a 2D planar array
with a large number of active antennas, has shown large
potential in increasing system capacity [3–5]. In 3rd Gen-
eration Partnership Project (3GPP) Release 12, 3D-MIMO
system has been considered as an important technique for
throughput enhancement and multiuser interference miti-
gation [6, 7]. Signal detection is one of the fundamental
problems in 3D-MIMOwireless communication systems due
to the requirement of synchronization between the antennas
and the strong interchannel interference (ICI) between each
of the receive antennas [8].

Spatial modulation (SM) has attracted much research
attention as a novelmultiantenna transmission scheme due to
its advantages of low complexity and high-energy efficiency
[9, 10]. In addition to phase and amplitude modulation, SM

can also utilize transmit antennas’ indices as the third dimen-
sion in order to invoke for more transmitting information.
Unlike the traditional MIMO systems, the SM transmitter
in 3D-MIMO systems uses massive transmit antennas but
a small number of radio frequency (RF) chains, which
significantly improves energy efficiency of the whole system,
because the hardware cost and power consumption increase
highly with the number of RF chains [10, 11].With only one or
several transmit antennas being active at each time slot, ICI at
the receiver and the need to synchronize the transmit anten-
nas can be largely reduced [12–15]. Moreover, with only one
or several nonzero components in transmit signal at each slot,
the inherent sparsity of SM-3D-MIMO signals can be utilized
in signal detection. Since users have the same active antenna
selection scheme and share the same spatial constellation
symbol, the received signal has the block-sparse structure
which can be utilized in signal detection via structure
compressed sensing.

For the novel transmit systems, suitable signal detection
algorithms are required to obtain signals. The maximum-
likelihood (ML) detector has too high complexity which will
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Figure 1: Signal constellation symbol and spatial constellation
symbol in the SM 3D-MIMO system, where 𝑁�푡 = 4, 𝑁�푎 = 1, and
4QAM are taken into account as an example.

linearly increase with the size of the symbol constellation
and the numbers of transmit and receive antennas [16].
Sphere decoding (SD) based [17] and linear minimum mean
square error (LMMSE) based signal detecting method will
suffer from large and considerable performance reduction
in the SM-MIMO systems [18]. Compressed sensing (CS)
theory should be used to reliably improve the signal detecting
performance due to the exploiting of the inherent sparsity
information in SM signals [19, 20]. In [21], CS theory is used
for signal detection inmultiple access large-scale channels. In
[22], a structured compressed sensing based signal detecting
algorithm is proposed for the massive spatial modulation
MIMO systems. Paper [23] gives a performance evaluation
of the existing signal detecting algorithms such as SCS
based SSP algorithm, CS based SP algorithm, and other
conventional methods. On the basis of existing near-optimal
signal detection algorithms, this paper proposes a modified
SCS based algorithm for the spatial modulation 3D-MIMO
systems.

The rest of this paper is organized as follows. Section 2
presents spatial modulation, maximum-likelihood detection,
and compressed sensing. Section 3 introduces the proposed
normalized structured subspace pursuit algorithm. Section 4
gives simulation results and performance analysis of several
signal detectors.

2. System Model

Spatial Modulation. In spatial modulation MIMO systems,
the transmitter has 𝑁�푡 transmit antennas and 𝑁�푎 < 𝑁�푡
active antennas, and the receiver has𝑁�푟 receive antennas.The
information bit stream is grouped into two parts: the first part
with ⌊log2 (

�푁𝑡�푁𝑎 )⌋ bits is mapped onto the spatial constellation
symbols which indicate different selection schemes of the
active transmit antennas, and the second part with log2 𝐿 bits
is mapped onto the signal constellation symbols derived from
the signal constellation set of 𝐿-ary.Therefore, the total infor-
mation carried by each SM signal is 𝑁�푎 log2 𝐿 + ⌊log2 (

�푁𝑡�푁𝑎 )⌋
bits. Figure 1 shows an example of signal constellation symbol

and spatial constellation symbol in the spatial modulation
3D-MIMO system.

At the receiver, the received signal y ∈ C�푁𝑟×1 is equal to

y = Hx + w, (1)

where x ∈ C�푁𝑡×1 is the SM signal generated from the
transmitter and w ∈ C�푁𝑟×1 is the additive noise vector. H =
R1/2�푟 H̃R1/2�푡 ∈ C�푁𝑟×�푁𝑡 represents the correlated flat Rayleigh-
fading MIMO channel, and H̃ is composed of the entries
which obey the independent and identical distribution
CN(0, 1). R�푟 is the correlation matric of the receiver and
R�푡 is the correlation matric of the transmitter [24]. R is the
correlation matrix composed of 𝑟�푖�푗 = 𝑟|�푖−�푗| and 𝑟 is the corre-
lation coefficient between neighboring antennas. Obviously,
it is a nondeterministic polynomial hard (NP-hard) detection
problem at the receiver.

Maximum-Likelihood (ML) Detection. ML signal detection is
the optimal signal detector to the NP-hard problem [25]. It
can be expressed as

x̂ML=arg min
supp(x)∈A,x∈B

‖y−Hx‖2 . (2)

However, the ML signal detector is unrealistic with the

high computational complexity of O(𝑀�푁𝑎2⌊log2(
�푁𝑡�푁𝑎 )⌋) when

𝑁�푡, 𝑁�푎, and 𝑀 are large [16, 26].

Compressed Sensing (CS). Using sparsity, compressed sensing
can provide reliable detection for 𝑠-sparse signals. CS is
formulated as y = Φx, where y ∈ R�푚 is the measurement
vector and Φ ∈ R�푚×�푛 is the measurement matrix with 𝑚 <
𝑛. Moreover, Φ is a matrix satisfying the restricted isometry
property (RIP) [27, 28], 𝑚 is greater than 𝑐1𝑠 log(𝑛/𝑠) for
some small constant 𝑐1, and x can be reconstructed by ℓ1-
minimization as

x̂ = arg min
y=Φ𝑥 ‖x‖ℓ1 . (3)

Note that RIP identifies the so-called isometry constant 𝛿�푠
of the measurement matrix Φ as the smallest number such
that (1 − 𝛿�푠)‖x‖22 ≤ ‖Φx‖22 ≤ (1 + 𝛿�푠)‖x‖22 holds for 𝑠-sparse
vector x. The perfect reconstruction of 𝑠-sparse vector can
be achieved if the sampling matrixΦ is properly designed to
satisfy 𝛿�푐2�푠 < 𝜃 for some constant 𝑐2 [26, 29].

3. The Proposed Signal Detection Algorithm in
SM 3D-MIMO Systems

3.1. Grouped Transmission Scheme. The SM signal x�푘 is trans-
mitted from the 𝑘th user in one time slot and is expressed
as x�푘 = e�푘s�푘. It is composed of two parts: the first part of
spatial constellation symbol e�푘 ∈ C�푛𝑡 and the second part
of signal constellation symbol s�푘 ∈ L which is generated by
𝐿-ary modulation. Because each user employs only one RF
chain, there is just one nonzero entry of e�푘 which is on behalf
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of the active transmit antenna. Hence, the rest of the entries
in e�푘 are all equal to zero; that is,

supp (e�푘) ∈ A,
e�푘

0 = 1,
e�푘

2 = 1,

(4)

where A = {1, 2, . . . , 𝑛�푡} represents the spatial constellation
symbol set. Therefore, every SM signal x�푘 contains log2(𝐿) +
log2(𝑛�푡) bits per channel use (bpcu), so the entire throughput
coming from the transmitter is 𝐾(log2(𝐿) + log2(𝑛�푡)) bpcu.

At the transmitter, it is set that one group contains 𝐺
consecutive SM signals. The SM signals form one group have
the same spatial constellation symbol and active antenna
selection scheme; that is,

supp (x1�푘) = supp (x2�푘) = ⋅ ⋅ ⋅ = supp (x�퐺�푘 ) , (5)

where x1�푘, x
2
�푘, . . . , x

�퐺
�푘 are SM signals of the 𝑘th user in 𝐺

consecutive symbol slots.Thus they show the feature of struc-
tured sparsity, which can be exploited as a priori information
to improve the performance of the signal detection.

At the receiver, only 𝑀RF receive antennas are needed to
receive signals because of the reductive numbers of RF chains
at the BS. With 𝐾 users concurrently served at the BS, the
received signal y�푞 ∈ C�푀RF which is form the 𝑞th time slot can
be expressed as

y�푞 =
�퐾
∑
�푘=1

y�푘,�푞 + w�푞 =
�퐾
∑
�푘=1

H�푘x�푘 + w�푞, (6)

where H�푘 ∈ C�푀×�푛𝑡 represents the MIMO channel matrix
from the 𝑘th user.

3.2. Normalized Structured Subspace Pursuit Algorithm. The
proposed NSSP algorithm is described in Algorithm 1. In the
NSSP algorithm, there is normalization preprocessing before
the iteration process, after which (1) can be written as

y = H�耠Cx + w, (7)

where C ∈ R�푁𝑡×�푁𝑡 is a diagonal matrix and its diagonal
elements are the ℓ2-norm of H−,�푖 denoting the 𝑖th column of
H.H�耠 is of dimension𝑁�푟×𝑁�푡. Let x�耠 = Cx; (8) can be written
as

y = H�耠x�耠 + w. (8)

Different from conventional compressed sensing based
detectors, where the sensing and recovery processes share the
same measurement matrix, the normalization preprocessing
allows different matrices during the two processes. After the
normalization preprocessing, the noise will not be overam-
plified by the column vector with inadequately large elements
[26].

On the other hand, the spatial constellation set will be
exploited as a priori information in the NSSP algorithm. It
means that the estimated support set during each iteration

Input: y(�푡): the received signal
H(�푡): the channel matrix
𝑁�푎: the number of active antennas

Output: x̂(�푡): the recovery signal for 1 ≤ 𝑡 ≤ 𝐺
(1) for 𝑠 = 1 to 𝑁�푎
(2) letH�耠(�푡)−,�푠 be normalized 𝑠th columnH(�푡)−,�푠 ofH

(�푡)

(3) H�耠(�푡) = [H�耠(�푡)−,1 ⋅ ⋅ ⋅H
�耠(�푡)
−,�푁𝑎 ]

(4) 𝑘 = 1, 𝑇0 = 𝜑, r(�푡) = y(�푡)
(5) for 𝑘 ≤ 𝑁�푎
(6) u(�푡) = (H�耠(�푡))∗r(�푡)

(7) 𝑃 = argmax�푃 {∑
�퐺
�푡=1 ‖u

(�푡)
�푃‖
2
2, 𝑃�耠 ∈ A}

(8) Ω = 𝑇�푘−1 ∪ 𝑃
(9) w(�푡) = (H�耠(�푡)Ω )†y(�푡)

(10) 𝑇�푘 = argmax�푇 {∑
�퐺
�푡=1 ‖w

(�푡)
�푇‖
2
2, 𝑇�耠 ∈ A}

(11) r(�푡) = y(�푡) − H�耠(�푡)(H�耠(�푡)�푇𝑘 )
†y(�푡)

(12) 𝑘 = 𝑘 + 1
(13) x̂(�푡) = (H(�푡)�푇𝑘 )

†y(�푡)

Algorithm 1:Our proposedNSSP based signal detection algorithm
in spatial modulation 3D-MIMO systems.

should belong to the predefined spatial constellation set.
During each iteration, the potential true indices will be
obtained according to the correlation between the MIMO
channels and the residual in the previous iteration, and then
the estimated support set will be updated after the least
squares.

It is proved that the recovery performance of SCS based
signal detectors is better than the traditional CS based signal
detectors with themeasurement vectors of the same size [30].
The structured compressed sensing based algorithm can solve
multiple sparse signalswith common support set but different
measurement matrices [22].

The description of the NSSP algorithm is given as follows:

(1) The parameters of input are the measurement vector
y, the number of active antennas 𝑁�푎, and the channel
matrixH.

(2) The normalization preprocessing performs before
iteration process. H�耠 is of dimension 𝑁�푟×𝑁�푡 and C ∈
R�푁𝑡×�푁𝑡 is a diagonal matrix whose diagonal elements
are the ℓ2-norm ofH−,�푖 denoting the 𝑖th column ofH.

(3) In the support merging section, according to the
correlation u(�푡) between the previous residual iter-
ation and the MIMO channels, a potential support
set P which makes the correlation u(�푡) largest will be
selected from the predefined spatial constellation set.

(4) After updating the current support set T�푘, wrong
indices will be removed and most likely indices will
be selected according to the least squares.

(5) The normalization preprocessing allows different
measurement matrices during the sensing and recov-
ery process; the matrix during the sensing process
is H�耠 in lines (6)∼(12) and the matrix during the
recovery process isH in line (13).
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Table 1: Simulation parameters.

Parameters Value
Transmit antenna number at BS 96
Transmit antenna number in
each user 1

Receive antenna number at BS 64
Modulate mode 16-QAM

Noise model Gaussian/non-Gaussian
noise
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Figure 2: BER versus SNR performance of ZF, MF, MMSE, SP, and
NSSP over uncorrelated Rayleigh-fading MIMO channels, where
𝐾 = 24, 𝑁�푎 = 24, 𝑁�푡 = 96, 𝑁�푟 = 64, 𝐺 = 1, and 16QAM and
Gaussian noise are considered.

(6) The parameter of output is the estimated signal x̂(�푡) =
(H(�푡)�푇𝑘 )

†y(�푡).

4. Performance Analysis

Here we present the bit error rate (BER) performance of the
proposed algorithm and several signal detection algorithms.
The ZF, MF, and MMSE detection is simulated for compar-
isons. And the SP algorithm is chosen as CS based signal
detection for comparison.Theparameters are listed inTable 1.
𝑁�푡 is the number of transmit antennas, 𝑁�푎 is the number of
active antennas in each user, and 𝑁�푟 is the number of receive
antennas at the receiver. 16QAM signal constellation set is
considered.

Figure 2 showsBERversus signal to noise ratio (SNR) per-
formance of ZF, MF, MMSE, SP, and NSSP over uncorrelated
Rayleigh-fading MIMO channels, where 𝐾 = 24, 𝑁�푎 = 24,
𝑁�푡 = 96, 𝑁�푟 = 64, 𝐺 = 1, and 16QAM and Gaussian noise
are considered. It can be observed that the proposed NSSP
algorithm outperforms the conventional signal detectors
since the normalization preprocessing is considered and the
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non-Gaussian, MF
non-Gaussian, MMSE

non-Gaussian, SP
non-Gaussian, NSSP
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Figure 3: BER versus SNR performance of ZF, MF, MMSE, SP, and
NSSP over uncorrelated Rayleigh-fading MIMO channels, where
𝐾 = 24, 𝑁�푎 = 24, 𝑁�푡 = 96, 𝑁�푟 = 64, 𝐺 = 1, and 16QAM and
non-Gaussian noise are considered.

structured sparsity of sparse signals is exploited. The perfor-
mance of the NSSP algorithm and the SP algorithm is similar
under the Gaussian noise.

Figure 3 shows BER versus SNR performance of ZF,
MF, MMSE, SP, and NSSP over uncorrelated Rayleigh-fading
MIMO channels, where 𝐾 = 24, 𝑁�푎 = 24, 𝑁�푡 = 96, 𝑁�푟 = 64,
𝐺 = 1, and 16QAMand non-Gaussian noise are considered. It
is obvious that the NSSP algorithm gives better performance
than conventional signal detectors especially when the SNR is
comparatively high.Moreover,TheNSSP algorithmperforms
much better than the SP algorithm under the non-Gaussian
noise.

Figures 4 and 5 shows BER versus SNR performance of
the NSSP algorithm under Gaussian noise and non-Gaussian
noise, respectively, with different numbers of transmit anten-
nas and receive antennas. For example, NSSP-64 ∗ 48 means
there are 64 transmit antennas and 48 receive antennas in
this simulation. It may be concluded that the NSSP algorithm
has stable and reliable performance under both Gaussian and
non-Gaussian noise. Moreover, it performs better when the
numbers of transmit and receive antennas are larger.

5. Conclusion

This paper proposed a structured compressed sensing based
signal detection for the SM-3D-MIMO system. Firstly, nor-
malization preprocessing is considered before iteration pro-
cess with the purpose of preventing the noise from being
overamplified by the column vector with inadequately large
elements. Secondly, the inherent sparsity of 3D-SM-MIMO
signals is utilized in signal detection to reduce computation.
Finally, simulation results have been provided to confirm the
merits of the proposed methods in detection.
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Figure 4: BER versus SNR performance of the NSSP algorithm
underGaussian noisewith different numbers of transmit and receive
antennas.
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Figure 5: BER versus SNR performance of the NSSP algorithm
under non-Gaussian noise with different numbers of transmit and
receive antennas.
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