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Abstract—Enabling machine-type communication (MTC) over
large scale cellular networks is a promising solution to handling
the emerging MTC traffic. To enable a massive number of ma-
chines to connect to the base station, random access mechanisms
and data aggregation have been largely studied separately in the
literature. In this paper, we use stochastic geometry to investigate
MTC over cellular with access class barring enhanced random
access and data aggregation. We present an approximate yet
accurate and tractable analytical framework for characterizing
the MTC performance in terms of the machine type device (MTD)
success probability, average number of successful MTDs and
probability of successful preamble utilization. We validate the
proposed model by comparison with simulations. Our results
show that while the provision of more resources for the relaying
phase benefits MTC, the provision of more preambles in the
random access is not always beneficial to MTC. Thus, system
parameters need to be chosen carefully to benefit the MTC traffic.

I. INTRODUCTION

Machine-type communication (MTC) communication re-

quires connection of a large number of machines to the

access point, with each machine sporadically transmitting a

small amount of data [1]. Enabling MTC communication over

cellular is a promising approach to handle the emerging traffic

because of the wide coverage area and high performance

provided by the existing celluar infrastructure [2].

One key challenge in realizing MTC over cellular is en-

abling massive number of machines (at least 10× greater than

the current number of cellular subscribers [2]) to efficiently

connect to the base stations (BSs). Two main approaches have

emerged in the literature as a solution to this problem: (i)

modifying and improving the operation of the current random

access channel [3]. For example, access class barring (ACB)

is an effective approach to reduce congestion in the random

access by limiting the number of contending machines [4];

(ii) data aggregation, where instead of connecting to the BSs

directly, machines first connect to the aggregators and the

aggregators relay the aggregated data to the BS [5, 6].

Recently, data aggregation has received much attention in

the literature [5–12]. In [7–10], the authors have considered

only a single BS or a single aggregator, i.e., the perfor-

mance over large scale networks was not assessed. For large

scale networks with multiple aggregators and BSs, MTC

can be impacted by the interference due to the concurrent

transmission. Some papers have examined MTC with data

aggregation over large scale networks. The distribution of the

signal-to-interference ratio (SIR) was derived for a single-hop

wireless network in [11]. However, collisions on the random

access channel were not considered. A slotted ALOHA-based

cluster random access method was proposed in [12]. However,

the performance was analyzed using simulations only. Using

stochastic geometry, an analytical model for data aggregation

was proposed in [5], while data aggregation and resource

scheduling at aggregators was analyzed in our prior work

in [6]. However, both [5] and [6] assumed that all machines

have been granted access to the aggregators and did not model

the random access procedure.

Contributions: In this work, we focus on characterizing the

MTC with random access and data aggregation over cellular

networks, i.e., machines access the aggregator via random

access and then the aggregators relay the aggregated data to

BSs. To reduce the traffic overload at the aggregators, we

include the ACB mechanism to enhance the random access

operation [4, 13, 14]. The major contributions of this paper are:

• Using stochastic geometry, we provide an approximate

yet accurate analytical framework for characterizing MTC

with random access and data aggregation.

• We derive analytical expressions for the machine type

device (MTD) success probability, average number of

successful MTDs and the probability of successful pream-

ble utilization.

• Our numerical results show that the ACB mechanism

is more beneficial when the number of preambles is

small and the relaying phase’s resources (defined as the

multiplication of transmission time and bandwidth for

the relaying phase) are large. Also, another important

finding is that while the provision of more resources for

the relaying phase benefits MTC, the provision of more

preambles in the random access is not always beneficial

to MTC. Thus, system parameters need to be chosen

carefully to benefit the MTC traffic.
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Fig. 1. Illustration of the system model (N = BSs, ◦ = aggregators, + =
MTDs, dashed line is the serving zone).
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Fig. 2. Illustration of the MTD transmission model.

II. SYSTEM MODEL

Consider a cellular uplink model for MTC where the MTDs

first transmit packets to the aggregators and then the aggrega-

tors relay the aggregated data to BSs. We model the locations

of BSs and aggregators as independent homogeneous poisson

point processes (HPPPs) in a two dimensional Euclidean space

R
2, denoted as ΦB with density λB and φa with density λa,

respectively. As for the locations of MTDs that need to be

served, we assume it follows a Matérn cluster point process

(MCPP), where their parents are the aggregators1. That is to

say, for each aggregator, it has a serving zone and MTDs to

be served in a serving zone is following a PPP. The data size

for all MTDs to be served are assumed to be same, denoted

as D. Let Rs and rm denote the radius of the serving zone

and the distance between a MTD and its serving aggregator,

respectively. According to the definition of MCPP, rm has

the distribution of f(rm) =
2rm
R2

s

and K has the probability

mass function (PMF) of Pr(K = k) = 1
k!
m̄k exp(−m̄). The

network model is illustrated in Fig. 1.

A. MTD transmission model

The data transmission of a MTD is divided into three phases,

namely reservation phase, aggregation phase and relaying

phase. The transmission model is illustrated in Fig. 2. Note

that we consider the one-shot transmission scheme (i.e., if

one MTD’s data is failed to transmit in one realization, it will

not appear in the following realizations). The phases work as

follows:

1The considered model is applicable to smart utility metering and industry
automation use cases for massive MTC over cellular, where the authorized
MTDs are either static or have low mobility and are served by their designated
aggregators [6].

• At the start of the reservation phase, the ACB scheme

takes place to reduce the collisions. Each MTD generates

a random number within [0, 1] and compares the random

number with the probability factor p. If the random num-

ber is lower than p, this MTD is allowed to initiate the

RA procedure. Otherwise, this MTD’s data is dropped.

In this work, we consider the basic ACB scheme, where

p is constant and it is known to each MTD.

• Random access (RA) is the next stage in the reservation

phase. Each MTD that passes ACB randomly selects a

preamble among N available preambles in order to build

a connection with its aggregator. We assume that when

multiple MTDs within the same serving zone select the

same preamble, a destructive collision happens, where

their data is dropped and not aggregated at the aggregator.

Those MTDs whose preambles are not chosen by others

within the serving zone are called non-dropped MTDs.

• In the aggregation phase, the non-dropped MTDs transmit

data to their serving aggregators via the orthogonal chan-

nel resources. We assume that there are total number of N

orthogonal channels, which corresponds to N preambles

and are reused across the whole network. Due to the

concurrent transmission, some MTDs’s signals are too

weak and experience channel outage. Consequently, their

data cannot be successfully aggregated at the aggregators.

Those MTD that are not in channel outage are called

served MTDs.

• In the relaying phase, the aggregators transmit the aggre-

gated data to its closest BS. That is to say, aggregators in

R
2 are separated by the Voronoi cells formed by BSs.

This implies that the distance between an aggregator

and its serving BS ra has the distribution of f(ra) =
2πλBra exp(−2πλBr

2
a). Note that we assume that only

the aggregator that has gathered data will transmit and

these aggregators are known as active aggregators. Other-

wise the aggregator keeps silent. Furthermore, the active

aggregators within the same Voronoi cell are assumed

to access the BS in a round-fashion, e.g., they equally

share the available bandwidth [15]. We assume there are

T transmission time and W available bandwidth which

is reused for all BSs for the relaying phase.

B. Channel model

We consider the path-loss plus Rayleigh fading channel

model. Then, the instantaneous power received at a receiver is

ptgr
−α, where pt is the transmit power, g is the independently

and identically distributed (i.i.d.) fading power with exponen-

tial distribution, r is the random distance between a transmitter

and a receiver and α is the path-loss exponent. We use h

and g to denote the fading on the desired link and interfering

link, respectively. In addition, we consider an interference-

limited scenario and assume that all MTDs and aggregators

employ the full inversion power control. Thus, the transmit

power for a transmitter can be simplified as rα, where r is

the distance from the transmitter to its desired receiver and
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the receiver sensitivity is ignored as it will not impact the

network performance.

C. Assumptions for tractable analysis

In this work, we make the following assumptions for

tractable analysis. The accuracy of these assumptions will be

verified in the results section.

Assumption 1. In general, the three phases are closely cou-

pled. For example, the total data transmitted by the aggregator

depends on the instantaneous number of accessing MTDs, the

number of collided preambles, etc. For analytical tractability,

we assume that each phase is independent.

Assumption 2. In the aggregation phase, the interference

generated on each channel within the same serving zone is

partially spatially-correlated, because of the considered MCPP

(i.e., the interfering MTDs are clustered). To the best of our

knowledge, it is a very challenging problem to analytically

model this spatial-correlation. Instead, similar to [6], we

assume that interference on each channel is independent.

Assumption 3. The location of active aggregators is cor-

related, i.e., those aggregators that are close to each other

are more likely to be inactive since their channels experience

severe interference. For analytical tractability, we approximate

the location of active aggregators as a HPPP with density

λ′a = (1 − Pr(K1 = 0))λa, where Pr(K1 = 0) is the

probability of being inactive for an aggregator.

Assumption 4. Based on Assumption 3 and [16], the

distribution of the number of active aggregators associated to

the same BS, Na can be approximated as

Pr (Na = na) =
3.53.5Γ[na + 3.5](

λ′

a

λB
)na

Γ[3.5]Γ[na + 1](3.5 +
λ′

a

λB
)na+3.5

. (1)

Assumption 5. In the relaying phase, we consider the

orthogonal access for each aggregator within each BS’s cov-

erage area. Hence, only one aggregator per cell can use the

certain resource block and generate the interference to the

typical BS. The location of interfering aggregators can be

approximated as a HPPP with density (1−pvoid)λB [15], where

pvoid = Pr(Na = 0) is the void probability that accounts for

the probability that BS has zero active aggregator.

Based on these assumptions, we formulate the performance

metrics and the analytical results in the next two sections.

III. MTC ANALYTICAL FRAMEWORK AND METRICS

To investigate the MTC performance, we consider three

metrics in this work, namely the MTD success probability,

average number of successful MTDs and probability of suc-

cessful preamble utilization. The definition of first two metric

is adapted from [8], while the definition of the last metric is

adapted from [6].

Definition 1. MTD success probability is the probability

that a MTD’s data can be successfully received at the BS.

Based on our system set-up, the MTD’s data is said to be

delivered successfully if and only if

• The typical MTD passes the ACB and there is no collision

on its selected preamble in the reservation phase;

• The typical MTD does not experience the channel outage

in the aggregation phase;

• The typical MTD’s serving aggregator does not experi-

ence the channel outage in the relaying phase.

Using Assumption 1, the MTD success probability is

mathematically approximated by [6]

p̄suc ≈ p̄nodrop × p̄suc1 × p̄suc2, (2)

where p̄nodrop is the average probability that a typical MTD

passes the ACB and has no collision on its preamble, p̄suc1

is the average probability that the typical MTD is not in

channel outage probability (equivalently, the channel success

probability of the aggregation phase) and p̄suc2 is the average

probability that an aggregator is not in channel outage prob-

ability (equivalently, the channel success probability of the

relaying phase).

Definition 2. Average number of successful MTDs is

defined as the average number of MTDs whose data are

successfully relayed to a BS.

It can be expressed as [6]

K̄suc =
N
∑

k1=1

k1 Pr(K1 = k1)psuc2(k1), (3)

where K1 denotes the number of served MTDs (i.e., data has

been successfully aggregated at the aggregator), Pr(K1 = k1)
is its corresponding PMF and psuc2(k1) is conditional channel

success probability given that the aggregator has k1 MTDs to

be served.

Definition 3. Probability of successful preamble utilization

allows us to assess how much benefit having more preambles

brings to MTC. It is defined as the probability that a preamble

is only selected by one MTD and this MTD’s data is finally

received at the BS.

Using Assumption 1, we can express this metric as [6]

p̄utility ≈ p̄O × p̄suc1 × p̄suc2, (4)

where p̄O is the probability that a typical preamble is only

selected by a MTD.

The detailed analysis of the key factors (i.e., p̄nodrop, p̄O,

p̄suc1, Pr(K1 = k1) and p̄suc2) that determine the three metrics

is presented in the following section.

IV. MTC ANALYSIS

In this section, we provide the analysis of the key factors

that determine the MTC performance metrics in Section III.

A. Access class barring and random access analysis

From the system model in Section II, a MTD can transmit

its data to its serving aggregator if and only if it passes the

access class barring and selects a non-collision preamble. By

the probability theory, we can have p̄nodrop and p̄O given as

follows.

3



Lemma 1: Based on the system model in Section II, the

average non-drop (i.e., MTD passes ACB and RA) probability

is

p̄nodrop = p
exp

(

− m̄
N
p
)

− exp (−m̄)

1− p
N

. (5)

Lemma 2: Based on the system model in Section II, the

average preamble non-collision probability is

p̄O = p
m̄

N
exp

(

−p
m̄

N

)

. (6)

Proof: In this work, the number of MTDs to be served

in a serving zone is following a Poisson distribution with

mean m̄, i.e., Pr(K = k) = 1
k!
m̄k exp(−m̄). For a MTD,

the probability that it passes ACB is p and the probability that

it passes ACB and selects a preamble is p
N

. Then given that k

MTDs in a serving zone, the probability that a typical MTD

selects a non-collided MTD is
(

1− p
N

)k−1
. Hence, we can

write the average non-drop probability as

p̄nodrop =
∞
∑

k=1

p
(

1−
p

N

)k−1

Pr(K = k)

= p
exp

(

− m̄
N
p
)

1− p
N

∞
∑

k=1

(

1−
p

N

)k

m̄k
exp

(

−m̄+ m̄
N
p
)

k!

= p
exp

(

− m̄
N
p
)

1− p
N

(

1− exp
(

−m̄+
m̄

N
p
))

, (7)

where the last comes from the fact that
∑

∞

k=0

(

m̄− m̄ p
N

)k exp(−m̄+ m̄

N
p)

k!
= 1 = exp

(

−m̄+ m̄
N
p
)

+
∑

∞

k=1

(

m̄− m̄ p
N

)k exp(−m̄+ m̄

N
p)

k!
.

Similarly, for a typical preamble, given that k MTDs in

a serving zone, the probability that it is only selected by a

preamble is
(

k
1

)

p
N

(

1− p
N

)k−1
. Then averaging this probabil-

ity over the distribution of the number of MTDs to be served,

we have

p̄O =
∞
∑

k=1

(

k

1

)

p

N

(

1−
p

N

)k−1

m̄k exp (−m̄)

k!

=
p

N
m̄ exp

(

−p
m̄

N

)

∞
∑

k=1

(

m̄−m̄
p

N

)k−1 exp
(

−m̄+ m̄
N
p
)

(k − 1)!

=
p

N
m̄ exp

(

−p
m̄

N

)

∞
∑

t=0

(

m̄−m̄
p

N

)t exp
(

−m̄+ m̄
N
p
)

t!

=
p

N
m̄ exp

(

−p
m̄

N

)

. (8)

B. Channel success probability of the aggregation phase

The channel success probability of the aggregation phase

for a typical link is mathematically defined as

p̄suc1 = Pr

(

h
∑

x⊂Φserved
MTD

grαs x
−α

> γ1

)

, (9)

where γ1 is the SIR threshold on the aggregation phase, x

denotes both the location and the interfering MTD which

occupies the typical channel.

In order to characterize the channel success probability for

a typical link, we first need to know the point process of

interfering MTDs on the typical link, i.e., Φserved
MTD . From the

independent thinning property [17], the location of aggregators

whose typical channel is occupied (i.e., its corresponding

preamble is selected without collision) is following the HPPP

with density p̄Oλa. According to the definition of the MCPP,

the location of interfering MTDs is a transformed version of

these aggregators. Thus, from the displacement theorem, the

location of interfering MTDs on the typical channel is a PPP

with density p̄Oλa. Using stochastic geometry, we obtain the

channel success probability in the following theorem.

Theorem 1: Based on the system model in Section II,

the aggregation phase’s average channel success probability

experienced at a typical aggregator for a certain channel is

p̄suc1 = exp

(

−p̄Oλaπ
R2

s

2
Γ

[

1 +
2

α

]

Γ

[

1−
2

α

]

γ
2

α

1

)

. (10)

Proof: The proof is the same as Appendix B in [6]. It is

omitted here for brevity.

C. Distribution of served MTDs

The PMF of the number of served MTDs K1 is an essential

element since it governs both the average number of successful

MTDs and the channel success probability of the relaying

phase. The number of served MTDs K1 is determined by

the number of non-dropped MTDs K ′ and whether each

channel experiences outage or not. Using Assumption 2 and

probability theory, we obtain the PMF of K1 in the following

corollary.

Corollary 1: Based on the system model in Section II,

the PMF of the number of served MTDs, K1, for a typical

aggregator is approximated by

Pr(K1 = k1) ≈

N
∑

k′=k1

((

k′

k1

)

p̄k1

suc1(1− p̄suc1)
k′
−k1

)

×

(

N

k′

)

p̄k
′

O (1− p̄O)
N−k′

, (11)

where p̄suc1 and p̄O are given in (10) and (6), respectively.

Proof: See Appendix A.

D. Channel success probability of the relaying phase

For an active aggregator with K1 served MTDs, its aggre-

gated data can be successfully decoded by its associated BS

if and only if its SIR meets the following condition

DK1 ≤
TW

Na

log

(

1 +
h

∑

y⊂Φintf
a

grαa y
−α

)

, (12)

where y denotes both the location and the interfering aggre-

gators, Φintf
a is point process of interfering aggregators and Na

is number of active aggregators associated to the same BS.
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TABLE I
SUMMARY OF THE MTC ANALYTICAL FRAMEWORK AND METRIC.

metric general form p̄nodrop p̄O p̄suc1 p̄suc2, psuc2(k1) Pr(K1 = k1)
MTD success probability (2) (5) (10) (14)&(15) (11)

average number of successful MTDs (3) (15) (11)

probability of successful preamble utilization (4) (6) (10) (14)&(15) (11)
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Fig. 3. Available resources of the relaying phase, TW , versus the considered metrics with different number of preambles N . Optimal p = 3

10
for N = 30

and p = 3

5
for N = 60.

Then the average channel success probability of the relaying

phase at a typical BS is

p̄suc2 = EK1,Na

{

Pr

(

h
∑

y⊂Φintf
a

grαa y
−α

≥ 2
DK1Na

TW −1

)}

.

(13)

Using the stochastic geometry, we can obtain the approxi-

mation of p̄suc2 in the following proposition.

Proposition 1: Based on the system model described in

Section II, the average channel success probability experienced

at a typical BS from one of its associated active MTD is

approximated as

p̄suc2 =
N
∑

k1=1

psuc2(k1)
Pr(K1 = k1)

1− Pr(K1 = 0)
, (14)

psuc2(k1) =

∞
∑

na=1

exp







2 2F1

[

1, 1− 2
α
, 2− 2

α
, 1− 2

Dk1na

W

]

(

(1−pvoid)
(

2
Dk1na

W −1
))−1

(2− α)







×
Pr (Na = na)

1− Pr (Na = 0)
, (15)

where pvoid =
(

1 +
λ′

a

3.5λB

)−3.5

is the void probability,

psuc2(k1) is the conditional channel success probability of the

relaying phase which is conditioned on the number of active

channels for an aggregator, Pr(K1 = k1) is presented in (11)

and Pr (Na = na) is given in (1).

Proof: See Appendix B.

E. Summary

Using the above derived results, we can summarise the

analytical framework and metrics as shown in Table I.

V. RESULTS

In this section, we present numerical and simulation results

to characterize the MTC performance. In order to eliminate

the boundary effects, the simulation results are generated by

distributing nodes inside a disk region with radius 6 km over

104 simulation runs. Unless specified otherwise, the following

values of the main system parameters are used: λB = 1
π5002

m−2, λa = 10−4.5 m−2, Rs = 50 m, α = 3, m̄ = 100, γ1 = 0
dB and D = 100 bits. As for the ACB probability factor, we

consider the optimal p value, which is p = min{1, N
m̄
} [13].

A. Model validation

Fig. 3 plots the available resource of the relaying phase

versus the performance metrics defined in Section III with

different number of preambles. Note that the available resource

of the relaying phase is defined as the multiplication of

transmission time and bandwidth for the relaying phase. By

comparing the analytical results with the simulation results,

we can see that our analytical results match the simulation

results fairly well, which validates our analysis. The small

gap between the analytical and simulation results come from

the assumptions we made in Section II-C. However, unlike

the simulations which are time-consuming, our derived results

allow us to compute the results quickly.

B. Impact of relaying phase

From Fig. 3, we can see that, the provision of more available

resources for the relaying phase can benefit the MTC, because

all three metrics increase with the increasing of TW . This

is expected, since increasing the available resource of the

relaying phase improves the channel success probability of

the relaying phase. The figure shows that when the number

of preambles is relatively small (i.e., the curves for N = 30),

increasing the resource for the relaying phase beyond a certain
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Fig. 4. Number of preambles, N , versus (a) MTD success probability and (b) probability of successful preamble utilization.

point brings diminishing returns, since the curves become

virtually flat. This is because, when TW is very large, the

MTC performance is mainly governed by the reservation and

aggregation phases. For example, for the case of N = 30, N

is too small compared to m̄ such that most MTDs are dropped.

Comparing Fig. 3(a) and Fig. 3(b), we can see that the

results for p̄suc and K̄suc have very similar shape and approxi-

mately differ by a scaling factor in the y-axis. We extensively

have tested other sets of system parameters and find that

K̄suc ≈ m̄ × p̄suc. Hence, in this following, we do not show

the curves for K̄suc for the sake of brevity.

C. Impact of reservation and aggregation phases

Fig. 4(a) plots the number of preambles versus MTD success

probability with/without optimal ACB, respectively. Fig. 4(a)

shows that, when the number of preambles N is small, which

leads to a larger number of MTDs contending for access, ACB

leads to the improvement in p̄suc. As N becomes large, the

benefit of ACB diminishes and the curves for optimal p and

p = 1 (i.e., no ACB) merge.

Fig. 4(b) plots the number of preambles versus the proba-

bility of successful preamble utilization with/without optimal

ACB, respectively. We can see that when ACB is not used,

there is an optimal N which maximizes p̄utility. However, when

optimal ACB is used, p̄utility decreases as N increases. This is

because p̄O is constant under the optimal ACB. Hence, p̄utility is

totally governed by p̄suc2. Once there is no ACB (i.e., p = 1),

p̄O increases with the increasing of N , since more number

of preambles can reduce the collision at the preambles. The

interplay of p̄O and p̄suc2 determines the performance of p̄utility.

From the discussion above, we can conclude that providing

more preambles is not always beneficial to MTC. This is

because of the inherent coupling between the random access

and the data aggregation. In addition, ACB mechanism is more

beneficial, when the number of preambles is small and the

relaying phase’s resources are large. Thus system parameters

need to be chosen carefully to benefit MTC traffic.

VI. CONCLUSIONS

In this paper, we have studied MTC over cellular networks

with random access and data aggregation. To reduce the

preamble collision in the random access (i.e., from MTDs

to aggregators), we have included the ACB in the random

access. We have derived the analytical expressions for the key

metrics, namely the MTD success probability, average number

of successful MTDs and probability of successful preamble

utilization. Our results illustrate that the system parameters

need to be chosen carefully to benefit the MTC traffic.

APPENDIX

APPENDIX A: PROOF OF COROLLARY 1

Proof: Using Assumption 2, given that there are total

number of k′ non-dropped MTDs within a serving zone, the

conditional PMF of K1 can be approximated as a Binomial

distribution [6]. It can be written as

Pr(K1=k1|K
′) ≈

{

0, K ′ < k1;
(

K
k1

)

p̄k1

suc1(1−p̄suc1)
K′
−k1 , K ′ ≥ k1.

(16)

We then average this conditional probability over the dis-

tribution of the number of non-dropped MTDs and can obtain

the PMF of K1, i.e.,

Pr(K1 = k1) = EK′ {Pr(K1 = k1|K
′)} . (17)

The exact distribution of K ′ can be found in [14], which

is quite complicated. For simplicity, similar to [8], we ap-

proximate it as a Binomial distribution, i.e., ignoring the

dependence for the non-collided preambles. Hence, the PMF

of K ′ is given by

Pr(K ′ = k′) ≈

(

N

k′

)

p̄k
′

O (1− p̄O)
N−k′

. (18)

Substituting (16) and (18) into (17), we arrive at the result

in (11).
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APPENDIX B: PROOF OF PROPOSITION 1

Proof: To compute the average channel success probabil-

ity for the relaying phase, let us first compute the conditional

channel success. We assume that the typical BS is located at

the origin. Given K1 number of served MTDs for an active

aggregator and Na number of active aggregators associated

with the typical BS Na, the conditional channel success

probability is given by

psuc2(K1, Na) = EI2 [exp(−γ2I2)] =MI2(s)|s=γ2
, (19)

where γ2 , 2
DK1Na

TW − 1, I2 =
∑

y⊂Φintf
a

grαa y
−α is the aggre-

gate interference from active aggregators occupying the same

resource [15] and MI2(s) is its moment generate function

(MGF).

According to Assumption 4, Φintf
a is approximated

as a HPPP and the MGF of the interference at the

relaying phase is then approximated as MI2(s) =

exp

(

−2(1− pvoid)s
2F1[1,1− 2

α
,2− 2

α
,−s]

α−2

)

. A detail derivation

is provided in [6]. Due to the space constraint, we skip it here.

After averaging (19) over Na and K1, we can arrive the

result presented in Proposition 1. Note that the extra term

in denominator (1− Pr (Na = 0)) comes from the fact the

derived average channel success probability is calculated for

the link from the active aggregator to BS, which requires

K1 ≥ 1 and Na ≥ 1.
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