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Abstract Machine-type communications (MTC) are gaining significant research attention as one of the most

promising technologies for the fifth generation (5G) mobile networks. A critical issue handled by MTC is support

for massive numbers of connections, which is a growing problem that will become increasingly challenging as

MTC share spectrum resources with cellular communication. Here, not only the number of connections but also

the data rate requirements of cellular users (CUEs) need to be considered. Given these issues, in this paper, we

formulate a group-based joint signaling and data resource optimization model constrained by network resource

and data rate requirements in order to maximize the number of connections. We also note that this problem is

nonconvex and that obtaining an optimal solution is computationally complex for MTC with massive numbers

of users (UEs). Therefore, we decompose the problem into group-based data aggregation and resource allocation

subproblems. To solve these two subproblems, we develop an adaptive group head selection algorithm and a

joint signaling and data resource allocation algorithm that satisfy both the data rate requirement and resource

constraints, respectively. Our simulation results show that our proposed algorithms significantly improve the

number of connections when compared with other classic methods. Furthermore, our results reveal that the

limiting factor on the number of connections changes with the ratio of the number of MTC UEs to that of CUEs

and the ratio of data requirement of MTC UEs to that of CUEs. Finally, we note that our proposed group-based

resource allocation algorithm can effectively improve the number of connections, especially when more MTC

UEs and a small amount of MTC data are present.
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1 Introduction

Machine-type communications (MTC) or machine-to-machine (M2M) communications enable direct com-

munication between multiple devices. In recent years, the number of MTC devices has grown tremen-

dously. As one of the most promising technologies for fifth-generation (5G) mobile networks, MTC will

enable innumerable applications in areas such as smart homes, healthcare, automotive communications,

and intelligent cities. Several forecasts predict significant market growth over the next few years for both
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MTC devices and MTC connectivity segments, with compound annual growth rates estimated to exceed

25% [1–3]. More specifically, according to these forecasts, billions of machines and industrial devices will

potentially be able to benefit from MTC [4].

MTC are primarily characterized by a high device density, a low data rate, an acceptable level of delay

tolerance, and high connection/communication frequency, all of which represent a very different set of

requirements when compared with human-to-human (H2H) communications. The cellular infrastructure

is the most mature mobile communications infrastructure designed for H2H communications. It can be

a good choice as the primary bearer network for MTC owing to its ability to provide wide coverage

and effectively manage MTC connections. Moreover, recent predictions indicate that MTC over cellular

mobile networks could serve as leverage to provide much-needed mobile operator revenue [5]. Further,

3rd Generation Partnership Project (3GPP) and IEEE 802.16p both proclaim that MTC devices should

be attached to existing cellular infrastructures (e.g., Long Term Evolution-Advanced (LTE-A) or IEEE

Wi.MAX2.0) [6]. However, the current cellular infrastructure communication mechanism, which primarily

aims to promote high data rates for H2H communications, is liable to cause frequent signaling setup and

updates or an overloaded Physical Random Access Channel (PRACH), i.e., signaling congestion, because

of the massive number of connections inherent in MTC. The overloaded PRACH is further aggravated

if MTC terminals repeat their access attempts without realizing that the unsuccessful random access

attempts are the result of an overload. Therefore, a critical issue here is the handling of massive numbers

of accesses from a large number of MTC devices while simultaneously satisfying data rate requirements

of H2H communications [7, 8].

To solve severe overload problems in the LTE-A PRACH, mobile network operators can minimize the

frequency of attempts of MTC devices to implement a particular procedure without having to throttle

them or even disallow the concerned MTC devices from connecting to the network and/or executing

the intended procedure [4]. Within 3GPP, six possible remedies have been identified to combat the

PRACH overload problem: the backoff scheme, slotted access scheme, access-class barring scheme, pull-

based scheme, PRACH resource separation scheme, and dynamic PRACH resource allocation scheme [9].

Owing to the traffic load dynamics on the PRACH, these schemes alone cannot fully alleviate the overload

problem.

Most of the current research focuses on access mechanism design to achieve a low signaling overhead

for small data transmissions in cellular networks. In [10], Zheng et al. provided an overview of the

3GPP LTE-A MTC standard and random access mechanism, investigating the limits of MTC coexisting

with H2H communication in terms of congestion probabilities and access delays. Further, a survey of

the random access and alternatives has been proposed to improve the operation of the random access

channel of LTE and LTE-A [8]. In [8], Laya et al. provided a comprehensive discussion of the different

alternatives and identified the strengths and weaknesses of each alternative.

In [5], Ksentini et al. remedied the weaknesses of typical random access approaches through a

congestion-aware admission control solution that selectively rejects signaling messages from MTC de-

vices based on a probability established by a proportional integrative derivative controller that reflects

the congestion level of a relevant core network node, the effectiveness of their approach was verified via

computer simulation. Further, in [11], Li et al. proposed a parallel and distributed admission control

algorithm that improves access fairness for M2M devices with different tolerant delays, their approach

utilizes the concavity of the payoff function.

In addition to random-access-based, congestion-based, and data-rate-based access rules [12–14], group-

or cluster-based multistep access mechanisms have proven to be effective in further reducing signaling

overhead by sacrificing access delay [15,16]. A group-based access mechanism delegates the random access

procedure of the devices to an access group controlled by a designated device, this device is referred to as

the group head. MTC devices construct a group based on their location [15] or subscription features [17].

However, generally, the number of MTC devices in a group is fixed [15]. Further, as described by

Huq et al., simulation results are analyzed to establish a reasonable group size [16]. In [18], Hossain

et al. introduced the notion of a flexible admission/connection through which devices can be grouped

dynamically for a certain period of time. This grouping leads to a hierarchical network framework that
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can provide efficient transmission via data aggregation [19]. Here, data aggregation implies that devices

transmit messages to their corresponding group head, which handles a bulk of messages in the same

group. If data transmissions are small in size, data aggregation can serve as a potential approach to

effectively mitigate overhead and congestion.

Resource allocation is also a common approach for reducing signaling congestion during an access

procedure. In [14, 20, 21], the access problem with data rate requirements can be represented using a

queuing model to perform access management. Further, this problem, together with power allocation, is

the focus of [22–25], in which power allocation under time-division multiple access (TDMA) and frequency-

division multiple access (FDMA) are explored. Analytical results show that FDMA supports a higher

load compared with TDMA under the peak power constraint. Moreover, cognitive radio technology,

which can contribute to resource exploration, is introduced into access control in [26–30].

Despite some encouraging results obtained via MTC access mechanism design or resource allocation,

most previous studies primarily assume the following two independence constraints: (1) independent

signaling and data optimization, which, to the best of our knowledge, involves little work on joint resource

optimization or resource competition between signaling and data transmission, and (2) independent MTC

and cellular communication, i.e., typically specific resource blocks (RBs) or time slots are allocated to

MTC. Clearly, it is excessively demanding to provide exclusive resources to MTC under the supervision

of a cellular network. Therefore, sharing (or reusing) will likely be a trend in MTC-underlaid cellular

networks to remedy the impracticalities resulting from the two independence constraints described above.

On the basis of the abovementioned aspects, in this paper, we propose a group-based joint signaling

and data resource optimization model. Our specific contributions are enumerated as follows.

(1) We formulate a group-based joint signaling and data resource optimization model constrained on

network resources and data rate requirements by grouping joint signaling and data resource allocation.

Unfortunately, the problem is nonconvex and obtaining an optimal solution is computationally complex

for MTC with massive numbers of users (UEs). Therefore, we decompose the problem into group-based

data aggregation and resource allocation subproblems.

(2) We generate a hierarchical MTC framework using grouping and data aggregation, which can thereby

increase the number of connections. Unlike existing group-based solutions that are highly dependent on

specific cases, we provide a general group and data aggregation solution that adaptively performs group

construction and selects a group head.

(3) Based on MTC grouping and data aggregation, we further maximize the number of MTC con-

nections under the given data rate requirements for both cellular and MTC UEs. Considering that we

are signaling-constrained in the control plane and interference-constrained in the data plane, we propose

a joint signaling and data resource allocation algorithm. The essence of our algorithm is adaptive RBs

(or bandwidth) and power allocation that simultaneously considers signaling and data transmission for

both MTC and cellular communication; to achieve this, we use the eigenvalue analysis of the interference

matrix.

In addition to this introductory section, we organized our paper as follows. In Section 2, we describe

our system model and provide problem formulation. Next, in Section 3, we propose a joint signaling and

data resource optimization model for MTC-underlaid cellular networks that maximizes the number of

connections under the given data rate requirements. In Section 4, we provide our simulation results and

discussion. Finally, in Section 5, we conclude our paper and provide avenues for future work.

2 System model and problem formulation

In this section, we consider uplink transmission in MTC-underlaid cellular networks, as depicted in

Figure 1, where one base station (BS) is located at the center of the cell and M MTC UEs and N cellular

UEs are uniformly distributed within the cell. Further, we denote the sets of cellular UEs (CUEs) and

MTC UEs as lie and UM, respectively. Without loss of generality, we adopt a contention-free manner

of allocating the preambles [31], whereby all UEs initiate the connection to the BS by allocating a
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Figure 1 (Color online) System model.

dedicated preamble before data transmission. Note that we can also adopt the contention-based method

by applying the concept of random access opportunities (RAOs) in a probabilistic manner [7]. Moreover,

it is reasonable to assume that compared with MTC UEs, CUEs are given a higher priority for obtaining

a preamble.

2.1 Group-based transmission for MTC UEs

To relieve signaling congestion, we adopt group-based MTC data transmission for MTC UEs. More

specifically, MTC UEs are assigned into if disjoint groups (indexed by k ∈ K = {1, . . . ,K}) based on

the transmission environment (e.g., channel quality and user locations). In each group, one MTC UE is

selected as the group head, and the set of group heads is denoted as Aa = {A1, A2, . . . , AK}. The set

of MTC UEs in the k-th group is denoted as Mk. In our model, MTC UEs in different groups, MTC

UEs not belonging to any group, and one of the CUEs may reuse the same spectrum. Given this, group

heads bulk all received data and forward them to the BS. The number of MTC UEs in each group is

constrained by the maximum value Z. Finally, MTC UEs can reuse the cellular spectrum and produce

mutual interference between the cellular link and MTC UEs to the group head link.

2.2 Resource allocation

Regarding the data rate and signaling requirements of UEs, we address the dynamic resource allocation

algorithm in this subsection. Here, PRACH resources can be dynamically adjusted by the BS based on

PRACH load and overall network load. When a resource is used for PRACH, it cannot be used for data

transmission. Therefore, we divide the available maximum bandwidth, denoted by B, into bandwidth

Bd for data transmission and bandwidth Bs for signaling transmission. For data transmission, CUEs and

MTC group heads are assigned portions of the orthogonal spectrum with a total bandwidth of Bd. The

data transmission for CUEs is equally allocated to each UE. The transmit power profile vector is denoted

by P = [P (1), P (2), . . . , P (M +N)]
T
, where P (i) is the transmit power of the i-th user. Further, ∆B

represents the unit bandwidth for signaling transmission. Therefore, the total available resources assigned

to signaling transmission are determined by the number of unit bandwidths for signaling transmission.

We assume here that MTC UEs and CUEs have minimum data rate requirements, denoted by Rm
T and

Rc
T , respectively.

2.3 Problem formulation

To formulate the problem, MTC UEs are assigned to K disjoint groups. Only some MTC UEs form a

group, while others are independent points not belonging to any group. The set of MTC UEs transmits

data to their nearest group heads; then, the group heads become transmitters that transmit aggregated

data to the BS. The uplink signal-to-interference-plus-noise ratio for the UE j receiving signal from UE
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i is expressed as

γ (i, j) =
Pid

−α
i,j hi,j

∑

l 6=i,l∈χi
Pld

−α
l,j hl,j + σ2

, (1)

where χi denotes the set of transmitters sharing the same spectrum with the transmitter i, hi,j represents

the distance-independent fading of the i− j link following a Gaussian distribution, di,j is the distance of

the uplink between user i and j, α is the path-loss exponent, and σ2 is the variance of the additive noise.

In the uplink period, the BS receiving the signal from the served CUE suffers interference from the MTC

UEs to its group head. Therefore, the uplink data rate of the CUE c ∈ Uc is formulated as

R(c) = Bw log

(

1 +
Pcd

−α
c,Bhc,B

∑

l 6=c,l∈χc
Pld

−α
l,Bhl,B + σ2

)

, c ∈ Uc, (2)

where Bw = Bd

K+N
and χc denotes the set of transmitters sharing the same spectrum with the cellular

transmitter c. Similarly, the interference to MTC UE m originates from the CUEs and other MTC UEs

that share the same spectrum resources. The uplink data rate for the MTC UE m ∈ UM is represented by

R (m) = Bw log

(

1 +
Pmd−α

m,rhm,r
∑

l 6=m,l∈χm
Pld

−α
l,mhl,m + σ2

)

, m ∈ UM , (3)

where χm denotes the set of transmitters sharing the same spectrum with the MTC transmitter m and

dm,r denotes the distance of the uplink between user m and r (r denotes the group head if UE m belongs

to a group or denotes BS if UE m does not belong to any group).

Instead of the data rate, the number of connections serves as an important metric for MTC. To

maximize the number of connections, group head selection, resource and power allocation, and interference

distribution must be designed properly. To maximize the number of connections while satisfying the data

rate requirement and the bandwidth and power constraints, if we denote the sets of served CUEs and

MTC UEs as KC and KM , respectively, the optimization problem can be formulated as

P1 : max
Aa,Mk,P ,Bd

|KC |+ |KM |

s.t.



























































C1 : 0 6 Bd +Bs 6 B,

C2 : |KC |+ |KM | 6 Bs/∆B,

C3 : R (c) > Rc
T , c ∈ KC ,

C4 : R (m) > Rm
T , m ∈ KM ,

C5 : |KM | =
∑

k∈Aa

|Mk|,

C6 : |Mk| 6 Z,

C7 : 0 6 P 6 Pmax.

(4)

The goal of the above optimization problem is to maximize the number of connections by designing a

set of group heads Aa, the power allocation vector P , and the data transmission bandwidth Bd. Here,

C1 is the constraint on the allocated bandwidth for data and signaling transmission, while constraint

C2 ensures that the number of connections is limited by the allocated bandwidth for signaling transmis-

sion. Constraints C3 and C4 ensure that the data rate requirements of CUEs and MTC UEs are met,

respectively. Constraint C5 ensures that the number of MTC connections is equal to the total number of

served MTC UEs. Further, constraint C6 ensures that the number of MTC UEs in each group is limited.

Finally, C7 is the transmit power constraint.

3 Group-based joint signaling and data resource allocation

The optimization problem P1 is non-convex, and its variables are tightly coupled by the constraints.

Obtaining the joint optimal group head selection and resource allocation requires an exhaustive search,
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which very quickly reaches an extremely high level of computational complexity. As an alternative, we

seek a low-complexity suboptimal solution of P1. We intend to construct the optimal group dynamically

in order to achieve proper data aggregation and allocate bandwidth and power to serve as many UEs

as possible. Therefore, we decompose problem (P1) into two subproblems, i.e., a group head selection

subproblem and an optimal bandwidth and power allocation subproblem. For the first subproblem,

we intend to optimize the selection of the group head and decide the set corresponding to each group,

thereby minimizing intragroup distances for all groups while satisfying the size of each group. For the

second subproblem, we optimize the power and bandwidth using optimized access topologies in order to

maximize the the number of connections. In the subsections that follow, we formulate and analyze these

two subproblems.

3.1 Group head selection

To solve the group head selection subproblem, we aim to minimize the intra-group cooperative distance

while adhering to the constraint defining the maximum number of connections for each group. We denote

Em×m as the distance matrix, in which the element ei,k ∈ Em×m represents the distance between the

MTC UE i and the MTC UE k. This matrix is clearly a nonnegative symmetric matrix. To reduce the

path loss between MTC UE and the group head, the group head selection subproblem aims to minimize

the intragroup distances for all groups as follows:

P2 : min
Aa,Mk

K
∑

k=1

ei,k i ∈ Mk, k ∈ Aa

C5 : |Mk| 6 Z, k ∈ K,

(5)

where constraint C5 ensures that the number of UEs in each group is limited. Therefore, to solve the

subproblem P2, we must not only identify the set of group heads Aa but also need to adjust the members

in each group Mk to satisfy the condition C5.

K-means is a classical algorithm for solving the clustering or grouping problems; it is widely used

because of its high computational efficiency [32]. We propose a modified K-means method to solve

subproblem P2. Given the number of desired groups K, we select a set of group heads to minimize the

sum of the squared Euclidean distance between each point and its nearest group heads using an iterative

approach. Therefore, using our modified K-means algorithm, we can obtain the set of group heads.

Next, we must justify whether the constraint is satisfied. If it is satisfied, we have obtained a solution

to subproblem P2. If it is not satisfied, we further develop an adjustment algorithm to move MTC UEs

from their current groups to other groups. Our adjustment algorithm is defined as follows.

Adjustment algorithm. For arbitrary MTC UEs, the loss experienced by transferring user i ∈ UM

from the current group g to another groups k (g 6= k) is given as

Li,k = ei,k − ei,g. (6)

Next, we denote xm×K as the association matrix in which the element xi,k is an indicator variable.

Here, xi,k = 1 represents the i-th MTC UE i ∈ UM associated with the k-th group, otherwise, xi,k = 0.

To minimize transfer loss, we have

min
x

M
∑

i=1

K
∑

k=1

Li,kxi,k

s.t.
M
∑

i=1

xi,k 6 Z, ∀k ∈ Aa,

K
∑

k=1

xi,k = 1, ∀i ∈ UM ,

xi,k ∈ {0, 1} , ∀i ∈ UM , ∀k ∈ Aa.

(7)
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Algorithm 1 Group head selection

Require:

The number of group heads K, the maximum number of MTC UEs in a group Z and the distance matrix E.

Ensure:

The set of group heads is selected by adopting the K-means method.

if ∃ |Mj | > Z, ∀j ∈K then

solve the transfer loss minimization problem and move MTC UEs into corresponding group heads using the Hungarian

method.

end if

Eq. (7) can be considered as an assignment problem in which each group head can be viewed as a

machine with a processing capacity Z and each MTC UE can be viewed as a job requiring one unit of

processing. When MTC UE i is assigned to the k-th group head, it incurs cost Li,k. Because the total

processing capacity of all machines is not equal to the number of jobs, we add KZ−M virtual jobs to the

job sets with costs of zero. Now, we can use the Hungarian method [20] to solve the assignment problem.

Algorithm 1 is our group head selection algorithm.

3.2 Resource allocation

In the previous subsection, we solved subproblem P2 and obtained a set of group heads denoted as Aa.

In this subsection, we turn to the second subproblem, i.e., maximizing the number of connections by

adjusting bandwidth and transmit power. Given set Aa, we transform the primary problem P1 into

a resource allocation subproblem that includes power and bandwidth allocation, i.e., subproblem P3,

which we present as

P3 : max
P ,Bd

|KC |+ |KM |

s.t.



















































C1 : 0 6 Bd +Bs 6 B,

C2 : |KC |+ |KM | 6 Bs/∆B,

C3 : R (c) > Rc
T , c ∈ KC ,

C4 : R (m) > Rm
T , m ∈ KM ,

C5 : KM =
∑

k∈Aa

Mk,

C6 : 0 6 P 6 Pmax.

(8)

From (8) above, we first reformulate constraints C3 and C4 in vector form as

[I − aA]P > b, (9)

where I is the identity matrix, a = 10
RT

Bd/(K+N) − 1, A (k, l) = hk,ld
−α
k,l is the normalized channel gain

matrix

Ak,l =











0, l = k or l /∈ χk,

A (k, l)

A (k, k)
, l 6= k, l ∈ χk,

(10)

and the target vector

b = aσ2

[

1

A(1, 1)
,

1

A(2, 2)
, . . . ,

1

A(M +N,M +N)

]T

.

We observe here that the objective function is linear and the constraint set is convex with respect to the

power profile vector P when the bandwidth Bd is given. Therefore, under Bd, we can obtain the optimal

power allocation using a standard convex programming method when the feasible set is nonempty. We

define the matrix F = aA; matrix F comprises nonnegative elements and is irreducible. Based on the

Perron-Frobenius theorem, the following well-known lemma (proved in [33,34]) provides a necessary and

sufficient condition for the feasibility of P3.
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Algorithm 2 Power control and bandwidth allocation algorithm

Require:

Assume that all UEs are active, ma ←M , na ← K, UTX = UC ∪ UM and Bd = B − ceil ((ma + na))∆B.

Ensure:

1: Set F = aA and calculate ρ (F ). If ρ (F ) < 1, i.e., the feasibility condition is satisfied, go to Step 4;

otherwise, go to Step 2.

2: If UM 6= ∅, choose the column of UM such that k = argmaxk∈UM
‖fk‖2; otherwise choose the column of UC such that

k = argmaxk∈Uc
‖fk‖2.

3: Delete the k-th row and the k-th column of F and generate a new and reduced matrix F .

if k ∈Ml then

|Ml| ← |Ml| − 1.

if |Ml| = 0 then

Set na ← na − 1.

end if

else

ma ← ma − 1.

end if

Bd = B − ceil ((ma + na))∆B. Return to Step 1.

4: Solve the optimization problem and obtain the feasible solution |KC | and |KM |.

Lemma 1. From [26], the constraint set in P1 is nonempty if and only if the maximum modulus

eigenvalue of F is less than one, i.e., ρ (F ) < 1, where ρ (F ) denotes the spectral radius of the matrix F .

When the feasibility condition is satisfied, we are able to obtain P by solving P3. Otherwise, we obtain

a feasible solution for P3 by removing some UEs that cause maximum interference to other UEs until the

feasibility condition is satisfied [26]. More specifically, the k-th row and the k-th column of F are deleted

until the updated matrix satisfies ρ (F ) < 1 where k = argmaxk∈UM
‖fk‖2. In most of cases, CUEs have

higher priority in transmission than MTC UEs; therefore, CUEs may be rejected only when all MTC

UEs are refused access. We describe the complete power control and bandwidth allocation procedure

in Algorithm 2. Note that ceil(x) denotes the ceiling function that obtains the minimum integer larger

than x.

3.3 Computational complexity

As described in the subsections above, our primal problem P1 is decomposed into two subproblems,

which are then separately solved using Algorithms 1 and 2. Using Algorithm 1, we identify the set of

group heads, which serves as the input to Algorithm 2. Using Algorithm 2, we obtain the power allocation

vector and data transmission bandwidth as output.

Algorithm 1 uses the modified K-means method and the Hungarian algorithm to implement an ad-

justment group head selection algorithm. The computational complexity of the K-means method is

T 1 × O(M × K), where T 1, M and K denotes the number of iterations of the K-means method, the

number of MTC UEs and the number of groups for all MTC UEs, respectively. The computational

complexity of the Hungarian algorithm is T 2 × O(M × K) where T 2 denotes the number of itera-

tions of the Hungarian algorithm. Therefore, the overall complexity of our approach here is (T 1 + T 2)

×O(M ×K).

The complexity of Algorithm 2 is T 3×O(M +N), where T 3 denotes the number of iterations of Al-

gorithm 2 and N denotes the number of CUEs. Combining these computational complexities, the overall

computational complexity of our proposed algorithm is (T 1 + T 2) × O(M × K) + T 3

×O(M +N).

4 Simulation results

In this section, we describe the simulation results of our proposed algorithms for MTC underlaid cellular

networks. Unlike classic methods, our method shows the number of connections in terms of the ratio of

the data rate of MTC UEs to that of CUEs, the ratio of the number of CUEs to that of MTC UEs, and the

number of preambles. One of the comparable classic methods allocates the fixed signaling resource, while
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Table 1 Parameter configuration

Item Value

Total number of users 70

Cell radius 400 m

Data rate requirement of CUEs 0.45 Mb/s

Number of groups 10 (normal)

Bandwidth 20 MHz

Fading Rayleigh fading

0.1 0.2 0.3 0.4 0.5 0.6 0.7
10

15

20

25

30

35

40

45

50

Data rate (MTC)/data rate (cellular)

C
o
n
n
ec

ti
o
n
 n

u
m

b
er

 

 
Aggregation, K=10

Dynamic signalling resource allocation

Fixed signalling resource RB=30

Fixed signalling resource RB=25

Fixed signalling resource RB=20

Figure 2 (Color online) Numbers of connections versus the ratio of data rate of MTC to that of cellular communications

for our proposed algorithm (i.e., aggregation K = 10) and other classic approaches.

a second classic method is our proposed dynamic signaling resource allocation approach but without

the group-based data aggregation. In our simulations, we use three different RB values for signaling

transmission, i.e., 20 RBs, 25 RBs, 30 RBs. Moreover, we explore the effect the number of groups on the

number of connections. The simulation parameters are listed in Table 1.

In Figure 2, we show how our group-based proposed algorithm performs with a significant gain in terms

of the number of connections when compared with the fixed and dynamic signaling resource allocation

schemes; these data verify that aggregation is indeed an effective approach to increase the number of

connections. Moreover, such advantages our proposed group-based algorithm are more obvious when the

data-rate differences between MTC and cellular communications are large, in other words, our proposed

algorithm is appropriate for the small data transmissions inherent to MTC. Furthermore, the number

of connections decreases as the data rate ratio of MTC to cellular communications increases. It then

reduces to a stable value, as shown in Figure 2. The intersections of the curves representing different

fixed signaling resources indicate that the limiting factor on the the number of connections changes

from the signaling resource constraint to the data resource constraint as the MTC rate requirement

increases.

In Figure 3, we present results that verify that a smaller ratio of the number of CUEs to that of MTC

UEs gives a more distinct advantages to our group-based proposed algorithm over the fixed and dynamic

signaling resource allocation schemes. The intersections of the curves indicate that the limiting factor

on the the number of connections changes from the signaling resource constraint to the data resource

constraint as upon simulation with a lower number of MTC UEs.

As shown in Figure 4, the number of connections increases to a stable value with the number of

preambles, where the stable points results from the limited data transmission resources. The dynamic
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Figure 3 (Color online) Numbers of connections versus the number of CUEs to that of MTC UEs for our proposed

algorithm (i.e., aggregation K = 10) and other classic approaches.
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Figure 4 (Color online) Numbers of connections versus the number of preambles for our proposed algorithm (i.e., aggre-

gation K = 10) and other class approaches.

resource allocation schemes perform better than the fixed ones here, with our group-based approach

delivering a high performance. Another remarkable result is that the lower the RB values, the higher the

number of connections as the number of preambles increase. While the limiting factor on the number

of connections changes from the signaling resource constraint to the data resource constraint with an

increasing number of preambles, the system may save more RBs for data transmission to support more

connections.

In Figure 5, we present the number if groups versus the number of connections. From Figure 5, we

conclude that varying the number of groups did not contribute to changes in the number of connections

because increases in the number of groups reduce the RBs allocated to each group, which then limits the

number of connections while guaranteeing the data rate requirements (i.e., C3 and C4 in (8)). Therefore,

the number of connections remains stable even though the number of groups increases.

Finally, in Figure 6, we show the convergence of our proposed algorithm versus the number of iterations.

Our proposed algorithm converges very rapidly after only approximately seven iterations. Note that the
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Figure 5 (Color online) Numbers of connections versus the number of groups in our proposed algorithm.
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Figure 6 (Color online) Numbers of connections in terms of the number of iterations in our proposed algorithm.

computational complexity of our proposed algorithm has been analyzed thoroughly in Subsection 3.3.

5 Conclusion

In this paper, we formulated a group-based joint signaling and data resource optimization model to

maximize the number of connections constrained by network resources and data rate requirements. Given

the non-convexity of this problem, we decomposed it into two subproblems, i.e., a group-based data

aggregation subproblem and a resource allocation subproblem. Our simulation results show that our

proposed algorithm significantly increased the number of connections when compared with other classic

methods. Furthermore, we deduced that the limiting factor on the number of connections changes with

the ratio of the number of MTC UEs to that of CUEs and with the ratio of data requirements of MTC

UEs to that of CUEs.
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