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Abstract

Ultra-dense network ( UDN) deployment of small cells introduces novel technical challenges, one of which is that
the interference levels increase considerably with the network density. This paper proposes interference suppression
scheme based on compressive sensing ( CS) framework for UDN. Firstly, the measurement matrix is designed by
exploiting the sparsity of millimeter wave channels. CS technique is employed to transform the high dimension
sparse signal into low dimension signal. Then, the interference is canceled in the compressed domain. Finally, the
stagewise weak orthogonal matching pursuit ( SWOMP) algorithm is used to reconstruct the useful signal after
interference suppression. The analysis and simulation results demonstrate the effectiveness of the algorithm.
Simulation results demonstrate that the proposed interference suppression in compressive domain yields performance
gains compared to other classical interference suppression schemes. The proposed algorithm can reduce the

computational complexity of interference suppression algorithm.
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1 Introduction

UDN has been considered as the key feature to meet

the ever-increasing demand of  high-data-rate
applications in 5G mobile communication system [ 1 —
3]. The deployment of ultra dense cell is that the
access nodes are as close as possible to the end users,
thus achieving a possible high transmission rate.

of UDN is not

proportional  to  cell

However, the system capacity

necessarily density.  As
densification, interference is the main bottle neck of
the performance improvement [4 —5].

The interference suppression of UDN is mainly
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classified as three types, cell clustering, interference
management and coordinated multi-points ( CoMP)
transmission [ 6 — 8 |. With denser cells, the number
of interference source increases greatly. It means that
the interference suppression shall involve more cells
across the network. The traditional interference
suppression technologies become more complicate.
Moreover, the system performance is degraded with the
increase of interference cells [3 —5]. On the other

hand,

deployment in

the femto cells are unplanned and user-
UDN,
technology is difficult to achieve due to the lack of the

collaborative  transmission
central point. Refs. [9 —11] put forward user-centric
clustering and cooperating transmission for UDN.
However, it is difficult to cope with the dramatic

changes in the transmission data rate and cell on/off.
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Thus, the novel interference suppression is needed to
investigate UDN scenarios.

The compressed domain interference suppression is
mainly used in radar multi-target interference
suppression, which can eliminate interference in the
compressed domain and improve signal reception
quality. Ref. [ 12 ] proposes an efficient compressive
domain filtering algorithm that eliminates signal
interference by exploiting orthogonal projection while
preserving the geometry of the set of possible signals of
interest. Based on this, Ref. [ 13] investigates the
achievable restricted isometry constant ( RIC) of the
effective sensing matrix, namely, the product of the
orthogonal projection matrix and the original sensing
matrix. According to the impact of RIC on signal
reconstruction, an improved signal reconstruction
algorithm is proposed. Ref. [14] proposes a CS-based
approach for narrow band interference suppression in
( MIMO ) -orthogonal

frequency division multiplexing (OFDM).

multiple-input multiple-output

For an UDN with a large amount of interference, the
sparsity of the wireless channel or the transmission
signals can be utilized to transform the interference
signal into the compressed domain, reducing the
dimension of the interference signal and then filtering
the interference. Therefore, interference suppression in
the compressed domain can solve the problem of a large
number of interference sources in ultra-dense
networking, and improve the interference suppression
performance of ultra-dense interference sources. Ref.
[15] considers that uplink data in centralized radio

( C-RANs ) and

interference ( NBI) from other systems are sparse in

access networks narrow-band
some application scenarios, and joint NBI mitigation
and data recovery problems can be naturally formulated
as CS problems. Ref. [16] considers the number of
base station ( BS) with unique identities can be quite
large in a heterogeneous cellular network, but the
actual number of interfering BS is relatively few. By
exploiting the sparsity, it shows that finding the
identities of constituent BS in the received signal can
be solved using block sparse signal reconstruction

These

interference suppression by utilizing CS techniques in

algorithms. related works have proposed

heterogeneous  network  systems.  However, the

interference compression for UDN scenarios with
complex and large interference sources has not been
studied.

The compressive domain interference suppression is
used in Radar, NBI system or C-RAN based on the
[12 — 16 ]. For UDN, the channel

characters and signals are completely different from the

above Refs.

above scenarios. We consider a heterogeneous network
in which ultra-dense small BSs exploit mmWave
massive MIMO for access and backhaul, while macro-
cell BS provides the control service with low frequency
band.  The

suppression is applied to cancel the interference caused

compressive  domain  interference

by a large number of adjacent cells. The major
contributions of this paper can be listed as follows.

To avoid the performance degradation due to a large
cells, we propose the

number of interference

interference  suppression algorithm based on CS
framework in UDN. The measurement matrix and
sparse matrix are designed by exploiting the sparsity of
millimeter wave channels. Considering that the sparsity
of objective signals are different with the interfering
signals, the interference in the non-zero value of
objective signals is far less than the original signals.
We therefore resort to compression sampling tools. The
compression sampling transforms the interference and
objective signals from high dimension to low dimension
in compression domain. After reducing the dimensions
of the received signal, a large number of interference is
filtered more efficiently in the compressed domain.
Base on this, we can acquire and reconstruct a desired
signal using far fewer measurements than traditional
methods. Since the compressed signal dimension is
much smaller than the original signal dimension, the
proposed  algorithm  reduces the computational
complexity of interference suppression algorithms.
Moreover, the proposed algorithm can be carried out
directly by the transmitter or the receiver, and it does
coordinated  transmission  or

not need resource

scheduling among multiple cells. By canceling the
interference in the compressed domain, we can
suppress a large number of interference sources more

efficiently and significantly improve the performance of
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interference suppression for UDN systems.

Finally, the performance of the compressive domain
interference suppression is compared with various
reconstruction  algorithms. Simulation  results
demonstrate that the proposed algorithm yields obvious
performance gains.

The rest of this paper is organized as follows. Sect.
2 introduces the system model considering the intra-cell
and inter-cell interference in UDN. The design of the
sparse channel model is presented in Sect. 3. The
interference suppression based on CS is formulated in
Sect. 4. Sect. 5 provides the performance analysis of
our proposed algorithms via simulations and the
conclusion is given in Sect. 6. The symbols used in

the paper are denoted in Table 1.

Table 1 List of notations
Notation Description
()t The inverse of a matrix
()" The matrix transpose
()" The matrix conjugate transpose
()" The matrix conjugate operations
® The Kronecker product and symbol
@ The subspace direct sum operator

[ -1 The modulus of the matrix

2 System model

Consider UDN system model consisting of M cells,
where each cell has one BS with N, antennas and K
mobile stations (MSs) with N, antennas. Assume that
each MS receives N,

transmitted from BS for downlink. If H , denotes the

streams, KN, streams are
N, x N, downlink channel from BS m to user k£ in cell
¢, then the received signal at user k in cell ¢ can be
written as

M
Ya = 2 H,Fx, +n, (1)

m=1

where x, =[x ,xm,k]T is the KN, x 1 vector of

/n.l 99
transmitted symbols from BS m, satisfying E[x, x| =
(P/KN) Iy, with P representing the average total

transmitted power. Each BS m =1,2,... M applies

an N, x KN, precoder F, = [ F L F,, ] to

transmit a symbol for each user. n, € Z/(0,0°I) is

m,l9°

the Gaussian noise at user k in cell ¢. Z/(0,c’I)
represents the zero-mean complex Gaussian distribution
with covariance matrix oI, I is the unit matrix. It is
useful to expand Eq. (1) as

K

2 H('ckFc,nxc,n +

n=l.n#k

Intra-cell interference

Yo =H F x .+

Desired signal

M
Z HmckF X + nck ( 2 )

m*'m

w=1.m#c

Inter-cell interference

The resulting signal to interference and noise ratio
(SINR) of user k used to obtain the spectral efficiency

with Shannon’s formula is thus given as follows

2
| H,F, |
cck™ ¢k
SINRA - K M
2 2 2
| > H,F., 1”+| Y H,F, 1"+ n,|
n=1.n#k m=1.m7#c
Intra-cell interference Inter-cell interference
(3)
2 . . .
where | H,, F,, |” is the desired signal power,
K 2
2 H,F,_, is the intra-cell multi-user
n=1,n#k
M
interference power, 2 H,  F, | is the inter-

m=1,m#c

. 2 . . .
cell interference power, and |n, |” is the noise signal

power.
3 Channel model

Since mm Wave channels are expected to have
limited scattering [ 17 — 18], we adopt a geometric
channel model with L scatters. Each scatterer is further
assumed to contribute a single propagation path

between the BS and MS. Under this model, the

channel H,, can be expressed as

NN,
H,, = P z alaMS<61)aE{s(¢z) (4)
=1

where p denotes the average path-loss between the BS

and MS, and q, is the complex gain of the [ path. The
variables ¢, € [0,27] and 6, € [0,27] denote the "
path’s azimuth angles of departure or arrival ( AoDs/
AoAs) of the BS and MS, respectively. a, (d,) and

aMS<01) are the antenna array response vectors at the
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transmitter and receiver, respectively. If an uniform

linear array (ULA) is assumed

1 j sin
Ay ( qbl ) T = I: 1 ’ eJ(Zﬂ//\M (0 sty
N,
ej(N,—l)(Z‘lT/)\)dsin(d)l) ]T (5)
1 j sin
Ay ( 6, ) = W [ 1, eIt ye o ey
ej(N,*l)(217//\)dsin(91) JT (6)

where A and d are the wavelength and the distance
between antenna elements. The multipath channel
model Eq. (4) can be written as

Hmn]-; = A MSanckA II;IS ( 7 )

N,N
where H' , = [p “diag (@, a,,...

,a,). The

mck

. N, xL N, xL .
matrices Ay € C*" and Ay € C'7" contain the array

response vectors in the directions ¢, and 6,, 1. e.

Ay =lag(d)),. .. a5(d,)] (8)
Ays=lays(8,),... ,ay(0,) ] (9)
mmWave channels are expected to have limited
scattering, therefore, a small number of propagation
paths L is assumed.

Assume that the AoAs and AoDs are taken from a
uniform grid of N points, with N>L. i.e., ¢,,0,
10,2mw/N,... 2o (N -1)/N},l=1,...,L We
define two dictionary matrices A, = [ @y (P, ). ..
ays(py) ] and Apgy = [ays(0,). .. ay (0y) ], with
the associated array response vector in these directions.
Neglecting the grid quantization error, we can
represent H, , in terms of a L-sparse matrix H, , €
C"*" containing the path gains of the quantized angles
H,, =AwH, A gsn (10)

This  representation  provides a  discretized
approximation of the channel response that reduces the

task of estimating H, , to that of detecting some non-

mck

zero coefficients in the virtual channel matrix H,,

[19]. Vectorizing the channel matrix H we have

VeC(Hmnk> = (A}:51)®AM51)>U€C(H;¢> =
(A p A yp ) Z (11)

where z, , =vec(H',,) is a N> x 1 sparse vector with L

mck 9

non-zero entries. We define the NN, x N sparse
matrix of the channel ¥ = A, ®A,s,- Each column
of Wis of the form a,(0) Xay(@).

4 Interference suppression based on compressive
sensing

Although the mmWave path loss reduces the
intensity of the received interference greatly, the
interference in the UDN is up to tens or even

hundreds.

systems is obviously degraded by a large number of

The performance of mmWave cellular

interfering cells. The increase of interference results in
high computational complexity of the interference
suppression algorithm. To address this problem, we
propose compressive domain interference suppression in

UDN.  The

suppression

compressive  domain  interference

scheme combines the interference
suppression and CS. For the original signal that
contains a large amount of interference, CS technology
is used to transform high-dimension signal into low-
dimension signal, as shown in Fig. 1. Note that N>
M. Then, we conduct interference suppression on the

signal after dimension reduction.

Mx1
rcEmV‘cld Nxl
stana sparse
MxN signal
measurement
matrix
NxN
sparse matrix
Fig.1 Principle of CS
In this section, the CS-based interference

suppression scheme is proposed for UDN. Firstly,
measurement and sparse matrices are designed by
exploiting the sparsity of millimeter wave channels.
Then, we propose an oblique projection interference
suppression scheme to suppress the interference in the
compressed domain. Finally, we reconstruct the useful

signal after interference suppression.
4.1 Construct the measurement matrix

Since the path loss for non-line-of-sight paths is
much larger than that for line-of-sight paths, the

mmWave massive channels appear the obvious

sparsity. Moreover, by exploiting the sparsity of

mmWave channels, we construct the measurement
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matrix @. Specifically, we assume the channel state
information H,, is known. By vectorizing the H
F. .,
vec(H, ,

(Fr]nk®l> (AI;SD®AMSD>zm(-k :¢m,klpzmck (12)
where @, = F:lk

Similar to the proof of Refs. [20 -21], @, also

satisfies a relaxed version of the restricted isometry

mck

we have
Fm,k) :V6C‘<A\4SI)HV kAI};lS])Fm,k) =

mel

® I is the measurement matrix.

property ( RIP) to guarantee satisfactory performance
of the sensing system. Therefore, according to Eq.
(12), due to the sparsity of millimeter wave channels
we can use the measurement matrix @, , and sparse
matrix W to compress the desired signal and
interference signal. We defined X, , =z,,,x, ,. In the
CS framework, Eq. (2) can be written as
K
Yk :d)c,klpfc,k + Z ¢(',ntpfc,n +

n=1,n#k

M
2 QMWf’” +ﬁrk (13)

m=1,m#c

4.2  Cancel the interference based on compressive

sensing

For UDN systems which have a large amount of
interference, it is easier to find the optimal solution to
hold interference cancellation by employing CS
technology to transform high-dimensional sparse signals
into low-dimension signals. However, when the
number of interference is greatly increased for UDN
systems, mnot only the computational complexity of
interference suppression is greatly increased, but also
the interference suppression of orthogonal projection
operator is difficult to be obtained. The performance of

the interference

suppression algorithm based on
orthogonal  projection is significantly  degraded.
Therefore, the orthogonal projection interference

suppression techniques in Ref. [22] are not practical
due to the increase of interference for UDN. In
contrast, oblique projection techniques in Ref. [23]
provide a good trade off between performance and
feasibility, and oblique projection scheme can be used
for the desired signal and the interfering signal non-
orthogonal cases, thus is preferred. In this section, we

cancel interference in compress domain by constructing

an oblique projection operator E that operates on the
measurements y,, , while ensuring that the processed y,,

still contains enough information to complete the

reconstruction of the desired signal X .
Multiplying E by the received signal y, in Eq.
(13), we have

K

Y E®, wx  +

n=1,n#k

Ey, = Ed)c,klll-ﬁ-,k +

M

Y E®,Yx, +En,=E® Wx  +En,

m=Tm#c
(14)

The design of E is mainly based on knowledge of the
location of the nonzero elements z. The non-zero
elements of the vector z are obtained by channel
estimation. The @ is constructed from the columns of
@, , that corresponding to the positions of non-zero
elements of z,,. The @, is constructed from the
columns of @, that corresponding to the positions of

non-zero elements of z_

c,n*

The @, is constructed from
the columns of @, that corresponding to the positions of
non-zero elements of z,. We assume that the @,
@, , and @, lie in the subspaces Z(®,), 7 (D, )
and 7 (@, ) , respectively. For the case of two
interference subspaces .72 (@, ) and 72 (@, ), we
denote

R D)) = A(B,) DA(D,)

The purpose of the compressed domain interference
suppression is to preserve the components of y,, in the
subspace 72 ( @, ) while completely eliminating the
components of y, in another subspace .72 ( @,)
According to the oblique projection theorem [23 ], we
can construct an oblique projection Eg 4, from the
direction of parallel the subspace .72 (@,) to the
subspace 72(@,) to achieve the purpose of eliminating
interference. Obviously, the subspace of interference
2 (@,) and the subspace of the desired signal
J2(@,) are mutually disjoint. The oblique projection
operator Eg 5 onto .72 (@;) along .72 (@) is
expressed as
Ed{,ld’, =¢,/(¢?P;,¢]) _1(1),11{P;, (15)
where Py =1 - P, =1 - @, ( D'D,) ' D) is the
orthogonal projection operator. The two subspaces

28(®,) and 722 (D,) are called the range space and
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the null space of the projector.
The oblique projection operator has thefollowing
properties
Ep 6P =0, Ep P, =D, (16)
According to the properties of oblique projection, we
tailor interference suppression technology to efficiently
eliminate interference. Specifically, based on the
oblique projection operator Eg 4, Eq. (13) can be
written as
Eg o). = DVx,, +E¢j\¢,ﬁck (17)
From Eq. (16), it can be seen that interference is

totally canceled, and meanwhilethe desired signal X,

can be preserved.
4.3 Sparse signal reconstruction

Given the measurement signal y, and the
interference compression matrix @,, the task of the

signal reconstruction is to use a certain algorithm to

Algorithm 1 SWOMP algorithm

reconstruct the desired signal X, ,. We can formulate

the following problem to estimate X, ,
min || Xk [ ys.t. |l E¢J|q>,yck _(pjlpfp,k | <e (18)
Although

Eq. (17) is a convex optimization problem, its

where & is decided by the noise vector n,.

solution can be found at the expense of the

computational complexity. Thus, there have been
various low-complexity approaches to find approximate
solutions including greedy algorithms. In particular,
low complexity approaches are attractive for
interference suppression in the compress domain. In
Sect. 5 for simulations, we consider SWOMP algorithm

in Ref. [247], which is one of greedy algorithms. The
SWOMP algorithm can estimate the signal X, , in Eq.
(17) from y, with known measurement matrix @,.
The following is the specific steps of the SWOMP
algorithm.

(Identification) Calculate u = abs[ @]r' ™' ] and select columns from @, based on elements in u that exceed the

The indexes of the selected elements are added to J,.

(Estimation of )X, , =arg min | Ey 0y, - P %, | = ((@;)'®) (D)) Ey 0.

(Residual Update)r' =E,, 4y, - P, Wx, , =Ey 4y, - P (@) ®)") (D] )'E, 4y,

Input ; measurements Eg 5.5,

sensing matrix @,

threshold parameter a

number of iterations S
Initialize . iteration count t =0,

residual vector r° = Ep 0>

estimated support set A° = ()

] ,>8andt>S do

k=k+1

threshold Th = amax{ abs(u) | .

While

(Augmentation)A' =A' "' U J,. if A'=A""", stop iterating

Yok

end
Output ; ’2(:,1»

5 Simulationresults

In this section, Monte Carlo simulations are carried

out in order to evaluate the system performance of our

proposed interference suppression algorithm. There are
one macro cell and three pico cells deployed within the
coverage area of macro cell. The macro user
equipments ( UEs ) and pico UEs are distributed

uniformly. The macro sector and the pico cells are
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equipped with 8 and 2 transmit antennas, respectively.
The macro cell serves 2 UEs and each pico cell is
serving one UE. The other simulation parameters are

shown in Table 2. In the simulation, three interference

suppression  schemes are  considered; oblique
projection,  orthogonal  projection,  interference
suppression. By employing oblique projection or

orthogonal projection interference suppression based on
CS, we cancel out the intra-cell and inter-cell
interference in the measurements y, and directly
recover the desired signal )ECJ{ using the SWOMP

algorithm.

Table 2 Simulation parameter

Parameter Value

3rd  generation  partnership

Channel model project (3GPP) spatial channel

model (SCM) Micro Urban
Number of Macro BS 4
Number of small cells 12
User distribution Uniformly distributed
Simulation model Monte Carlo (2 000 runs)
Measured value M 100

Reconstruction algorithm

SWOMP algorithm

Fig. 2 compares the performance of the proposed
scheme relative to the CS-based orthogonal projection
[ 12 ] and the non-CS based

interference mitigation algorithm under the same

algorithm in Ref.

simulation conditions. For the method in Ref. [12],
the premise of eliminating interference is that the
subspace of the interference signal is orthogonal to the
subspace of the desired signal. For UDN system which
has a large amount of interference, this method is
difficult to eliminate the influence of interfering signals
in the received signal while ensuring that the structure
of the desired signal is not affected. In contrast,
oblique projection interference suppression techniques
that can be used for non-orthogonal situations of
desired and interfering signals provide a good trade off
between performance and feasibility. In the non-CS
based

interference is assumed to be known at the receiver.

interference  mitigation  algorithm,  the

The conventional least square method is used to recover

x, , without further knowledge of the support of X, ,. By
setting M = 100 and using SWOMP
algorithms , indicate that the

recovery
simulation  results
proposed method achieves much better performance
than the CS based orthogonal projection algorithm and
the non-CS based interference mitigation algorithm.
The non-CS based interference mitigation algorithm is

worse than CS-based algorithms.

5
—%—(S-based oblique projection

—*— (S-based orthogonal projection
—6— Non-CS based interference mitigation

Recovered SINR/dB

0 2 4 6 8§ 10 12 14 16 18

Interference num

Fig.2 SINR of three different interference suppression

under different numbers of interference

Fig. 3 compares the effect of varying recovery

algorithms on the oblique projection interference
suppression scheme, including orthogonal matching
pursuit (OMP) in Ref. [25], compressive sampling
matching pursuit ( CoSaMP ) in Ref. [26 ], basis
pursuit de-noising ( BPDN) in Ref. [27 ], sparsity
adaptive matching pursuit ( SAMP) in Ref. [28],
SWOMP, subspace pursuit ( SP) in Ref. [29],
regularized orthogonal matching pursuit ( ROMP) in
Ref. [30], and generalized orthogonal matching

pursuit (SGOMP) in Ref. [31]. In all cases, the

——CoSAMP
—-=—0MP
——-GOMP
25 %-SWOMP
—A—SP
~‘A~HO ,\’IPI

123456738 9101112131415161718

Interference num

Recovered SINR/dB

-30

Fig.3 SINR using different reconstruction algorithms under

different numbers of interference
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SWOMP algorithm outperform other recovery algorithms
obviously, since the SAMP algorithm reconstructs the

signal without knowing the sparsity of the signal.
6 Conclusions
To avoid the performance degradation caused by the

CS-based

Interference

intricate  interference,  we  proposea

UDN.

compression does not require coordinated transmission

interference  suppression  for
or resource scheduling of multiple cells, which avoids
degradation of compression interference performance

feedback

requirements of neighboring cells, backhaul delay and

due to channel measurements and
centralized processing delays. Specifically, we exploit
the sparsity of mmWave channels and regard it as the

of CS framework. The

suppression in

spare basis interference

compressive domain reduces the

computational complexity. Finally, the SWOMP is
used to formulate the data detection as the signal

reconstruction in compressive domain. Simulation

results show that the proposed algorithm achieves a
significant performance over other existing interference

suppression algorithms in UDN.
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