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Small cell networks, as an important evolution path for 
next-generation cellular networks, have drawn much 
attention. Different from the traditional base stations 
(BSs) always-on model, we proposed a BSs on-off model, 
where a new, simple expression for the probabilities of 
active BSs in a heterogeneous network is derived. This 
model is more suitable for application in practical 
networks. Based on this, we develop an analytical 
framework for the performance evaluation of small cell 
networks, adopting stochastic geometry theory. We derive 
the system coverage probability; average energy efficiency 
(AEE) and average uplink power consumption (AUPC) 
for different association strategies; maximum biased 
received power (MaBRP); and minimum association 
distance (MiAD). It is analytically shown that MaBRP is 
beneficial for coverage but will have some loss in energy 
saving. On the contrary, MiAD is not advocated from the 
point of coverage but is more energy efficient. The 
simulation results show that the use of range expansion in 
MaBRP helps to save energy but that this is not so in 
MiAD. Furthermore, we can achieve an optimal AEE by 
establishing an appropriate density of small cells. 
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I. Introduction 

With the rapid growth in both data traffic in wireless 
communication and numbers of cellular network subscribers, it 
is becoming more and more difficult for conventional cellular 
systems to maintain minimum quality of service (QoS) 
requirements. 

Densification of wireless cellular infrastructure through 
deployment of low-power access points (APs); that is, a 
heterogeneous network (HetNet), is a promising approach to 
meet increasing wireless traffic demands. A HetNet’s network 
topology is composed of a diverse class of APs differing in 
transmit powers, radio access technologies, and backhaul 
capacities [1]. To meet the required capacity of a HetNet, many 
technologies will begin to emerge, as and when needed. Before 
their practical application, the performance of these new 
technologies must be assessed accurately; thus, new tractable 
models for their analysis and design are urgently needed. This 
paper focuses primarily on analyzing such HetNets.  

By offloading wireless traffic from macro cells to small cells 
and decreasing the distance from users to base stations (BSs), 
small cell networks (SCNs) bring a multitude of benefits, 
including improved coverage, better user experiences, and 
more efficient spatial reuse of the frequency spectrum. 
Moreover, energy efficiency (EE) in cellular networks is 
becoming more and more of an important issue due to both the 
sharp rise in the cost of energy and the rise in carbon dioxide 
emissions [2].  

This paper will focus on the coverage probability (CP) of 
HetNets, which is an important metric of a cellular network’s 
performance. 

In typical cellular networks, BSs use a significant portion of 
energy, reported to amount to about 60% to 80% [3]. Previous 
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works on EE mainly focused on a point-to-point link [4]–[5], 
while inter-cell interference was not modeled elaborately. In [6], 
EE in a cellular setting was investigated, whereby different 
cellular network architectures were compared mainly through 
system simulation. While evaluating network performance 
through system simulation can provide insights into some 
specific settings, the results cannot be extended to other 
scenarios, and the computational complexity is quite high. 
Fortunately, the utilization of stochastic geometry [7]–[8] to 
study cellular networks has been used extensively as an 
analytical tool with improved tractability. Recent works, [9]–
[11], have shown that the modelling of a cellular network with 
BS locations drawn from a homogeneous Poisson point 
process (PPP) is as accurate as the traditional grid models when 
compared with a practical network deployment. Such 
modelling is a tractable approach for characterizing signal-to-
interference ratio distributions.  

Based on these reasons, this stochastic geometry tool is 
adopted to model the locations of BSs in this work. In addition, 
managing load or the number of users sharing the available 
resources per AP plays an important role in realizing capacity 
gains in HetNets. The load at an AP is dictated by the user-to-
AP association strategy adopted in the network. Being able to 
analyze the impact of the load on the performance of systems is 
one of the goals of this paper. With the help of stochastic 
geometry, the optimal macro/micro BS density for energy-
efficient HetNets with QoS constraints was analyzed in [12].  

In the above works, it was assumed that each BS always had 
some user equipment (UE) to serve. We named the model 
associated with this assumption the traditional BSs always-on 
model. However, in a practical network, not all BSs are always 
active. This fact will affect the interference and subsequently 
the performance of the network. Such an interference effect 
becomes more prominent as the BS density increases, so much 
so that the UE density is comparable to the BS density, which 
is possible in small cell scenarios. So, in reality, a typical BS 
will have a certain probability of being active. This “BS active 
probability” is proposed in [13]. In [14], the author analyzes EE 
in SCNs using the probabilities of active BSs. However, [13]–
[14] only focus on homogeneous networks. There is no 
formula in existence relating to the active probabilities of BSs 
in HetNets. In this work, we propose our BSs on-off model 
concerning the active probabilities of BSs in HetNets. Different 
from the BS sleeping mode [15] switching off the BS 
randomly, our model is based on the load of APs. Our 
approximation formula shows that the active probabilities of 
BSs in HetNets are related to UE density; that is, the ith tier AP 
density and the probability that a typical UE is associated with 
the ith tier. 

In this paper, we describe our system model in Section II, 

where we introduce the following two different association 
strategies: maximum biased received power (MaBRP) and 
minimum association distance (MiAD). The BSs on-off model 
is proposed in Section III. Then the CP of a typical UE is 
derived in Section IV. After that, the average energy efficiency 
(AEE) and average uplink power consumption (AUPC) are 
analyzed in Section V. We present numerical results in  
Section VI to verify the validation of our proposed model. 
Finally, conclusions of our work are drawn in Section VII. 
Numerical results confirm that our BSs on-off model is more 
practical. Furthermore, the MaBRP is beneficial for coverage 
but will have some loss in energy saving. MiAD is not 
advocated from the point of coverage but is more energy 
efficient. 

II. System Model 

We consider a K-tier HetNet, which employs an orthogonal 
multiple access technique, as in that of the Orthogonal 

Frequency-Division Multiple Access in Long-Term Evolution. 

The BS active probability model is applied, which means that 
we are assuming that BSs are not always in an active state. 

Each tier’s BSs are given according to an independent two-D 

homogeneous PPP, denoted as Φi, and which is of density λi, i 
= 1, 2, … , k. Without loss of generality, an example of a two-

tier HetNet comprising a macro tier and small cell tier is 

illustrated in Fig. 1. For a given PPP, the number of points in a 
bounded area is a Poisson-distributed random variable, and the 

points are uniformly distributed within the area. All the BSs in 

the network are of open access. The set of all tier-BS pairs in 
the network is denoted by 1 ( , ).

i

k
i j i j      Furthermore, 

the users in the network are assumed to be distributed 

according to an independent 2-D homogenous PPP, Φu, of 
density λu. 

 

 

Fig. 1. Two-tier HetNet model with active and sleep cells. 
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We perform analysis on a typical UE located at the origin of 

the coordinate system by adding a user at the origin, which 

forms the process u {0}.   This action is permitted through 

the use of Slivnyak’s theorem [7], which states that the 

properties observed by a typical point of the PPP are the same 

as those observed by a point at the origin in the process 

u {0}.   

To model the wireless channel, we consider a standard 

distance-based path loss with exponent 2   along with 

Rayleigh fading. Hence, for a typical user, its received power 

from a BS in the ith tier is ,iPgr   where Pi is the BS 

transmission power of the ith tier, g ~ exp(1), and r is the 

communication distance. We assume that all the UEs utilize a 

distance-proportional fractional power control of the form 

u ,P r  where Pu is the constant baseline transmission power 

of UE and ε  (0, 1) is the power control factor. Thus, as a UE 

connects to a new more distant serving BS, the transmission 

power increases, which is an important consideration for 

battery-powered mobile devices. 

1. User Association and Resource Allocation 

First, a general association metric is used, whereby a user is 
connected to a particular tier-BS pair, (m, k), if 

( , )
( , ) arg max ,i ij

i j
m k Z R 


             (1) 

where Rij denotes the distance of a typical user from the BS of 
(i, j), and Zi is the association weight for the ith tier.  

Two different kinds of user association strategies are 
discussed. 

A. MaBRP 

When ,i i iZ P  the association strategy is the cell range 

expansion (CRE) technique. In this paper, we assume that BSs 

in the ith tier use the same bias factor, βi. 

B. MiAD 

When Zi = 1, a typical user is associated to the nearest BS. 
The association strategy will directly influence the load across 
the network. Both MaBRP and MiAD are illustrated in Fig. 2. 
The figure shows that more UEs will associate with high-
power APs in MaBRP, but in MiAD, the result is different in 
that a more balanced network load is achieved instead. For 
notational brevity, we define the following: 

ˆ ˆ ˆ, , and ,j j j
j j j

i i i

Z P B
Z P B

Z P B
             (2) 

which characterize association weight ratio, transmit power  

 

Fig. 2. BS association in two-tier HetNet: (a) MaBRP and (b) MiAD.
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ratio, and bias ratio, respectively. 
Lemma 1. The probability density function (PDF) of the 
distance Rs between a typical UE and its serving BS is given by 

s

2

1

( ) 2 exp( ),
k

R i i
i

f r r Q r


              (3) 

where 

 2

1

ˆ .
k

i j j
j

Q Z





                (4) 

Proof. The cumulative distribution function (CDF) of Rs can be 
expressed as 

   s
1

, UE access to th tier ,
k

i
i

P R r P R r i


      (5) 

where Ri is the distance of the typical user from the nearest BS 
in the ith tier.  

P(Ri < r, UE access to ith tier)                    (6) 

1, 2,...,
0

max ( ) d
i

r
i i j j

j k R
j i
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        (9) 

where the “(a)” in (9) follows from the independence of Φi. 
Now, the CDF of Ri and the probability P (Ri > r) can be 
written as [9] with 

2

( ) 2 ,i

i

r
R if r re                (10) 

  2

.i r
iP R r e                    (11) 

So, substituting (10) and (11) into (9), we obtain 

 

 2 2

0 1, 2, ,

ˆ

, UE access to th tier

2 exp d

i

r

ji
j k

j
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and 
 

s

s
(

d

d
) .R

P R
f r

r

r

    Using (5) and (12), we obtain 

the desired results.                                  ■ 
Lemma 1 confirms our basic intuition of the fact that the 

association strategy and density of BSs will influence the user 
association distance. 
Lemma 2. The probability that a typical user is associated with 
the ith tier is 

.i
i

i

A
Q


                 (13) 

Proof. The result can be proved by a minor modification of 
Lemma 1 of [10]; that is, 

1, 2, ,
maxEi i i j j

j k
j i

A P Z R Z R  




  
  

 


   


          (14) 

 
1, 2,...,
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i i j j
j k R
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     (15) 

From almost the same process as Lemma 1 of this paper, we 
obtain 

 2 2

0 1, 2, ,

ˆ2 exp d .ji
k

i j
j

rA r rZ







     
 




  (16) 

With some simple mathematical derivation, we obtain the 
desired results.                                     ■ 
 From Lemma 2, we find that a user is more likely to connect 
to a tier with high BS density and high association weight Zi. 

We specifically focus on the data channels. When a BS has 
no UE to serve, all the frequency-time resource blocks (RBs) 
for data channels will be left blank, while the other BSs with at 
least one associated UE will occupy all the RBs for data 
transmissions. No intracell interference is incorporated, since 
we assume that orthogonal multiple access is employed among 
intracell UEs. Considering the characteristic of interference-

limited in dense cellular networks, we ignore the effect of  
noise in the calculation of signal-to-interference-plus-noise 
ratio (SINR) in this paper. Furthermore, we utilize the full 
buffer traffic model for all the UEs. Best-effort traffic is 
assumed, and there is no quality or latency requirement for the 
traffic model. The available resources at each BS are assumed 
to be allocated evenly among all its UEs to simulate a round-
robin scheduling of the highest level of fairness. 

III. BS On-Off Model  

In this paper, we switch off the BSs that have no users to 
serve. This will directly influence the interference of the whole 
network. Under the system model presented above, we obtain 
an approximation of the transmitting BS process by 
introducing the probability ηi of a typical ith-tier active BS, the 
BSs on-off model. 
Lemma 3. The probability that a typical BS is active is given 
by 

3.5

u1 1 for 1,2, , .
3.5

i
i

i

A
i k







 

    
 

      (17) 

Proof. Since a BS is inactive when there is no UE associated to 
it, we can obtain ηi using the following result from [11] that 
approximates the PDF of Si; that is, the area of a typical BS of 
the ith tier in a Poisson random tessellation is 

2.53.53.5
( ) exp 3.5 .

(3.5)i

i i i
S

i i i

f x x x
A A A

     
           

  (18) 

So,  

0
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ii SP x f x x
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0
1 ( ) d

i

x

Se f x x


                       (20) 

3.5

u1 1 for 1, 2, , ,
3.5

i

i

A
i k





 

    
 

      (21) 

where the “(a)” in (20) follows from the void probability of the 
UE Poisson process in area x.                         ■ 

Lemma 3 confirms that a higher BS density leads to a lower 
ηi and a higher UE density results in a higher ηi. We also should 
note that the association strategy will influence ηi because of its 
relationship with Ai. Since the independent thinning of a PPP is 
still PPP [16], so given ηi, the transmitting BSs can be 
approximated as a PPP, ,i  having density ηiλ i. 

IV. Downlink CP 

In this section, we derive the CP of a typical UE under the 
system model; that is, the association strategy and BS on-off 
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model presented in Sections II and III, respectively. Given that 
a UE is associated with the ith tier, the CP of this UE is defined 
by 

 SINR ( )E ,i iP r   C           (22) 

where SINRi(r) is the SINR of this UE at a distance r from its 
associated BS, and τ is the SINR target. From the law of total 
probability, the CP, ,C  of a typical UE is 

1

.
k

i i
i

A

C = C                  (23) 

Considering the probabilities of the active BSs, as proposed in 
Lemma 3, we give Theorem 1 as follows: 
Theorem 1. The CP of a typical UE associated with the ith tier 
is 

 
1, 2, , ,

, ,{ }
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i j
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Q
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where      
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              (26) 
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denotes the Gauss hypergeometric function, which is defined 

by the power series 2 1
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   where, 

here, (x)n is the Pochhammer symbol, which is defined by 

1 0,
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( 1) ( 1) 0.n

n
x

x x x n n


        

 

Proof. From (22), the CP of the ith tier is given as 

 
0

SINR ( ) ( )d ,
ii i Rr

P r f r r



 C         (27) 

where ( )
iRf r  is the distance-PDF according to (10). By 

ignoring the effect of noise,  SINR ( ) / ,i ir P gr I  where 
I is the interference power from the other transmitting BSs. 
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i
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P r P
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(b)

I
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P
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where 
1

ˆ for MaBRP,

ˆ for MiAD;

j

jP




  


 the “(a)” in (30) follows 

from g ~ exp (1); the “(b)” in (31) is obtained through a 
Laplace transform of I; and the “(c)” in (32) is obtained from 
[10] with a minor modification; that is, the density of 
interfering BSs in the jth tier is ηjλj and considering different 
association strategies. The function ( , , )Z     is from 

 2/ 1

2 1

2 2 2
( , , ) 1, 1 ; 2 ; .

2

bac a
Z a b c F

b b b c

        
  (33) 

So, substituting (10) and (32) into (27), and with some simple 
mathematical derivation, we obtain the desired results.      ■ 
Combining (13), (23), and (24), the CP of a typical UE is 

 1

.
, ,{ }

k
i

i ji


  

C =
D

             (34) 

This metric represents the average fraction of the cell area that 
is in coverage at any time and is also exactly the 
complementary CDF (CCDF) of SINR over the entire network. 
The validation of Theorem 1 will be verified in Section VI. 

V. EE and Uplink Power Consumption 

First, we derive the AEE of a typical UE, and then the uplink 
power consumption model is proposed. 

1. AEE 

Before we define AEE, we first give the definition of the 
average rate (AR). The AR of a typical UE associated with the 
ith tier is the ergodic rate of a typical UE at a distance r from its 
serving BS, defined as 

 ue E .ln 1 SINR ( )i
i r  R            (35) 

EE is defined as the ratio of spectral efficiency to power 
consumption and is measured in the unit of nats/Hz/W. For a 
typical active BS, the transmission power is allocated 
uniformly for all its UEs. The cell load is approximated as 
follows. 
Lemma 4. The average number of UEs associated with a BS 
in the ith tier is given by 

u
ue for 1,2, , .i

i

N i k
Q


            (36) 

Proof. This result can be proved by a minor modification of 
Lemma 2 in [10].                                  ■ 
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We focus on the AEE of a typical UE, which is given by 

 
ue

ue

ln 1 SINR ( )
AEE E ,ii

i

r

P

 
 
 

            (37) 

where ue ue/i i
i NP P  is the transmission power allocated to a 

typical UE that is associated with the ith tier. From the law of 

total probability, the AEE of a typical UE is 

ue ue
1

AEE AEE .
k

i
i

i

A


              (38) 

Theorem 2. The AEE of a typical UE associated with the ith 
tier is 

 ue
ue 0

/AEE 1, ,{ } d .
i

i Ni P
i i jQ e   

   
  D     (39) 

Proof. From (37), the AEE of a typical UE associated with the 
ith tier is given as 

 
ue

ue
SINR0

ln 1 SIN
AEE E (

(
)d

)
,

R
i i

i

i
i

Rr
f r r

r

P





 
  






   (40) 

where ( )Ri
f r  is the distance-PDF according to (10). 
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where the “(a)” in (41) follows 
0

E[ ] [ ] dX P X x x


   for  

X > 0. 
The rest of the derivation is almost the same as the proof of 

Theorem 1. 
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   (46) 

So, substituting (13) and (46) into (40), and with some simple 

algebraic manipulations, we obtain the desired results.      ■ 
Combining (13), (38), and (39), the AEE of a typical UE is   

 ue/
1

ue 0
1

AEE 1, ,{ } d .i
i

k
P N

i i j
i

e   




  
   D    (47) 

Although not closed-form, the expressions of Theorem 2 are 
efficiently computable numerically as opposed to the Monte 
Carlo methods that rely on repeated random sampling to 
compute their results. Theorem 2 is derived by simple algebraic 
manipulations of Theorem 1; thus, Theorem 2 is tenable by the 
validation of Theorem 1. 

2. Uplink Power Consumption 

The power consumption of UEs is dependent on their 
distances from their serving BSs. Different association 
strategies will seriously impact this distance distribution in 
Lemma 1, which is closely related to uplink power 
consumption.  

We derive the AUPC of a typical UE under the system 
model; that is, the association strategy and BS on-off model 
presented in Sections II and III. The AUPC of a typical UE is 
defined as 

AUPC E .P r   u              (48) 

Theorem 3. For a given HetNet, the AUPC of a typical UE is 

 

u

2 1
2 1

1
2
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k

i

i iQ
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Proof. From (48), 
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where the “(a)” in (51) is from Lemma 1 and the “(b)” in (52) 
follows: 

 

 

1

0
exp d

1
, Re 0, Re 0, 0 ;

p

p

x x x

p
p p







  

 





 
     

 


   (53) 

and with some simple algebraic manipulations, we obtain the 
desired results.                                     ■ 

The validation of Theorem 3 will be verified in Section VI. 
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VI. Numerical Results 

By giving interpretations to these results, we present the 
relationship between different network parameters and several 
system performance metrics, such as, CP, AEE, and AUPC. 
The results based on the traditional BSs always-on scenario 
[10] are also presented for comparison. Without loss of 
generality, we analyze the performance of a two-tier HetNet 
consisting of a macro tier (1st tier) and a small cell tier (2nd 
tier). Here, we assume the transmit powers of the macro and 
small cell BSs to be P1 = 46 dBm and P2 = 30 dBm, 
respectively, and the path loss exponent is assumed to be  = 4. 
Furthermore, we define the offset factor β = β2 – β1, in the unit 
of dB, in the MaBRP scenario for convenience. 

Figure 3 compares the probabilities of active BSs of the two 
-tier HetNet of Lemma 3 and the Monte Carlo simulation of 
the PPP model. The baseline of the traditional BSs always-on 
model is also shown for comparison. We observe that the 
approximation given in Lemma 3 is fairly accurate for MaBRP 
macro BS (MaMBS), MaBRP small cell BS (MaSBS), MiAD 
macro BS (MiMBS), and MiAD small cell BS (MiSBS). The 
formulae of Lemma 3 match the Monte Carlo simulation quite 
well. Since the macro BS and small-cell BS are equal in the 
MiAD mode; there is little difference in the probabilities of 
active BSs between MiMBS and MiSBS. Since the macro BS 
has a higher transmit power, more UEs will access to the 
macro BS in the MaBRP mode while, in the MiAD mode, the 
power factor is ignored. The association of UEs and their 
serving BSs is determined only by the distances between the 
UEs and their respective serving BSs; thus, MaSBS has a 
lower active rate than MaMBS, but this phenomenon does not 
happen in MiMBS and MiSBS. 

Figure 4 demonstrates the results of CP from Theorem 1. A 
Monte Carlo simulation of the PPP model was conducted so 
that we could compare our analysis of the proposed model and 
for the purpose of model validation. We notice that the results 
of Theorem 1 and the Monte Carlo simulation are almost the 
same. It not only confirms the accuracy of Theorem 1 but also 
Lemma 3. The baseline, according to [10], shows an obvious 
gap from the Monte Carlo simulation, which means that the 
traditional BSs always-on model is not accurate enough for the 
practical network scenario, not all BSs are always active, from 
the point of view of SINR distribution. Furthermore, the gap 
between MaBRP and MiAD is obvious in a low SINR 
threshold region, since the user associating to the nearest BS 
may suffer serious interference from nearby high-power BSs. 
So, the MiAD is not advocated from the point of downlink 
coverage. 

For the AEE of a typical UE versus offset factor β, 
demonstrated in Fig. 5, the AEE of a typical UE in MaBRP  

 

Fig. 3. Probabilities of active BSs comparison between proposed 
model (Lemma 3) and Monte Carlo simulation, where
λ2= 2λ1, λu=1 km–2, and β = 2 dB (for MaBRP). 
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Fig. 4. CP comparison between Theorem 1 and Monte Carlo 
simulation of PPP, where λ1 = 0.24 km–2, λ2 = 3λ1, λu=
3λ1, and β = 2 dB (for MaBRP). 
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Fig. 5. AEE of a typical UE vs. offset factor β, where λ1 = 
0.24 km–2, λ2 = 3λ1, and λu = 5λ1. 
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mode will increase along with an increase of the offset factor β. 
Since the MiAD is independent of the offset factor β, the AEE 
of a typical UE in MiAD mode is constant. So, from the point  
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Fig. 6. AEE of a typical UE vs. λ2/λ1, where λ1 = 0.24 km–2, λu = 
10λ1, and β = 4 dB (for MaBRP). 
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Fig. 7. AUPC comparison between Theorem 3 and Monte Carlo 
simulation of PPP, where λ1 = 0.24 km–2, Pu = 1 W, ε = 
0.5, and β = 2 dB (for MaBRP). 
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Fig. 8. AUPC of a typical UE vs. offset factor β, where λ1 = 
0.24 km–2, λ2 = 5λ1, ε = 0.5, and Pu = 1 W. 
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of view of the AEE, range expansion is beneficial for the whole 
system in MaBRP mode but useless in MiAD mode. The 
baseline based on the traditional BSs always-on scenario is also 
presented for comparison. Obviously, our BS on-off model is 

more energy efficient in both MaBRP and MiAD. This 
confirms that the traditional model is not accurate enough to 
reflect the EE of the practical network. 

For the AEE of a typical UE versus λ2/λ1, demonstrated in 
Fig. 6, the AEE will first increase and then decrease along with 
the increase of the density of small cells. So, we can achieve 
the optimal AEE by setting an appropriate density of small 
cells. The gap between the baseline and our BSs on-off model 
is noticeable, which confirms that the traditional model is not 
accurate enough to reflect the EE of the practical network. In 
addition, deploying high-density small cells will not improve 
the AEE, because it will reduce the average UE number of a 
typical cell, which will increase energy consumption per unit 
bit. So, from the point of view of the AEE, the deployment of 
too many small cells is not advocated. In addition, Figs. 5 and 6 
show that the MiAD mode is more energy efficient than 
MaBRP. 

Figure 7 demonstrates the results of the AUPC from 
Theorem 3 and Monte Carlo simulation of PPP. We notice that 
the results of Theorem 3 and Monte Carlo are almost the same. 
It not only confirms the accuracy of Theorem 3 but also of 
Lemma 1. So, we can use Theorem 3 to model and analyze the 
AUPC of networks. Furthermore, we can see that the AUPC 
will decrease with an increase to the ratio of two ties, λ2/λ1, as 
demonstrated in Fig. 7 in both MaBRP and MiAD. Along with 
an increase in the density of small cells, the average distance 
between a typical UE and its serving BS will decrease; 
subsequently, the transmission power consumption of the UE 
will decrease, since UEs utilize the distance-proportional 
fractional power control. The gap between MaBRP and MiAD 
is because the load of MiAD is more balanced than MaBRP. 
So, the MiAD is more beneficial in terms of the uplink power 
saving of UEs. 

Figure 8 shows the AUPC of a typical UE versus offset 
factor β. For the MaBRP case, we notice that the AUPC will 
decrease with an increase to the offset factor β. This is because 
the CRE can offload the traffic from macro cells to small cells 
and decrease the distance from users to BSs. For the MiAD 
case, the AUPC does not change along with differing values of 
the offset factor β, because the MiAD is independent of the 
offset factor β. From Figs. 7 and 8, we notice that the MaBRP 
is more consumptive in terms of the uplink power. 

VII. Conclusion and Future Work 

In this paper, we developed an analytical framework for the 
performance evaluation of small cell networks. Different from 
the traditional BSs always-on model, we proposed a BSs on-
off model, where a new, simple expression for the probabilities 
of active BSs of small cell networks (SCNs) is derived. Then,  
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we derived the CP, AEE, and AUPC for different association 
strategies, MaBRP and MiAD. The numerical results validated 
the analytical expressions and approximations. Our results 
confirm that the traditional model is not accurate enough to 
reflect the performance of a practical network. It is analytically 
shown that MaBRP is beneficial for coverage but will have 
some loss in energy saving. On the contrary, MiAD is not 
advocated from the point of coverage but is more energy 
efficient. The range expansion is helpful to the energy saving in 
MaBRP but is useless in MiAD. Furthermore, we can achieve 
the optimal AEE by setting an appropriate density of small 
cells. 

In future work, we will look at combining the MaBRP and 
MiAD to make use of the advantages of both. Furthermore, our 
analytical framework for the performance evaluation of SCNs 
can be extended to a multi-antenna scenario. 
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