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Abstract: A reconfigurable intelligent surface (RIS) aided massive multiple-input multiple-output (MIMO) system is considered, where the

base station employs a large antenna array with low-cost and low-power 1-bit analog-to-digital converters (ADCs). To compensate for the per-

formance loss caused by the coarse quantization, oversampling is applied at the receiver. The main challenge for the acquisition of cascaded

channel state information in such a system is to handle the distortion caused by the 1-bit quantization and the sample correlation caused by

oversampling. In this work, Bussgang decomposition is applied to deal with the coarse quantization, and a Markov chain is developed to char-

acterize the banded structure of the oversampling filter. An approximate message-passing based algorithm is proposed for the estimation of the

cascaded channels. Simulation results demonstrate that our proposed 1-bit systems with oversampling can approach the 2-bit systems in terms

of the mean square error performance while the former consumes much less power at the receiver.
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1 Introduction
assive multiple-input multiple-output (MIMO) has
been identified as a key technology for future com-
munication systems'l. In fact, large spatial degrees
of freedoms (DoF's) can increase spectral efficiency
without requiring extra spectral resources. Recently, recon-
figurable intelligent surfaces (RISs) have been proposed as a
cost-effective technology for tuning the wireless propagation
channel among transceivers'”. A RIS consists of a large num-
ber of meta-atoms that can be controlled by the software to
modify their phase shifts, so that incident electromagnetic
waves can be mostly reflected to the desired receiver, which
makes the wireless transmission more energy-efficient. The
combination of RIS and massive MIMO is treated as one of the
promising technologies for the sixth-generation wireless com-
munication systems'”.

The channel estimation method for RIS aided massive
MIMO systems is a serious challenge, since there exist two
cascaded channels, namely, the channel between the users
and the RIS and the channel between the RIS and the base
station (BS), to be estimated. The acquisition of channel state
information (CSI) has been recently studied in Refs. [4 - 7].
TAHA et al." considered a RIS architecture which is a mix-
ture of active and passive elements. This method facilities
the channel estimation but increases the hardware cost and
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energy consumption. In Ref. [5], a non-iterative two-stage
RIS aided

millimeter-wave MIMO systems was proposed, where every

channel estimation framework for passive

stage is formulated as a multi-dimensional direction-of-
arrival estimation problem. Similarly, the authors in Ref. [6]
have proposed a two-stage channel estimation algorithm,
namely, sparse matrix factorization and matrix completion, to
exploit the rank-deficient structure of the channel. In Ref.
[7], the cascade channel estimation is converted into a sparse
signal recovery problem by utilizing the properties of Katri-
Rao and Kronecker products.

The receiver design in massive MIMO systems, however,
becomes more challenging since the power consumption in-
creases rapidly as the number of antennas grows. Among all
the components in the radio frequency (RF) chain, a large
portion of the total power consumption lies in the analog-to-
digital converters (ADCs), whose power consumption grows
exponentially with the number of quantization bits”!. The
deployment of current high-resolution (8 — 12 bits) ADCs is
a critical bottleneck for the practical use of large-scale
MIMO. To alleviate this issue, the use of low-resolution
ADCs (1 - 4 bits) can largely reduce the power consumption
and is more suitable for the deployment of large-scale
MIMO systems.

In this paper, we consider the extreme case of 1-bit resolu-
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tion, where the in-phase and quadrature components of the re-
ceived samples are separately quantized to 1 bit. This solution
is particularly attractive to massive MIMO systems, since each
of the RF chains only contains simple limiting amplifiers
(LAs) without the automatic gain control (AGC). This hard-
ware change can largely reduce both the power consumption
and the hardware cost at the BS. Prior works on 1-bit massive

MIMO have analyzed the sum rate!”, channel estimation'"],

[12]

and signal detection"“. Moreover, oversampling is applied to

further compensate for the performance loss caused by the

13714 Pyurthermore, the distortion caused

coarse quantization
by 1-bit quantization and the sample correlation caused by
oversampling make the cascaded channel estimation problem
even more challenging.

In this paper, we develop an approximate message passing
(AMP) based algorithm to solve the considered cascaded chan-
nel estimation problem, where the received signal is sampled
at a rate beyond Nyquist sampling and quantized to 1-bit.
Bussgang decomposition is applied to deal with the coarse
quantization and a Markov chain is developed to characterize
the correlation of adjacent oversampled samples. The corre-
sponding factor graph is presented and the AMP algorithm is
derived. Unlike prior works on AMP-based cascaded channel
estimation” "% this work considers the statistical characteris-
tic of 1-bit quantization and uses the oversampling technique
to increase the estimation accuracy. Simulations show that our
proposed algorithm outperforms the method in Refs. [7 - 8]
and can even approach the 2-bit Nyquist-sampled systems in
terms of the normalized mean square error (NMSE) while the
former consumes less power at the receiver.

2 System Model and Problem Statement

In this work, a single-cell uplink RIS aided multi-user 1-bit
massive MIMO system with N, single-antenna users, a RIS
with L passive reflecting elements, and a BS with N, receive
antennas are considered, where N > N,. The system model is
depicted in Fig. 1', where p(t) is the pulse shaping filter for

transmission and m (¢) is the matched filter for detection. The

received data signal at the n -th receive antenna y,‘f‘ (t)is
7= m@* XL kO, (6, 00, 0))

where x, (¢) is the transmitted signal from the n-th user; s, (1)
represents the [-th reflecting element at the RIS; g, (¢) and
h, ;(t) are the channel impulse responses from the user n, to
the [-th reflecting element and from the /-th reflecting element
to the n -th receive antenna, respectively; * denotes the opera-
tion of convolution.

Flat fading channels are considered in this work, i. e.,
g,.(t)and h, ,(¢) can be written as

gl,nl(z) = gz.nﬁ(t) and hnl,l(t) = hnﬁla(t)’ )

where g, , and h, , are the corresponding channel gains and
8(t) is the Dirac delta function. Consider a transmission block
with length NV:

N-1

] N-1 .
%)= 2%, 80 =) and ()= Fs 6
i=0 i=0 ’

where T, is the symbol duration; x, ; is the transmitted symbol

at the time instant iT; s, € {0,1} is the on/off state’ and
0,; € (0,2 ] is the phase shift of the [-th reflecting element of
RIS at the time instant iT; 8, is the Kronecker delta function,
where 8, = 1 fort = ¢ and §,,, = 0 otherwise. Eq. (1) can be
simplified as:

yz(xl,v(l) = Zf: 1hn,.lgl,nlz(t) >l<(sl (t)xn' (t))’ (4)

where z(t) = p(t)*m(t). In oversampled systems, Eq. (4) can

be discretized as:

RIS

I
User ] —>  Mod p(t) j / %%%%%%
) G

User N, —>| Mod p(t) j

Z M-fold o . N
\ () oversampling ¥, Q) Yo,
n Channel

RIS: reconfigurable intelligent surface

estimation

Y| me | —]  Mold > o) >

oversampling Yu Yo

A Figure 1. System model of RIS aided multi-user 1-bit massive MIMO system with oversampling at the receiver

1. Note that the channel matrix in the direct link can be estimated by turning off the RIS!".. Therefore, the direct—link channel estimation is omitted throughout the paper.

2. In this paper, we assume that the change of the reflection coefficients is synchronized with the transmitted signal. Moreover, the response time of the PIN diode at each reflecting ele-

ment is assumed to be small enough, so that the duration of each reflection coefficient is the same as the symbol duration. With the above ideal assumptions, no extra harmonics are gener-

ated from the surface. The non—ideal case that extra harmonics are generated is beyond the scope of this paper.
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RN L[k [i-k i—k
— | = h B ,
ynl|:M:| ; "”lgl’"'k_z‘wz|:M ST 1] Ty
0<i<MN-1, 5)

where M is the oversampling factor. Since there are no data
L l . .

symbols at time instants MTS(L # 0,M,2M,...), each pair of

transmitted data symbols at adjacent time instants are interpo-

T
lated with M - 1 zeros. Let x, A |:x" a()""’xn,/\"—l] e CV*1,

i
and y" Ay {}
ner M

and we rewrite Eq. (5) in a matrix form as:

o i 1T v
A L0 IN -1 N X
s, A [sme s Siy 1€ ] eC

T
d _| .4 .d d -
Yo, = | Yu 0¥ 1o0) mn-1| =
n.,— T

M T
Z;‘: lhn',lgl,nlz<]s'\“ ® u’) diag(sl) xnt , (6)
where Z € R"™ *"V s the Toeplitz matrix with the form as
7=
=[0] {lM} v eIl 0 0 0 0
1 M-1
{—M} z[0] z|: W :| z[1] 0 0 0
1
00 e 00 ] {-ﬁ} S|

In Eq. (6), z =[0,...,0,1 ]T e R"™!is the zero-inserting vec-
tor and I denotes the N X N identity matrix. Furthermore, &
represents the Kronecker product and diag(a) is a diagonal
matrix with the diagonal specified by a. In particular, M = 1
refers to the case of Nyquist sampling rate.

Similar to Eq. (6), the received oversampled noise samples
at the n -th receive antenna y, & CM g

yn = F(IN ® u) w, (8)

where F e R™>YV is the Toeplitz matrix constituted by

k
m|:M:| with  the form similar to Eq. (7), and

w, ~ C’/\/(ONx 1,0'2[‘\,) represents the complex Gaussian ran-

dom variables with zero mean and variance o”.
Combining Egs. (6) and (8), the received oversampled
samples at the n -th receive antenna y, € C""*" are

— . d no_
.’yn,' _ynl_ +yn‘ -

Z(IN ® u)ihnl.lgl’nl diag(sl) x, + F(IN ® u) w, o)
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Defining Z" A Z(IN 029 u), F' A F(Iw ® u), and stacking

the n -th received oversampled samples on top of the previous

receive antenna, Eq. (9) is extended to

T

Y= [y] Tﬂ"'»ywl T} = Z’Vec{AT} + F’VCC{WT}’ (10)
where Z'AL ® 7, F'AlL ®F and W =
|:wlT; e w;:| ech ", Consider all the users
A4 H(SQ(GX)) eC" XN, where G € C**™ and H e CV**

are the channel matrices from the users to the RIS and from
the RIS to the BS, respectively; X = |:x]T, el x(l] ec" "
and S = [s,T; vl

of vectorization by stacking the columns of A sequentially on

S,T] e C**". vec{ A} denotes the operation

top of one another.
Let Q( - ) represent the 1-bit quantization function. The re-
sulting quantized signal y, is given by
1

vo = Qy)= - (sien(y”) + sien (")) (1

where sign( - ) is the signum function, and j = V/=1. ( - )ER

and ( - )3 denote the real and imaginary parts, respectively.
The problem to be solved is estimating the channel param-

eters in G and H. The minimum mean square error (MMSE) es-

timators of the channel matrices are given by

2
min E{HC—CAH} and man{HH—ﬁ’
G F H

j} (12)

Based on the Bayes’ rule, the closed-form solutions of Eq.
(12) are given by E { Gly ,} and E { Hly ,}. For avoiding the high
computational complexity of calculating p(Gly Q) and p(H ly Q)
in the marginalization of p(C,Hly Q), a practical message-

passing based algorithm is presented in the next section.
3 Markovian Cascaded Channel Estimation

3.1 Markov Chain for Oversampling

Due to the banded structure of the matrix Z in Eq. (7), we
develop a Markov chain, where every two adjacent columns in
A are combined together for defining one state b, as

T

b, = Vec{|:0\~l N ],a1j|T},...,bN = vec { [aN_ ,,aN] }, (13)

and each state is with the mean and covariance:
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b, = vec {[ a,_,.a, ] T} and

T
V: = diag(vec{[va” 17”:(:] }) (14)

. N x 1
with @, e C"
function from the current state to the next is

T
bn +1 = Tbn + vec {|:ONI x 1°@, + I:| }

where T = I, ® [0,1;0,0] and the conditional probability is
given by

p(b,.\lb,a,, )=

T
CN(b,,, ;Tb, + vec{|:0x 158 4 1:| =7

diag(VeC {[0 e ]}) ! (16)

The system model of Eq. (11) can be decomposed by using

[15].

being the n-th column of A. The transition

(15)

the Bussgang theorem

1

Yo = KZ,VGC{AT} +w’ with K= /gdiag(Cy) 2’ (17)

where w' & KF'vec {W } + n_ is the equivalent noise con-
taining the filtered noise and the quantization noise, as-
sumed to follow the Gaussian distribution with zero mean
and covariance V* = o KFF"K" + qu' And diag(Cy) is
the diagonal matrix with the diagonal specified by the di-
agonal of C,. The received quantized signal y, at the state

b, is then calculated as

T
Yo = Dvec{[ a,_ 1"%] }+ w', = Db, +w'

" (18)

2N M x 2N M

where Dé([w ® [0,y I, ])KZ'H; K C™ -,

N M % 2N 2N M x
Z' eC "and w”’ e C

n n

represent the correspond-
ing submatrices of K, Z" and w', respectively. The prior prob-

abilityp(ygﬂlbn) is given by
p(ygulb ) C’/\/(yQ ; Db V"’) (19)

where V' is the covariance of w”, in Eq. (18).

n

3.2 Factor Graph Representation
With Eqgs. (16) and (19), the posterior probability p(b,AlyQ)

is calculated as

Hp(yQ Jr(b.b,- a,)

p (b,AlyQ)
P(yg) " . (20)

Defining C A (SOGX) e C**" in Eq. (10), the joint poste-

rior probability can be further factored as

p(b.4.6.H.Cly,) =

L b (yolb) p (b14) p(AIC) p(€16) p (1) p(6) =

P(yg)

(li[p(ygulb") p(b,Jb, - la))(H I (ulhc))

L

firpee) D)

n=11=1

M)

l=1n,=1

(1)

where the first bracket is from the Markov chain and the rests
belong to the bilinear structure described in Ref. [13]. Some
involved probabilities are

(,L ,,Ih“,c) 5( Bl ) and
P(Cz,nlgz) =6

Nox 1
where h, € C"*'and g, e C"

H and G, respectively; ¢, € C"*" is the n-th column of C. The
second formula in Eq. (22) comes from the definition of C,

(Cl.n - sl,nngxn)’ (22)

are the n -th and [-th row of

where ¢, and s, are the (I,n)-th element of C and S, respec-
tively, and x, is the n-th column of X. The factor graph repre-
sentation of Eq. (21) is shown in Fig. 2, where the hollow
circles and the solid squares represent the variable nodes and
the factor nodes, respectively. The message passing in the first
part will be described in the next subsection, while the illus-
tration of the second part can be found in Ref. [8].

3.3 Message Passing in Markov Chain

In the following, the approximate message passing in the
Markov chain is derived according to the sum-product rule.
The linear operator K described in Eq. (17) involves the cova-
riance of unquantized signal y in Eq. (10), calculated as

C, = Z'diag(vec{VA T})Z’H +0’F'F" (23)

During the message updates, the covariance of A at the i-th
iteration is V* (i), and Eq. (23) can be rewritten as

Cy(i) = Z’diag(VeC{VA T(L)}) AL O'ZF'F'H. 24

The covariance of the quantization noise at the i-th it-
eration is

ZTE COMMUNICATIONS 5-|
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Markov chain

(o) \\V@
p(al-) /
-4%’“

bla,,l*
12

/

‘ Cn(en)
’ =W r(e.2)

|| (6) [ Ip(en)

:E;) . rs

Bilinear structure

()
] p(n.2)

v'(
/‘ @ e
Ca [ 81
‘ P(Cl,zl')

A Figure 2. Factor graph representation of Eq. (21) for an example with / = N =N =L =2and N =3

€, ()= Co(i) - K(H)C, ()K" (25)

where C4 (i) is calculated from Ref. [16] as

2
m

Coli) == (aresin(K () CF (D) K (i) ") + jaresin(K () €3 () K (1)) 26)

3.3.1 Downward AMP

With Eq. (19), the message m at the i-th it-

b, "1’(51, cilba, 1)
eration can be approximated as Gaussian distribution with the

following mean and variance:

— Down

B (@) =5

), @)

— Down (

(i) + V’fl’”"’"(i)D”R(yU“ ~nv"”

Vrf)uwn (l) - V/y[])own (L) _ V/fown (l) DHRDvlfL)own (l), (28)

where R A (V,:"” + DV’fL)”""(i)DH)i]. Moreover, with Eq. (15),

the message from the factor node p(b b, .a ) to the vari-

n+ 1'"n%n+1
able node b

, at the i-th iteration is given by

n+

v (B B2V )

mp(b” b a, l) —b,,

. (29
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n 7 '
b (i) = THP™ (i) + vec {[0”‘ Ja Y (i)J } (30)
V,f?(:“{ (L) _ TV:)UM (L) Tll + diag (veC {|:0N, x 1,11:: +1 (L)j| }) (3 1)

Especially, when n = 1, Egs. (30) and (31) are reduced to

— Down , | f . 1 Down ( + 7
b (L) = bl (l) and ¥V ]1) (L) = Vlb(t)- (32)
3.3.2 Upward AMP
Similar to Egs. (27) and (28), the message m, (5,0 ) at
o r\olo, e,

the i-th iteration is approximated as Gaussian distribution
with the following mean and variance

B =8O VEOD Ry, - DEG) gy

V)= V@) = VI D RDY (D) (34)

. Vo £\ i\ . :
where R A (V: +DV'?P@E)D ) . Moreover, with the inverse
of Eq. (15), the message from the factor node p(bnlbn_ 1,a") to

the variable node b, _, at the i-th iteration is given by
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= M (b, s B @DV ()

m,j(b,,u;”, ,.a,,)" b, (35)
where

Z\,fl/li OE TT[;S/'P (i) + vec H:dn _ z(i)vow,. x I]T} (36)

Vi) = TV () diag(“%{["’?*“)’o% : J}) (37)

where ( - )T denotes the operation of pseudo-inverse. Espe-
cially, when n = N, Egs. (36) and (37) are reduced to

— Up

by (i) =by(i) and V' (i)= Vi(i), (38)

3.3.3 Backward AMP

Combining with m

b,y = p(b,0b, a) and m

, the
)

b, —p(bb, .,
message from the factor node p(b,le”_ l,a") back to the vari-

able node @, is

mp(bnlb” _ l,a”) —a,

[ en(b.s 7o (). av i (D T)CN (b5 B ()Y () (39

where the multiplication of two Gaussian functions is another
Gaussian function’.

4 Further Discussions

The overall Markovian cascaded channel estimation algo-
rithm is presented in Algorithm 1. In lines 3 - 6, the estimates
of the each mean and variance in the matrix product A = HC
are calculated. The message passing in the Markov chain is il-
lustrated in lines 7 = 9. Subsequently, the residual ¢, , and

the inverse residual variance u, , are calculated in lines 10 -
.

11. In lines 12 - 13, these residual terms are used to compute

v'" and h', ,, which can be interpreted as an observation of

h, , under an AWGN channel with zero mean and a variance

1h
nlt

of v} . The posterior means and variances of each elements in

H are estimated in lines 14 and 15. Similarly, the posterior
means and variances of each elements in the auxiliary matrix
C are estimated in lines 16 - 21; the same is performed for G
in lines 22 - 27.

In this paper, a damping method is applied to improve the
robustness of the proposed algorithm. Specifically, in each it-
eration the posterior means and variances of H (lines 14 - 15),

C (lines 20 - 21) and G (lines 26 - 27) are updated by using a
linear combination of the current and previous updates. For

example, the updates of the posterior mean h, , and variance

vl ,in lines 14 - 15 of Algorithm 1 are replaced by

h, G+ 1)=(1-B)h, () +Bh, (i + 1), (40)

v G+ 1) = (1=B)ol () + Bl (i + 1), (41)

where B €[0,1] s the damping factor. In our work, 8 is cho-
sen within [ 0.2,0.4 ]

We now give a brief discussion on the computational com-
plexity of the proposed algorithm. Note that the total algo-
rithm is separated into two parts, the Markov chain and the
bilinear structure. We thus sketch the respective complexity
as follows. First, the complexity of the Markov chain is domi-
nated by basic matrix multiplications in Egs. (27), (28), (33),

3
(34) and (39), requiring O((MN,) ) flops per iteration. Sec-
ond, the complexity of the bilinear structure is dominated by
the calculations in Lines 3 - 5,10 - 11, 12 - 13, 16 - 17 and
22 - 25, requiring O((N, + N) L) flops per iteration. Fi-
proposed algorithm is

nally, the complexity of the

3
I ,O((MNr) + (Nr + N[)LN), where [, is the maximum

max max

number of the iterations.

Algorithm 1. Markovian cascaded channel estimation

Input: y ,, %, S, 0%, prior distributions p(G), p(H)

Output: G.H

1: Initialization: Yn ln: /;n”l (1), vy, (1), Uf;‘_”, (1), ¢, (1),
7,,(0) = 0,u,,(0) = 0;

2:fori=1,...,1__do

**? ¥ max

~ 2 2
B Vet ()= Y0 v 0+l 60)]6,0)]
1
vnrv”:ﬁ;r,n (L) = Zhnl,z(i)éz,n(i)
1
Vaniol (i) =o', (D) + Do (i), ()
1

Va.n:p, (i) =p, () - u, (- Do (@)
Calculate the adaptive linear operator and quantiza-

tion noise via Eqs. (24) and (25) using ¢}, , (i) and
P a (@)

8: Calculate the downward and upward messages at
teach check node in the Markov chain via Egs. (27),
(28), (33), and (34)

9: Calculate the backward messages via Eq. (39) and ob-

A

3. C/\f(x; m,,Vl)CN(x; mz,Vz) o CNV(x; m,V), where V = (V[' + V;l)il and m = V(V['m] + V;'mz).
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tain vy , (i) and a, . (i)

25 (1)
— ), G)
v ()
11: vn‘r?n: un,‘,n(i) = (dn',n(i) - ﬁnl_,n (i))/y‘f)’r’“ (L)
Update H:
rh . A~ NE
12 Va0 = 1/(Ya,,0)|é,0)])
13: Vnl:h', ()= h, (i) (1 -
o (D g, D, () + 0" (D) D, , (1), ()

10: Yn,n: Do ()=0-

14: Vn,.l: fln,.z(i +1)=E{ hnl,llﬁ’n‘,l(i)7U’£‘,l(i) }
15: Vnbv) (i + 1) = Var {h, Jh', ,(0)2") (i) )
Update C:

)

h, (i)

16: Vin:v's, (i) = s,’”/(an”n(i)

17: Yin: ¢ (@) =s,(6,0G) (1 -
o', (D) Yq, (@Dl ) + 25, () Y, () h, ()

2

xnl.n

18: Vin:o''5, (i) = zvffnl(i)

2

19: WLmd, () = Y, (D, = = 1) 30k, ()] x,,,

20: Vin: 61.11(1.) =E{ cl,nlé\,l.u(i);ul;“n(i)’é/,l.n(i)’vl,zn(i) )

21: VLn: v}.n (L) = Var { Cl,nIE’I,n (L) ’/U,;.n (L) 76’ ’I,n (L) ,1)’ ,Zn (L) }
Update G:
22: Vin: M., (1) = s, (El,n(i) - 5”1,n(i) )/U”;.,L(i)
23: Vin:of, (i) = s,, (1= vy, (D)7, (D)) "5, (i)
2
24. Yin,: U”an(i) = 1/(21}2”0') Xy )
25: Vin: g, )= g, ) +v'f, () X, (),
26: Vl’n1: gl,n‘(i + 1) =k { gl,n.'é”l,nI (L.);U“lg,nI (L) }
27: Yin,: vf”.nl(i + 1) = Var { gl’nllg’l’nl(i),v"f’nl(i) }
28: if stopping criterion is met then
20: break
30: end if
31: end for

S Numerical Results

In this section, the uplink of a RIS aided 1-bit massive
MIMO system with N, =64, N, =8 and L = 128 is consid-
ered. The m(t) and p(t) are normalized root-raised-cosine

(RRC) filters with a roll-off factor of 0.8. The channel is as-
sumed to experience Rayleigh block fading. The simulation re-
sults presented here are obtained by averaging over 100 inde-
pendent realizations of the channel matrices, noise and pilots.

PLN,
The signal-to-noise ratio (SNR) is defined as 10log|———},
o
where p is the sparsity level of $* and is set as 0.3. The pilot
length is 200. For the correlated channel, the channel matri-

ces are modeled as

1 1 1
H =R:H'R? and G =G'R?, (42)
where the elements of H' and G’ are independent and identi-
cally distributed (i.i.d.) complex Gaussian random variables
with zero mean and unit variance. The matrix R, denotes the
receive correlation matrix with the following form:

I p ol
R=| P ! P
_p*(N‘ _ I) p*(Nr - 2) . 1 1, (43)

where p is the correlation index of neighboring antennas at
the BS and set as 0.4 + 0.3. (‘p‘ = 0 represents an uncorre-
lated scenario and |p| = 1 implies a fully correlated sce-

nario.) The matrices R, and R, have the same form as Eq.
(43), where p is set as 0.2 + 0.5 and 0.1 + 0.2; at the RIS, re-
spectively.

Figs. 3 and 4 show the NMSEs of G and H under uncorre-
lated and correlated channels, respectively. For the multi-bit
systems sampling at the Nyquist rate, the calculation of the

posterior probability p(Alyq) is referred to as Eqs. (23) and

(24) in Ref. [17]. From the figures, it can be seen that our
proposed 1-bit multi-fold oversampled systems outperform 1-
bit systems sampling at the Nyquist rate, and can even ap-
proach the performance of 2-bit systems sampling at the Ny-
quist rate. Another observation is that after 2-fold oversam-
pling, the performance of 1-bit systems goes into the satura-
tion field, and no further gain can be achieved. This reveals
the performance limit of the proposed method. Furthermore,
we have also compared the performance of Refs. [7] and [8]
as references, where the resolutions of the ADCs are changed
to 1-bit. From the results, the performance of the references
is worse than that of our proposed method, since they do not
consider the impact of 1-bit quantization and the advantages
of oversampling.

The advantage of 1-bit ADCs is that they do not require au-

4. In simulations, the phases of the RIS are set to zeros, and the matrix S is generated as a 0 - 1 random matrix.

54 ZTE COMMUNICATIONS
March 2022 Vol. 20 No. 1



Markovian Cascaded Channel Estimation for RIS Aided Massive MIMO Using 1-Bit ADCs and Oversampling

Special Topic

SHAO Zhichao, YAN Wenijing, YUAN Xiaojun

e Ref. [7], M=1 —wtfpmm Ref. [8]. M=1 « mih = 1-bit, M=1 « o = 2-bit, M=1
s = 3bi, M=l =0 1-bit, M=2 == 1-bit, M=3
ey "
£ IE )
a s - E 3 S,
3 & = X S |
~
7 S~ - 3 JS AL
= S~ . = N .
z N T = RRLEE
S - <
s ~ ~ -
\ | | | | [ ==
5 10 15 20 5 10 15 20
SNR/dB SNR/dB
NMSE: normalized mean square error ~ SNR: signal-to-noise ratio

A Figure 3. NMSE of G and H comparisons between the multi-bit sys-
tems with Nyquist rate (M=1) and the 1-bit systems with multi-fold
oversampling under uncorrelated channel
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A Figure 4. NMSE of G and H comparisons between the multi-bit sys-
tems with Nyquist rate (M=1) and the 1-bit systems with multi-fold
oversampling under correlated channel

tomatic gain control (AGC), and can be replaced by simple
LAs. Fig. 5 shows the simplified’ receiver power consumption
as a function of the quantization bits and the oversampling fac-
tor M, which is calculated as

p = 2N.~(CPAGC +(1=c)Py, + FOM x MfNyqu;slzq), (44)

simplified
where P, and P;, denote the power consumption of AGC
and LA, respectively; ¢ is the quantization bits and fy, ., is
the Nyquist-sampling rate; ¢ is chosen as O for 1-bit system

and 1 for systems with multi-bit. Numerical parameters!®!

are Py =2 mW, P, =08 mW, fy ., =25 GHz and
figures-of-merit (FOM) = 15 {]. From the results, it can be
seen that 1-bit systems consume much less power than
multi-bit systems with either the Nyquist rate or the overs-
ampling rate.

5. The power consumption of shared components in different systems is neglected.

800

600

400

200

Simplified receiver power consumption/mW

Il
0 1 2 3 4 5

Number of quantization bits

A Figure 5. Simplified power consumption at the receiver as a function
of the number of quantization bits

6 Conclusions

In this work, we propose RIS aided 1-bit massive MIMO
systems with oversampling at the receiver. The aim of
oversampling is to compensate for the performance loss
due to the coarse quantization. A Markovian cascaded
channel estimation algorithm is developed for such sys-
tems. Simulation results have shown good performance
gains of the proposed oversampled system, which can
achieve the same performance of the corresponding 2-bit
system sampling at the Nyquist rate while consuming less
power at the receiver.

References

[1] LARSSON E G, EDFORS O, TUFVESSON F, et al. Massive MIMO for next gen-
eration wireless systems [J]. IEEE communications magazine, 2014, 52(2): 186 -
195. DOI: 10.1109/MCOM.2014.6736761

[2] LTASKOS C, NIE S, TSIOLIARIDOU A, et al. A new wireless communication
paradigm through software-controlled metasurfaces [J]. IEEE communications
magazine, 2018, 56(9): 162 - 169. DOI: 10.1109/MCOM.2018.1700659

[3] JAMALI V, TULINO A M, FISCHER G, et al. Intelligent surface-aided trans-
mitter architectures for millimeter-wave ultra massive MIMO systems [J]. IEEE
open journal of the communications society, 2020, 2: 144 - 167. DOI: 10.1109/
0JCOMS.2020.3048063

[4] TAHA A, ALRABEIAH M, ALKHATEEB A. Enabling large intelligent sur-
faces with compressive sensing and deep learning [J]. IEEE access, 2021, 9:
44304 - 44321. DOI: 10.1109/ACCESS.2021.3064073

[S]ARDAH K, GHEREKHLOO S, DE ALMEIDA A L F, et al. TRICE: A channel
estimation framework for RIS-aided millimeter-wave MIMO systems [J]. IEEE

signal  processing letters, 2021, 28: 513 - 517. DOI: 10.1109/

ZTE COMMUNICATIONS | 55
March 2022 Vol. 20 No. 1



Special Topic | Markovian Cascaded Channel Estimation for RIS Aided Massive MIMO Using 1-Bit ADCs and Oversampling

SHAO Zhichao, YAN Wenijing, YUAN Xiaojun

LSP.2021.3059363
[6] HE Z Q, YUAN X J. Cascaded channel estimation for large intelligent metasur-
face assisted massive MIMO [J]. IEEE wireless communications letters, 2020, 9
(2): 210 - 214. DOI: 10.1109/LWC.2019.2948632
[7)WANG P L, FANG J, DUAN H P, et al. Compressed channel estimation for in-
telligent reflecting surface-assisted millimeter wave systems [J]. IEEE signal
processing letters, 2020, 27: 905 - 909. DOI: 10.1109/LSP.2020.2998357
[81HE Z Q, LIU H, YUAN X J, et al. Semi-blind cascaded channel estimation for
reconfigurable intelligent surface aided massive MIMO [EB/OL]. [2021-11-15].
https://arxiv.org/abs/2101.07315
[9] WALDEN R H. Analog-to-digital converter survey and analysis [J]. IEEE jour-
nal on selected areas in communications, 1999, 17(4): 539 - 550. DOI: 10.1109/
49.761034
[10] MO J H, HEATH R W. Capacity analysis of one-bit quantized MIMO systems
with transmitter channel state information [J]. IEEE transactions on signal pro-
cessing, 2015, 63(20): 5498 - 5512. DOI: 10.1109/TSP.2015.2455527
[T1IJLIY Z, TAO C, SECO-GRANADOS G, et al. Channel estimation and perfor-
mance analysis of one-bit massive MIMO systems [J]. IEEE transactions on sig-
nal processing, 2017, 65(15): 4075 - 4089. DOI: 10.1109/TSP.2017.2706179
[12] SHAO Z C, DE LAMARE R C, LANDAU L T N. lterative detection and decod-
ing for large-scale multiple-antenna systems with 1-bit ADCs [J]. IEEE wire-
less communications letters, 2018, 7(3): 476 - 479. DOIL: 10.1109/
LWC.2017.2787159
[13]SHAO Z C, LANDAU L T N, DE LAMARE R C. Channel estimation for large-
scale multiple-antenna systems using 1-bit ADCs and oversampling [J]. IEEE
access, 2020, 8: 85243 - 85256. DOI: 10.1109/ACCESS.2020.2992246
[14]SHAO Z C, LANDAU L T N, DE LAMARE R C. Dynamic oversampling for 1-
bit ADCs in large-scale multiple-antenna systems [J]. IEEE transactions on
communications, 2021, 69(5): 3423 - 3435, DOI: 10.1109/
TCOMM.2021.3059303
[15] BUSSGANG J J. Crosscorrelation functions of amplitude-distorted Gaussian
signals [R]. Cambridge, USA: Massachusetts Institute of Technology, 1952
[16] JACOVITTI G, NERI A. Estimation of the autocorrelation function of complex
Gaussian stationary processes by amplitude clipped signals [J]. IEEE transac-
tions on information theory, 1994, 40(1): 239 - 245. DOI: 10.1109/18.272490
[17] WEN C K, WANG C J, JIN S, et al. Bayes-optimal joint channel-and-data esti-
mation for massive MIMO with low-precision ADCs [J]. IEEE transactions on
signal  processing, 2016, 64(10): 2541 - 2556. DOI:  10.1109/
TSP.2015.2508786
[18] ROTH K, NOSSEK J A. Achievable rate and energy efficiency of hybrid and
digital beamforming receivers with low resolution ADC [J]. IEEE journal on se-
lected areas in communications, 2017, 35(9): 2056 - 2068. DOI: 10.1109/
JSAC.2017.2720398

56 ZTE COMMUNICATIONS
March 2022 Vol. 20 No. 1

Biographies

SHAO Zhichao received the B.S. degree in information engineering from Xidi-
an University, China in 2012, the M.S. degree in electrical engineering from
Technische Universitit Dresden, Germany in 2016, and the Ph.D. degree in
electrical engineering from the Pontifical Catholic University of Rio de Janeiro,
Brazil in 2020. Currently, he is a post-doctoral researcher with the National Key
Laboratory of Science and Technology on Communications, University of Elec-
tronic Science and Technology of China (UESTC). His research interests lie in
communications and signal processing.

YAN Wenjing received the B.S. degree from Chongqing University, China in
2018, and the M.S. degree from University of Electronic Science and Technolo-
gy of China (UESTC) in 2021. She is currently pursuing the Ph.D. degree with
the Department of Electronic and Computer Engineering, The Hong Kong Uni-
versity of Science and Technology (HKUST), China. Her contribution to the
work in this paper was done when she was with UESTC.

YUAN Xiaojun (xjyuan@uestc.edu.cn) received the Ph.D. degree in electrical
engineering from the City University of Hong Kong, China in 2009. From 2009 to
2011, he was a research fellow with the Department of Electronic Engineering,
City University of Hong Kong. He was also a visiting scholar with the Department
of Electrical Engineering, University of Hawaii at Manoa, USA in spring and sum-
mer 2009, as well as in the same period of 2010. From 2011 to 2014, he was a re-
search assistant professor with the Institute of Network Coding, The Chinese Uni-
versity of Hong Kong, China. From 2014 to 2017, he was an assistant professor
with the School of Information Science and Technology, Shanghai Tech Universi-
ty, China. He is currently a State-Specially-Recruited Professor with the Center
for Intelligent Networking and Communications, University of Electronic Science
and Technology of China. His research interests include signal processing, ma-
chine learning, and wireless communications, including but not limited to multi-
antenna and cooperative communications, sparse and structured signal recovery,
Bayesian approximate inference, and network coding. He has published more
than 180 peer-reviewed research articles in the leading international journals and
conferences in the related areas. He has served on a number of technical pro-
grams for international conferences. He was a co-recipient of the Best Paper
Award of IEEE International Conference on Communications (ICC) 2014 and a
co-recipient of the Best Journal Paper Award of IEEE Technical Committee on
Green Communications and Computing (TCGCC) 2017. He has been an editor of
IEEE Transactions on Communications since 2017 and IEEE Transactions on
Wireless Communications since 2018.



