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A B S T R A C T

To meet the ever-increasing traffic demand and enhance the coverage of cellular networks, network densification
is one of the crucial paradigms of 5G and beyond mobile networks, which can improve system capacity by
deploying a large number of Access Points (APs) in the service area. However, since the energy consumption of
APs generally accounts for a substantial part of the communication system, how to deal with the consequent
energy issue is a challenging task for a mobile network with densely deployed APs. In this paper, we propose an
intelligent AP switching on/off scheme to reduce the system energy consumption with the prerequisite of
guaranteeing the quality of service, where the signaling overhead is also taken into consideration to ensure the
stability of the network. First, based on historical traffic data, a long short-term memory method is introduced to
predict the future traffic distribution, by which we can roughly determine when the AP switching operation
should be triggered; second, we present an efficient three-step AP selection strategy to determine which of the APs
would be switched on or off; third, an AP switching scheme with a threshold is proposed to adjust the switching
frequency so as to improve the stability of the system. Experiment results indicate that our proposed traffic
forecasting method performs well in practical scenarios, where the normalized root mean square error is within
10%. Furthermore, the achieved energy-saving is more than 28% on average with a reasonable outage probability
and switching frequency for an area served by 40 APs in a commercial mobile network.
1. Introduction

The vision of 5G and beyond mobile network lies in improving the
system performance with better coverage and higher data rates [1].
Recently, cellular traffic still tends to keep a continuous 1000 � increase
due to the popularity of mobile terminals, which poses a challenge to the
access network. Network capacity upgrade is a critical factor to satisfy
the explosive data rate requirement. The densely deployed network, such
as the Heterogeneous Network (HetNet) and Cloud Radio Access
Network (C-RAN), is defined as the network consisting of a large number
of small-scale Base Stations (BSs) or Access Points (APs), and is deemed
as a promising architecture to enhance the system capacity [2]. The
HetNet is identified as amixture of bothmacro cells and different kinds of
small cells to provide seamless coverage and high-speed transmissions
[3]. The C-RAN enables efficient network deployment with low
complexity by separating the base band signal processing procedures and
the radio transceivers with the centralized base band units and remote
radio heads [4]. On the one hand, network densification is regarded as a
major trend in future mobile networks for meeting the ever-growing data
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demand and high spectral efficiency. On the other hand, the introduction
of densely deployed network also increases the energy consumption of
the network significantly since APs in the active mode account for about
60%–80% of the network energy consumption [5], thereby the green-
house gas (CO2) emissions will be aggravated. Energy efficiency has long
been a major problem of great interest in the mobile communication
system. Reducing energy consumption while ensuring various Key Per-
formance Indicators (KPIs) has become a vital design goal [6,7].

Quality of Service (QoS) is one of the most important KPIs for mobile
service providers, the prerequisite of which is to ensure the transmission
rates of users at any time. The commercial mobile networks are usually
designed with a certain level of redundancy to guarantee the peak rate
demand of the users served by the system, i.e., the number of APs
deployed in the mobile network depends solely on the statistical peak
traffic distribution in the service area [8]. From another viewpoint, the
population migration in the service area leads to a fluctuating traffic load
distribution for a givenmobile network [9]. As illustrated in Fig. 1, which
illustrates the 24h traffic demand in a week, people's day and night living
behavior would generate periodic fluctuations in the traffic distribution.
S. Wang).
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Fig. 1. An instance of the temporal distribution of cellular traffic demand
during a week in a central business district.
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If the APs in such areas are always active, a huge amount of energy would
be wasted since the active APs still consume sizable power even though
they serve few users at night. Naturally, switching off APs with a light
load is a reasonable approach to save energy for both economic and
environmental considerations [10].

The potential of AP switching on/off for saving energy in dense
coverage areas has been corroborated in [11] based on the dataset from
an operational network, where results indicate that about 17% of APs
have low traffic load in 50%–99% of the time. Meanwhile, the research in
[12] suggests that the proper selection of APs to be activated is also
important since around 60% of APs’ power consumption scales with the
traffic load.

The key question then comes down to when and which APs should be
switched off. The AP switching scheme should correspond to the
instantaneous traffic demand, which requires the knowledge of real-time
rate requirements. Once the network can capture the near future traffic
patterns, it can subsequently trigger AP switching operations without
deteriorating the QoS. Accurate and robust traffic prediction plays an
essential role in tracing the fluctuating traffic loads of APs [13]. For
example, Auto-Regressive Integrated Moving Average (ARIMA) and its
derivatives are common methods for time series analysis and prediction
[14]. Recently, with the development of big data and computing power,
Machine Learning (ML) techniques have become feasible for network
control and can be exploited in traffic prediction to achieve better per-
formance [15]. For instance, support vector machines [16], Long
Short-Term Memory (LSTM) network [17] and the convolutional neural
network [18] are applied for traffic prediction.

This motivates us to investigate the dynamic AP switching on/off
scheme based on traffic prediction.We aim to switch off a subset of APs at
an appropriate interval to minimize energy consumption under the
constraints of the network KPIs, such as the bandwidth budget, the
spectral efficiency and especially, the rate requirement. It is noteworthy
that the switching frequency is also an important performance indicator
since frequent handovers will cause a decrease in QoS as well as yield an
unbearable signaling overhead. The main contributions of this work can
be summarized as follows:

� We introduce an intelligent LSTM network to deal with the APs' load
prediction problem based on the raw data collected from the signal
measuring instrument, so as to obtain the total traffic demand of the
given service area, where the influence of prediction interval is also
studied.
1024
� We formulate a convex optimization problem of AP selection to
minimize the transmission power with practical network constraints.
A heuristic three-step local search algorithm is proposed to find
promising solutions.

� We develop a dynamic AP switching on/off scheme to balance the
QoS, the switching frequency and the energy consumption, where the
AP selection procedure is triggered in consideration of the traffic
trend and the current active AP set.

The rest of this paper is organized as follows. Related work is pre-
sented and discussed in Section 2. In Section 3, the network model along
with the formulated optimization problem for AP selection are elabo-
rated. The introduced LSTM network for traffic forecasting and the AP
switching on/off algorithm are presented in Section 4. Experiment results
are given with discussions in Section 5. Finally, conclusions are drawn in
Section 6.

2. Related work

AP switching on/off, also known as BS sleeping, has been extensively
investigated in the literature. In the broad sense, it is a special type of cell
zooming, which adjusts the cell size to adapt to the cell load, service
requirement and channel conditions, where zooming in the cell coverage
to zero is equivalent to switching off the AP. In [19], both centralized and
distributed cell zooming algorithms are investigated to achieve a
trade-off between the energy consumption and the outage blocking
probability. In [20,21], relay nodes are introduced to expand the
coverage range of the BS so as to ensure the communication requirements
of the users at the edge of the cell with a high energy efficiency. In [22], a
distance-aware AP switching algorithm is presented based on the intui-
tion that the transmission power increases with the distance between the
user and the APs. In [23], a distributed AP on/off algorithm with the
concern of traffic offloading is proposed. The AP that yields the minimal
effect to the network would be switched off by introducing a
network-impact parameter to maintain network performance. In [24], an
effective local search AP selection algorithm is proposed to minimize the
power consumption while satisfying practical network constraints in the
C-RAN. In [25], an AP switching schemewith user association is designed
to reduce the power consumption as well as balance the load among APs,
where a trade-off between energy saving and network stability is ach-
ieved. In [26], a joint AP clustering and switching strategy based on the
stochastic optimization theory is presented. By using the queue length
information to capture the mismatch between the achievable data rate
and the traffic demand, it can achieve up to 80% energy reduction while
guaranteeing the network capacity.

It is worth noting that real-time traffic demand is also a key issue for
AP switching on/off in practice. Studies [27–29] have shown the pre-
dictability of cellular network traffic, which endows the system to
selectively turn off APs during the off-peak hours. In [27], the traffic is
decomposed into regularity and randomness components, where the
predictability of the regularity part is verified. In [28], the large periodic
components and the small random components of traffic are handled by
Fourier analysis and the LSTM, respectively. And Gaussian process
regression is adopted to recover the residual components. In [29], the
authors jointly consider the spatio-temporal modeling and prediction of
cellular traffic, which can achieve satisfying accuracy. Generally, the
design of AP switching on/off scheme involves precisely prefiguring the
traffic load in the service area at a certain time. In [30], the authors
propose a linear regression and naive forecasting combined with the
hybrid traffic prediction model to make the forecasting as accurate as
possible. The APs are also sorted according to their coverage to make the
turning-off order more reasonable. Results show that up to 48% of APs
can be switched off without impacting the QoS. Different from [30],
which just considers statistical models due to the concern of complexity,
neural networks for traffic forecasting are investigated in [31], based on



Fig. 2. Illustration of TDA: two instances of load balancing partition to find
TDAs with approximately equal traffic demand.

Fig. 3. The network model.
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which a small cell AP would be switched off if its predicted load is under
a threshold, and its load would be migrated to a macro cell AP. It shows
that the energy consumption can be reduced while not causing obvious
coverage loss in HetNets. In [32], a K-means clustering algorithm is used
to divide the APs into different categories so that models only need to be
trained for different clusters. Subsequently a classification method is
applied to predict the states of APs according to the traffic load. The
proposed mechanism can forecast the idle periods in advance so as to
switch off some APs while guaranteeing the QoS. However, all these
studies pay little attention to the switching frequency. It is still of sig-
nificance to match the AP switching scheme with the fluctuating traffic
under an acceptable signaling overhead. In this paper, we study the joint
traffic prediction and dynamic AP switching on/off problem to achieve a
trade-off between energy saving and network stability, including
switching frequency and network KPIs.

3. Network model and problem formulation

3.1. Traffic model

We consider a square region R 2 R2 served by the densely deployed
network, including N APs and a large number of user nodes. To simplify
the formulation later, Traffic Demand Areas (TDAs) are introduced to
1025
abstractly represent the traffic distribution. It is considered that each
TDA contains multiple user nodes with different rate requirements, and
the total traffic demand of TDAs can be seen as approximately equal by
applying a load-balancing partition method proposed in [33], as illus-
trated in Fig. 2. Then our considered service area, where the traffic dis-
tribution is inhomogeneous, can be discretized into M TDAs with an
equal traffic demand, as depicted in Fig. 3.

Denote N ¼ f1;2;…;Ng and M ¼ f1;2;…;Mg as the set of APs and
TDAs, respectively. And the traffic load distributions of different APs are
denoted by L ¼ fL1;…; LNg, where Ln is the time-varying load of AP
n 2 N .

Let x 2 R be a location in the service region, the density of rate
requirement is represented by function Ψ(x). Rtotal and Rm represent the
total traffic requirement in the area R and TDA Rm, respectively. Then
we have

ZZ
R
ΨðxÞdσ ¼ RtotalZZ

Rm

ΨðxÞdσ ¼ Rm � Rtotal

�
M

(1)

Denote hm,n as the channel gain between AP n and TDA m. bm,n and
pm,n are represented as the bandwidth and the power that AP n allocated
to TDA m, respectively. The transmission rate between AP n and TDA m
can be calculated as follows:

rm;n ¼ bm;nlog2

 
1þ pm;njhm;nj2

bm;nðN0 þ Im;nÞ

!
(2)

where N0 is the noise power, and Im,n represents the interference intro-
duced by the active APs with unit bandwidth. And Im,n is set as 0 for
simplicity since the inter-cell interference can be eliminated by signal
processing methods.

Assume that Mn is the set of TDAs served by AP n, and the total rate
requirement of R at time t can be calculated as

Rt
total ¼

X
m2M

Rm ¼
X
n2N

X
m2Mn

rm;n ¼
X
n2N

ln;t (3)

where ln,t 2 Ln is denoted as the traffic load of AP n at time t.

3.2. Power model

The total power consumption of the dense network can be written as
follows:

Ptotal ¼
X
n2N

Pn
fix þ

X
n2N

Pn
trans (4)

where Pnfix and Pntrans are the fixed power and the transmission power of AP
n, respectively. And the fixed part Pnfix influenced by the state of AP can be
expressed as

Pn
fix ¼

(
Pa
f ; AP n is active

Ps
f ; AP n is inactive

(5)

Note that the AP still consumes some power to guarantee the wake up
from the inactive mode, although it is much smaller compared with the
power when the AP is active [10]. The saved power consumption when
AP n is switched off can be written as Psave ¼ Pa

f � Ps
f .

The on/off state of AP n 2 N is defined by a binary variable zn:

zn ¼
�
1; AP n is active
0; AP n is inactive

(6)

Then the total power consumption can be transformed into
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Ptotal ¼ P
n2N

Pa
f zn þ Ps

f ð1� znÞ þ
X
n2N

zn
ηn

X
m2M

pm;n
Fig. 4. Standard LSTM hidden unit.
� �

¼ P
n2N

ðPa
f � Ps

f Þzn þ
X
n2N

zn
ηn

X
m2M

pm;n þ
X
n2N

Ps
f

¼ P
n2N

Psavezn þ
X
n2N

zn
ηn

X
m2M

pm;n þ
X
n2N

Ps
f

(7)

where ηn is the power amplifier efficiency factor, and the last term is a
constant for variable zn. Also note that, according to (2), pm,n can be
written as

pm;n ¼ N0bm;n
jhm;nj2

ð2rm;n=bm;n � 1Þ (8)

3.3. Problem formulation

Our goal is to dynamically select a set of APs to minimize the total
power consumption of the network while guaranteeing the practical
constraints. Define pmax

n and bmax
n as the maximum transmission power

and the available bandwidth for AP n 2 N , respectively. To simplify the

notations, we collect the variables zn's, bm,n's and pm,n's into vectors z!, b
!
,

and p!, respectively. And we define Z ¼ f z! j zn 2 f0;1gg. The problem
can be mathematically formulated as follows:

minimize
z!; b

!
; p!

zn

 X
n2N

Psave þ
X
n2N

1
ηn

X
m2M

pm;n

!

s:t: C1 :
X
m2M

pm;n � znpmaxn ; 8n 2 N

C2 :
X
m2M

bm;n � znbmaxn ; 8n 2 N

C3 :
X
n2N

rm;n � Rm ;8m 2 M

C4 : pm;n � △m;nbm;n ; 8m 2 M;8n 2 N

C5 : z!2 Z; b
!2 RMN

þ ; p!2 RMN
þ

(9)

In (9), C1 and C2 represent the maximum transmission power con-
strains and the available bandwidth budgets for the selected APs. C3 is
one of the network performance guarantee, which ensures the rate
requirement of each TDA. C5 is intuitive. C4 is another performance
guarantee, which represents that the selected APs should meet the min-
imum spectral efficiency requirement of TDAs. To be specific, the spectral
efficiency requirement of TDA m is defined as Sm;n ¼ rm;n

bm;n
� Smin

m , and we

can rewrite it as follows according to (2):

log2

 
1þ pm;njhm;nj2

bm;nN0

!
� Sminm (10)

Let △m;n ¼ ð2Smin
m � 1ÞN0=jhm;nj2, we can get C4.

As users keep moving between different areas, the distribution of
traffic demand in the service area is changing. Solving the optimization
problem defined by (9) requires knowledge of the future traffic demand
on each TDA (i.e., Rm), which is the part that needs to be forecasted.
According to (3), the total traffic demand of the region at time t is the
aggregation of the load of all the APs, so that the problem of spatial and
temporal flow distribution prediction can be transformed into a time
series prediction problem for each single AP. We can use time series
prediction methods, such as the ARIMA and the LSTM, to handle the
problem after obtaining the historical loads of APs.
1026
As aforementioned, the collected data of APs throughout time interval
T (in hour) is L, where Ln ¼ {ln,1, ln,2,…, ln,S} stores the time-varying load
of AP n. Let δ denote the granularity of the data. It is worth noting that the
APs can not be switched at every timeslot δwhen δ is relatively small (i.e.,
less than 20 min) because of the non-negligible operation time and
signaling overhead [34]. Therefore, instead of predicting the traffic of the
next timeslot, traffic values of the next x timeslots are predicted each
time, then a sufficient interval Tp ¼ xδ can be taken to be the switching
interval as well as the desired prediction interval. And the total traffic
demand of the region in duration [t, t þ Tp] is given by

Rtotal ¼
X
n2N

Pj¼tþx
j¼tþ1ln;j
x

(11)

where the average of predicted values is taken as the traffic demand of
the service area at the next interval to achieve a trade-off between the
switch frequency and the real-time traffic demand.

4. Our proposed algorithm

Eq. (9) is a mixed integer programming problem since it involves both
binary variables zn's and real variables pm,n's, bm,n's, which are NP-hard in
general. In this paper, the LSTM network is introduced to handle the
traffic prediction problem and offer a reference for choosing an appro-
priate time interval for AP switching. Then a local search algorithm for
AP selection is proposed to deal with (9). Finally, a dynamic AP scheme
with a judgment of load tendency is designed to determine when to
trigger the AP selection procedure.

4.1. Cellular traffic prediction

Recurrent Neural Networks (RNNs) are commonly used for time se-
ries prediction. RNNs have chain-like structures to allow information to
persist, thus forecasting future information with the knowledge of pre-
vious data. The LSTM network is a special type of RNN, where cell states
and various gates are introduced to avoid the vanishing-gradient problem
in RNNs.

As illustrated in Fig. 4, a standard LSTM unit has three gates inter-
acting with each other to learn the long-term dependencies, namely, the
input gate, the forget gate, and the output gate. The output of these gates
can be written as follows:
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ft ¼ σðWf �½ht�1; xt	 þ bf Þ
it ¼ σðWi �½ht�1; xt	 þ biÞ
~Ct ¼ tanhðWC �½ht�1; xt	 þ bCÞ
Ct ¼ ft 
 Ct�1 þ it 
 ~Ct

ot ¼ σðWo �½ht�1; xt	 þ boÞ
ht ¼ ot 
 tanhðCtÞ

(12)

where σ(⋅) is the sigmoid function, 
 stands for the Hadamard product1,
W and b are the weight matrix and the bias of the gates, respectively.

As mentioned before, we obtained the T-hour traffic data of AP n 2 N
in a given service area D from the signal measuring instrument. It is
denoted as Ln, whose granularity is δ (in hour, 0 < δ < 1). The number of
obtained historical data is Num ¼ T/δ for each AP n 2 N , and the data of
all APs is stored in a dataset L. For each AP n, we can divide the dataset
into training sets and validation sets to train the LSTM network, and the
prediction procedure is given in Algorithm 1. We employ the Normalized
Root Mean Square Error (NRMSE) as the metric of accuracy, which is
defined as

NRMSE ¼ 1
ymax � ymin

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
x

Xx
i¼1

yi � y'i2

s
(13)

where x is the total number of predicted points, yi and y
0
i are the obser-

vation value and prediction value at time i, respectively. ymax and ymin are
the maximum and minimum of y, respectively.
4.2. Local search algorithm for minimizing power consumption

Recall (9), we can decompose this problem to two subproblems as
follows for a given Z:

� Feasibility: Given a subset of APs, is it possible to meet the traffic
demand of all the TDAs under the constraints of power and band-
width budgets?

� Optimality: If possible, is this subset of APs the one that minimizes the
total power consumption under practical network constraints?

These two questions can be summarized as bandwidth and power
allocation.

First, we deal with the feasibility problem of bandwidth and power
allocation, where a capacity margin is reserved for the prediction error
and emergency situations. That is, under a given subset of APs, the traffic
demand of TDAm, which is defined as R

0
m (e.g., R

0
m ¼ 1:2Rm), is supposed

to be satisfied. It can be mathematically formulated as the following
1 Element-wise multiplication for matrix.
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problem, where N s ¼ fn j zn ¼ 1g represents the given subset of APs:

find b
!
; p!

s:t: C1 :
X
m2M

pm;n � pmaxn ; 8n 2 N s

C2 :
X
m2M

bm;n � bmaxn ; 8n 2 N s

C3 :
X
n2N

rm;n ¼ R
0
m ;8m 2 M

C4 : b
!2 RMN

þ ; p!2 RMN
þ

(14)

It is equivalent to the following minimization problem:

minimize
b
!

; p!; ξ

ξ2

s:t: C1 :
X
m2M

pm;n � pmaxn ;8n 2 N s

C2 :
X
m2M

bm;n � bmaxn þ ξ ; 8n 2 N s

C3 :
X
n2N s

rm;n ¼ R
0
m ;8m 2 M

C4 : b
!2 RMNs

þ ; p!2 RMNs
þ

(15)

Eq. (15) is a standard convex optimization problem with a non-
singular Hessian matrix, which can be solved by a fast barrier method
[24]. The solution to (14) exists only if the optimal value of (15) is 0. If a
feasible solution to (14) exists, we claim that the selected AP setN s could
meet TDAs’ future rate requirements with given power and bandwidth
budgets.

Then, if (14) is feasible, we try to optimize the bandwidth and power
allocation, the problem of minimizing total power consumption can be
further expressed as minimizing the transmission power under the
selected subset of APs:

minimize
b
!

; p!
P
n2N

1
ηn

X
m2M

pm;n

s:t: C1; C2 in ð14Þ

C3 :
X
n2N s

rm;n � Rm ;8m 2 M

C4 : pm;n � △m;nbm;n ; 8m 2 M;8n 2 N s

C5 : b
!2 RMN

þ ; p!2 RMN
þ

(16)

Eq. (16) has a similar form with (15), which can also be solved by the
fast barrier method. Denoting PðN sÞ as the optimal solution to (16), we
propose a heuristic three-step local search algorithm to perform the AP
selection procedure. Starting with a feasible solution, such as N s ¼ N ,
we search the optimal subset of APs as follows:

Open: Switch on AP n 62 N s, update the power consumption, and if
PðN s [fngÞ < PðN sÞ, add AP n to N s: N s ← N s [ fng.

Close: Switch off AP n 2 N s, update the power consumption, and if
(14) is feasible and PðN s n fngÞ < PðN sÞ, remove AP n from N s:
N s ← N s n fng.

Exchange: Activate AP n
0 62 N s, turn off AP n 2 N s, update the power

consumption, and if (14) is feasible and PðN s n fng[fn0 gÞ < PðN sÞ,
make the exchange: N s ← N s n fng [ fn0 g.

4.3. Dynamic AP switching on/off scheme

A dynamic AP switching on/off scheme is needed to find the optimal
selection of APs at every switching interval while keeping the system
signaling overhead as low as possible. Different from our prior work [35],
where the AP selection procedure is triggered at each switching interval



Fig. 5. Flowchart of traffic prediction enabled AP switching on/off mechanism.

Fig. 6. Traffic prediction throughout a day with different Tp.

Table 1
Training hyperparameters for LSTM.

Parameter Value

Maximum Num. of Iterations 200
Initial Learning Rate 0.005
Learning Rate Drop Factor 0.2
LSTM Hidden Units 128
LSTM Hidden Layers 2
Optimization Algorithm Adam
Loss Function NRMSE

Table 2
The average NRMSE with different Tp. (δ ¼ 5 min).

Tp (min) Average NRMSE

30 0.0185
60 0.0576
90 0.1154
120 0.1704
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even if current active APs could satisfy the demand, an improved AP
switching scheme with a threshold is proposed to balance the switching
frequency and power saving, the system stability of which is better than
that in [35].

As depicted in Fig. 5, a judgment of the traffic tendency is introduced
based on the predicted traffic distribution obtained by the LSTM. The AP
selection procedure will be triggered when the decrease of traffic exceeds
a given threshold γ or the bandwidth and power requirements can not be
satisfied by current active APs. The decrease indicator is defined as
ðRt�1

total � Rt
totalÞ=Rt�1

total, the range of which is [0, 1].
By taking the current set of active APs and the traffic tendency into

consideration, the proposed switching scheme can avoid unnecessary
switch operations, which makes the system more stable.

5. Experiment results

Experiments are conducted to evaluate the performance of our pro-
posed scheme. Consider a commercial mobile network with 40 APs,
whose sites are distributed uniformly in the service region. The number
of divided TDAs is set as K¼ 100, and the spectral efficiency requirement
of each TDA is 0.1 bit/Hz. For each AP, the maximum transmission power
and available bandwidth are 1 W and 100 MHz, respectively. The effi-
ciency of radio frequency power amplifier ηn is 25%. The power con-
sumption of APs is 3.85 W and 0.75 W in the active and the inactive
mode, respectively. The path loss (in dB) between AP and TDA can be
calculated as 140.7 þ 36.7log10(d), where d (in km) is the distance be-
tween the AP and the center of TDA. The noise PSD is�184 dBm/Hz, and
the standard deviation of lognormal shadowing is 10 dB.

The chosen hyperparameters for the LSTM are given in Table 1, where
the number of LSTM hidden layers is set as 2 with the concern of
complexity and computational cost [36]. The learning rate is shrunk after
150 epochs by multiplying by a factor of 0.2 to avoid divergence. The
Adam optimization is applied to update the network weights [37]. We
use the collected 24-h mobile traffic data from the APs in the service area
to forecast the traffic distribution in future timeslots. The granularity of
the original historical data is 5 min. We later divide the training sets and
the test sets according to the required prediction interval.

First, we investigate the performance of the LSTM network with
different prediction intervals Tp. The prediction interval is chosen from
[30, 60, 90, 120] min, i.e., the training sets are the same and the number
of desired prediction timeslots is x ¼ [6,12,18,24], respectively. Fig. 6
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shows that the longer the prediction interval is, the lower the prediction
accuracy will be. On the one hand, the precision will decrease due to the
accumulative error, which is related to the inherent characteristic of the
LSTM network [17]. On the other hand, since the average of the pre-
dicted values is used to represent the traffic demand in the future period,
the data will be too sparse to depict the trend of traffic when the pre-
diction interval is too large.

Table 2 showsmore clearly that the accuracy is inversely proportional
to the prediction interval. Although the accuracy of Tp ¼ 30 min is the
best, when considering the signaling overhead, we can conclude that the
appropriate prediction interval is Tp ¼ 60 min since it could balance the
prediction error and the switching frequency.

Then, the performances of the ARIMA and the LSTM in the case of Tp¼
60 min are compared in Fig. 7. The ARIMA model is a widely used time
series prediction method based on statistic models. It is defined by three
parameters (p, d, q), which denote the auto-regressive term, differentiation
term andmoving average term, respectively. Here a (3, 1, 3) model is used.
The performances of these two methods are roughly similar since the er-
rors are weakened by the operation of taking the average of predicted
values as the hourly traffic demand. Fig. 7(b) further shows the NRMSE of
the two methods in detail, which suggests that the LSTM outperforms the
ARIMA. The NRMSE of the LSTM is generally half of the ARIMA's. In
addition, since the ARIMA model requires that the data is difference-
stationary, the LSTM will be more suitable for cellular traffic prediction.



Fig. 7. Comparison of ARIMA and LSTM, Tp ¼ 60 min.

Fig. 8. The energy consumption and outage probability with different thresh-
olds, Tp ¼ 60 min.

Fig. 9. The traffic distribution and number of active APs throughout a day, γ ¼
0.25, Tp ¼ 60 min.

Fig. 10. Total power consumption and active number of APs throughout a day,
γ ¼ 0.25, Tp ¼ 60 min.
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Table 3
Switching frequency of different methods.

Method Percentage (%)

Greedy-based 95.83
Minpower 100
Our proposal (γ ¼ 0.25) 41.67

Fig. 11. Total energy consumption and average outage probability, γ ¼ 0.25, Tp
¼ 60 min.
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Finally, the performance of our proposed dynamic traffic based AP
switching scheme is investigated. The rough switching interval is set as 1
h as discussed above, i.e., we trigger the AP switching scheme at the
beginning of every hour. The traffic demand margin is set as 50% to
compensate for the prediction error. We compare our proposal with the
following ones: no AP switching, greedy-based AP switching [38] and
minimum power based AP switching (Minpower) [24]. For no AP
switching, which is used as a benchmark, we only do bandwidth and
power allocation to minimize the transmission power according to the
real-time traffic demand in every hour. For the greedy-based method, all
the APs are active at first, then the AP that yields the largest power saving
would be switched off in each local search based on the traffic prediction
result. For the Minpower, the AP selection procedure is similar to our
proposal, while it does not consider the trend of traffic and the current
active sets of APs. Outage probability is introduced to measure the system
stability. Once the active APs can not satisfy the demand of TDAs, we
regard it as an outage.

Fig. 8 shows the influence of different thresholds γ on our proposal. It
can be seen that the energy consumption is proportional to γ and the
outage probability is roughly inversely proportional to γ. Since the larger
the threshold is, the lower the probability of performing the AP selection
procedure is. We can conclude from Fig. 8 that it is reasonable and
necessary to choose an appropriate threshold to meet the system re-
quirements. γ is set as 0.25 to achieve a trade-off between the energy
consumption and the outage probability.

Fig. 9 depicts the number of active APs by using our proposed algo-
rithm along with the changing traffic demand throughout a day. The
trend of number of APs required to be switched on approximately co-
incides with the traffic loads, and the selected AP set will not change
when the fluctuation of traffic is within a narrow range. The switching
frequency is 41.67%.

We also investigate the saved power throughout a day. As seen from
Fig. 10(a), the power saving is significant compared with no AP
switching, especially when the load is relatively low (e.g., 1:00–7:00),
which corresponds with the expectation. Up to 50% power can be saved
at 7:00 and at least 10% power saving can be achieved at 16:00. The
number of active APs throughout a day is given in Fig. 10(b), which has
the same trend with the power consumption. It can be observed from
Fig. 10 that the performance of our proposal is close to that of Minpower
and generally outperforms the greedy-based method. The result is
reasonable since our proposal tends to maintain the status when the
traffic changes insignificantly while the Minpower method still keeps
searching for the optimal set of active APs all the time. And the greedy-
based method does not find the optimal or minimum subset of APs each
time, which still has redundancy and consumes more power. Table 3
gives the switching frequency of each scheme, the Minpower and the
greedy-based algorithm will change the selected AP set at almost every
switching time, while the switching frequency of our proposal is less than
half of them.

In Fig. 11, the outage probabilities and the total energy consumption
of different methods are shown. The energy consumption decreases 28%
on average by our proposal compared with the no AP switching. Our
proposal can achieve a much lower outage probability at the cost of 8.9%
more energy consumption as compared to the Minpower. And 29.7%
more energy can be saved as compared to the greedy-based method with
a similar outage probability.

In conclusion, although the Minpower can find the optimal subset of
APs with the minimum transmission power to satisfy the traffic demand,
the switching frequency and outage probability of our proposal are much
lower. And compared with the greedy-based algorithm, our proposal can
obtain higher energy saving with a lower switching frequency and a
similar outage probability.
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6. Conclusions

In this paper, we studied the traffic load based AP switching problem
for energy saving in dense networks, where we took the prediction in-
terval, the switching frequency and the outage probability into account.
Firstly, we transformed the complex spatial-temporal traffic prediction
into time series prediction for APs. The problem was solved by an
effective LSTM prediction network. Then, an “open/close/exchange”
local search algorithm was introduced to implement the AP selection
procedure, where bandwidth and power allocation was considered.
Finally, an improved dynamic AP switching scheme based on a threshold
was proposed to adjust the switching frequency and outage probability.
Experiment results reveal that the LSTM network can give accurate
forecasts for the traffic demand, based on which we can further imple-
ment AP switching with a trade-off between signaling overhead and real-
time traffic demand. Numerical results validate that the proposed dy-
namic AP switching scheme can achieve a balance among energy con-
sumption, outage probability and switching frequency. In general, our
proposed scheme can save up to 50% energy when the traffic is relatively
low throughout a day under our scenario, which is promising for building
a green network.
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