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ABSTRACT Compressed sensing-based multiuser detection (CSMUD) is a promising candidate to
enable grant-free non-orthogonal multiple access for massive machine-type communication in the
fifth-generation (5G) wireless communication system. Exploiting the sporadic node activity of the massive
machine-type communication, CSMUD recovers the signal from far fewer linear measurements than the
number of users, thereby facilitating massive connectivity. However, with the increase in the number of
sensor nodes, the errors in the activity detection also increase. In this paper, we propose sequence block-
based compressed sensing multiuser detection (SB-CSMUD), which enhances the activity detection by
using block of multiple spreading sequences as signature of the node. It is demonstrated both empirically
and theoretically that the SB-CSMUD scheme besides improving the detection error rate also increases
the spectrum efficiency. Simulation results show that for the same least square estimation error rate (LSER),
SB-CSMUD not only reduces the bandwidth by 10% but also reduces the bit error rate bymore than 1.5 order
of magnitude at signal-to-noise ratio (SNR) of 15 dB. The bandwidth can even be reduced by 25%–30%
at SNR > 20 dB for achieving the same detection error rate at the cost of LSER. Furthermore, owing to
the diversity in the spreading, the proposed scheme provides a more homogeneous performance for all the
nodes. In addition, the computational complexity of the SB-CSMUD is the same as that of CSMUD at the
only expense of the memory requirement for hosting the block sequence at the node.

INDEX TERMS MassiveMTC, grant freemedium access, NOMA, compressive sensingmultiuser detection,
system overloading.

I. INTRODUCTION
Massive machine type communication (mMTC) is one of the
important communication services in the future 5G wireless
communication system. It has a great potential in a wide
range of applications such as in monitoring, logistics, smart
grids, smart cities and so on. Different from the human driven
communication, the mMTC is characterized by low data rate
and sporadic activity [1]. It is estimated that the number of
connected devices will rise to 50 billion by 2020 [2] and
even up to 500 billion by 2024 [3]. The abundance of such
devices poses enormous challenges to meet the performance
requirements such as high spectral efficiency, massive con-
nectivity and low power consumption of the 5G communi-
cation system [4], [5]. The current cellular systems such as
3GPPP long term evolution (LTE) [6] is primarily designed
for human centric communication which is characterized by

high data rates. The control signaling overhead for medium
access of the LTE protocols is much higher as compared to
the mMTC payload, which makes the LTE highly inefficient
to cope with the mMTC traffic [7], [8]. Furthermore, the
current orthogonal multiple access (OMA) schemes are based
on orthogonal resource allocation which are not capable to
accommodate the huge number of devices due to the orthog-
onality constraint. The peculiar characteristics of the mMTC
traffic demands for a paradigm shift of the current multiple
access scheme to reduce the control signaling overhead and
to accommodate massive number of nodes.

Non-orthogonal multiple access (NOMA) has become
a key technique to meet the performance requirements
of the mMTC in 5G wireless communication system.
In NOMA schemes, unlike the conventional OMA schemes,
non-orthogonal resources are assigned to the users.
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The non-orthogonality allows the multiple access scheme to
be overloaded, i.e., facilitating multiple users to share the
available resources.

A. RELATED WORK
Various schemes have been proposed in the literature that
uses the NOMA principal. These schemes can be divided
into two main categories: the power domain NOMA and
the code domain NOMA. In the power domain NOMA,
the non-orthogonality is introduced by allocating different
power levels to the users [9]. The power levels are unique
for each user and serve as signatures in the multiuser detec-
tion which is carried out by using successive interference
cancellation (SIC) [10].

In code domain NOMA, non-orthogonal codes are used to
spread the data. At the receiver, advanced multiuser detec-
tion techniques such as message passing algorithm [11] and
SIC are used to separate the users. Different variants of the
code domain NOMA are present in the literature, the most
promising of which are sparse code multiple access (SCMA)
[12]–[14], pattern division multiple access (PDMA) [15],
multi-user shared access (MUSA) [16] and so on. In SCMA,
the information bits after channel coding are directly mapped
to user specific sparse codewords and message passing algo-
rithm is used at the receiver for multiuser detection. The
PDMA considers each user’s channel state and accordingly
allocates a different number of non-zero elements to the
codeword. The MUSA is a sequence based NOMA scheme
that assigns low correlated spreading sequences to the nodes
and uses SIC for multiuser detection.

Compressive sensing based multiuser detection (CSMUD)
[17]–[21] is a recently proposed scheme to enable grant-
free non-orthogonal code division multiple access (CDMA)
for sporadic mMTC in 5G. Compressed sensing is a signal
processing technique in which a sparse signal is sampled
at low rate and is reconstructed by solving underdeter-
mined linear systems. In mMTC, the CSMUD exploits the
sparsity in the activity of the nodes. Many variants of
CSMUD have been proposed in the recent years to effi-
ciently handle the massive connections. In [17], for the first
time sparsity-exploiting algorithms based on maximum a
posteriori probability criterion for CDMA multiuser detec-
tion are proposed. However, besides the higher complexity
of the convex optimization based algorithms, they are not
able to efficiently support more users than the orthogonal
resources.

In [18], the greedy algorithms, e.g., orthogonal matching
pursuit (OMP) [22] and orthogonal least square (OLS) [23],
are used for CSMUD to reduce the computational complexity
and to support the overloaded systems, i.e., the system having
more users than orthogonal resources. The performance of the
OLS based CSMUD is further improved in [24] by exploiting
the group sparsity of the multiuser symbols. It is assumed that
when a node is active, it transmits a sequence of symbols,
thereby, making the multiuser signal group sparse. The per-
formance enhances for the reason that the activity detection

considers multiple symbols which are individually affected
by random noise.

Another challenge in CSMUD is that the number of sup-
ported nodes are limited by the number of dedicated signa-
tures. In [25] to increase the number of supported nodes,
a contention based medium access scheme is proposed in
which each node randomly selects a sequence set from a
predefined pool of sequence sets. At the receiver, the nodes
are identified by the user IDs which are embedded within
the data frame. However, as compared to the non-contention
based medium access, additional errors are caused by the
collision in medium access. In addition, the activity detection
is dependent on the accurate estimation of the signal, which
requires higher SNR and higher sparsity.

Monsees et al. [19] propose multicarrier compressed sens-
ing multiuser detection in which CSMUD is applied to
orthogonal subcarriers combined with CDMA. The proposed
scheme improves the spectral efficiency and the flexibil-
ity in accessing the time-frequency resources. A variant of
the OMP algorithm called group orthogonal matching pur-
suit (GOMP) is used which exploits the group sparsity of the
signal. Instead of using a single symbol the whole frame is
used for activity detection which improves the detection error
rate (DER).

The performance of the CSMUD depends on the correla-
tion between the spreading sequences, the higher the corre-
lation is, the higher the DER will be. With the increase in
the number of nodes, the correlation between the spreading
sequences increases which consequently degrades the DER.
For a fixed number of spreading sequences, the correlation
between them is dependent on the spreading factor, i.e., the
length of the spreading sequences. However, to reduce the
mutual correlation by increasing the spreading factor is spec-
trally inefficient.

B. MAIN CONTRIBUTIONS
In this paper, we have proposed the SB-CSMUD scheme
in which a block of sequences is assigned to each node
instead of assigning a single sequence. The sequence blocks
are designed such that each node has a unique sequence
block which serves as the signature of the node. The activity
detection is based on the maximum mutual correlation of the
sequence blocks instead of the maximum mutual correlation
between single sequences. In SB-CSMUD, the maximum
correlation between the signatures of the nodes becomes
smaller for the reason that the correlations are averaged over
multiple spreading sequence in a block. The main contribu-
tions of the paper are as follows:
• Keeping the same least square estimation error

rate (LSER), a 10% gain in the bandwidth is
achieved alongwith a reduction of 1.5 order ofmag-
nitude in the BER at SNR= 15 dB. The bandwidth
can further be reduced by 25%−30% to achieve the
same DER at the cost of increased LSER.

• A more homogeneous performance in terms of
LSER of all nodes is achieved as compared to
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CSMUD. Thanks to the diversity introduced by the
multiple sequences in a sequence block.

• Capability to support more simultaneously active
nodes is obtained. It is shown that for SNR= 20 dB,
SB-CSMUD can support 50% more active nodes
than CSMUD.

• Bound of performance metric for the SB-CSMUD
is derived and it is shown that probability of
successful support recovery of the proposed SB-
CSMUD is higher than that of the conventional
CSMUD.

• Extensive simulations are carried out to investigate
the effect of different parameters such as the frame
size, sequence block size and sparsity.

In the proposed scheme, the nodes are required to store the
sequence blocks, therefore, the memory requirement of the
node is slightly increased, however, the computational com-
plexity of the SB-CSMUD is same as that of the CSMUD.

The paper is organized as follows. In Section II, the basic
compressive sensing concept is described. Section III pro-
vides description of the system model and the CSMUD
scheme. Section IV presents the proposed SB-CSMUD
scheme and analytical derivation of the lower bound for
the success probability of support recovery. In Section V,
the simulation parameters are given and the performance of
the proposed scheme is analyzed in detail. Finally Section VI
concludes the paper.
Notations: In this paper, all boldface uppercase letters

represent matrices such as A, while all lowercase boldface
letters represent vectors such as x. The set of binary and
complex numbers are represented by B and C, respectively.
Italic letters such as k , x represent variables. Uppercase letters
such as K and Greek letters such as γ represent a constant
value.

II. COMPRESSIVE SENSING BASICS
Compressed sensing (CS) is a signal processing technique
which samples a sparse signal at a rate much less than the
Nyquist rate [26]. A signal x ∈ CN×1 is said to be K -sparse
if it has only K non-zero elements, K � N . The signal x
can be sparse with respect to any basis 8. Let z = 8x be
a compressible signal with respect to 8. The CS encoding
process produces measurement y ∈ CM×1 by a measurement
matrix 9 ∈ CM×N , K < M < N ,

y = 98x+ n, (1)

where n ∈ CM×1 is the background noise vector. The
reconstruction of vector x is to find a sparse vector x̂ which
satisfies Equation (1). However, Equation (1) is an underde-
termined system of equations which can be solved by using
optimization techniques. The reconstruction of vector x is
formulated as

x̂ = argmin
x∈CN

‖x‖0 subject to y = 98x, (2)

where ‖.‖0 is the l0 normwhich simply gives the total number
of non-zero elements in the vector. Equation (2) is a non-
convex optimization problem, which is known to be NP-hard
to solve. Certain relaxation approaches are used to solve
Equation (2) such as, basis pursuit denoising in which the
l0 norm is relaxed to l1 norm [27]. The l1 minimization is
a convex optimization problem which recovers the signal
from an underdetermined system of equations with higher
accuracy at the cost of complexity of cubic order. Another
category of sparse signal reconstruction algorithms is greedy
algorithms. In greedy algorithms, e.g., orthogonal matching
pursuit (OMP), the support of x̂ is obtained iteratively by
selecting the column of 9 which has maximum correlation
with the residual. The residual is initialized to y and is updated
in each iteration of OMP. Once the support is obtained,
the corresponding data is estimated by using least square
estimation. The greedy algorithms have lower complexity
compared to the basis pursuit algorithms at the cost of a slight
loss in the DER performance.

In order to successfully recover the signal using compres-
sive sensing algorithms, the measurement matrix,9, needs to
satisfy the restricted isometry property (RIP) [28]. A matrix
9 is said to satisfy RIP if there exists a constant δK ∈ (0, 1)
such that for every K sparse signal, x, [28]

(1− δK ) ‖z‖22 ≤ ‖9z‖22 ≤ (1+ δK ) ‖z‖22 . (3)

Generally computing the restricted isometric constant, δK ,
is NP-hard. A Guassian matrix is known to satisfy RIP with
high probability whenever the number of rows scales linearly
with the sparsity of the signal and logarithmically with the
length of the signal [29], [30].

Another metric to evaluate the performance of a sensing
matrix is the mutual coherence of the sensing matrix [31].
Mutual coherence is defined as the maximum correlation
between the columns of the 9 and can easily be computed as

µmax = max
1≤i 6=j≤N

|9T
i 9 j| (4)

where 9 i represents the i-th column of 9. In [32] it is shown
that a matrix can recover the true support of the signal if the
following condition of sparsity is satisfied.

K ≤
1
2

(
1

µmax
+ 1

)
. (5)

When the µmax increases the number of supportable non-
zero elements decreases. It is also shown in [33] and [34]
that the mutual coherence provides acceptable performance
guarantees.

III. COMPRESSIVE SENSING MULTIUSER DETECTION
A typical uplink mMTC scenario is illustrated in Figure 1,
where N users are in the range of a base station (BS).
Out of the N users, only a small fraction is active simulta-
neously. Considering a non-orthogonal multicarrier-CDMA
(MC-CDMA) system [35] for uplink mMTC, each user
is assigned with a spreading sequence to spread the data.
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FIGURE 1. Massive machine type communication uplink scenario: N
nodes connected to the base station.

The spreading sequence also serves as signature of the user.
In the non-orthogonal MC-CDMA, the number of spreading
sequences is more than the orthogonal resources, which intro-
duces a correlation between the spreading sequences. There-
fore, advanced multiuser detection techniques are required
to recover the signal. In mMTC, since the multiuser signal
is sparse, i.e., only few of the users are active, the mul-
tiuser detection can be posed as a compressive sensing
problem, therefore, called compressive sensing multiuser
detection (CSMUD).

The CSMUD is a joint detection of the activity and data.
After detecting an active node the corresponding data is
estimated using least square estimation. Therefore, the overall
BER is dependent on the detection of both the activity and the
data. Analytically, the overall BER is given as

BER =
ξL + (K − ξ )γ

NL
, (6)

where K is the number of simultaneously active nodes, L is
the number of symbols in a frame, ξ is the number of errors
in the activity detection and γ represents the average number
of errors in the least square estimation.

The CSMUD is modeled in two ways: as a single measure-
ment vector (SMV) problem and as a multiple measurement
vector (MMV) problem.

A. SINGLE MEASUREMENT VECTOR CSMUD
In SMVmodel the CSMUDproblem is formulated on symbol
level where the activity detection is carried out for each
symbol interval. The received signal after affected by AWGN
noise and channel fading is given in frequency domain as

y = SHx+ w

= Ax+ w, (7)

where S ∈ CM×N consists of the spreading sequences of
N users, H ∈ CN×N is a diagonal matrix which consists
of the channel coefficients of the users, x ∈ CN×1 is the
multiuser signal andw ∈ CM×1 is the Gaussian noise. A zero
element of vector x represents an inactive user. The matrix,
A ∈ CM×N is the sensing matrix which consists of the com-
bination of the spreading sequences and channel coefficients.

FIGURE 2. SMV based compressive sensing model for non-orthogonal
multiple access.

In matrix form the SMV based CSMUD model is shown
in Figure 2.

Using OMP to solve CSMUD for SMV model, at each
iteration the active user is detected as the index of the max-
imally correlated column of the sensing matrix, A, with the
residual, r (initialized to y and updated in each iteration). The
corresponding data symbol of the active user is then estimated
using least square estimation.

B. MULTIPLE MEASUREMENT VECTOR CSMUD
In mMTC, when a node is active, it transmits more than one
symbol at a time. This fact is used in modeling the CSMUD
as an MMV model where it is assumed that the data frame
consists of L symbols. The received data matrix is given in
frequency domain as

Y = SHX+W

= AX+W, (8)

where W ∈ CM×L is the Guassian noise. X ∈ CN×L

consists of the modulated symbols of N users. Each row of
X represents L symbols of a user while each column consists
of the symbols of all users at a time. The inactive user is
represented by all zero row of the matrix. Figure 3 shows the
MMV based CSMUD in matrix form.

FIGURE 3. MMV based compressive sensing model for non-orthogonal
multiple access.

In the case of MMV based CSMUD, at each iteration the
activity detection is based on the average of the correlations
of the columns of A with the residual, R (initialized to Y
and updated in each iteration), followed by the estimation
of the corresponding data frame. The performance of MMV
based CSMUD is better than the SMV based CSMUD for
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the fact that in MMV case the correlations are averaged over
L symbols.

IV. SEQUENCE BLOCK CSMUD
The performance of the conventional CSMUD depends
on the maximum correlation, µmax , between the spreading
sequences assigned to the users. For a higher value of µmax ,
the DER will be higher and vice versa. The maximum cor-
relation, µmax , is dependent on the length of the spreading
sequence, i.e, the spreading factor. Increasing the spread-
ing factor reduces the maximum correlation, µmax , which
improves the activity detection. However, higher spread-
ing factor means using more radio resources, which is not
desirable in an mMTC scenario. Therefore, to reduce the
µmax without increasing the spreading factor, we propose
SB-CSMUD. It is an MMV based CSMUD scheme in which
it is assumed that when a node is active it transmits L symbols,
mod (L,D) = 0, where D is the number of sequence in a
sequence block.

FIGURE 4. Processing at node n: � represents multiplication of first
column of the Sn with first symbol of a symbol block of xn, second
column with second symbol and so on.

A. PROCESSING AT SENSOR NODE
In the proposed SB-CSMUD, instead of assigning a single
sequence, a sequence block, Sn ⊂ S, 1 ≤ n ≤ N , of D
sequences is assigned to each user which serves as the signa-
ture. The node processing in SB-CSMUD scheme is depicted
in Figure 4. The signal after channel coding is modulated
using quadrature phase shift keying. The modulated data
frame is then spread using the assigned sequence blocks. The
spreading process can be regarded as dividing the data frame
into G = L/D symbol blocks and spreading each symbol
block using the user specific sequence block. The first symbol
of each symbol block is spread using the first spreading
sequence of the sequence block, the second using the sec-
ond spreading sequence and so on. The resultant spread
signal frames of all the N nodes Un

∈ CM×L , 1 ≤ n ≤ N ,
are then transmitted using orthogonal frequency division
multiplexing.

B. SEQUENCE BLOCK DESIGN
A sensing matrix, S ∈ CM×N , is generated by selecting ran-
dom sequences from the unit circle such as si(ν) ∼ exp(2πν)
with ν being a uniform distribution on the interval [0,1].
For each user a block of D sequences are selected from the

FIGURE 5. Selection of sequence blocks from sensing matrix .

sensing matrix S. The sequence block Sn = [sn1, s
n
2, · · · , s

n
D],

1 ≤ n ≤ N , is designed such that the sequences at the same
index of all sequence blocks are unique, i.e., sid 6= sjd ,
i, j ∈ {1, 2, · · · ,N }, i 6= j, where sjd represents the d-th
sequence of the j-th sequence block, 1 ≤ d ≤ D. While
several procedures are possible for choosing the sequences to
form a sequence block, here for simplicity, a sliding window
based procedure is employed to select D sequences from
sensing matrix, S. In Figure 5, the design of sequence
blocks for D = 3 is shown. The sequence block of node 1,
S1 = [s1, s2, s3], consists of the first three sequences of the
spreading matrix, S. Similarly S2 = [s2, s3, s4] and so on.
Note that the total sequences used by SB-CSMUD are same
as that of CSMUD. Owing to the random correlations among
the columns of spreading matrix, the minimization of the
maximum mutual correlation between the sequence blocks
is sub-optimal. Therefore, the performance of the system can
further be improved by designing the sequence blocks such
that the maximum mutual correlation between the sequence
blocks is minimized.

The sequence block is stored at the sensor node, thereby,
increasing the memory requirement byD. However, the com-
putational complexity of the spreading at the node as well
as of the multiuser detection at the BS in SB-CSMUD is the
same as that of CSMUD. The reason is that both CSMUD
and SB-CSMUD process the same amount of symbols. The
only difference is that in CSMUD all symbols use the same
spreading sequence while in SB-CSMUD each symbol block
uses a different spreading sequence from the sequence block.

C. PROBABILITY OF SUPPORT RECOVERY
The CSMUD is based on the OMP algorithm where at each
iteration the activity and data are jointly detected. The support
of signal y in Equation (7) is iteratively obtained as the
index of the maximally correlated spreading sequence with
the residual, r. The activity is detected as

I = argmax
1≤j≤N

|〈aj, r〉|

= argmax
1≤j≤N

(∑
k∈0

|〈aj, ak 〉||xk | + |〈aj,w〉|

)
, (9)

where aj represents the j-th column of the sensing matrix, A,
0 is the set of the indexes of the active nodes, xk is
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data symbol of node k and |〈.〉| represents the mutual
correlation.

It is intuitive that the CSMUD recovers the support set if the
minimum correlation between the spreading sequences of the
active nodes and the receivedmultiuser symbol is greater than
the maximum correlation between the inactive nodes and the
received multiuser symbol. In [33], it is shown that the OMP
algorithm recovers the true support if

min
i∈0

(∑
k∈0

|〈ai, ak 〉||xk | + |〈ai,w〉|

)

≥ max
j/∈0

(∑
k∈0

|〈aj, ak 〉||xk | + |〈aj,w〉|

)
. (10)

The summation on the left hand side of Equation (10) also
contains the self-correlation, |〈ai, ak 〉|, i = k , which is equal
to 1. Therefore, we have

1+min
i∈0

 ∑
k∈0,i6=k

|〈ai, ak 〉||xk | + |〈ai,w〉|


≥ max

j/∈0

(∑
k∈0

|〈aj, ak 〉||xk | + |〈aj,w〉|

)
. (11)

It is easy to understand that

1+min
i∈0

 ∑
k∈0,i 6=k

|〈ai, ak 〉||xk | + |〈ai,w〉|


≥ 1−max

i∈0

 ∑
k∈0,i6=k

|〈ai, ak 〉||xk | + |〈ak ,w〉|

. (12)

The relationship in (12) leads (11) to a stronger condition for
the support recovery as follows

1−max
i∈0


∑

k∈0,i 6=k

|〈ai, ak 〉|︸ ︷︷ ︸
p

|xk | + |〈ai,w〉|



≥ max
j/∈0


∑
k∈0

|〈aj, ak 〉|︸ ︷︷ ︸
q

|xk | + |〈aj,w〉|

. (13)

The activity of the nodes in mMTC is not known beforehand,
therefore, without loss of generality p and q in Equation (13)
can be considered as the sum of K − 1 and K correlations
which maximizes the second term on the left hand side and
the right hand side, respectively. Equation (13) can therefore
be generalized to

1− max
1≤i≤N

(
K−1∑
k=1

max
1≤j≤N

|〈ai, aj〉||xj| + |〈ai,w〉|

)

≥ max
1≤i≤N

(
K∑
k=1

max
1≤j≤N

|〈ai, aj〉||xj| + |〈ai,w〉|

)
. (14)

Taking the higher value for both sides of the equation,
we have

max
1≤i≤N

 K∑
k=1

max
1≤j≤N

|〈ai, aj〉||xj| + |〈ai,w〉|︸ ︷︷ ︸
η

 ≤ 1
2
. (15)

Representing the set of indexes of the spreading sequences
which maximizes the left hand side of Equation (15), by �
and the corresponding correlations by µ, we have the condi-
tion for successful recovery as∑

j∈�

µj|xj| ≤
1
2
− η. (16)

The probability of error in the activity detection, Pe, can
therefore be defined as

Pe ≤ Pr

∑
j∈�

µj|xj| >
1
2
− η

 . (17)

By using Briesten inequality [36] we obtained the upper
bound probability of error as

Pr

∑
j∈�

µj|xj| >
1
2
− η


≤ exp

 −( 12 − η)
2

2
(∑

j∈� E{µ2
j |xj|

2} + c( 12 − η)/3
)


≤ exp

 −( 12 − η)
2

2
(
Kv+ c( 12 − η)/3

)
 , (18)

where E
{
µ2
j |xj|

2
}
≤ v and Pr

{
µj|xj| ≤ c

}
= 1. It is assumed

that the transmit power of each node is one, i,e., |xj| = 1,∀j.
However, there are only K nodes active at a time, therefore,
the remainingN−K nodes are represented by zero. The upper
bounds c is therefore equal to µmax and v is defined as

v =
1
N

N∑
j=1

µ2
j |xj|

2
≤
K
N
µ2
max . (19)

The lower bound probability of successful support recovery
for SMV based CSMUD, λSMV, is therefore stated as

λSMV ≥ (1− Pe)Pr{ max
1≤j≤N

|〈aj,w〉| ≤ η}. (20)

Combining Equation (18), (19) and (20) and assuming
Pr{maxj |〈aj,w〉| ≤ η} = 1, we have the lower bound success
probability,

λSMV ≥ 1− exp

 −(1/2− η)2

2
(
K2µ2

max
N +

µmax (1/2−η)
3

)
 . (21)

Equation (21) is based on SMV model where only a sin-
gle multiuser signal is considered. However, in practice the
active user transmits a sequence of symbols. Assuming that a
user transmits L symbols per frame, the multiuser detection
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problem is posed as an MMV compressive sensing problem.
For the MMV case, the received signal of Equation (8), the
decision of activity detection is based on the average of the
correlations of the signature and the L received multiuser
symbols. The success probability for MMV based CSMUD
is therefore given as

λMMV ≥
1
L

L∑
l=1

1− exp

 −(1/2− ηl )
2

2
(
K2µ2

max
N +

µmax (1/2−ηl )
3

)
,

(22)

where ηl is the correlation between the l-th symbol of the
frame and the Gaussian noise. The performance of the MMV
based CSMUD is better than that of the SMV case due to the
fact that every symbol in MMV case experiences a different
Gaussian noise which introduces a diversity in the corre-
lations between the spreading sequences and the received
multiuser signals.

SB-CSMUD is an MMV based multiuser detection in
which along with the diversity introduced by noise, the max-
imum correlation between the signatures is also reduced. The
received signal after affected by the additive white Gaussian
noise and channel fading is given in frequency domain as

Y =
N∑
n=1

diag(hn)Sn � xn +W

=

N∑
n=1

Bn � xn +W, (23)

where,

Bn � xn = [Bn1x
n
1,B

n
2x
n
2, · · · ,B

n
Dx

n
D,

Bn1x
n
D+1, · · · ,B

n
Dx

n
2D, · · · ,B

n
Dx

n
L], (24)

Sn ∈ CM×D is the spreading sequence block, hn ∈ CM×1

is the node and subcarriers specific channel coefficients,
xn ∈ C1×L is the data frame, Bn ∈ CM×D is the combination
of the channel and the spreading influences of the sequence
block n and Bnd represents the d-th sequence in sequence
block n. Note that for SB-CSMUD, the frame size, L, is
selected such that mod (L,D) = 0. The sequence block
serves as a signature for the node at the receiver, where the
activity is detected based on the mean of the correlations
between the sequence blocks and the received signal Y, as

I = argmax
1≤j≤N

D
L

L/D∑
l=1

∑
k∈0

|〈Bj,Bk 〉|xkl + |〈B
j,Wl〉|

 , (25)

where

|〈Bj,Bk 〉| =
1
D

D∑
d=1

|(Bjd )
TBkd |

‖Bjd‖‖B
k
d‖
, (26)

|〈Bj,Wl〉| =
1
D

D∑
d=1

|(Bjd )
TWld |

‖Bjd‖‖Wld ‖
, (27)

and

xkl =
1
D

D∑
d=1

|xkld | = 1, ∀l (28)

where Wld represent the random noise at the d-th sequence
of the l-th symbol block and xkl is the l-th symbol block of
the k-th node.

The success probability of support recover for SB-CSMUD
is given as

λB≥
D
L

L/D∑
l=1

1−exp


−(1/2− ηBl )

2

2

 ∑
j∈�Bj

E{(µBjxjl)
2}+

cB( 12−η
B
l )

3





,
(29)

where �B
j and µBj are the block counterparts of �j and µj in

Equation (17), respectively and

cB = µBmaxx
k
l

= max
1≤i 6=j≤N

|〈Bi,Bj〉|. (30)

Similarly the upper bound of the correlation between the
signature and the noise at the l-th symbol block is defined as

ηB
l
= max

1≤j≤N
〈Bj,Wl〉. (31)

As the selection of spreading sequences for the sequence
blocks is based on sliding window method of length D,
at most two sequence blocks can haveD−1 common spread-
ing sequences. Without loss of generality, let the first D − 1
correlations be the maximum correlations amongst the D
correlations that constitutes µBj . The upper bound vB for the
expectation E

{
(µBjxjl)

2
}
can be obtained as

vB = E


(
1
D

(
D−1∑
d=1

µBd
max + µ

BD
max

)
xjl

)2


=
1
D2

(
2
N

N/2∑
n=1

(
D−1∑
d=1

µBd
max

)2

+
1
N

N∑
n=1

(
µBD
max

)2
+ 2

2
N 2

N/2∑
n=1

D−1∑
d=1

µBd
max

N∑
n=1

µBD
max

)
xj

2

l (32)

where µBd
max represents the correlation between the sequences

at the d-th index of the maximally correlated blocks. As there
are only K simultaneously active nodes, xjl is equal to 1 for
only K nodes. For the remaining N − K nodes xjl = 0,
which limits the summation in Equation (32) to onlyK terms.
Ignoring the last term on the right hand side of Equation (32)
which is nearly zero for large N , we have

vB ≤
K
ND2

2

(
D−1∑
d=1

µBd
max

)2

+ µBD
max

2

 . (33)
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For the parameters defined in (30), (31) and (33),
the lower bound success probability of support recovery for
SB-CSMUD, λB, is obtained as

λB ≥
D
L

L/D∑
l=1

1− exp

 −(1/2− ηBl )
2

2
(
KvB +

µBmax (
1
2−η

B
l )

3

)

. (34)

where ηBl is the correlation of the l-th symbol block with
noise.

From Equation (21) and (34), it can be observed that
λB ≥ λ only if µBmax < µmax . To show that µBmax is always
less than µmax , we rewrite Equation (30) as

µBmax =
1
D
(µB1

max + µ
B2
max , · · · , µ

Bd
max , · · · ,+µ

BD
max). (35)

Each sequence block consists of D unique sequences
from sensing matrix, A, therefore, only one correlation in
Equation (35) can be equal to the maximum correlation µmax
while the other D − 1 correlations are less than µmax . Let
µ
B1
max = µmax , then µBmax can be stated as

µBmax =
1
D
(µmax + µB2

max , · · · , µ
BD
max) < µmax . (36)

Equation (36) shows that the µBmax will always be less than
µmax which consequently implies that lower bound suc-
cess probability of the support recovery of SB-CSMUD will
always be higher than that of conventional CSMUD.

D. PERFORMANCE GAIN
The gain in support recovery achieved by the proposed
scheme can be utilized in several aspects
• To reduce the required bandwidth by reducing the

number of subcarriers;
• To reduce the DER using the same resources;
• To accommodate more active users.
The required bandwidth, BW for data rate Rb, coding rate,

Rc and Rs bits per symbol, is given as

BW =
Rb
RcRs

M . (37)

The gain in the required bandwidth achieved by SB-CSMUD
can be given as

GBW =
Rb
RcRs

(M −MB)
M

, such that λB = λ, (38)

where MB is the length of the spreading sequences of the
SB-CSMUD, which is equal to the number of subcarriers.
Keeping all other parameters constant, the required band-
width gain is solely dependent on the difference between M
and MB.
For OMP based CSMUD algorithms, the required number

of subcarriers to ensure a failure probability less than α for
some constant C > 0 is given in [22] as

M ≥ CK log(N/α). (39)

The M in Equation (39) increases linearly with K which is
limited by the maximum correlation between the signatures
as given in Equation (5). In SB-CSMUD the correlation
between the signatures is reduced which can potentially allow
more simultaneous active nodes. The possible increase in
active nodes is denoted by 1K = KB − K , where KB
is the number of simultaneously active nodes supported by
SB-CSMUD. The 1K can be used in two ways either to
accommodate more active users or to reduce the required
number of subcarriers at the same BERwhich results in a gain
in the bandwidth saving. The required number of subcarriers
for SB-CSMUD ensuring the same BER is obtained as

MB ≥ CK log(N/α)− C1K log(N/α), (40)

Substituting Equation (40) in Equation (38), we obtain the
gain in bandwidth saving as

GBW =
RbC1K log(N/α)

RcRsM
. (41)

The overall BER is also dependent on the LSER according
to Equation (6). Therefore, by reducing the number of sub-
carriers, the LSER of the active nodes also increases which
results in increasing the overall BER. Therefore, the reduction
in the number of subcarriers is limited by the tolerance level
of increase in the LSER of the active nodes. For the scenar-
ios where the accurate support recovery is more important
than the actual data such as in smart temperature sensing
where the sensor node becomes active when the temperature
exceeds certain limit, the proposed scheme can further reduce
the subcarriers while keeping the same DER as that of the
conventional.

E. HOMOGENEOUS PERFORMANCE
Randommatrices are considered to give good performance in
the compressive sensing reconstruction. Using random sens-
ing matrices in OMP based CSMUD, one of the drawbacks is
that the users might not have homogeneous performances in
terms of LSER. It is because the performance is dependent
on the correlations of the spreading sequences which are
not homogeneous in a random matrix. The users that are
maximally correlated are highly prone to errors while those
with smaller mutual correlation have lower LSER. The non-
homogeneity becomes more evident when the data frame is
large as the whole frame gets affected.

In the proposed scheme each node uses D spreading
sequences, therefore, they have a higher spreading diver-
sity in the transmitted data frame. In the worst case only
L/D symbols in the data frame can get affected by the
higher mutual correlation. As discussed in Section IV-D,
the remaining L − L/D symbols will always have less corre-
lation with other nodes’ spreading sequences. The proposed
SB-CSMUD scheme therefore guarantees a more homoge-
neous performance. Furthermore, the diversity introduced by
using multiple sequences also gives a small improvement in
the overall LSER of the system.
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FIGURE 6. Probability of successful support recovery (D = 4, L = 8). (a) K = 10; N = 60. (b) K = 30; N = 192.

TABLE 1. Simulation parameters.

V. PERFORMANCE ANALYSIS
We analyzed the performance of the SB-CSMUD under dif-
ferent scenarios. For the performance analysis, we assume an
exponentially decaying channel with a path loss constant of
two. In addition, we assume that the channel remains same
for the entire data frame and the channel state information is
known at the receiver. The overloading factor is defined as
ρ = N/M . The other simulation parameters are summarized
in Table 1.

The lower bound probability of successful support recov-
ery is shown in Figure 6. The probability of successful sup-
port recovery for the empirical results is defined as the ratio of
the exact support recovery to the number of trials performed.
The terms η and ηB are random quantities which cannot be
calculated analytically, therefore, they are empirically calcu-
lated as the maximum correlation between the signatures and
the noise in 104 trials.

Figure 6 shows the theoretical and empirical probabil-
ity bounds of successful support recovery. In Figure 6(a),
the probability bounds are shown for M = 14, 18 and 20.
It is evident that for M = 20, the success probability of the
conventional CSMUD becomes flat at 0.85 while the success
probability of SB-CSMUD is nearly one at SNR > 20 dB.
The performance of the SB-CSMUD atM = 18 is nearly the

FIGURE 7. Effect of reducing subcarriers on the LSER of CSMUD and
SB-CSMUD (D = 4, N = 60, L = 8).

same as that at M = 20 for SNR > 15 dB, which besides
the improvement in the success probability over the CSMUD
also results in a bandwidth gain of 10%. The performance
cures at M = 14 shows that the bandwidth can further be
reduced by 30% for SNR > 20 dB. It can be observed that
the gap between the theoretical curves for CSMUD and SB-
CSMUD atM = 14 is more than that in the empirical curves.
The reason for this difference is that for theoretical results
we consider the maximum value of η while in the empirical
case the diversity in η is higher as each symbol experience
a different noise. The same gain pattern can be observed
in Figure 6(b) where the number of subcarriers are increased
to M = 64 and total number of users to N = 192. It is clear
that a 10% gain in bandwidth is achieved by reducing the
subcarriers toM = 58 alongwith the gain in the performance.
The subcarriers can be reduced to M = 48 to achieve the
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FIGURE 8. Performance comparison of CSMUD and SB-CSMUD ( K = 10, D = 4, N = 60, L = 8). (a) Detection error rate. (b) Bit error rate.

same performance as that of CSMUD at SNR ≥ 20 dB. The
results in Figure 6 show that the proposed solution is feasible
for small as well as for large number of nodes.

In Figure 6, it is shown that by using the SB-CSMUD
we can reduce the required bandwidth to achieve the same
activity detection. However, as the LSER also depends on
the number of subcarriers, we have to consider the effect
of reducing the subcarriers on the LSER. Figure 7 depicts
the effect of reducing the subcarriers on the LSER. The
simulations are carried out for known activity where the infor-
mation about the active nodes are known at the BS, therefore,
the BER constitutes only the LSER. From the figure, it is clear
that as M decreases, the LSER increases for both CSMUD
and SB-CSMUD. However, the reduction in the LSER of the
SB-CSMUD is less than that of the CSMUD. The difference
in the degradation rate comes from the diversity introduced
by using D spreading sequences in SB-CSMUD. In CSMUD
the effect of the highly correlated sequences remain the same
for all the frame, while in SB-CSMUD, only L/D symbols
in the data frame get affected, therefore, the overall LSER
is improved. Due to this improvement, the LSER of the
SB-CSMUD atM = 18 is approximately same as that of the
CSMUD atM = 20, justifying the 10% gain in the bandwidth
achieved by SB-CSMUD.

The overall performance gain of the SB-CSMUD in terms
of DER and BER is demonstrated in Figure 8. AtM = 20 the
DER of the SB-CSMUD is lower than that of the CSMUD
by two order of magnitude as shown in Figure 8(a) for
SNR > 15 dB. The same gain pattern is observed in the
overall BER curves in Figure 8(b). It is clear from Figure 8
that the major contribution in the degradation of the BER of
the CSMUD comes from the detection errors. A single error
in activity detection causes the whole frame in error as also
shown in Equation (6). The SB-CSMUD primarily reduces
the DER, which consequently reduces the overall BER.

The SB-CSMUD enhances the spectrum efficiency by
reducing the number of subcarriers as shown in Figure 8.
For M = 18, a gain of 1.5 order of magnitude in DER is
achieved for SB-CSMUD at SNR = 20 dB. The reduction in
subcarriers is equivalent to reducing the required bandwidth
by 10% besides a gain of 1.5 order of magnitude in DER.
In Figure 8, it can be observed that the subcarriers can further
be reduced as even at M = 17 a gain of more than one order
of magnitude is achieved. The property of support recovery
using smaller number of subcarriers is of great interest in
certain mMTC scenario where the activity detection is more
important than the actual data.

Figure 9 presents the impact of the sequence block size,
D, on the performance. As D increases, the maximum cor-
relation, µBmax , decreases due to the averaging of several
correlations. The reduction in maximum correlation results
in reduction of the DER as shown in Figure 9(a) and conse-
quently the BER in Figure 9(b). It can also be seen that the
improvement in DER is not linear with the D. The gain in
DER from D = 1 to D = 2 is more than that from D = 2
to D = 3. The reason for this is that vB also increases with D
which affects the gain in DER.

Figure 10 shows the relationship between the performance
and the size of the frame. For CSMUD, a gain of one magni-
tude in DER is achieved at SNR= 20 dB for increasing L = 8
to L = 20 as shown in Figure 10(a). In case of SB-CSMUD
the gain is significantly higher and no detection error is
observed for SNR > 8 dB. The performance gain comes
from the averaging of the correlations over multiple sym-
bols for CSMUD and over multiple blocks for SB-CSMUD.
In Equation (21) and (34) it can be seen that if all the L
symbols of CSMUD and L/D blocks of SB-CSMUD expe-
rience the same noise, then the size of L will not affect the
performance. However, in practice, the noise can never be
the same for all symbols. Owing to the diversity introduced
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FIGURE 9. Effect of the sequence block size, D (K = 10, M = 20, N = 60, L = 8). (a) Detection error rate. (b) Bit error rate.

FIGURE 10. Effect of increasing frame size, L ( D = 4, K = 10, M = 20, N = 60). (a) Detection error rate. (b) Bit error rate.

by the random noise, a significant gain in DER is achieved.
From L = 20 to L = 36, the gain in DER is small for both
CSMUD and SB-CSMUD due to the fact that the diversity
becomes nearly same for further increasing the frame size.
It can also be observed in Figure 10(b) that the BER improves
with improvement in DER, however, from L = 20 to L = 36,
the BER for SB-CSMUD is almost the same particularly for
SNR > 8 dB. It is for the reason that no error is introduced
by the error in the activity detection and further increasing the
frame size will not affect the BER.

The relationship between the performance and the num-
ber of active nodes is demonstrated in Figure 11. For
less sparse signal, the number of active users is higher,
which contributes in increasing the multiple access inter-
ference, thereby, degrading the performance. It can be seen

in Figure 11(a) that the DER of the CSMUD is at least 10−2

even at K = 8. On the other hand due to the more efficient
activity detection of SB-CSMUD, the DER of SB-CSMUD
is 10−3 even at K = 12, resulting in one order of magnitude
gain in DER at SNR = 20 dB along with accommodating
50%more nodes. A similar trend of performance gain in BER
can be observed in The effect of reducing the sparsity on
the overall BER is shown in Figure 11(b). The BER also
degrades with the increase in the number of active nodes.
However, the BER performance curves show that the DER
is the dominant cause of the overall BER degradation. It can
be concluded from the Figure 11 that the SB-CSMUD is
more resilient to multiple access interference and can give
reasonable performance in situation where the number of
simultaneously active nodes is higher.
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FIGURE 11. Effect of sparsity, K , on the performance (M = 20, N = 60, D = 4, L = 8). (a) Detection error rate. (b) Bit error rate.

FIGURE 12. Standard deviation of the LSERs of the active nodes (K = 10,

M = 20, N = 60, D = 4).

Figure 12 presents the advantage of providing homo-
geneous performance for all the nodes of the proposed
SB-CSMUD over the conventional CSMUD. For the simu-
lation, the maximally correlated sequences are assigned to
the active users and the LSER of the individual users at
known activity is obtained. In Figure 12 it is observable that
the standard deviation of the LSERs of the active nodes in
SB-CSMUD is substantially lower than that of the CSMUD,
verifying that all the active nodes have approximately sim-
ilar LSER. The reason for the improvement is discussed
in subsection IV-E.

VI. CONCLUSION
In this paper we have proposed a non-orthogonal multi-
ple access scheme with sequence block based CSMUD
to enhance the spectrum efficiency, reduce the DER and
BER, provide homogeneous performance for all nodes and
to increase the overloading capability of the CSMUD.

The performance determining parameter of CSMUD,
i.e., the maximummutual correlation between the signatures,
is reduced by exploiting themulti-symbol structure of the data
frame. The proposed SB-CSMUD enhances the performance
without increasing the length of the spreading sequence,
thereby, improving the spectrum efficiency. It is shown that
with SB-CSMUD, the required bandwidth can be reduced by
at least 10%, which can further be reduced for applications
where the accurate activity detection is the key requirement
rather than accurate data estimation. Furthermore, it is also
demonstrated that a more homogeneous performance for
all users is achieved for the proposed SB-CSMUD. It is
shown empirically as well as analytically that a significant
improvement in the DER and the spectrum efficiency can
be achieved without increasing the number of subcarriers.
In addition, the SB-CSMUD have the same computational
complexity as that of the CSMUD at the only expense of
increasedmemory of the node for hosting the sequence block.

In the proposed scheme the sequence block design is a
naive sliding window based selection of the sequences from
the spreading matrix. It will therefore be an interesting topic
to investigate the selection of sequences based on the min-
imization of the mutual correlation between the sequence
blocks.
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