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Abstract—Backscatter communication (BackCom) technology
that takes advantage of the radio frequency signals to facilitate
the communications of passive devices has attracted much atten-
tion in recent years. To enhance its communication performance,
the multiple-input and multiple-output (MIMO) technology has
been introduced to BackCom. Channel estimation is crucial for
the MIMO BackCom system. However, the optimization for the
pilot training sequences has not been studied. In this paper, we
propose a pilot sequence design algorithm for MIMO BackCom
systems with spatially correlated antennas, which can estimate
both the direct link and the backscatter link channel information.
We derive the optimal structure of the source and the tag
pilot sequences which achieves the minimum mean-squared error
(MSE) of channel estimation. Then, we optimize the power
allocation between the source pilot sequences. Simulation results
show that our proposed algorithm can estimate channel efficiently
and achieve better sum MSE performance than the benchmark
without power allocation.

Index Terms—Backscatter communications, pilot design, chan-
nel estimation, MIMO

I. INTRODUCTION

Backscatter communication (BackCom) is a newly emerg-
ing paradigm, which utilizes the radio frequency signal as
the carrier to reduce the power consumption. In BackCom
systems, battery-free tags communicate with a reader by
reflecting radio frequency (RF) signals. Due to its passive
and low-cost tag, BackCom has been seen as an attractive
technology for the Internet of Things (IoT) [1]-[5]. However,
the strength of the backscattered signal in BackCom is weak
due to a large path loss and tag’s low reflection efficiency
[61-[9].

The multi-antenna technology is efficient in improving
the weak signal in BackCom. The papers [10]-[16] studied
the BackCom system with a multi-antenna tag or reader to
facilitate the signal detection. The dual-antenna receiver is
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efficient in eliminating the interference from unknown sources
[10], [11]. For example, the receiver uses the received signals
at two antennas to detect the backscattered symbols by simply
using the received signal of one antenna to divide that of
another antenna. This method can detect binary modulated
symbols without channel state information (CSI).

To further increase the communication rate or decrease
communication errors, the multiple-input and multiple-output
(MIMO) technology has been introduced to BackCom [17]-
[26]. In [17], the authors designed the tag’s signalling matrix
to obtain the gain from a multi-antenna source. The work
[18] presented a unified generalized space-time shift keying
(GSTSK)-backscatter architecture for BackCom. The work
[19], [20] studied spatial modulation-based backscatter com-
munication. Generalized quadrature space-time modulation for
backscatter communication was proposed in [21]. Further-
more, the work [23] maximized the sum capacity of primary
and secondary transmissions by designing the beamforming.
Most modulation/detection and beamforming schemes for
MIMO BackCom require CSI. Thus, obtaining accurate CSI,
i.e., channel estimation, is imperative for a MIMO BackCom
system.

However, MIMO BackCom channel estimation received
little attention. In [27], the authors design a channel estimation
method that can estimate both the direct link channel and the
backscatter link channel simultaneously with multiple sources
and tags. However, the optimization for channel training
sequences for MIMO BackCom has not been explored. In
this paper, we extend [27] by considering spatially correlated
antennas and study the optimal pilot sequence design and
channel estimation algorithm for a general MIMO BackCom
system. We consider a general system setup that three nodes
(source, tag, reader) in a BackCom system are all equipped
with multiple antennas. Furthermore, antennas on the source,
the tag and the reader have correlations. Training sequences
are sent by both the source and the tag, and the reader
estimates both the source-tag-reader channel and the source-
reader channel simultaneously. We aim at deriving the optimal
pilot sequences structure and power resource allocation for
both the source and the tag. We would like to note that
it is not easy to obtain optimal training sequences jointly,
because different to relay or reconfigurable intelligent surface
(RIS)-aided communication systems, the source and the tag
signals are independent of each other in BackCom systems.
Moreover, the signal received at the reader is not a simple



multiplication of the source and tag training sequences. To
tackle this challenge, we rewrite the received signal expression
which combines the source and the tag signals together. But
this expression has a complicated channel matrix, which brings
new challenges to our channel training algorithm design.

The main contributions of this paper are summarized as
follows.

« We derive the structure of the optimal pilot sequences for
both the tag and the source that minimizes the sum mean-
squared error (MSE) of channel estimation. Specifically,
we reveal that the eigenvector matrix of the correlation
matrix of the MIMO channel is matched with the optimal
source pilot matrix. Moreover, in the proposed algorithm,
the power resource allocation optimization for the source
pilot sequences is investigated.

« Interestingly, we show that the optimal pilot sequence at
the tag is an orthogonal sequence, which does not depend
on the channel statistics. This makes the implementation
of the tag sequence feasible in practice. The optimization
of the source pilot sequence can be run at either the source
or the reader, which has a higher computation capability
than the tag.

« Simulation results show that our channel training algo-
rithm can achieve a much better MSE performance com-
pared to the traditional equal power allocation scheme in
which the training sequences at the source are orthogonal.

Notations: Scalars are denoted by lowercase letters, while
vectors and matrices are represented by bold lowercase letters
and uppercase letters, respectively. Iy denotes the identity
matrix of size N. CN (i, 0?) denotes the complex Gaussian
distribution with mean u and variance o>. ® stands for the
matrix Kronecker product [28]. (-)*, (-)7 and (-)¥ denote
matrix conjugate, transpose and Hermitian transpose, respec-
tively. Bdiag[-] denotes a block diagonal matrix. ¢7(-) stands
for matrix trace, and E[-] denotes statistical expectation. [-],,
stands for the m-th column of a matrix and {-},, stands for
the m-th row of a matrix. [-]; ; stands for the (7, j)-th element
of a matrix. (-)~! denotes matrix inversion. vec(-) denotes
the vectorization operator which is realized by stacking all
column vectors of a matrix on top of each other. [x] stands
for the ceiling function for x. O(f(n)) means computational
complexity order as a function of n.

The structure of this paper is listed as follows. Section II
describes the channel and signal model for MIMO BackCom.
In Section III, we propose a channel estimation algorithm for
MIMO BackCom. We provide simulation results in Section
IV. Finally, conclusions are given in Section V.

II. MIMO SYSTEM FOR BACKCOM

In this section, we introduce the system model for MIMO
BackCom.

A. System Model

Consider a MIMO BackCom system consisting of a tag,
a reader and a RF source as illustrated in Fig. 1. There
are N5, N; and N, antennas in the source, the tag and the
reader respectively. By adjusting its impedance, the tag can
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Fig. 1. System model of MIMO BackCom. The signal broadcasted by the
source can be received by both the tag and the reader. The tag modulates the
incident signal by varying its load impedance, and backscatters the modulated
signal to the reader.

harvest energy powering its circuit and backscatter symbols.
For example, the RF signal is reflected as the load impedance
is mismatched, while the RF signal is harvested when the load
impedance is matched.

The source and the tag need to send designed training
sequences to the reader to facilitate the channel estimation.
Thus, during our channel training phase, the cooperation from
the source is required'. Then, in the data transmission phase,
the source transmits modulated symbols to its users normally.
In this phase, the reader can detect backscattered symbols
without cooperation of the source.

B. Channel Model and Signal Model

We consider the channel from the source to the reader as
a direct channel H € CN-*Ns | the channel from the source
to the tag as a forward channel F € CN:*Ns and the channel
from the tag to the reader as a backward channel G € CN-*Nr
respectively. The multiplicative channel of F and G is referred
to as the backscatter channel. In this paper, we assume that
H, F and G satisfy the Gaussian-kronecker model [29], which
is also adopted in [30], [31]%, where H,F and G are complex-
valued Gaussian random matrices following

H ~CN(0,Tyr ®Rp),
F ~CN (0, Tur ®RF), (D
G ~CN (0, Tc®Rg).

Matrices Ty g and T denote the Ny X Ng and N; X N, covari-
ance matrix at the transmit side of H(F) and G, respectively.
Matrices Ry, Ryr and Rg denote the N, X N, N; X N; and
N, X N, covariance matrix at the receive side of H, F and G,
respectively. These matrices are fixed for a given setup and
can, thus, be assumed to be known [30], [31]. In practice,
given the setup of antennas, the channel covariance matrices
can be calculated with high accuracy as shown in [29], if the

The synchronization between the RF source signal and tag signal can be
achieved similar to the approaches in [6], [40]-[42].

2Different to [30], [31], we consider a general MIMO setup for all nodes
and the direct link channel is not blocked.



number of scatters is large. Then, we can equivalently rewrite
the channel matrices as

H=ByH, A",
F = BrF, A", 2)
G =BsG, AL,

where AAH = TLF,BHBZ = RH,BFBi_’ = RF,A(;Ag =
TL.BGBY = Rg. Matrices H,,,F,, and G,, are N, X Ny,
N; X Ny and N, X N; Gaussian random matrices with inde-
pendent and identically distributed (i.i.d.) zero mean and unit
variance entries. Assume that H,,, F,, and G,, are statistically
independent of each other. We assume that covariance matrices
of channels to be estimated are known at the reader and these
channels are block flat fading.

The reader receives both source signals and backscattered
signals. Then, the received signals at the reader is 3

y = (H+ GaX'F)s +n, 3)

where « is a coefficient representing the scattering efficiency
and antenna gain, X’ € CN>*Nt is the diagonal matrix
representing the signals conveyed by the tag, s € CNs*! is the
source signal vector and n € CV~*! is the zero-mean additive
white Gaussian noise (AWGN) with variance 0',%. The diagonal
elements in X’ satisfy |x;| < 1,i = 1,2,---, N;, where x; is
a complex number [17], [33], [34]. Let X = aX’. Then, the
received signals can be expressed as

y = (H+ GXF)s + n. 4

We would like to note that the system model (4) is different
to that of the RIS system. In BackCom systems, X carries
information transmitted by the tag to the reader, while in RIS
systems, X acts as a precoding matrix to aid the transmission
of the source information s.

III. PILOT DESIGN ALGORITHM

In this section, we propose a channel estimation algorithm
designing training sequences for both the tag and the source
to estimate the direct channel and the backscatter channel
simultaneously.

A. Optimal Training Sequences Structure

The expression in (4) is inconvenient to be used to jointly
estimate both channels. To solve this problem, we change the
received signal form to

y=Qt+n, &)

3Here are some differences between the channel estimation of backscatter
communications and RIS-aided communications. First, in RIS-aided commu-
nications, the direct link (source-receiver) is usually assumed to be blocked
while this is not the case in backscatter communications. Second, the RIS
has its unique array geometry and this knowledge can be exploited during
the channel estimation phase while is not considered in backscatter com-
munications. Third, due to the close distance between the RIS and source,
the channel between them is a line-of-sight channel. Since the knowledge of
array geometry is not exploited, our method can be seen as a general channel
estimation method for RIS-based communications.

where t = [ x;s e CWNe+D)Nsx1 ¢ = CNex1 contains the
diagonal elements of X, and
Q=[H gfi, ... gyfy |eCNXNHDN
(6)
where f; € C*Ns| g, € CN¥1 i = 1,2,--- N, are the rows

of F and the columns of G, respectively. Thus, we have F =
[ £, . ..., f](,t ]T and G = [g;,g,...,8n,]. Note
that the transformation from (4) to (5) is equivalent.

The number of unknowns in Q is much larger than the
number of entries in t. Thus, more than one time slot is
required to estimate the channels. First, the N, X 1 received
signal vector at the reader at the /-th time slot is expressed as

Yy = (H + GX[F)S[ + n;.
= Qt; +ny,
where s;, t;, and n; are the corresponding s, t, and n in (5) at
the /-th time slot. Assume that the source transmits an Ny X L
training signals matrix S where L is the length of the training

time slots. Second, the received signal in total L time slots
can be expressed as

)

Y =QT+N, (8)

where N = [ny,np,--- ,nz] is the noise matrix at the reader
and T = [t;, tp, - ,t.].
. T .
Denoting x; = [xl,l,xl,z, . ,xl,N,] , then T can be written

as
S1 S> Sr,

X1,181 X2,182 XL,1SL
T= . ) . . . 9

X1,N,S1  X2,N,S2 XL,N,SL

Consider the following eigenvalue decomposition (EVD)
TgF — UIA/U/H’

T ’ ’ +H (10)
T; =UcA'cUG.

1

Then we have AH = H’A’%U’H, Ag = H’GA'éU’H, where

IT" and Il s are arbitrary Ny X Ny and N; X N; unitary matrix,

respectively.

By utilizing U'U' = TIy_, we rewrite (8) as

Y=QT +N, (11)
where
Q=[ HU, (gif)U, ..., (gnfN)U],
U,HS] U/HS2 . U/HSL
T = UH(xiis1) U (xi:) U (xp 1s1)

U (xi 1) U (xon,s2) U (xp n,51)

(12)
According to ADB = (B ® A)vec(D) [28], we obtain

vec(Y) = (T'T ® Iy, )vec(Q’) + vec(N). (13)
Then, we rewrite (13) as
vec(Y) = Mq +n’, (14)



where M = T'T @ Iy,,q = vec(Q’),n’ = vec(N).

Due to its simplicity, we apply a linear minimum mean-
squared error (MMSE) estimator [35] at the reader to estimate
q. Then, we obtain

q=WHvec(Y), (15)

where W is the weight matrix of the MMSE estimator and q is
the estimation of (. Since a linear estimator is used in (15), the
length of channel training time slots satisfies L > (N, + 1)Nj.
Then, the MSE of estimating q can be written as

MSE = E [zr ((?i -q) (q- (I)H)]
:tr((WHM—IN,.x(N,n)Ns)Rq(WHM_IN’X(N’”)NS )H

+W”R,,W),
(16)
where R, = E[qq] = E[vec(Q')vec(Q)H], and R, =

E[nnf] = E[vec(N)vec(N)H]. Next, we are going to obtain
R,, R, and W.

Theorem 1: The covariance matrix R, is given by

R, = Bdiag [N ® Ry, A ®Rg, - AN, ®Rg|, 17

where the m-th element of A is A'yby,, b, =
r ([AK], (Beb, (Bebil [AH] ) o = 1.2, N

Proof: Please see Appendix A.

Meanwhile, the covariance matrix of n’ is

R, = E[n'n'"] = ¢y, , (18)

and the matrix W with the minimized MSE in (16) is given
by

W= (MRqMH + Rn)_lMRq. (19)

We substitute (19) back into (16), and utilize the
matrix inversion equality of (D+BCA)™! = D' -
D 'B(AD"'B+C~')AD"! [36], and then the MSE of es-
timating of q is given by

-1
MSE = tr ((R;1 + MHR,;IM) ) . (20)

To optimize the MSE, the power constraint should be
considered. From (20) and the constraint on the passive tag
and the source, the optimal training sequences can be derived
by solving the following optimization problem

1 Hegp-1ng) "
min 7 ((R; +MAR; M) ) Q1)
Xi,j-Si
st tr (E[s,-sf{]) <Poi=12,--,L, (22)
il <1,i=1,2---,Lj=12---Ny, (23)

where P; is the average source transmission power available.

Let us introduce the training matrices for the source and the

tag as
S =[si,82, - ,s]
S1,1 $2.1 SL,1
S12 S22 SL2 (24)
= b
| SNy S2,Ng SL,Ng
1 1 1 1
X =
Xl X2 o XL
1 ... 1
X1 X2 X1 (25)
X1I,N,  X*2,N, XL,N,;

The optimal structure of T for both the tag and the source is
given by the following theorem.

Theorem 2: The optimal T can be constructed by partition
the L time slots in the channel training phase into N, + 1
groups with equal length of Ny. For clarity, we introduce
Si-1)N,+j and X¢_1)n,+; as the source and tag training
sequences, respectively, where i = 1,---,N;, + 1 is the
group index, and j = 1,---, Ny is the index of the training
sequence in each group. For each group, the source sequences
satisfy E28G-1)ngSH_y n o, = /(N + DUZUY i =

1,2,---,N; + 1, where X 1s a diagonal matrix. The tag
training sequences satisfy X;_1)n,+; = X;, j = 1,---, Ny,
and XX* = (N, + 1)In, 41, where X = [ _1’ T !

X1, s, XN+l

That is, the tag training sequences remain the same within one
group and are orthogonal between groups.

Proof: Let us introduce the EVD of Ry = UHAHUZ and
Rg = Uc;Ac;Ug . Then, we can rewrite (17) as

R, = U,Bdiag [N @ Ay, A{ ® Ag. - . Ay, @ Ag| UL,
(26)
where U, = Bdiag Iy, ® Uy, In, ® Ug, -+, In, ® Ug|.
Meanwhile, we have

MM = (T’T ® INr)H (T’T ® INr) = (T'*T'T) oly.
7
- (T’T’H)T @1y, . 7

Substituting (18), (26) and (27) into (20), the MSE can be
equivalently rewritten as (28) shown at the top of the next
page, where the second and third rows are obtained because
U, is a block diagonal unitary matrix. Then, by denoting Dy =
AN ' @A DG, = A, @A e = 1,2, N, (28)
can be equivalently rewritten as (29) shown at the top of the

T
next page. To minimize the MSE in (29), (T’T'H) ® Iy, is

required to be a diagonal matrix [37], which means T'T’#
needs to be diagonal. Substituting (12) into T'T'#, we obtain
(30) shown at the top of the next page.

To make T'T’H a diagonal matrix, the off-diagonal matrices
in (30) should be all-zero matrix. Moreover, the diagonal sub-
matrices should be diagonal. This indicates that the training
sequences S and X should satisfy the following conditions



-1 -1 T -1
MSE = tr [(Uquiag [A @ An Al ® A, Ay, ®Ag] UqH) + (o’nZINr(N,H)NS) ((T’T’H) ®1Nr)]
H . ’ ’ ’ H -1 2 -1 v H T 1
= ir (U (U Bdiag [N ® A, A] © A, Ay, ® A] UE )+ (2In, v ) ((T'TY) oLy, || U,
-1 al 2 -1 T -1
=tr [(Bdiag [N ®Au, Al ®AG, AN, ®AG]) + U, (O—nINr(Nt+l)Ns) ((T/T/ ) ®1Nr) Ug
(28)
Dy 0 - 0 -1
0 Dg, - 0 , » AT
MSE = 1r , (anINr(N,+,)NS) ((T’T’ ) ®1Nr) (29)
0 0 D¢ n,
U/HS1 U,HSZ U/HSL U/HS1 U/HS2 U/HSL H
— U (x1181) U (xp18) U (xp151) U (x181) U (x018) U (xp151) ~
U (xn,81) U (xon,52) U (xp n,5L) U (xn,51) U (xon,52) U (xp n,51)
[UH (sist? + -+ spsH)U | [UH (x1 185 + - 4y, 5158 ) U]
[UH (xp it + - +xp 1spsH) U] [U’H (xl,lx’l"’Nrslsf o +XL,1X*L,N,SLSf) U’]
[U’H (XI,N,SIS{{ + .- +XL,N,SLS£{) U,] N [U'H (xl,N,xiNrsls‘lq + .- +xL,NfX*L,N,SLS£{) U']
(30)

v (sls{{ +szsg + -~+sLsf) U =X, 31
'H * H * H 7 _
U (xl,n,xl’ntsls1 +-~~+xL,nth’ntsLsL)U =X, (32)
nt:lszs"'3Nts
'H H H ’r _
U (lehslsl +"'*'XLJuSLSL)‘J =0, (33)
ng=12,---,Ny,
'H * H * H ’r _
U (xl,n,xl’n;sls1 +-~~+xL,nrxL’n;sLsL)U =0, (34)
ng = 1$2"" ’Nt’nll‘ int7n; = 172"” ’Nt'
Since the increase of |x;, |l = 1,2,---,L,n; =

1,2,---N;, leads to the decrease in MSE, we can de-
duce that |x;,| = 1,/ = 1,2,---,L,n, = 1,2,---N,.

H H H H _
Thus, we have X1, X| , 818" + ="+ XL X[, SLS] =
sistl +spst + - 45,8 = UZUY = UL, UY. That is
X=X,.

Conditions (33) and (34) can be satisfied as follows. First,
we partition the training interval L into W groups of equal
length N,. We will show the optimality of equal partition
and determine the optimal W and Ng. Let s(-1)n,+; and
X(i-1)N,+; denote the j-th source and tag training sequence
within the i-th group, respectively, i = 1,...,W, j =

I,..., Ng. By setting X(i-1)Ng+j = Xis J = I,...,Ng, and

Ny N
j=1
(35)
the left-hand side of (33) and (34) can be written as
L
U/H le,n,slsf[ U’
I=1
w Ng
= U,H Xi,n, Zs(i—l)Ng+ng,1)Ng+j U’ (36)
i=1 j=1 )
N w
= TgZZXi’n’,
i=1
L
U’H le,ntx;"n,slsfl U’
=1
w Ng
= U Y STy DS NeSt e U GD)

~.

-1 j=1

Ng w
=8y N R
L LN i ny
i=1

From (36) and (37), we can see that (33) and (34) hold if



Dy O 0
0 D¢, 0 5 -1 T
MSE = tr . . + (O-nINr(Nt+l)Ns) ((T/T/ ) ®IN,) =
0 0 DG n,
r—1 -1 741
AN Ay 0 0 Xely, 0 e 0
0 N e AGT 0 ) -1l 0 Eely - 0
tr : : +(ffn1Nr(Nt+1>Ns) : : :
0 0 Ay e AT 0 0 Loly,
(38)
X = _1’ _1 ] has orthogonal rows. Together with lem (42)-(44) [38]. The Lagrangian function is derived as
X, e Xw (45) shown at the top of this page, where u and 7, are the

|x1.n,| = 1, this leads to XX# = (N, + 1)I,+1, which requires
W > N; + 1. To minimize the training overhead, we choose
W=N,+1

To make X a general diagonal matrix with full rank of
Ng, we can see from (35) that there should be N, > Ni.
To minimize the training overhead, we choose N, = N for
each training group. )

With the designed training sequences, the MSE is equiva-
lently changed to (38) shown on the next page.

B. Optimal Power Allocation

Based on Theorem 2, the optimal training sequence design
problem (21)-(23) can be equivalently converted to the prob-
lem of optimizing X as below

miin (38) (39)
st tr(E) < Py, (40)
£ >0, 41)

where for the matrix £ = U'H N%vaz‘lsisf’ U, £ > 0 means
it is a positive semi-definite (PSD) matrix. Note that based on
Theorem 2, ¥ is a diagonal matrix.

To facilitate solving the problem (39)-(41), we convert the
matrix variable to scalar variables. Denote o, as the ng-th
diagonal element in £. Then we get

Ny, N, -1
. L
min Y Y (+——+ =T 4
o /lny/lH ny oy
ns ng=1n,=1 : ’ n (42)
Ny Ng N, 1 Loy -1
+ 5
ntZI] nszi] nrzil (/I,lls,nl /lG,rLr (J’,% ’
NS
S.1. Z 0-715 < Ps, (43)
ng=1
on, 20,0y =1,2,---, Ns. 44)

where 1A', is the ny-th diagonal element of A’, A’,,_ 5, is the
ng-th diagonal element of A; , Ap ,, is the n,-th diagonal
element of Ay and Ag,,, is the n,-th diagonal element of
AG.

The optimal o,, can be efficiently obtained through the
Karush-Kuhn-Tucker (KKT) optimality conditions of the prob-

Lagrange multipliers and satisfy 4 > 0 and 7,, > O,ns =
1,2,---, Ns. Then, the gradient conditions are given by (46)
shown at the top of this page. Meanwhile, the complementary
slackness conditions are given by

Ns
P, — Z O’nx) =0,

ng=1

u (47)

nnso—ns = O’nS = 1727.” 7NS' (48)

Since the object function in (42) is a monotonically decreasing
function of o,, the bi-section search can be applied to obtain
p and oy,

C. Training Sequences

Based on Theorem 2, the optimal training sequences at
different antennas of the tag (i.e., X) should be orthogonal to
each other. Orthogonal training sequences including Hadamard
matrix, modified Zadoff-Chu (ZC) sequences and discrete
Fourier transform (DFT) matrix provided in [27] can be
applied in our pilot training algorithm. In the following, we
introduce Hadamard matrix and DFT matrix for constructing
the training sequences for the tag. The details about ZC
sequences are neglected here since it has similar advantages
and disadvantages for tags [27].

Denote Ly as the number of rows or columns of a
Hadamard matrix. Taking Ly = 4 as an example, a 4 X 4
Hadamard matrix Cg is given by

1 1 1 1
1 I -1 -1

1 -1 1 -1 “49)

The all-1 row in Hadamard matrix is excluded since it is
considered as the inherent training sequences for the source
as can be seen from (25) and (30). Since the row size of
Hadamard matrix is the integer power of two and one-row
cannot be used, the number of training time slots of our
system is usually designed to be larger than the shortest length
(N; + 1)Ng to match the size of the Hadamard matrix. The
number Ly can be determined by Ly = 2Mogy (N +1)1,



-1
Ns N, - N: Ny N, N, N.
} - 1 Lo—nv ! - > . 1 LO’nc = =
L= A, A + 2> +Z Z Z Yo 1 + 2> TH Zo—ns_PS _Znnso—ns (45)
ng=1n,=1 ng/tH,n (O™ ne=1ng=1ny= ns,n; LG,n, oy Py e’
N, L N, N, L
oA o3
B 2 Z 5 TH M, =0,n5 = 1,2, , N (46)
ny=1 1 LIns ny=1n,=1 1 Lans
A ns AH ny O—rzz A ns.,ng AG,ny 0'3[

Meanwhile, we consider that a DFT matrix is used at the
tag. For example,

WT—l

co=|. . A )

W‘E_T—I)K

where W, = ¢~/27/7_ The number of rows equals K = N; + 1
and the number of columns is 7 = L.

In summary, the DFT matrix based sequences can achieve
the shortest estimation duration, but it increases the complexity
for tags. Hadamard matrix based sequences employ only two
values simplifying the hardware but may increase the shortest
estimation duration.

Remarks: Practical implementation: For the tag, only two
impedance is required if Hadamard matrix is adopted, which
is easy to implement. The DFT matrix is more suitable for
semi-passive or active tags [27]. There is no optimization for
the tag’s training symbols. It means that the tag does not need
to receive any optimization information from other nodes. This
keeps the tag simple. As for the source symbol optimization,
it is affordable for the source or the reader since it is usually
a plug-in device.

Time slot overhead: The time slot overhead is minimum.
Similar to [27], our channel estimation method is one-shot.
The one-shot method means that we estimate the channels for
all tag’s antenna simultaneously because we treat the source
as a hidden tag and the training symbols are orthogonal. It has
the minimum overhead.

Computational complexity: The solution of the problem
(21)-(23) is calculated by the source or the reader. Thus, the
tag has no additional burden. To obtain the optimal training
sequence, U” and X are necessary as shown in Theorem 2. The
matrix U’ is obtained by the EVD of Ty . The computational
complexity is O(N?3). As for X, it is calculated by solving
the problem (42)-(44) and the corresponding complexity is
O(Ny).

Algorithm optimality: The proposed solution is globally
optimal as Theorem 2 shows the optimal structure of S and X
minimizing the MSE. In the case of calculating X by solving
the problem (42)-(44), the KKT optimality conditions assure
the globally optimality of the proposed solution.

Characteristics of estimator: The proposed channel esti-
mation method is based on the MMSE estimator. First, this
estimator is a long-term solution, which requires the statistical
information of the channel and the noise. If the MIMO channel
or noise is highly dynamic or complex, e.g., in mmWave RIS

systems, an artificial intelligence (AI) enabled method is more
efficient for estimation [43]. Second, the estimator is linear. If
the signal form of the multi-antenna system is non-linear, e. g.,
squared amplitude, neural network can be applied to improve
channel estimation [44]. Finally, the computational complexity
of the MMSE estimator increases significantly with a large
number of antennas. For backscatter communications, the
number of antennas of the system node, especially the tag, is
usually small. When the receiver and the source are equipped
with a large number of antennas, and extend the scenario to
RIS channel estimations, an Al-enabled method can help to
reduce computational complexity [45].

IV. SIMULATION RESULTS AND DISCUSSIONS

In this section, simulation results are provided to evaluate
the performance of the proposed pilot sequence design and
channel estimation algorithm.

We set matrices H,,,F,, and G,, as N, Xx Ny, N; X Ng
and N, X N, Gaussian random matrices with i.i.d. CN(0, 1)
entries. The coefficient « is set as 0.5. The signal-to-noise ratio
(SNR) is definedas P s/o-,% andissetas2 dBunless stated
otherwise. The commonly used exponential Toeplitz structure
[29] is adopted as the channel covariance matrices and there is
[Tetrlmn = 5" " Rt = 0" " [RELw = o/
[T6lmn = 2" "L[RGImn = P We set py = 0.9,
pr = 0.8 and p, = 0.7, unless stated otherwise. The tag
uses a DFT matrix as its training sequences. The average
source power Py is set to 1. The length L is determined by
L = (N; + 1)N,;. The number of antennas Ny, N; and N,
are set as 2, 3 and 6, respectively, unless stated otherwise.
The final MSE is normalized by multiplying 1/(NyN,). We
set the equal power scheme as the benchmark in which
Ong.ns = 1,2,---,Ns; are equal to each other and their
sum is Ps. The other channel estimation methods, such as
compressed sensing or deep learning-based approaches [39]
have their limitations. For example, comprseed sensing is not
applicable since the channels in our model are not sparse.
Also, deep learning-based approaches may not guarantee the
global optimality. We also simulate [27] with the setting that
a DFT matrix based sequences are assigned to the source and
the tag. The method in [27] is abbreviated as ‘ortho’ in the
legend.

We first evaluate the MSE of the channel training algorithm
versus the SNR in Fig. 2. With the increase of the SNR,
the MSE decreases. The optimal power allocation scheme
has a lower MSE than the equal power allocation scheme
especially in the low SNR level, validating the advantage of
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Fig. 2. MSE versus SNR

our proposed scheme. They have almost the same MSE in the
high SNR region. This is because the allocated power of the
optimal scheme is almost equal in this situation. The proposed
method in [27] has the same MSE performance compared to
the equal power scheme because X for [27] is also a scaled
identity matrix. This scaled identity matrix is derived from the
orthogonal training sequences of the source. The simulation
curves are consistent with the theoretical results, showing our
analysis is correct.
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The MSE of the channel training algorithm versus the
correlation coefficient p is illustrated in Fig. 3. With the
increase of pg, the MSE decreases. This phenomenon indicates
that dependent antennas have a better estimation performance.
With the increase of pg, the MSE gap between two algorithms
widens.

The MSE of the channel training algorithm versus the
number of the source antennas is presented in Fig. 4. With the
increase in the number of source antennas, the MSE decreases.
This is because more pilot signals are backscattered with the
increase of Nj.
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The impact of the number of tag antennas on the MSE
of the channel training algorithm is illustrated in Fig. 5.
With the increase in the number of tag antennas, the MSE
increases. With the increase of N;, the interference between
tags increases and then the estimation performance gets worse.

The MSE of the channel training algorithm versus the
number of reader antennas is presented in Fig. 6. With the
increase of N,, the MSE decreases. With more signals received
at the reader, the estimation performance is improved. It
informs us that we can increase the number of reader antennas
to enhance the estimation accuracy.

V. CONCLUSION

In this paper, we have proposed and investigated the per-
formance of the pilot sequence design and channel estimation
algorithm for MIMO BackCom systems. The proposed algo-
rithm can efficiently estimate the direct link and the backscat-
ter link CSI for MIMO BackCom systems and outperforms
the channel training algorithm without power allocation. The
optimal training sequences can be efficiently implemented in
practice.
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APPENDIX A
PROOF OF THEOREM 1

The following lemma will be used in the sequel.
Lemma 1 [32]: For H ~ CN (0,0 ® ®), we have
E[HAI;IH] = tr(égT)d) and E[HYAH]| = tr(®A)O.
Let H= HU,’ glf] = (glfl lU” T gNtht: (gNrfNr)U’-
First, the m-th column of H is given by
[H],, = [ByH, ATU],, = [ByH, VA ZUH U, s
1
= ' nBuH,, [I1'] 1,
and A’,, is the m-th diagonal element in A’. Based on Lemma
1, we get
~ ~ H
£|(H],[H),," |
1 1 H
=E |V uBuH,, [H']m(/l’,i,BHHw[H’]m)
(52)
= E [ByH, [II'],,[1V],, " H, "By "]
= /thr([nl]m[n/]mH)BHBHH
= .Ry.

Next, the m-th column of g,,f,, is calculated by

g, 5, U
=[Gy, {F},, U’
[BoGwAg], {BFF, A"}, U

[BcGuAL], {BFF, IVA'ZU M}, U
BoGy[AL], {BrlyF VA2,

(53)

and
(80,5, U], = [BoGu [A],, (Br), FuVAS | (54)

1
= /l,ranGGw [Ag]nr {BF}n,Fw [H/]m

— H
Thus, based on Lemma 1, E “gn,fn,] [gntfn,] ] can be

derived as (55) shown at the top of next page, where b,, =
H
o ([A%],, (Br,, Br), " [AR], 7).

The off-diagonal entries in this matrix are zeros because
Matrices H,,, F,, and G,, are Gaussian random matrices with
(i.i.d.) zero mean entries. With (52) and (55), R, is derived
in (17). O
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