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Abstract— For millimeter wave (mmWave) MIMO system, the
capacity can be largely improved using beamforming technology
if the system can detect the interference signal and its location.
This paper proposes a MUItiple SIgnal Classification (MUSIC)
spectrum based method to detect an interference occurrence
and find the location of the interference source for mmWave
reconfigurable intelligent surface (RIS)-MIMO system. The MU-
SIC method can estimate the arrival of angles (AoAs) from the
available auto-correlation of the received signal by searching for
peaks in the MUSIC spectrum. Therefore, MUSIC spectrum
can be treated as the ‘signature’ of the transmit signals from
different locations. This paper utilizes this property to detect
the interference occurrence and find the interference location for
RIS-MIMO system in a low-complexity way.

I. INTRODUCTION

Millimeter (mm) wave multiple-input and multiple-output
(MIMO) system is considered to be one of most major
technologies for 5G wireless networks [1]. Due to short
wavelength, mmWave MIMO system can employ an antenna
array with a large number of antennas, which significantly
enhances the capacity of the system for supporting large users
[2]. In addition, mmWave system can use the vast spectrums in
the mmWave band (30~300 GHz) to achieve up to 100 times
increase in transmission rate over current systems [3] which
further facilitates the realization of novel applications for
5G/6G era, such as Wireless HD, V2V/V2I Communication,
WiGig, Medicare etc [4]. Therefore, many new methods and
antenna technologies are employed to further improve the
capacity of mmWave MIMO system.

One of important research topics for mmWave MIMO sys-
tem is how to reduce the co-channel interference of undesired
users. This topic can be simplified as the interference detec-
tion and prediction of interference arrival. The interference
detection [5] aims to check out whether the received signal
includes the signal of undesired users and find their correct
locations or directions if interference exists. The prediction
of interference arrival attempts to know the coming timing of
interference occurrence and its transmission pattern or duration
based on the collected information [6]. These researches are
very important for mmWave MIMO system. Firstly, if the
location or direction of interference sources can be correctly
captured, the beamforming technique can suppress or alleviate
the interfering signals by steering nulls of the pattern in the
direction of interference sources without affecting the main

beam. For mmWave massive MIMO system, the more accurate
location information the transmitter has, the more improve-
ment of capacity it can achieve. On the other hand, with the
known transmission pattern or duration of the interference, the
transmitter can schedule its beamforming patterns to avoid its
capacity loss.

There are many research directions of interference de-
tection. In [7], the authors developed a lightweight method
targeting interference identification using real-time extraction
of envelope and model-aided spectral features for the IEEE
802.11b/g/m, 802.15.4, 802.15.1, or Bluetooth Low Energy
wireless system. The authors in [8, 9] proposed an inverter
microwave oven (MWO) signal detection method in the time
and frequency domains for reliable wireless communication
using the experimental MWO data obtained in a shielded
room. It is revealed that the proposed method is able to detect
the inverter MWO signal correctly and is robust against dif-
ferent products, different receiving environment, and presence
of other signals. Some researches focus on the coexistence
between IEEE 802.11 wireless local area network (WLAN)
and radars operating in co/adjacent channel scenarios [10]. The
authors proposed the modified receiver which includes a new
inter-leaver and a log-likelihood ratio (LLR) mapping function
to mitigate the impact of radar interference. In our paper [11],
we proposed a methodology for classifying increasing severity
and types of interference to improve throughput prediction
using received signal strength (RSS) data which collected from
both a ray-tracing simulation and the measurement campaign.
By using the scalogram time-frequency images computed from
the RSS signal and a convolutional neural network (CNN),
the spectral features and interference classification can be
correctly classified on over 65% of the occasions.

In addition, recently, a new and powerful low-cost recon-
figurable intelligent surface (RIS) becomes a hot topic. RIS
includes massive unit cells and each unit cell can adjust the
reflected waves of radio signals to desired directions without or
with a few RF chains. This novel RIS antenna technique can
configure a smart radio environment (SRE) for the capacity
enhancement of many wireless technology [12]. It can be
installed at many places such as at wall/roof of room, building,
interior of vehicular, etc. Due to many merits of using RIS,
many new research projects and topics appeared in recent
years especially over mmWave band where one RIS can be
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Fig. 1. The channel model of mmWave RIS-MIMO communication system.

integrated with more cells.

In this paper, we propose a MUtiple Slgnal Classification
(MUSIC) spectrum based method to detect an interference
occurrence and find the interference location for mmWave
RIS-MIMO system. Usually, the auto-correlation process on
the received signal at a receiver with uniform linear array
(ULA) can be used for detecting the arrival of angles (AoAs)
from transmitters for planar wave system [13]. The MUSIC
method can estimates the noise subspace from the available
auto-correlation of the received signal and searches for steering
vectors that are as orthogonal to the noise subspace as possible.
The AoAs estimation is normally accomplished by searching
for peaks in the MUSIC spectrum. Therefore, MUSIC spec-
trum can be treated as the ‘signature’ of the transmit signals
from different locations. We will utilize the MUSIC spectrum
to detect the interference occurrence and find the interference
location with different RIS patterns.

This paper is organized as follows. Section II describes the
model of mmWave RIS-MIMO system. Then the proposed
MUSIC spectrum based interference detection is explained in
Section III. Then the simulated results of proposed method
are shown in Section IV. The paper ends with conclusions
presented in Section V.

II. THE CHANNEL MODEL OF MMWAVE RIS-MIMO
COMMUNICATION SYSTEM

Figure 1 shows the channel model of a mmWave RIS-
MIMO communication system assumed in this paper. Here
we assume that BS and UE have K and L antennas. The
RIS which includes M cells is assumed that each cell can
reflect input wave to any directions in this paper, and the
RIS pattern is represented as €2, with [wg 1, ...we ar]. We use
P, to represent the location of the m-th UE. For mmWave
system over indoor scenarios, usually, the channel model can
be simulated using a spherical wave model with (d, ¥, ¢) as
shown in the right side of the figure. Here d represents the
distance between the UE and the RIS. The AoAs ¢ € [0, 7/2]
and ¢ € [0, 27] are the angle between the Z-axis and the angle
between the projection of P, on the XY plane and the X-axis,
respectively. Therefore, the wave-vector as a function of ¢ and

 can be given as

o sin ¥ cos ¢
k(0,p) = Y sindsing | . (1)
cos v

It can be used to represent the position vector as p =
—Adk (¥, p)/2m with d = ||p||.

The wireless channel between the m-th transmitter antenna
with a symbol sj* and i-receiver antenna including one RIS
device can be represented as

L
vi(t) = Z {(hg%ISBS)Tejem'Qt(p(Pm) o a(Pm))(t)

m=1

N
+hifpsos(t) + > hiEssnros(t) }5? +n'(t). 2
a=1
Operator o here is the point-wise product of vectors. p(P,,,) <
0y is the vector with amplitudes of wireless channels among
the RIS elements and the transmitter, and o(P,,) € CM*!
is the vector of channel phases. Here the superscripts [.]7
represents the transpose of its argument. 6,, is the phase
between the transmitter and origin of RIS as d,,,/\. p(Pp,) o
a(P,,) € CM*1 is the vector of complexity values related to
the place of the RIS device. h';; ¢ < (t) represents the channel
between the RIS and the i-th receiver antenna. hi7% 57 5 (t)
and s* are the direct wave or line-of-sight and transmitted
symbol between the m-th transmitter antenna and the ¢-th
receiver antenna. hi7¥y o\ 1 oo(t) is the a-th reflected wave
of N reflected waves between the m-th transmitter antenna
and the i-th receiver antenna. n’(t) is the zero-mean additive
Gaussian noise with variance Ny /2 at the i-th receiver antenna.
The channel models for hi;; ¢ 5 and p(Py,)oa(P,,) can be
further represented under the plane-wave model for far-field
(Fraunhofer region) where the distance between the transmitter
and RIS or receiver is larger than Rayleigh distance expressed
by 2D? /) with D as the aperture of radiation. If the distance
is smaller than Rayleigh distance, the channel model should
be treated as near-field one with spherical-wave model. For
mmWave system, due to short wavelength, channel models
over indoor cases are usually selected with near-field one.
The channel model of RIS [14] for far-field can be repre-
sented as

p(P) = ply, [o(P)]; = exp(—ja] £(7, ¢)) 3)

where p? = £(9, p) ﬁ;‘ziszﬂ, q; is the center location of i-th
cell, and A is the size of RIS element. f(J, o) is a correction
factor as 1 —sin?(¥9) sin®(¢). It should be noted that the power
loss model is assumed to be related with d~—2 in the equation
(3), however it can be revised according to the different power
loss model over different frequency band.

The RIS channel model for near-field can be represented as

p(P) = plar, [o(P))i = exp(—i o (lp — adl-d) @)

When d > q;, Vi, the channel model reverts to that of far-field
one.




III. MUSIC SPECTRUM BASED INTERFERENCE DETECTION
AND LOCALIZATION

There are many AoA estimation methods especially for the
far-field case where the plane-wave model can be used for
method design. One popular method is the MUSIC method
[15] using the matrix decomposition to find the eigenvalues
and eigenvectors of the auto-correlation matrix of the received
signal. Then by searching the steering vectors that are as
orthogonal to the noise subspace as possible, the AoAs es-
timation can be inferred using the steering vectors which are
also called as MUSIC spectrum.

From Eq. (1), we can use one simplified equation to show
the received signal related to AoAs (9, @) as followings

L
Yit) = Y Fi (O )y (£) + 0l (1), (5)
m=1

It should be noted that above equation only considers the case
of one UE. It can be easily changed for the case of multiple
UEs.

Suppose the samples are received at all K receiver antennas
and are represented as

yi = As; +1ny (6)

where A is [.](191,801)7~..7J(19m,90m)] and J(ﬂmvsﬁm) =
I:f"]T-'L(,l?m?(pm)?"'7f7’:1(19m7(pm)]T' St iS [8%7"'785]7—‘ and nt
is [nf,...,nf]T. Therefore, the auto-correlation of received

signal can be represented as
Ry, = E{yiyl } = AE{s;s{'} A" + 021 @)

Here superscript [.] and E represent the conjugate transpose
of its argument and average operator, respectively.

The MUSIC spectrum can be obtained by operating the
eigenvalue decomposition on the auto-correlation matrix ¥t,,.
Let us assume that ststH can be a unit power matrix as I, the
Eq. (7) can be represented as

Ryyei = (AE{stst}AH + UZI)ei = (u; + JZ)ei = \e;, (8)

where \; and e; are eigenvalue and its corresponding eigen-
vector of the matrix $,,. In addition, the eigenvalues have the
property as

M>X > > A > Ay == \g =02, 9
The (K — L) eigenvectors (er11, - - -, ey ) related to eigenval-
ues (Az41,- -+, Ax) with value o2 can be used for configuring

a noise subspace of Jt,,.

The MUSIC based AoA estimation method searches the
MUSIC spectrums P(%, ) that are as orthogonal to the noise
subspace as possible which is represented as

P9, o) = ARG R
(0, 0)ENI(9, )
where Ey = [er41, -, exk]. the MUSIC based AoA esti-
mation needs to find L peak values over P(¢,¢) by trying
each combination of (¢, p) which needs huge computational

(10)

complexity (CC) especially when considering multiple UEs
and reflected waves over spherical wave space.

MUSIC-based AoA estimation has been largely used for
channel model over the far-field case where most waves can
be treated as plane wave with only unknown AoAs ¢. In
such case, the computational complexity of estimation will be
reduced. On the other hand, to estimate all AoAs, the noise
subspace needs to be included more eigenvectors. It has to
increase the number of antennas of ULA. On the other hand,
due to the reflected waves from scatters and RIS, the AoAs
at receiver side appear more complicated distribution and
properties. Finding extremely accurate AoAs over mmWave
channels is difficult with more antennas and computational
resources.

However, for interference detection, it needs not to find the
extremely accurate AoAs. MUSIC spectrum can be treated as
the ‘signature’ of the transmit signals from different locations
and can be used as the indicator on that the interference signal
appears or not. On the other hand, by collecting the MUSIC
spectrums as finger printer (FP) of some pre-selected locations,
the received MUSIC spectrum including interference signal
can be used to coarsely detect the location of the interference
source.

The proposed MUSIC spectrum based interference detection
includes two steps. Firstly, several MUSIC spectrums with-
out interference occurrence are generated as the fingerprint
samples. The minimum correlation value of these fingerprint
samples can be used as the threshold for interference detection.
Then the interference detection only compares the correlation
values between the MUSIC spectrum P,,.,,(¢) for detection
and Ng fingerprint samples Pi,(9), (i = 1,...,Ng). The
interference occurrence can be decided using the criterion as

Ji € [1, ..., Ns], Cor(Prew (), Pap(9) > pries
= Without interference (11

Vi € [1, ..., Ns], Cor(Prew(9), Php(1)) < prhes
= With interference (12)

Using the similar way, the MUSIC spectrum based method
can coarsely estimate the location of the interference source.
The BS can divide the space into many small grids and select
some known locations as interference sources to build the
known MUSIC spectrums related to this selected locations as
fingerprint samples. For the localization of the interference
source randomly generated from unknown location, BS just
calculates the correlation values between these known MU-
SIC spectrums and this new MUSIC spectrum intended for
localization and find the maximum one. Then the location is
decided with the selected position of the grid which has the
maximum correlation value. Since the interference sources are
randomly from the space, the method only coarsely detects the
location of interference source.

Usually, for interference detection and localization, it is
necessary to use the accurate channel status information (CSI)
or AoAs. The proposed MUSIC spectrum based method just
utilizes the received signal and does not require any CSI,
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Fig. 2. The simulated scenarios.

AoAs between the BS, UE and RIS device. Therefore it
largely reduces the computational complexity and resource for
channel estimation. Of course, the localization accuracy of the
proposed method is limited. However the proposed method can
be further improved using machine learning, distributed BSs
and adjustable RIS patterns.

IV. SIMULATION RESULTS
A. Simulated scenario and parameters

In this section, we simulate the performance of interference
detection and localization using the proposed MUSIC spec-
trum based method. The simulated scenario is given in Fig. 2.
One BS and two UEs are set at (0, 5 m, 2 m), (10 m, 5 m,
1.2 m) and (5 m, 10 m, 1.2 m), respectively. RIS is set with
the origin points at (5 m, 0, 2 m) and its reflected surface faces
to the Y-axis direction.

For the RIS pattern €2;, we have simulated two different
cases. The first pattern (QfISHBS) makes the link power
between the RIS cells and BS antennas as maximum as
possible. This can be realized by grouping the cells to the
number of BS antennas, and then the cells of each group
set their reflected phases as the conjugate value of channel
between the cells and the corresponding BS antenna [14].
The second pattern (27 S—UEs) is similar to that of the first
one but makes the link power between the RIS cells and UE
antennas as maximum as possible.

The simulated system parameters are listed in Table I. The
signal of interference and UEs is generated using OFDM
symbol with the IFFT size of 2048 and 1200 subcarriers. The
MUSIC spectrum is generated using the data of one OFDM
symbol. The path loss model of indoor case with LOS is listed
as followings [16].

PL = 32.4 4+ 17.310g,(d) + 201og,(f.) [dB], (13)

where f. is frequency band with unit as [G Hz]. The RIS
channel model is generated using the near-field one. The LOS
path and NLOS paths are generated based on Ray-tracing

model which calculates the power and phase value using the
link distance and Eq. (13). The scatter locations of NLOS
paths are randomly generated within the indoor room.

The simulation runs 4000 times and randomly decides the
interference occurs or not. Each time, if interference occurs,
one additional interference signal is generated from an 1.5m-
height interference transmitter with the location randomly
generated from [0 m, 10 m] of both X-axis and Y-axis.
Otherwise, the received signal only includes the signal of two
UEs. In addition, we divided the indoor space into Area A
(left half) and Area B (right half) to evaluate the impact of
the distance between BS and UEs.

TABLE I
SPECIFICATIONS OF SIMULATION

Space size of indoor room X:10m Y:10m Z(height):5m

Number of BS (ULA) (K) /UE antennas (L) | 16 / 4 for two UEs

Spacing of BS/UE antennas /2

Number of interference antennas 1

Center frequency band, bandwidth 60 GHz, 30.72 MHz

RIS cells (M), spacing 50x50, \/2

transmit power (UEs, interference signal) 20 dBm

IFFT size, used sub-carriers /spacing 2048, 1200, 15kHz

Number of scatters (NLOS paths) 30

OFDM symbols per 1 ms 14

B. The simulated results of interference detection

Before the interference detection, the threshold value of
minimum correlation value prpes needs to be decided. Based
on the minimum correlation value of 100 times trial fingerprint
samples, the threshold of interference detection prpes is set
with 0.997 for the first RIS pattern (QF/5~59) and with
0.994 for the second RIS pattern (QF/S7UFs) respectively.

The performance of interference detection is shown in Fig.
3 for the RIS pattern as Q7559 and in Fig. 4 for the
RIS pattern as Q/57UEs respectively. From both figures,
when there is no interference, the proposed method can judge
correct information with accuracy near to 100% when the
FP samples Ng is increased to 10 because more FP samples
increase the similarity of more MUSIC spectrums of the case
without interference. On the other hand, when interference
occurs, the accuracy is lightly reduced when Ng is increased
to 10. It implies that further conditions are necessary in Eq.
(12) to decide the occurrence of interference. In addition, when
the interference signal from Area B, the detection accuracy
is degraded little due to the large power loss of interference
signal.

C. The simulated results of localization of interference source

To find the location of interference source, as shown in
Fig. 2, we divide the X-Y plane into 441 grids with the size
of 0.5 m x 0.5 m. For each grid, one interference source
is located in the middle of grid as reference. Therefore, the
BS has 441 kinds of known MUSIC spectrums as fingerprint
samples as reference. The location is decided with the center
position of the grid which has the maximum correlation value.
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Since the interference sources are randomly from the X-
Y plane, the method only coarsely detects the location of
interference source.

The cumulative distribution function (CDF) results of the
normalized localization error in X-axis and Y-axis are shown
in Fig. 5 and Fig. 6 when the RIS pattern are QF/5—59
and QIS2UEs regpectively. The results show the proposed
MUSIC spectrum based localization can provide the coarse
location information of the interference source. In addition,
the results also show that the localization accuracy of Y-axis
is higher than that of X-axis. The reason comes from that the
ULA of BS is parallel to the Y-axis which has large space
resolution than that of X-axis. On the other hand, the RIS
pattern seems to have not large impact on the localization
performance in both figures. The main reason is that the RIS
pattern only aims to change the link powers between the BS
and UEs but not for the detection of interference source.

It should be noted that the proposed method is based
on the fingerprint way which is sensitive to the change of

-

o
%

g
o

=
S

e
5

—+—X-axis Esti.Error., All Areas
—---Y-axis Esti.Error., All Areas
——X-axis Esti.Error., Area A
=-=-Y-axis Esti.Error., Area A
—=—X-axis Esti.Error., Area B
—---Y-axis Esti.Error., Area B

0 i | 0

CDF of Norm. Dist. Error
=l
w

0.1 : -
0 0.5 1 1.5 2 25 3 35 4 4.5 5

Normalized Error Vaue (RIS points to BS)

Fig. 5. The localization of interference source when the RIS pattern is
QRIS—BS,

=
%

e
o

=
S

CDF of Norm. Dist. Error
= =)
~ w

i —+—X-axis Esti.Error., All Areas
—-=-Y-axis Esti.Error., All Areas
——X-axis Esti.Error., Area A
—-=-Y-axis Esti.Error., Area A
—=—X-axis Esti.Error., Area B
—---Y-axis Esti.Error., Area B

0 i | .

0.1 L :
0 0.5 1 1.5 2 25 3 35 4 4.5 5
Normalized Error Vaue (RIS points to UEs)

Fig. 6. The localization of interference source when the RIS pattern is
QRIS-UEs,

environments such as the increase or decrease of obstacles,
adding some UEs. However, the proposed methods still works
well if the signal of fingerprint at BS side has been fully
updated according to the change of environments.

V. CONCLUSION

This paper has proposed a MUSIC spectrum based method
to detect an interference occurrence and estimate the in-
terference location for a mmWave RIS-MIMO system. The
MUSIC spectrum can be used for AoAs estimation of the
plane wave system over far-field scenarios. Therefore it is
also treated as the ‘signature’ of the transmit signals from
different locations. This property can be used for interference
detection and localization of the interference source. Our
simulated results confirmed that the interference detection
can be accurately achieved with this method. In addition,
the proposed method also can provide the coarse location
information of the interference sources in a low-complexity
way.
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