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Abstract—Current backscatter channel estimators employ an
inefficient silent pilot transmission protocol, where tags alternate
between silent and active states. To enhance performance, we
propose a novel approach where tags remain active simulta-
neously throughout the entire training phase. This enables a
one-shot estimation of both the direct and cascaded channels
and accommodates various backscatter network configurations.
We derive the conditions for optimal pilot sequences and also
establish that the minimum variance unbiased (MVU) estimator
attains the Cramér-Rao lower bound. Next, we propose new pilot
designs to avoid pilot contamination. We then present several
linear estimation methods, including least square (LS), scaled LS,
and linear minimum mean square error (MMSE), to evaluate
the performance of our proposed scheme. We also derive the
analytical MMSE estimator using our proposed pilot designs.
Furthermore, we adapt our method for cellular-based passive
Internet-of-Things (IoT) networks with multiple tags and cellular
users. Extensive numerical and simulation results are provided
to validate the effectiveness of our approach. Notably, at least
10 dBm and 12 dBm power savings compared to the prior art
are achieved when estimating the direct and cascaded channels.
These findings underscore the practical benefits and superiority
of our proposed approach.

Index Terms—Backscatter communication (BackCom), Pilot
transmission, Channel estimation, Cramér-Rao lower bound
(CRLB), Hadamard matrix, Modified Zadoff–Chu (ZC) se-
quences.

I. INTRODUCTION

Backscatter communication (BackCom) networks use elec-
tronic tags to reflect external radio frequency (RF) signals
to transmit data. They enable passive or ambient Internet
of Things (IoT) networks [1]–[6]. They comprise multiple
interconnected devices that can sense, collect, and exchange
information about their environment without explicit human
intervention [1]–[3]. They have a wide range of applications,
such as smart homes, smart cities, industrial IoT, and health-
care [1]–[3]. They are under intense consideration by the third-
generation (3GPP) standards for passive IoT networks [7], [8].

A typical BackCom network comprises an RF emitter, a
reader, and one or multiple tags [3], where the basic con-
figuration can be monostatic, bistatic, or ambient (Fig. 1).
In monostatic BackCom (MoBC) (Fig. 1a), the reader emits
the RF signal, the tag reflects it, and the reader decodes the
reflected signal. In contrast, the bistatic BackCom (BiBC)
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employs dedicated carrier emitters (Fig. 1b). On the other
hand, ambient BackCom (AmBC) (Fig. 1c) utilizes ambient
RF emitters, such as TV towers, cellular base stations (BS),
Wi-Fi access points (AP), and others, to communicate with
the reader. AmBC can also be a form of symbiotic radio (SR)
(Fig. 1d), where the reader acts as a cooperative receiver, e.g.,
a smartphone, which decodes the signals of both the RF source
and tags [9].

A. Channel Estimation for BackCom Networks

Channel estimation is an essential, ubiquitous task in any
wireless network, which is necessary for ensuring perfor-
mance, reliability, and security [10]. For example, the reader in
a BackCom network needs accurate channel state information
(CSI) for decoding, beamforming, signal detection, interfer-
ence mitigation, security and privacy enhancements, and other
tasks [10]. This need can be met by pilot-based, blind, or
semi-blind techniques CSI estimators [11], [12]. Pilots, which
are known symbols, improve the estimation accuracy, while
blind techniques exploit received signal statistics without pilot
symbols. However, their accuracy levels (in terms of mean
square error (MSE)) may be low due to the absence of pilot
symbols [12].

Although pilot-based techniques are widely used, they
reduce spectral efficiency by limiting the amount of time
available for data transmission and also increase energy
consumption [13], [14]. Therefore, optimizing the trade-off
between channel estimation accuracy and spectral and energy
efficiencies is critical for the overall performance [13], [14].

However, the problem of BackCom channel estimation is
distinct from that for conventional wireless networks and
presents challenges due to the specific characteristics of the
channel and the limitations of the tags. The BackCom channel
is a cascaded (or dyadic) one when the signal propagates
from the RF emitter to the tag and then from the tag to
the reader, and a direct channel describes signal propagation
from the emitter to the reader. The cascaded channel has
fading characteristics that are significantly different from those
of direct channels and are subject to a double path loss.
These specific channel characteristics are described in [3] and
references therein.

The other challenges emanate from the limitations of the
tags. Firstly, tags do not generate pilot signals by themselves
as they lack active RF circuits but simply reflect incident RF
signals [3]. Secondly, passive tags harvest (i.e., absorb) a part
of the received RF power to operate their internal circuits [3],
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Fig. 1: Different BackCom configurations.

resulting in low reflected power levels that may be insufficient
for accurate channel estimation. Furthermore, because passive
tags must harvest energy, they often have low-cost, power-
integrated circuits with limited processing capabilities [7],
[15]. Consequently, they may not be able to transmit complex,
high-power pilot sequences. These limitations indicate that
traditional pilot-based channel estimation methods must be
adapted carefully in this context.

Due to the vast application potential of BackCom networks,
several useful channel estimation techniques have already been
developed. In the following, we will briefly describe these
works, emphasizing their strengths and weaknesses in order
to identify gaps in the existing literature. By doing so, we set
the background and context for our work.

B. Previous Contributions

We have listed the ones for AmBC [16]–[22] in Table I.
As can be seen, most works focus on single-tag (K = 1)
networks. For a network of K ≥ 1 tags, these works rely
on what may be referred to as the silent protocol. It has
the essential idea of just one node transmitting pilots at a
time while every other node remains silent. Thus, it divides
the channel estimation interval into K + 1 equal slots. All
the tags remain silent on the first slot except for the RF
emitter. During each one of the remaining K slots, one tag
reflects pilots while others remain silent. Consequently, the
direct (RF source-reader) channel and the cascaded channels
are estimated one by one in a round-robin manner.

However, the silent protocol (Fig. 4) has several drawbacks.
Firstly, as the number of tags increases, the number of slots
required also increases, resulting in longer pilot sequence
lengths, and reduced energy and spectral efficiencies. Sec-
ondly, cascaded channel estimates are obtained by subtracting
the direct channel estimate, resulting in error propagation and
increased MSE of the estimates. To reduce the MSE, longer
pilot sequences are necessary, further degrading the energy and
spectral efficiencies. These critical drawbacks make the silent
protocol inefficient for handling a large number of tags. We
further discuss these problems in Section III-A.

Based on the silent protocol, these works employ classical
and machine learning methods, including expectation maxi-
mization [16], [23], eigenvalue decomposition of the received
signal’s covariance matrix [18] for blind estimation, discrete
Fourier transformation (DFT) [19], deep neural networks [20],
and iterative estimation [21] for pilot-based estimation. More-
over, pilot-based channel estimation has also been investigated

in large intelligent surface (LIS)-aided AmBC networks [22],
building on the basic idea explored in the previous works.

In [24], the direct channel and cascaded channel are esti-
mated simultaneously for the full-duplex ambient RF source
and the legacy user. This work develops a maximum-likelihood
(ML) estimator, but the extension to multiple tags is challeng-
ing. Reference [25] also leverages a deep learning approach for
the joint pilot design and channel estimation in a multi-tag SR
network. It first uses a deep residual network with three blocks
to eliminate the noise and then exploits successive interference
cancellations to estimate the direct channel and the cascaded
links sequentially.

The works [26], [27] focus on MoBC channel estimation,
addressing single and multiple tag scenarios. Reference [17]
develops direct and cascaded channel estimators of a single tag
network while accounting for carrier-frequency offsets (CFO)
and in-phase/quadrature imbalance. The study [28] develops
joint channel estimation, interference suppression, and data
detection for an orthogonal frequency division multiplexing-
based AmBC system with a single tag. The method employs
the space alternating generalized expectation maximization al-
gorithm. Reference [29] presents a two-phase uplink-training-
based channel estimation approach for estimating direct and
cascaded channels in a cell-free SR network with a single user
and single tag. The study [30] proposes two iterative channel
estimate approaches for reconfigurable intelligent surfaces
(RIS)-enabled multi-user communication networks.

To summarize, the current approach of using the silent
protocol is highly inefficient. Another shortcoming is the focus
on the single-tag case, with a lack of solutions for multiple tags
(K > 1), likely due to the poor scaling of the silent protocol
as K increases. Furthermore, some of the proposed solutions
are developed for specific configurations such as MoBC, BiBC,
AmBC, and SR, which limits their generality. There have been
only a few studies, such as [24], [28] and [26], [27], which
have investigated setups like AmBC and MoBC, respectively.

C. Problem Statement and Contributions

To remedy these issues, we present a versatile channel esti-
mation method for any BackCom configuration. Unlike prior
solutions, our method is a one-shot estimate of all channel
gains (both direct and cascaded) for an arbitrary number of
tags (Fig. 2). Here, the term “one-shot estimation” refers to
the simultaneous (parallel) estimation of the direct channel
and all cascaded channels during pilot transmission. Unlike
the silent protocol [16], [18]–[20], [26], [27], we develop
the time spreading of tag pilots over the entire estimation
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TABLE I: Summary of related works.

Config. Reference Pilot-based Setup Channel Key ideaTags Reader Emitter Fading Path loss
[16] ✗ (Blind) K = 1 SA SA Rayleigh ✗ Silent

[17] ✓
✗ (Semi-blind) K = 1 SA SA Rayleigh ✗ Silent

[18] ✗ (Blind) K = 1 MA SA Rayleigh ✗ Silent
[19] ✓ K = 1 MA SA Rayleigh ✗ Silent
[20] ✓ K = 1 MA SA Rayleigh ✗ Silent
[21] ✓ K = 1 SA SA Rayleigh ✗ Silent
[22]∗ ✓ LIS SA SA Rayleigh ✗ Silent

[24]†
✓
✗ (Semi-blind) K = 1 MA SA Nakagami ✓ One-shot

AmBC

[28] ✗ (Semi-blind) K = 1 SA SA Rayleigh ✓ Iterative
SR [25] ✓ K ≥ 1 SA MA Rayleigh ✗ Silent

[26] ✓ K = 1 MA – Rayleigh ✓ –MoBC [27] ✓ K ≥ 1 MA – Rician ✓ Silent
Any This paper ✓ K ≥ 1 MA SA Nakagami ✓ One-shot

SA - Single antenna MA - Multiple antenna
† The reader is a full-duplex multi-antenna AP and the emitter is the AP as well as a single antenna user.
∗ LIS-assisted AmBC.

interval, i.e., all tags modulate and reflect pilots simultaneously
during the estimation interval. Thus, the reader sees a received
signal that is a combination of pilots spread over the direct
and the backscatter channels. That ensures that spatial and
time resources are fully utilized for channel estimation, which
enhances the estimation accuracy remarkably. We also ensure
the orthogonality among tag transmissions through optimally
designed pilot sequences. Hence, our method avoids pilot
contamination and error propagation.

To provide practical insights, we consider both large-scale
fading and small-scale fading (via the versatile Nakagami-m
fading model) to model the direct channel and the cascaded
channels.

The contribution of this work is summarized as follows:

• We first design an efficient pilot transmission protocol
where all the tags reflect pilots during the estimation
interval. We identify that the RF source acts as a hidden
tag with an all-1 pilot sequence. Accordingly, we derive
the necessary conditions on the tag sequences to avoid
pilot contamination among the tags and the RF source.

• We reformulate the received signal at the reader into a
linear equation to derive the minimum variance unbiased
(MVU) estimator. The MVU estimator, which is the
linear least squares (LS) estimator for the linear model,
is efficient and attains the Cramér-Rao lower bound
(CRLB). It thus provides a sufficient criterion to design
tag sequences such that the variance of the estimation is
minimized.

• We next propose and investigate novel tag pilot sequence
designs, i.e., (i) rows of Hadamard matrix, (ii) modi-
fied Zadoff-Chu (ZC) sequences, and (iii) rows of DFT
matrix. We find that ZC sequences do not meet the
design criteria. We thus propose a method for modifying
any set of orthogonal sequences for BackCom channel
estimation.

• We derive classical deterministic estimators, namely LS
and scaled LS, and Bayesian estimators optimal minimum
mean square error (MMSE) and linear MMSE (LMMSE).

The latter two exploit the knowledge of channel statistics.
• Additionally, we generalize our method for cellular-based

passive IoT networks with concurrent multiple tags and
cellular users. We give extensive numerical and simu-
lation results to demonstrate the gains of our approach
compared to the silent protocol. For instance, to estimate
the direct and cascaded channels, our method, compared
to the silent protocol, saves 10 and 12 dBm. These are
remarkable gains.

Our proposal is notably versatile, as it supports different rate
inequalities between the RF source and the tags, encompassing
scenarios where Rb = Rs or Rb < Rs, where Rb and Rs

are the data rates of the tag and the RF source, respectively
[9]. As a result, it is applicable to different communication

networks, such as cellular-based passive IoT where the rate of
the user is typically higher than the rate of the tags.

D. Structure and Notations

The paper is structured as follows. In Section II, we intro-
duce the system model and discuss the tag operations. Section
III reviews prior research on the channel estimation problem,
and Section III-B presents our proposed method. Section
IV extends the proposed channel estimate approach to a
generalized network with multiple tags and multiple users. To
assess the effectiveness of our approach, we provide extensive
simulation examples in Section V. Lastly, we summarize the
key findings of the paper and suggest future research directions
in Section VI.

Notation: AT and AH, denote transpose and Hermitian
transpose, respectively. E{·} denotes the statistical expecta-
tion. CN (µ,C) is a complex Gaussian vector with mean
µ and co-variance matrix C. The operations vec(X) and ⊙
are respectively the column-wise stacked version of X and
Hadamard product, which refers to component-wise multipli-
cation of two vectors of the same dimension.

Besides, diag(x) with x ∈ C1×N returns the matrix
X ∈ CN×N with x on the diagonal, Cx = Cov(x,x)
is the covariance matrix of x, and IN ∈ RN×N is an
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identity matrix. Finally, M ≜ {1, . . . ,M}, K ≜ {1, . . . ,K},
K0 ≜ {0, 1, . . . ,K}, Kk ≜ K/k, and N ≜ {1, . . . , N}.

II. SYSTEM, CHANNEL, AND SIGNAL MODELS

A. System and Channel Models

We consider an AmBC network comprising a single-antenna
RF source (or user), K single-antenna passive tags (k-th tag
is denoted by Tk), and a reader (or BS/AP) with M antennas
(Fig. 2). The network operates on a block flat-fading channel
model. During each fading block, h0 = [h1,0, . . . , hM,0]

T ∈
CM×1 is the direct channel response vector from the RF
source to the reader. Moreover, hk = fkgk ∈ CM×1 is the
effective backscatter (cascaded) channel through Tk, which is
the product of the forward-link channel from the RF source
to Tk, i.e., fk ∈ C, and the backscatter channel from Tk to
the reader, i.e., gk = [g1,k, . . . , gM,k]

T ∈ CM×1. A unified
representation of all channels is given as

a = αa exp(jϕa), (1)

where a ∈ A ≜ {fk, gm,k, hm,0} for m ∈ M and k ∈ K, and
ϕa ∈ [−π, π] is the phase of a. In (1), αa is the envelope of
a, which is assumed to be Nakagami-m̄a distributed with m̄a

shape and Ωa = m̄aζa scaling parameters. Here, ζa accounts
for the large-scale path loss and shadowing.

Remark 1. Nakagami-m is a versatile model, which can
represent a variety of propagation environments. For instance,
when m = 1, it represents Rayleigh fading, and when
m → ∞, it represents the no fading scenario. Hence, our
proposed channel estimation can be applied to any fading
channels, e.g., Rayleigh, Rician, and others [31], [32].

B. Tag’s Data Transmission

Passive tags are electronic devices that operate their essen-
tial circuits and processing solely through energy harvesting
(EH), eliminating the need for batteries. As a result, they
face strict energy and power limitations. These tags modulate
and reflect their data to the reader and carry out EH using
two methods: time-switching and power-splitting. In the time-
switching approach, the tasks are performed in separate time
slots, while in the power-splitting approach, both tasks occur
simultaneously, utilizing a fraction of the incident RF power
[33]. Given the inability of passive tags to store energy, the
power-splitting mode is generally preferred over the time-
switching mode [34], [35].

Coherence Interval (T )

(τ ) (T − τ )

Channel Estimation Data Transmission

Pilots Data

Fig. 3: Coherence interval.

We assume all tags have the same power reflection coeffi-
cient, α ∈ (0, 1). In the power-splitting mode, each tag reflects
back αPrf for data communication and absorbs (1−α)Prf for
EH where Prf is the incident RF power. The EH process is
described in [3].

Tags employ a communication technique known as load
modulation to modulate data. Load modulation involves en-
coding digital information into the amplitude, phase, or fre-
quency of the backscattered signal. This is achieved by the
tag dynamically switching between a predefined set of load
impedances connected to its antenna. These impedance vari-
ations create mismatches, resulting in the generation of com-
plex reflection coefficients. The collection of these reflection
coefficients forms a multi-level (M̃ -ary) signal constellation,
enabling the tag to effectively convey data. In this paper, we
consider the phases of the reflection coefficients to create the
modulation alphabet. For details of such modulation methods,
we refer the reader to [3], [4] and the references therein. Thus,
the tag symbol c(n) (E{|c(n)|2} = 1), is selected from a M̃ -
ary constant-envelope modulation [4].

The EH process at the tags is not within the scope of this
paper. However, it is worth noting that the integration of EH
into channel estimation is an intriguing topic that has not been
extensively explored in existing literature. This aspect will
be addressed in our future research endeavors. For readers
interested in further understanding EH in BackCom networks,
we recommend referring to [3] and the references cited therein.

III. CHANNEL ESTIMATION

The goal is to estimate H = [h0,h1, . . . ,hK ] using training
based channel estimation method. To this end, each coherence
interval comprises two phases, i.e., channel estimation and data
transmission (Fig. 3). During the first phase, the RF source
transmits a pilot sequence with length τ , i.e.,

√
ps ∈ C1×τ ,

where s = [s1, . . . , sτ ] and si satisfies |si|2 = 1 for i =
{1. . . . , τ}, p is the RF source transmit power, and the tags
backscatter, ck, to the reader. In the following, we consider
the same data rate for the tags and the source, i.e., Rb = Rs.
We also explore the scenario where Rb < Rs in Section IV,
demonstrating the versatility and generality of our proposed
scheme.

The two types of BackCom channels are: i) the direct-link
channel from the RF source to the reader (h0), ii) the cascaded
channels, i.e., RF source-to-tag-to-reader channels (fkgk, for
k ∈ K). These two types are estimated slightly differently.

Next, we first describe the existing pilot-based channel
estimators and reiterate their limitations. We then present our
approach.
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A. Prior Art

The prior art uses what can be described as the silent
protocol. It divides the channel estimation time, τ , into
K + 1 slots, each with t pilot symbols (for equal division)
[16], [18]–[20], [26], [27] (Fig. 4). In the first slot, all the tags

are silent with no reflections, i.e., ck = 0 for k ∈ K. Thus,
the reader computes the direct channel estimate ĥ0 cleanly.
In each of subsequent K slots, one tag backscatters the pilot
symbol ck = 1 while the others do not reflect (ck = 0) (Fig.4).
The reader then estimates h0 +

√
αfkgk, where α ∈ (0, 1) is

the tag reflection coefficient, which is constant for all tags,
and subtracts ĥ0. This yields the cascaded channel estimate,
ĥk = f̂kgk for k ∈ K. We now explain this process with a
specific example.

Example 1. For two tags (K = 2), the silent protocol needs
three time slots. If the tags use pilots 0 and 1, and the RF
signal is

√
p in the i-th time slot, the received signals at the

reader are given as

Yi =

{ √
ph0 + n0, for i = 0,

√
p(h0 +

√
αfigi) + ni, for i ∈ {1, 2},

(2)

where ni is an additive white Gaussian noise (AWGN) term.
From the received signal (2), the reader estimates h0 from
Y0. The reader then estimates h0+

√
αfigi and subtracts ĥ0

to obtain the cascaded channel estimates.

1) Limitations of the Prior Art: Although the above ap-
proach may seem simple, several critical drawbacks result
in poor performance. As such, it is important to identify
these weaknesses in order to develop efficient and reliable
alternatives. Here is a list of the limitations:

• The one-by-one estimation of the direct channel and
the cascaded channels requires the estimation interval to
increase with K + 1.

• Estimating cascaded channels through subtracting ĥ0

leads to error propagation, making the MSE of cascaded
channel estimates reliant on the MSE of ĥ0. Thus, highly
accurate ĥ0 estimation requires longer pilot sequences,
consequently increasing pilot training overhead.

• Each channel is estimated using a few pilot symbols, i.e.,
Yi for i ∈ K0, Eq. (2), not all the pilots. This forces
using longer pilot sequences to compensate for this design
defect, increasing channel estimation overhead.

• Much of the coherence interval is used for channel
estimation for large K, degrading the spectral and energy
efficiencies.

B. Proposed Method

For the efficient use of resources and exploiting the spatial
diversity, unlike the silent protocol [16], [18]–[20], [26],
[27], we assume that all the tags simultaneously reflect pilot
symbols during the estimation phase. For the considered
network (Fig. 2), we design a pilot protocol to estimate
H̄ = [h0,

√
αh1, . . . ,

√
αhK ] in one-shot. The tags are simple,

passive devices with a fixed reflection coefficient, α. We
assume that the reader knows the value of α. This assumption
is consistent with the prior studies [16], [18]–[20], [26], [27].
However, it is noteworthy to mention the pilot sequence design
is independent of factors such as α or the channel statistical
model. Moreover, if tags have unequal reflection coefficients,
denoted as αk for k ∈ K, the columns of H̄ to be estimated
will be

√
αkhk for k ∈ K. As long as the reader has the

knowledge αk, it can estimate the cascaded channels, hk, by
removing the effect of αk.

Consequently, the received signal at the reader over τ pilot
symbols, Y ∈ CM×τ , is given as

Y =
√
ph0s+

√
pα

∑
i∈K

hi(s⊙ ci) +N, (3)

where ci = [ci1, . . . ciτ ] is the i-th tag pilot sequence, and cij is
the modulated symbol of the i-th tag in the j-th slot. Moreover,
N ∈ CM×τ is the noise matrix with i.i.d CN (0, σ2) elements.
By defining S ≜ diag(s), we can rewrite the received signal
at the reader (3) as follows:

Y =
√
ph01τS+

√
pα

∑
i∈K

hiciS+N, (4)

where 1τ ≜ [1, . . . , 1] ∈ R1×τ is the all-1 sequence. From
(4), we can see that the RF source acts as a hidden tag
with an all-1 pilot sequence. Hence, the simple assignment
of orthogonal pilot sequences to the tags is not sufficient to
prevent pilot contamination. Specifically, even for a mutually
set of orthogonal tag pilot sequences, if they are not orthogonal
to the all-1 sequence, the direct channel and the cascaded
channels can not be separated at the reader. Hence, this
is somewhat akin to pilot contamination, which appears in
multi-cell networks when pilots are reused in adjacent cells.
As in conventional networks, this leads to corrupted channel
estimates (Section III-A).

Theorem 1. To avoid pilot contamination, Tk’s pilot sequence
must satisfy the following conditions:

1) To avoid interference from the RF source

1τc
H
k = 0, (5)

2) To avoid interference from the other tags

cic
H
k = 0, (6)

where i ∈ Kk.
The RF source serves a dual role: it transmits the RF signal
allowing tags to backscatter data/pilots to the reader while
also behaving as a concealed tag itself. Essentially, it functions
as an additional tag emitting an all-1 pilot sequence. It is
essential to consider this aspect when designing optimal pilot
schemes.
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Next, the received signal (4) is transformed into a matrix
form as

Y =
√
pH̄XS+N, (7)

where

X =


1 1 1 · · · 1τ
c11 c12 c13 · · · c1τ
c21 c22 c23 · · · c2τ

...
...

...
. . .

...
cK1 cK2 cK3 · · · cKτ

 . (8)

This signal, Y, can be further written as

y = Ah̄+ n, (9)

where y ∈ CMτ×1, h̄ = vec(H̄) ∈ CM(K+1)×1, and A =
diag([

√
ps11M , . . . ,

√
psτ1M ])(XT ⊗ IM ) ∈ CMτ×M(K+1).

Besides, n ∼ CN (0, σ2IMτ ).
Based upon the linear model (9), we derive the MVU

estimator of h̄, which provides the sufficient design criterion
for X, such that the variance of the estimator is minimized.

Theorem 2. For the linear model (9), with unknown de-
terministic variable h̄, complex Gaussian noise, i.e., n ∼
CN (0, σ2IMτ ), and τ ≥ K + 1, the MVU estimator of the
channel state h̄ is obtained as

ˆ̄h = (AHA)−1AHy, (10)

which is efficient and attains the CRLB, which is a lower
bound for the variance of any unbiased estimator [36]. And
the estimation variance is minimized when XXH = τIK+1.
The covariance matrix is thus obtained as

Cˆ̄h
=

σ2

pτ
IM(K+1), (11)

where the estimation variance for each element of ˆ̄h is
σ2/(pτ). Therefore, increasing τ will decrease the variance of
the estimates which in turn improves the estimation accuracy.

Proof. See Appendix A. ■

Remark 2. For the linear model, (9), the MVU estimator
(10) has the identical functional form as the LS estimator,
which attempts to minimize the squared distance between the
given data y and the unknown variable h̄ [36, Section 14.3.5]
(Section III-E).

Theorem 2 leads to the following theorem for a general
BackCom network.

Theorem 3. For the BackCom network with K tags (Fig. 2), in
order to estimate H̄ = [h0,

√
αh1, . . . ,

√
αhK ], by projecting

the received signal (7) onto SH, the post-processed received
signal is written as

Y′ =
√
pH̄X+N′, (12)

where N′ = NSH and X ∈ C(K+1)×τ contains the signals of
the tags with the first row 1τ , satisfying XXH = τIK+1, and
N′ ∈ CM×τ is the noise matrix with i.i.d CN (0, σ2) elements.

Remark 3. Theorem 3 suggests that a tag should not be
assigned with sequence 1τ , which must be always assigned
to the RF source. By doing that, the RF source is essentially
treated as a hidden tag. The tags are then assigned mutual
orthogonal sequences that are also orthogonal to 1τ . This
strategy is different from pilot assignments to the users in
conventional links, where any set of mutually orthogonal
sequences can be used by the given users. Clearly, that does
not work with the estimation of the direct link and the cascaded
channels in BackCom networks.

Remark 4. When Rb < Rs, i.e., Rb = τ ′Rs, each tag
backscatter a symbol ck,∀k over τ ′ symbols of the RF source
pilot signal, where τ ′ is an integer and τ ′ > 1 [9]. Therefore,
the effect of the rate inequality only appears in the matrix S
(7). Thus, in order to create matrix X, ττ ′ samples of the RF
source signal will be required which ultimately increases the
received power, thereby improving the MSEs.

C. Tag Pilot Sequence Designs

We now present several X choices that meet the design
criteria in Theorem 3. These pilot sequence sets have varying
levels of complexity. Depending on the processing capabil-
ity of the tag and the application environment, any of the
following sequences may be adopted for BackCom channel
estimation.

1) Hadamard Matrix: One choice for X to satisfy the
design constraints is the rows of the Hadamard matrix. Specif-
ically, X can be the first K+1 rows of a Hadamard matrix of
order m, i.e., Hh

m ∈ {1,−1}m×m, where m = 2q and q ≥ 1,
satisfying m ≥ K + 1 [37]. Thus, for the channel estimation,
τ = m. Note that the assigned pilot sequences of the tags
must not contain the all-1 sequence. Hence, when assigning
pilot sequences for the tag using the Hadamard matrix, the
first raw should be excluded. For instance, when there are two
tags, i.e., K + 1 = 3, we have m = τ = 4 and X is the
first three rows of the Hadamard matrix with order 4 (Hh

4),
given as (13). Thereby, the second and third rows of Hh

4 are
assigned to the tags.

X =

1 1 1 1
1 −1 1 −1
1 1 −1 −1

 (13)

2) Modified ZC Sequences: ZC sequences have/are been
used for downlink (synchronization) and uplink (random ac-
cess) and reference symbols (pilots) for channel estimation in
Long-Term Evolution (LTE) and is a fifth-generation (5G) new
radio (NR) [38]. A ZC sequence has two key parameters, (i)
the root index q = {1, . . . , τ − 1}, and (ii) the length of the
sequence, τ , which must be odd and often prime. The q-th ZC
sequence, zq = [zq(0), . . . , zq(τ − 1)], is defined as

zq(n) = exp

(
−jπq

n(n+ 1)

τ

)
, for 0 ≤ n ≤ τ − 1. (14)

These have the desirable constant amplitude and zero auto-
correlation properties [38], i.e., (i) |zq(n)| = 1 and (ii) each
is orthogonal with cyclically-shifted versions of itself.
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However, the ZC sequences do not satisfy the design criteria
for backscatter tags in Theorem 1, i.e., 1τz

H
q ̸= 0 for

q = {0, . . . , τ − 1}. Hence, we next propose modified ZC
sequences.

Theorem 4. Let zk ∈ C1×τ for k ∈ K0 be any set of
orthogonal sequences, i.e., zkzHk′ = 0 for k ̸= k′. To use these
in BackCom channel estimation, all the sequences must be
orthogonal to the all-1 sequence, i.e., 1τz

H
k = 0 for k ∈ K0.

However, since this condition does not hold generally for any
set of orthogonal sequences, we modify them to satisfy the
constraint as follows:

• Step 1: Select, say, z0, for convenience.
• Step 2: Construct the matrix Q as follows:

Q ≜ (diag(z0))−1. (15)

• Step 3: Use the Q matrix to modify all other sequences
as

ck = zkQ, for k ∈ K. (16)

The modified version of zk, i.e., ck, satisfies the necessary
condition 1τc

H
k = 0 for k ∈ K. Hence, any set of orthogonal

sequences can be modified to satisfy the optimal design criteria
(Theorem 1) for BackCom channel estimation.

Following Theorem 4, we adopt modified ZC sequences for
BackCom channel estimation.

Example 2. Length 5 ZC sequences: For K = 3, we consider
τ = 5 and q = 1. This gives a ZC sequence

z0 = [1, e−j 2π
5 , e−j 6π

5 , e−j 2π
5 , 1]. (17)

One can readily generate the sequences, i.e., z1, . . . , z5, by
performing cyclically-shift as follows:

z1 = [1, 1, e−j 2π
5 , e−j 6π

5 , e−j 2π
5 ], (18a)

z2 = [e−j 2π
5 , 1, 1, e−j 2π

5 , e−j 6π
5 ], (18b)

z3 = [e−j 6π
5 , e−j 2π

5 , 1, 1, e−j 2π
5 ], (18c)

z4 = [e−j 2π
5 , e−j 6π

5 , e−j 2π
5 , 1, 1], (18d)

which are mutually orthogonal. Next, we define Q =
(diag(z0))−1. We then construct the pilot sequence of Tk as

ck = zkQ, for k = {1, . . . , 4}. (19)

Therefore, the matrix X is given as

X =


1 1 1 1 1

e−j 2π
5 e−j 4π

5 ej
4π
5 ej

2π
5 1

e−j 6π
5 1 ej

6π
5 ej

2π
5 e−j 2π

5

e−j 2π
5 ej

2π
5 ej

6π
5 1 e−j 6π

5

 , (20)

and it can be readily checked that 15(ck)
H = 0.

3) DFT Matrix: The rows of DFT matrix [39] can also be
used to design the mutual orthogonal sequences of the tags,
where τ ≥ K + 1.

X =


1 1 · · · 1τ
1 Wτ · · · W τ−1

τ
...

...
. . .

...
1 WK

τ · · · W
(τ−1)K
τ

 , (21)

where Wτ = ej2π/τ .
The Hadamard matrix is a fundamental orthogonal sequence

design, comprised solely of 1s and -1s. Its versatile appli-
cations span across modern telecommunications and digital
signal processing, encompassing error control coding, Walsh
functions, and the generation of spread spectrum signals in
CDMA [40]. In contrast to Hadamard sequences, ZC se-
quences possess a more intricate structure, characterized by
unit amplitude and arbitrary phase components. These se-
quences are crafted from specific phase shifts of unit amplitude
complex exponentials [38]. Their prominence arises from
a set of highly desirable properties, Section II-B of [38].
ZC sequences find pivotal roles in the LTE standard and
5G NR, contributing significantly to crucial functions such
as initial downlink synchronization, random access, uplink
control information, and the generation of uplink reference
signals (pilot signals). Similarly, the Discrete Fourier Trans-
form (DFT) matrix also exhibits a complex-valued structure
with unit amplitude, and it finds wide-ranging applications in
the realms of frequency analysis, rapid convolution, and image
processing [41]. Furthermore, the DFT matrix plays a pivotal
role in designing pilot signals for channel estimation purposes
[42] and [39].

Compared to the Hadamard matrix, modified ZC sequences
and DFT designs can potentially reduce channel estimation
duration (τ ), contingent upon the number of devices. However,
this reduction comes at the cost of increased complexity for
tags, owing to the intricate impedance switching necessary
for load modulation [3], [4]. Consequently, these orthogonal
sequence types necessitate more intricate RF designs. While
passive tags, constrained by energy and processing limitations,
may not support such complex pilot sequence designs, tags
equipped with greater processing capabilities and sophisticated
front-end RF circuits-namely, active and semi-passive tags –
can leverage these sequences for diverse applications.

In summary, Table II provides an overview of the proper-
ties and requirements associated with the proposed sequence
designs.

D. Advantages of the Proposed Method

• The cascade channels fkgk for k ∈ K and direct channel
h0 are estimated simultaneously.

• The cascaded channels are estimated directly, avoiding
error propagation.

• The orthogonality across the K+1 estimations is ensured.
This is done by treating the RF source as a hidden tag to
whom an all-1 sequence is assigned.

• Each channel estimate is computed over all time slots,
τ . Following Theorem 2, this approach will thus achieve
σ2/(τp) variance for direct and cascaded channel coef-
ficients. Whereas, in the silent protocol, the variance is
σ2(K+1)/(τp). Hence, our method can use shorter pilot
sequences compared to the silent protocol and yet achieve
the performance of long pilot sequences.

Fig. 5 provides a summary of our proposed scheme.
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TABLE II: Pilot sequence designs.

Sequence design (X) Duration (τ ) Tag’s complexity
Hadamard matrix τ = m(≥ K + 1) (order of Hadamard matrix) Simple RF design
Modified ZC sequences τ ≥ K + 1 (an odd and often prime number) Complex impedance switching
DFT matrix τ ≥ K + 1 Complex impedance switching

Design Constraints

Syetem Model

Use the Designed Pilots for Backscatter

K single-antenna tags, single antenna source,

Pilot Designing
Hadamard matrix, modified ZC sequences,

and M antenna reader

System Design Phase

and DFT matrix

Pilot Assigning
Assign arbitrary pilot sequences

Source - s ∈ C1×τ and Ti - ci ∈ C1×τ

Received Sgnal at the Reader

Y =
√
ph0s+

√
pα

∑
i∈K hi(s⊙ ci) +N

Channel Estimation

Pilot Transmission Phase

1τcHk = 0, cicHk = 0 for i ∈ Kk ,
and ∥ck∥2 = τ

Fig. 5: The proposed channel estimation protocol.

E. Deterministic & Bayesian Channel Estimators

Next, we derive multiple channel estimators, encompassing
deterministic methods (LS and scaled LS) and Bayesian ap-
proaches (MMSE and LMMSE). It is important to note that
the deterministic estimators assume an unknown yet determin-
istic channel matrix, while Bayesian estimators require the
knowledge of prior probability distribution of the channels
[36]. Thus, MMSE and LMMSE estimators leverage prior

knowledge of channel statistics to enhance estimation accu-
racy. We define the pilot-symbol matrix as X̄ =

√
pX, which

is predetermined and known to the reader. These estimators of
H can then be expressed as follows [39]:

1) LS channel estimator: This can be obtained by using
(12) as follows:

ˆ̄HLS = Y′X̄†, (22)

where X̄† = X̄H(X̄X̄H)−1. Its versatility and ef-
fectiveness, along with its ability to function without
prior channel knowledge, make this suitable for various
applications.

2) Scaled LS channel estimator: The LS estimate (22)
may not always yield the minimum MSE [39]. A so-
lution is to optimally scale the LS channel estimate to
further reduce the MSE by allowing for a bias. This
estimator is given as (Appendix B)

ˆ̄HSLS = γ0ĤLS, (23)

where γ0 = Tr{R ˆ̄HLS
}/(σ2M Tr{(X̄X̄H)−1} +

Tr{R ˆ̄HLS
}), in which Tr{R ˆ̄HLS

} = Tr{ˆ̄HH
LS

ˆ̄HLS}. This
achieves a lower MSE than the LS estimator [39].

3) MMSE channel estimator: This is designed to mini-
mize the MSE. The reader impletements it by correlating
the post-processed received signal in (12) with X [43],
[44], which results in a de-spreading operation. The
output signal of this operation is thus given as

Yp = Y′XH/τ =
√
pH̄+Np, (24)

where Np = N′XH/τ having i.i.d CN (0, σ2
p) elements,

where σ2
p = σ2/τ . Given independent Nakagami-m̄

fading, the elements of the channel matrix and the noise
matrix are statistically independent. Next, the (m, k)-th
element of (24) is given as

[Yp]m,k ≜ ym,k =
√
ph̄m,k + nm,k, (25)

where h̄m,k = [H̄]m,k, and nm,k = [Np]m,k. This
estimator thus becomes (Appendix C)

ˆ̄hm,k = E{h̄m,k|ym,k} =
E{h̄m,ky

∗
m,k}

E{|ym,k|2}
ymk

=


√
pβm0

pβm0+σ2
p
ym0, for k = 0,

√
αpβmk

αpβmk+σ2
p
ymk, for k ∈ K,

(26)

where βm,k is given as

βm0 =
Γ(m̄h0

+ 1)

Γ(m̄h0)

Ωh0

m̄h0

, (27a)

βmk =
Γ(m̄fk + 1)Γ(m̄gmk

+ 1)

Γ(m̄fk)Γ(m̄gmk
)

ΩfkΩgmk

m̄fkm̄gmk

.(27b)

The estimate of Tk’s effective channel, i.e., ˆ̄hk, is then
given as ˆ̄hk =

√
γkyk, where yk is the k-th column of

Yp, and γk =
αpβ2

k

αpβk+σ2
p

1 [45]. Thus, the estimate of the
complete channel matrix, H̄, is given as

ˆ̄HMMSE = YpD
1/2
γ , (28)

where Dγ = diag([γ0, γ1, . . . , γK]) and γ0 =
pβ2

0

pβ0+σ2
p

.
4) LMMSE channel estimator: This estimator is sub-

optimal but offers an ease of implementation. Using
(24), the received signal from the direct channel and
the cascaded channels will take the form

yp,k =
√
ph̄k + np,k, for k ∈ K0, (29)

1Note that since the reader has co-located antennas, βmk = βk for m ∈
M.
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Fig. 6: Cellular-based passive/ambient IoT network.

where yp,k, h̄k and np,k are respectively the k-th column
of Yp, H̄ and Np. Therefore, the LMMSE estimation of
ĥk is expressed as (Proof [36, Theorem 12.1])

ˆ̄hk = E{h̄k}+
√
pCh̄k

(
pCh̄k

+ σ2
pIM

)−1

×
(
yp,k −√

pIME{h̄k}
)
. (30)

Remark 5. While this focuses on AmBC, we stress that our
method can also be applied to MoBC, BiBC, and integrated
BackCom that combines legacy networks (such as SR [9])
with newer ones. Our method can accommodate these different
configurations in Figure 1. Specifically, for MoBC, with co-
located RF source and reader, the direct link disappears,
removing the constraints due to all-1 sequence.

IV. MULTIPLE-USER MULTIPLE-TAG SCENARIO

We next present an extension of our proposed channel
estimation scheme to handle multiple tags and multiple users
(Fig. 6). This setup comprises cellular-based passive/ambient
IoT networks where multiple tags operate in the presence of
multiple users. It can apply to SR networks, ambient IoT,
passive IoT, and others. Such networks may find applications
in smart homes, smart cities, industrial IoT, and healthcare
[1]–[3].

We thus consider a network comprising an M -antenna RF
source, e.g., AP, N single-antenna users, i.e., Un for n ∈ N ,
and K single-antenna tags, i.e., Tk for k ∈ K, as shown in
Fig. 6. Here, we will have one set of orthogonal sequences
assigned to the users (e.g., pilots used for cellular users) and
a subset of orthogonal sequences for a given user, which are
assigned to the tags, treating the user as a hidden tag. We
denote the channels between Un and the AP, Un and Tk, and
Tk and the AP as hn ∈ CM×1, gn,k ∈ C, and fk ∈ CM×1,
respectively, for n ∈ N and k ∈ K.

In the following, we assume that the data rate of a tag is
lower than that of the AP, i.e., the tag backscatter one symbol
over τ ′ symbols of the AP (Rs = τ ′Rb - Remark 4).

Suppose that the channel estimation phase comprises Q time
slots. In the i-th time slot, the users send mutual orthogonal
pilot sequences,

√
τ ′sn ∈ C1×τ ′

, where ∥sn∥2 = 1 and τ ′ ≥
N . Besides, sns

H
n′ = 0 for (n ̸= n′). Meanwhile, each tag

backscatters a symbol, i.e., ck,∀k, over the users’ pilot signals,
sn,∀n.

The received signal at the AP over the i-th time slot is thus

Yi =
√

τ ′p
∑

n∈N
H̄nxisn +Ni, (31)

TABLE III: Simulation settings.

Parameter Value Parameter Value

fc 3GHz dh0
10m

B 10MHz dfk , k ∈ K U(5, 7)m
Nf 20dB dgk , k ∈ K 6m
m̄ 3 M 10

where H̄n = [hn, αf1gn,1, . . . , αfKgn,K ], xi =
[1, c1, c2, . . . , cK ]T ∈ C(K+1)×1, and Ni ∈ CM×τ ′

is
the AWGN matrix at the AP with i.i.d CN (0, σ2) elements.

To estimate channels, the received pilot signal at the AP
(31) is projected onto sHn for n ∈ N which yields [43], [44]

ỹp
n,i =

√
τ ′pH̄nxi + ñi,n, (32)

where ñi,n = Nis
H
n ∼ CN (0, σ2IM ).

Using (32), it is crucial to create matrix X =
[x1, . . . ,xi, . . . ,xQ] ∈ C(K+1)Q (Theorem 3) to enable the
reader to estimate the direct channel and cascaded channels per
user. Hence, at least K+1 slots are required, i.e., Q ≥ K+1.
Therefore, using (32), the received signal over Q time slots
can be collected as

Ỹp
n = H̄n

√
τ ′pX+ Ñn, (33)

where Ñn = [ñ1,n, . . . , ñQ,n] ∈ CM×Q.
The obtained equation in (33) is similar to (12). Following

the same principles, Theorem 3, and Section III-C, designs for
X could the first K + 1 rows of a Hadamard matrix of order
m ≥ K + 1 with Q = m, modified ZC sequences, or DFT
matrix. Moreover, using (41), the estimation variance for each
element of H̄n is σ2/(pτ ′Q), and the duration of the training
phase is τ = τ ′Q. Next, from (33), a channel estimator aims
to recover H̄n for n ∈ N , by exploiting X and Ỹp

n. Therefore,
ˆ̄Hn can be obtained using the estimation methods in Section
III-E.

V. SIMULATION RESULTS

We next present and discuss extensive simulation and nu-
merical results to validate the proposed estimators. To evaluate
their performance, we use a channel model that accounts for
both large-scale and small-scale fading, ensuring a realistic
representation of the wireless communication environment.
Large-scale fading is modeled by the the 3GPP urban micro
(UMi), i.e., ζa for a ∈ A, with carrier frequency fc [46,
Table B.1.2.1]. Moreover, the AWGN variance is modeled as
σ2 = 10 log10(N0BNf ) dBm, where N0 = −174 dBm/Hz,
B is the bandwidth, and Nf is the noise figure. Table III gives
the simulation parameters. Unless otherwise specified, we use
the Hadamard sequences for performance evaluations. Without
loss of generality, we set α = 0.6.

We use the linear estimators, i.e., LS (22), scaled LS
(23), and LMMSE (30) to estimate the direct channel (h0)
and the cascaded channels (fkgk, k ∈ K). Note that the
MVU estimator matches the LS estimator in the simulation
(Remark 2). To benchmark the performance of our channel
estimators, we consider the prior art [17], [19]–[21], [27].
Here, we evaluate the LMMSE estimator with phase-splitting
as described in Section III-A.
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Fig. 7: Channel estimation for τ = 8 and K = 7.

The quality of channel estimators is widely assessed in
terms of normalized MSE, which is defined as

Normalized MSEk = E


∥∥∥hk − ĥk

∥∥∥2
2

∥hk∥22

 , k ∈ K0, (34)

where ĥk is the k-th column of ˆ̄Hη, where η ∈
{LS, scaled LS, LMMSE, MMSE}. Note that, the analytical
MSE of MMSE estimator (legend MMSE-analysis) is plotted
via by substituting ĥk in (26) into (34), whereas the simulated
MSE of MMSE estimator (legend MMSE-simulation) is plot-
ted by evaluating [ˆ̄hm,k]Simulation = E{h̄m,k|ym,k} through
Monte-Carlo simulations to validate the derived analytical
expression.

Fig. 7 shows the normalized MSE performance of different
estimators versus the transmit power for the direct channel and
cascaded channels, for τ = 8 and K = 7 tags. With seven tags,
the silent method [17], [19]–[21], [27] uses one pilot symbol
(t = 1) to estimate each channel, i.e., the direct channel h0

or the combined channel h0 + αfkgk for k ∈ K.
Our proposed method demonstrates remarkable accuracy

in estimating both direct and cascade channels for multiple
tag scenarios. It significantly outperforms the silent protocol.
Moreover, due to the double path loss in the cascaded channel,
it excels at estimating the direct link channel more accurately
than the cascaded channel (Fig. 7a and Fig. 7b). Additionally,
our linear estimators deliver comparable performance to the
optimal MMSE estimator.

Furthermore, we achieve a normalized MSE of 10−5 at
14 dBm transmit power, whereas the silent method [17], [19]–
[21], [27] requires 10 dBm more to achieve the same MSE.
The primary reason for this massive power savings is that our
method utilizes the entire pilot length for each channel while
avoiding pilot contamination, whereas the silent case allocates
a portion of the pilot sequence to each channel.

It is also worth noting that the traditional LS (or scaled
LS) method outperforms the LMMSE estimation method with

the silent protocol. The estimation quality of all the cascaded
channels is almost the same (Fig. 7b), independent of the
number of tags. The gap between the proposed method and
the silent method using the LMMSE estimator is even larger
than that of the direct channel. This is because the silent
method suffers from error propagation (Section III-A). In
particular, compared to our method, the silent case requires
∼ 13 dBm more transmit power to achieve the normalized
MSE of 10−1. Moreover, with our method, the simple LS (or
scaled LS), significantly outperforms the LMMSE estimation
method using the silent method. We note that LS and scale
LS achieve the same performance. This is because, for the
latter, the scale parameter γ0 ∼ 1 for our setup. Moreover, the
proposed MMSE estimator performs better in the low transmit
power regime due to the use of second-order statistics.

Note that the cascaded channel normalized MSE has high
values when compared to the direct channel normalized MSE.
This is primarily due to the double path loss present in the
cascaded channel and the tag’s reflection coefficient α.

We anticipate a certain relationship between the channel
estimation quality and the pilot length, as well as the number
of tags. These relationships are uncovered in Fig. 8 and Fig.
9. In Fig. 8, we set τ = 16 and plot the normalized MSE
for K = 7 and K = 15. In particular, Fig. 8a and Fig. 8b
investigate the normalized MSE for the direct channel and
cascaded channel, respectively. As expected, increasing the
number of tags adversely affects the performance of the silent
case. In particular, for K = 15, the silent case uses one pilot
symbol to estimate each of the direct channel and the cascaded
ones, while for K = 7, it allocated two pilots per link which
results in better channel estimates. Therefore, with a large
number of tags, the prior art has to use an excessive amount
of the channel coherence interval to accurately estimate the
channels. On the other hand, our channel estimation proposal
achieves the same performance independent of the number
of tags for fixed τ , and significantly outperforms the silent
case. In particular, for K = 15, we observe the power gain of
∼13 dBm and ∼16 dBm to achieve the normalized MSE of
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Fig. 8: Channel estimation for τ = 16 and K = {7, 15}.
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Fig. 9: Channel estimation for τ = {32, 64} and K = 31.

10−5 and 10−1 for respectively the direct link and cascaded
links. Therefore, as the network scales up, our proposed
scheme can efficiently handle CSI estimation.

Fig. 9a and Fig. 9b examine the impact of pilot sequence
length on the normalized MSE of the channel estimates for
a fixed number of tags, K = 32. The results show that
longer pilot sequences lead to better estimates of the direct and
cascaded channels. For example, increasing the pilot sequence
length from τ = 32 to τ = 64 results in a transmit power gain
of approximately ∼ 2.5 dBm for the cascaded channel in the
mid-to-high transmit power regime. Furthermore, the proposed
scheme outperforms the silent case in terms of normalized
MSE, even though both show a similar power gain.

Additionally, Fig 10a and Fig. 10b plot the normalized
MSEs of direct and cascaded channels against the pilot length
for K = 2 and p = 20dBm. As expected, increasing τ
improves the channel estimation accuracy and our method
significantly outperforms the prior art. It is worth noting that,

unlike the prior art, our proposal achieves the same accuracy
for any number of tags satisfying τ ≥ K + 1.

In Fig. 11, we plot the normalized MSE as a function of the
number of tags, K, for τ = 64 and p = 20dBm. Since our
method is independent of the number of tags, the normalized
MSE remains constant, whereas the performance of the silent
protocol depends on K. When there is no tag (K = 0), our
protocol and the silent one have the same normalized MSE
because the entire pilot duration is allocated to the direct
channel estimation (Fig. 11a). However, as K increases, the
silent protocol assigns τ/(K + 1) estimation time for each
channel gain and is plagued by error propagation. For these
reasons, the performance gap, Gp, increases (Fig. 11a and
Fig. 11b). From numerical experiments, we find that Gp can
be modeled as

Gp = λGτ

(
1− 1

K + 1

)
, for 0 ≤ K ≤ τ − 1, (35)
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(b) Cascaded channel.

Fig. 10: Channel estimation for p = 20 dBm, K = 2, and α = 0.6.
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(b) Cascaded channel.

Fig. 11: Channel estimation for p = 20 dBm, τ = 64, and α = 0.6.

where λG accounts for the other system parameters, i.e.,
transmit power, noise variance, tag’s reflection coefficient, etc.

It is interesting to see if different pilot sequences make a
difference. To this end, Fig. 12 compares Hadamard and ZC
sequences for K = 32. To ensure a fair comparison, we choose
τ = 32 for Hadamard and τ = 33 for ZC. Consequently, when
using the latter in the silent method, the additional pilot is used
for direct channel estimation (Fig. 12a), while each cascaded
channel is estimated using a single pilot (Fig. 12b). As a result,
with the silent protocol, the ZC sequence outperforms the
Hadamard sequence in terms of normalized MSE for the direct
channel. The proposed channel estimation scheme with the ZC
sequence, on the other hand, has slightly better performance
in both the direct and cascaded channels, due to the use of
one additional pilot symbol (enlarged portions of Fig. 12a and
Fig. 12b). Accordingly, the performance of any set of pilot
sequences that meet the optimal design criterion - Theorem 3
and Theorem 4 - will be the same for fixed τ .

It is interesting to see if the amount of power reflected by

the tags has an impact on the channel estimation quality. We
test this possibility in Fig. 13 and consider τ = 16, K = 7,
with α = {0.6, 0.8}. The estimation quality of the direct link is
independent of α (Fig. 13a). However, for the cascaded links,
higher α increases the reflected power at each tag, improving
the estimation quality. Nonetheless, α should be set carefully
to keep the passive tag functional and maintain a balance
between the harvested and the reflected power (Section II-B).

VI. CONCLUSION

The prior solutions to the BackCom channel estimation
problem use the silent protocol, where the tags cycle through
active and silent periods. It has several, critical drawbacks
(Section III-A). In this paper, we have developed a new
protocol for the time spreading of tag pilots over the entire esti-
mation interval. It enables the simultaneous estimation of both
direct and cascaded links, utilizing the whole training phase for
each channel, and avoids error propagation inherent in prior
sequential estimation methods. It thus offers remarkable power
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Fig. 12: Performance comparison between Hadamard and ZC sequences for K = 32. For Hadamard, τ = 32, and for ZC, τ = 33.
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Fig. 13: Channel estimation for τ = 16, K = 7, and α = {0.6, 0.8}.

reductions of at least 10 dBm (direct) and 12 dBm (cascaded)
compared to the silent protocol, respectively (Fig. 7). This gap
can be attributed to the following factors: (i) direct estimation
of cascaded channels avoids error propagation, (ii) treating the
RF source as a hidden tag avoids pilot contamination, and (iii)
time-spread pilots utilize time and energy resources efficiently.
In contrast to the prior art, the proposed method can readily
accommodate any number of tags.

Before discussing the future directions, we summarize the
contributions of this study. Having set up the time-spread pi-
lots, we derived the MVU channel estimator and developed the
pilot designs to avoid pilot contamination. Using the designs,
an analytical MMSE estimator was also derived and exploited
for performance evaluations. The proposed method was also
extended for cellular-based passive IoT, where multiple tags
operate along with multiple cellular users.

The future extensions of this work are multi-faceted and
have the potential to significantly enhance the current state of

the research. Firstly, it is essential to perform separate forward,
fk, and backscatter, gk, channel estimations to facilitate energy
beamformer designs for waking up tags and other related ap-
plications. While prior work has been limited in investigating
this issue, recent research such as [23] has made progress
in obtaining the modulus values |fk| and |gk|. Hence, our
proposed technique can further improve the accuracy of these
estimates.

Secondly, the quality of channel estimate has an immense
effect on backscatter performance analysis (e.g., bit-error
rate/symbol error rate, outage probability, and achievable rate)
and resource allocation (e.g., beamforming design, reflection
coefficient optimization, and others). Hence, the future ex-
tensions of this study will include performance analysis and
resource allocation frameworks based on the proposed channel
estimation technique.

Thirdly, the proposed time-spread pilot-based channel es-
timation technique can be utilized for RIS and integrated
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systems, such as RIS-assisted BackCom, integrated sensing
and BackCom, and others. This approach is particularly useful
for passive devices that do not generate RF signals, and it has
the potential to enhance the efficiency and effectiveness of
these systems.

Finally, hardware impairments can also impact the quality
of channel estimation. The RF source and reader have RF
front-ends that are vulnerable to amplifier non-linearities,
in/quadrature -phase imbalance, phase noise, quantization
error, etc. [47]–[49]. Antenna impedance mismatching at
the tags affects the reflection coefficient and EH. Synchro-
nization/timing errors and hardware impairments have been
scarcely investigated. Thus, these challenges inspire further
research. Deep learning-based techniques may help in this
context [50].

Overall, our channel estimation approach shows great
promise in enhancing the accuracy and reliability of BackCom
networks, RIS, and other integrated networks. By proposing
extensions to this work, we aim to push the boundaries
of the current state-of-the-art in this field and facilitate the
development of passive tag-based communication solutions.

APPENDIX A
MVU ESTIMATOR FOR LINEAR MODEL

For an estimator of θ, the MSE is defined as [36, Section
2.4]

MSE(θ̂) = E{(θ̂ − θ)2} = Var(θ̂) + b2(θ), (36)

where b(θ) = E{θ̂} − θ. Thus, the MSE can be decomposed
into bias and variance. An estimator is unbiased if, on average,
it yields the true value, E[θ̂] = θ. Among unbiased estimators,
the one with the minimum variance (MVU estimator) is
desirable since its variance, Var(θ̂), is the smallest among all
unbiased estimators.

Theorem 5. [36, Theorem 4.1] If the data observed can be
modeled as

y = Dθ +w, (37)

where y is an N × 1 vector of observations, D is a known
N ×p matrix (with N > p) with rank p, θ is a p×1 vector of
parameters to be estimated, and w is an N × 1 noise vector
with PDF CN (0, σ2I), then the MVU estimator is

θ̂ = (DHD)−1DHy, (38)

And the covariance matrix of θ̂ is

Cθ̂ = σ2(DHD)−1. (39)

For the linear model (37), the MVU estimator attains the
CRLB. Therefore, we have Cθ̂ = I−1(θ), where I(θ) is the
Fisher information matrix, satisfying [36, Theorem 3.2]

[Cθ̂]i,i = [I−1(θ)]i,i ≥
1

[I(θ)]i,i
. (40)

And equality holds when I−1(θ) is diagonal [36, Ex. 3.12].

Using Theorem 5, the MVU estimator of BackCom channels
is obtained as (10), and the covariance matrix is given as

Cˆ̄h
= σ2(AHA)−1

= σ2
(
(XT ⊗ IM )HBHB(XT ⊗ IM )

)−1

=
σ2

p

(
XTH

XT ⊗ IM

)−1

=
σ2

p

(
XTH

XT
)−1

⊗ IM , (41)

where B = diag([
√
ps11M , . . . ,

√
psτ1M ]).

Using (41), the lower bound in (40) can be attained when
XXH is diagonal. This implies X has equally scaled orthog-
onal rows, i.e., XXH = βIK+1, such that the same variance
is achieved for all unknown h̄. Therefore, to minimize the
variance of the estimate, β should be maximized under the
constraint that the first row of X is 1τ and the remaining
elements follow the signal model that can be modulated and
reflected by the tags. For |[X]i, j|2 = 1, β is found as

β =
1

K + 1
Tr(XXH) =

1

K + 1
(K + 1)τ = τ, (42)

and the estimation covariance matrix is obtained as (11).

APPENDIX B
DERIVATION OF SCALED LS ESTIMATOR IN (23)

Following [39, Section IV], we first express channel esti-
mation error as

E
{
∥H̄− γ ˆ̄HLS∥2F

}
= Tr

(
E
{
(H̄− γ ˆ̄HLS)

H(H̄− γ ˆ̄HLS)
})

= (1− γ)2RH̄ + γ2Mσ2 Tr
(
(X̄X̄H)−1

)
= (JLS +Tr (RH̄))

(
γ − Tr (RH̄)

JLS +Tr (RH̄)

)2

+
JLS Tr (RH̄)

JLS +Tr (RH̄)
, (43)

where JLS = E{∥H̄ − ˆ̄HLS∥2F } = Mσ2 Tr((X̄X̄H)−1) =

M(K + 1)σ2/(τp), in which ˆ̄HLS = H̄ + N′X̄†, and
E{N′HN′} = Mσ2I. Hence, (43) is minimized when

γ0 =
Tr (RH̄)

JLS +Tr (RH̄)
, (44)

and by using the LS-based consistent sample estimate, i.e.,
Tr(R ˆ̄H

) instead of Tr(RH̄), scaled LS is obtained as (23).

APPENDIX C
DERIVATION OF MMSE ESTIMATOR IN (26)

We first evaluate the expectation term in the numerator as

E{h̄m,ky
∗
m,k} = E{h̄m,k(

√
ph̄∗

m,k + n∗
m,k)}

=
√
pE{h̄m,kh̄

∗
m,k}+ E{h̄m,kn

∗
m,k}

=

{√
pβm0, for k = 0,

√
αpβmk, for k ∈ K,

(45)
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where βmk is given in (27a). Next, the expectation term in the
denominator is obtained as

E{|ym,k|2} = pE{|h̄m,k|2}+ E{|nm,k|2}

=

{
pβm0 + σ2

p, for k = 0,

αpβmk + σ2
p, for k ∈ K.

(46)

Hence, the MMSE of h̄m,k is given as (26).
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