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ABSTRACT Cognitive ambient backscatter is a wireless communication paradigm that allows a secondary
backscatter device to superimpose its information-bearing data on a primary signal, without requiring
any type of power-consuming active components or other signal conditioning units. In such a network,
the performance of the backscatter system can be severely degraded by channel estimation errors and
co-channel direct-link interference (DLI) from the primary system. To overcome these shortcomings,
we consider a cloud radio access network (C-RAN) architecture, where both the primary and secondary edge
nodes are connected to a cloud processor via high-speed links. In this centralized architecture, secondary edge
nodes provide network access to ambient backscatter passive and semi-passive sensors with communication
capabilities, and the problem of acquiring channel state information and suppressing the DLI is managed by
the cloud processor. In particular, we assess the performance of the secondary backscatter sensor transmission
in a realistic system setup, which takes into account training-based channel estimation, practical modulation
constraints, and imperfect DLI suppression. In addition, we formulate and solve an optimization problem
aimed at maximizing the transmission rate of the secondary transmission, subject to limits on channel
estimation error, average symbol error rate, power consumption, and energy storage capabilities of the
backscatter sensor. The validity of our analysis and the performance of the secondary system based on the
proposed designs are corroborated through the Monte Carlo simulations.

INDEX TERMS Ambient backscatter, cloud radio access network, cognitive radio, data rate maximization,

energy harvesting, interference suppression, passive and semi-passive sensors, performance analysis.

I. INTRODUCTION

Driven by the Internet of Things (lIoT) vision [1], the forth-
coming years will be characterized by an explosive growth in
the number of sensing devices that need to be connected to the
Internet by wireless links. Such massive connectivity require-
ments must cope with two main limitations: the scarcity of
dedicated spectrum portions to allocate sensor transmissions,
and the need to reduce, if not eliminate, the communication
dependence on batteries.

Since it is commonly recognized that most of the licensed
spectrum is underutilized [2], the efficiency of sensor trans-
missions would greatly benefit from the adoption of cog-
nitive radio (CR) approaches. A CR-enabled sensor, being
aware of its operational environment, is able to dynamically
and autonomously adjust its radio transmission parameters
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in order to opportunistically perform reliable communica-
tions [3], [4]. Furthermore, harvesting energy from external
sources might be a solution to improve the lifetime of wireless
sensor devices, freeing them from strict battery constraints.

Electrical energy can be harvested [5] by several means,
such as: (a) thermal, solar, wind, and vibrational sources;
(b) dedicated radio-frequency (RF) transmitters (e.g., read-
ers), which are deployed to enable wireless power transfer
(WPT) [6]-[14]; (c) legacy sources that are not intended
for WPT, whose aim is only to ensure wireless information
transfer (WIT). The objectives for WPT (i.e., maximization
of the energy transmission efficiency) and WIT (i.e., max-
imization of the information transmission capacity) can be
jointly pursued to design sensors with simultaneous wireless
information and power transfer (SWIPT) [15], [16].

In recent years, to combine the benefits of CR and
SWIPT, new wireless network architectures have been intro-
duced [17], [18], wherein secondary users (SUs) are able
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to harvest energy from primary (i.e., licensed) signals, and
use the harvested energy to transmit data to their secondary
receivers (SRs). The SUs perform data transmission by tem-
porarily sharing a portion of licensed spectrum, provided that
they generate a minimal amount of interference to the primary
users (PUs). However, in these CR systems with SWIPT,
the SUs employs active radios, which are power consuming
and, thus, quickly waste the harvested RF energy.

Contrary to active radios, backscatter devices [19]-[32]
do not need power-consuming and expensive radio analog
components (including RF oscillators, amplifiers, and filters),
since they modulate information by reflecting RF signals.
Recently, a novel backscatter technique, referred to as ambi-
ent backscatter communication (AmBC), has been attracting
much attention [19]-[22]. AmBC works by exploiting exist-
ing or legacy RF signals (such as TV, radio, cellular, or Wi-Fi
systems) for WPT and WIT purposes.

The integration of AmBC into CR networks has been
recently considered in [33], [34], by enabling secondary
transmitters (STs) to jointly harvest energy from PU signals
for basic circuit operations, and perform data transmission
by backscattering the PU signals to their SRs. Since signal
reflection consumes only a very small power [35], AmBC
has the potential to enable moderate-to-high-speed ultra-low-
power STs. One of the major problem of integrating AmBC in
CR networks stems from the inherent spectrum sharing nature
of AmBC: indeed, the performance of the secondary system is
adversely affected by direct-link interference (DLI) from the
primary transmitter (PT). Moreover, acquisition of channel
state information (CSI) in CR networks is a difficult task, due
to the lack of cooperation between the primary and secondary
systems.

In this paper, to solve these problems, we propose to resort
to a cloud radio access network (C-RAN) architecture [36],
wherein distributed access points, referred to as edge nodes,
forward user signals to/from a centralized cloud processor
(CP) via high-speed wired fronthaul links [37], [38]. The
adoption of C-RAN solutions for narrowband IoT (NB-IoT)
technology, which support low-power and low-cost devices,
has been proven to be feasible in [36], since the relaxed
latency requirements and reduced baseband processing com-
plexity allows one to overcome one of the main challenge of
C-RAN implementations, namely the capacity requirements
of the fronthaul links.

Among other performance gains, the C-RAN solution
enables easy CSI acquisition schemes and enhanced inter-
ference management capabilities, due to joint baseband pro-
cessing in the cloud, which, in our scenario, is the key to
perform channel estimation and DLI suppression in a simple
and effective manner.

A. RELATED WORK

The SU is allowed to operate in dual mode in [33]: in the
harvest-then-transmit one, the ST directly sends data towards
its SR when the PU is silent, by using the energy harvested
during the periods in which the PT is transmitting; in the
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backscatter one, the ST reflects the PU signal for data trans-
mission when the primary channel is busy. The extension
of this scheme to the case of multiple SUs has been devel-
oped in [39]. In [33], [39], the STs need active components
in the harvest-then-transmit mode, which may be unafford-
able for ultra-low-power sensors. Moreover, the optimization
framework in [33], [39] is carried out by using information-
theoretic performance measures that do not explicitly take
into account the DLI from the primary system, as well
as channel estimation and practical modulation constraints.
To overcome the inherent difficulty in acquiring CSI in
AmBC systems, a blind channel estimator has been proposed
in [40] relying on the expectation maximization algorithm,
whereas clustering-based machine learning algorithms have
been employed in [41]. These channel estimation methods
are iterative and require appropriate initializations to achieve
satisfactory performance.

To eliminate the effect of DLI in AmBC, one possi-
ble option consists of shifting the backscattered signal to
a frequency band different from that used by the primary
system [22]-[24] (so called “harmonic backscattering’).
Besides adding complexity to the ST, this approach requires
additional spectrum, which might not be available in many
cases. DLI-free transceiver designs have been developed
in [31], [42], which exploit the repeating structure of legacy
multicarrier signals induced by the use of the cyclic prefix,
without increasing the hardware complexity. However, such
transceivers require a sufficiently long cyclic prefix so as
to ensure a suitably high signal-to-noise ratio (SNR) at the
intended recipient of the backscatter data.

Further DLI cancellation methods have been proposed
in [34], which exploit the spatial diversity offered by multiple
receive antennas at the SR, whereas successive interference
cancellation has been advocated in [43]. In [34], complex sig-
nal processing techniques are introduced at the SR, however
optimization of the harvesting (i.e., power consumption and
energy storage capability) and backscatter parameters (i.e.,
reflection coefficient) of the STs is not considered. On the
other hand, time allocation and reflection coefficient opti-
mization for the backscatter system have been derived in [43],
by considering a duty cycle with two working states: in the
sleep state, the ST does not backscatter any data and stores
the energy from the PU signal in a finite-capacity battery
for further use; in the active state, the ST backscatters a
portion of the PU signal, by simultaneously absorbing the
energy of the remaining part to power its circuits. The optimal
control policy in [43] has been derived via throughput maxi-
mization by tacitly assuming perfect channel estimation and
Gaussian-distributed modulations.

B. PROPOSED NETWORK ARCHITECTURE AND MAIN
CONTRIBUTIONS

To overcome the problems of channel estimation and
DLI suppression in AmBC systems, we propose the net-
work architecture depicted in Fig. 1. The primary edge
node (PEN) provides bidirectional radio functionalities

VOLUME 7, 2019



D. Darsena et al.: Cloud-Aided Cognitive Ambient Backscatter Wireless Sensor Networks

IEEE Access

(i.e., digital-to-analog conversion, analog-to-digital conver-
sion, power amplification, and filtering) for the signals trans-
mitted/received to/from the PUs within its coverage area.
Each PU has its own licensed uplink/downlink channels to
communicate with the PEN. We assume that the primary sys-
tem employs orthogonal frequency-division multiple access
(OFDMA) to assign communication resources to the PUs.

The SU is a passive or semi-passive' backscatter sensor
wishing to transmit data to the cloud by concurrently using
the primary channels, which is a scenario of interest for IoT
applications [44], [45]. To this end, the sensor backscatters
the primary OFDMA signal towards the secondary edge node
(SEN), which only provides unidirectional radio functionali-
ties from the sensor to the CP, i.e., apart from control signals,
it does not transmit data from the cloud to the air.”

Baseband signal processing (e.g., coding/decoding, mod-
ulation/demodulation, and interference management) is per-
formed by the CP in a centralized manner for both the primary
and secondary systems. The capacity requirement for the
fronthaul link between the SEN and the CP to transport the
baseband signal is low, due to the fact that the backscatter
sensor is usually equipped with a single antenna, and, most
important, it operates on a low data-rate basis. Moreover,
since the backscatter sensor is typically employed in applica-
tions with relaxed timing requirements, AmBC performance
does not particularly suffer from the latency between the SEN
and the CP. On the other hand, since the primary symbols
are known at the CP, and the corresponding channel param-
eters can be estimated through standard techniques, the DLI
contribution can be easily subtracted from the received base-
band signal. This allows one to drastically alleviate the DLI
problem, without resorting to sophisticated multiple-antenna
techniques as in [34], which would significantly increase the
requirement for fronthaul link capacity in our C-RAN archi-
tecture. Additionally, the presence of the ultra-low-power
backscatter transmission does not appreciably affect the per-
formance of the primary system [32].

With reference to the architecture of Fig. 1, we study
practical designs for the AmBC sensor system operating on
frequency-selective block-fading wireless channels. Specifi-
cally, contrary to previous papers [33], [39], [43] that assume
perfect channel estimation and Gaussian-distributed mod-
ulations, we take into account the imperfections due to
training-based channel estimation and practical modulation
constraints for the secondary AmBC system, as well as imper-
fect DLI suppression at the CP. In particular, the average
(with respect to the probability distribution of channel fad-
ing) performance of the coherent AmBC detector at the CP

ISensors can be classified into three categories: active, passive, and
semi-passive [16], [35]. Active sensors have internal power sources and
they can directly radiate signals, while passive and semi-passive ones can
communicate only by reflecting signal transmitted by other devices in the
neighborhood.

2 The case of multiple SUs controlled by the SEN can be recasted in
our framework with minor modifications by allowing the SUs to backscatter
the OFDMA primary signal in an orthogonal manner, e.g., by accessing the
channel on a time-division basis [39], [46].
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FIGURE 1. The C-RAN architecture integrates CR and AmBC, with Npy
primary users and a secondary backscatter sensor. The transmission links
from the secondary sensor to the primary users is not explicitly depicted
here.

is evaluated by means of closed-form formulas. Moreover,
unlike [34], we formulate and solve a constrained maximiza-
tion of the achievable data rate of the sensor transmission with
respect to the reflection coefficient, the duty cycle, the cardi-
nality of symbol constellation, and the lengths of the training
and data phases of the secondary AmBC sensor, subject to
limits on the mean square error of the channel estimate, the
average symbol error rate, the power requirements, and the
energy storage capabilities.

The solution of the constrained maximization is expressed
in a simple closed-form (i.e., without the need to resort
to iterative algorithms) and involves only statistical (rather
than instantaneous) network state information, such as the
path-loss parameters of the channel and the average energy of
the symbol constellation used by the PEN. Finally, numerical
Monte Carlo results are also reported, aimed at supporting our
theoretical findings and validating the proposed designs.

C. PAPER ORGANIZATION

System and signal models are presented in Section II. The
performance analysis of coherent detection of the sym-
bols transmitted by the backscatter system is developed
in Section III. Constrained maximization of the achievable
data rate of AmBC is carried out in Section IV. Numerical
results corroborating our analysis and designs are reported in
Section V. Conclusions are drawn in Section VI.

Il. SYSTEM MODEL AND BASIC ASSUMPTIONS

In this paper, we refer to the C-RAN architecture depicted
in Fig. 1. As in [47], [48], we assume that there exist ideal
low-latency fronthaul links with sufficiently large capacity
(e.g., optical fiber) connecting the PEN and SEN to the CP,
which performs the baseband signal processing and interfer-
ence management for both the PEN and SEN. As reported
in Fig. 1, we focus on the case when the PEN and SEN are
spatially-separated devices. However, the proposed frame-
work can be particularized to the case when the PEN and SEN
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FIGURE 2. A schematic view of a semi-passive sensor. In the case of a
passive sensor, there is no energy storage on board.

are co-located nodes: in this case, some simplifications occur,
e.g., DLI suppression can be directly performed at the edge,
thus avoiding to overburden the cloud.

We consider the downlink of an OFDMA primary sys-
tem, where the PEN, which is equipped with a single
antenna, transmits to Npy primary users, each employing
a single-antenna transceiver. The primary system employs
a total of M subcarriers, divided in Npy disjoint sets such
that each subcarrier is assigned to one PU. The primary
data block to be transmitted by the PEN within the nth
(n € Z) symbol of length Ty is denoted as s(n) £
[sQm), sVm), ..., sMDm)T € CM, whose entries are
modeled as independent and identically distributed (i.i.d.)
zero-mean unit-variance phase-shift keying (PSK) symbols;
moreover, we assume that s(r1) is statistically independent of
s(np), for ny # n2.3

The SU is a single-antenna semi-passive or passive [16]
backscatter sensor, which wishes to transmit information-
bearing symbols to the cloud by way of the SEN. A
semi-passive backscatter sensor is composed of five basic
components (Fig. 2):

« the RF front end (including the antenna and the digital

multilevel backscatter modulator);

« amodule with specific sensing capabilities;

« an energy harvester [49] that converts the RF power into

direct current (DC) power;

« alow-power micro-controller;

e an energy storage, e.g., a supercapacitor or a recharge-

able battery.

Part of the incoming RF energy from the OFDMA primary
transmission is harvested and accumulated into the energy
storage of the sensor: such an energy is used to power its
sensing and chip operations, while data communication is
performed by backscattering the remaining part of the inci-
dent radiation. In the case of a passive backscatter sensor, the
only difference stems from the fact that the sensor has very
little energy storage (typically capacitive) capabilities, which
limits the power consumption of the sensor to the average
power received by the OFDMA primary transmission that is
not backscattered for data communication.

Hereinafter, we assume that time is slotted in periods:
the harvesting and backscatter processes are carried out by

3The assumption that the PEN transmits PSK symbols is made only to
streamline the subsequent performance analysis. The proposed framework
can be straightforwardly extended to other linear modulation formats.
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FIGURE 3. Operation scheme of the semi-passive backscatter sensor.
In the case of passive backscatter sensor, there is no sleep phase,
i.e, To =0.

the sensor on a period-by-period basis. With reference to
a semi-passive backscatter sensor, we assume that, at the
beginning of each period, the energy storage is empty and,
therefore, the sensor is in sleep mode until it harvests a
sufficient amount of energy to power its chip reliably; when
the harvested energy is larger than a given threshold, the sen-
sor switches to the wake mode in order to perform sensing
tasks and data communication. More precisely, as illustrated
in Fig. 3, each period is divided into three slots:

o Sleep phase (T, s): the sensor only harvests energy while
consuming negligible chip power. Such an energy is
accumulated in the storage: if the average harvested
RF energy is sufficient, the sensor wakes up and the
following two phases occur; otherwise, it remains in
sleep mode.

o Training phase (T s): the sensor sends training symbols
to the cloud for channel estimation, by reflecting a part
of the OFDMA primary signal back to the SEN, whereas
the remaining energy is absorbed by the harvester.

o Data phase (T s): it is similar to the training phase, but
the sensor transmits information-bearing symbols.

The length of the training and data phases is Tt = Ty + T4y,
referred to as the frame duration, whereas T, = T, + Tt is
the period duration. The duty cycle of the backscatter sensor
is thus defined as

Tt o\
DE =14+ . 1
- (+Tf) (1)

When the backscatter sensor is passive, due to the absence
of an energy storage, in each period there are only training
and data phases of duration T; and Ty, respectively. In this
case, the modulator and the sensing module are powered
only by the portion of the OFDMA signal power that is not
backscattered during such phases, i.e., T, = 0, which implies
that 7, = Tr and D = 1. In the subsequent signal models,
we refer to the case when the backscatter sensor is semi-
passive; the corresponding equations for a passive sensor can
be obtained as a special case by setting T, = 0.

A. SIGNAL MODEL

According to Fig. 1, we will refer to the PEN, the backscatter
secondary sensor, and the SEN as nodes 1, 2, and 3, respec-
tively. The primary symbol vector s(n) is subject to conven-
tional OFDMA precoding, encompassing M -point inverse
discrete Fourier transform (IDFT), followed by cyclic prefix
insertion of length L < M. The data block transmitted by the
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PEN can be expressed [50] as
um 2 W), uPm), ..., u® D))" = Tep, Wippr s(n)
2

where P £ M + L and T¢, = [I’Cfp,IM]T e RPM | with
I, € REXM obtained from Iy, by picking its last L rows, and
Wippr € CM*M i the unitary symmetric IDFT matrix [50].
The correlation matrix E[u(n)uf(n)] of the vector u(n) is
given by Tep sz, which is asymptotically equivalent to Ip in
weak norm [51], for sufficiently large values of M. We will
rely on such an equivalence by assuming that, in the large
M limit, the entries of u(n) are i.i.d. zero-mean unit-variance
circularly symmetric complex random variables. The data
vector u(n) undergoes parallel-to-serial (P/S) conversion, and
the resulting sequence u(n), which is defined by u(n P+p) =
uPn), forp € P £ {0,1,...,P — 1}, feeds a digital-to-
analog converter (DAC), operating at sampling rate 1/7. £
P/Ts, where T is the sampling period.

We consider channel models that take into account both
small- and large-scale fading. The generic i — k commu-
nication link in Fig. 1 is modeled as a linear time-varying
random system with complex baseband impulse response
Cir(t, ) (including also the impulse response of the DAC
and receiving filters). We assume that, for a fixed 7, the
channel impulse response (CIR) Ci(z, T) is approximately
constant within frame intervals of length 7. Hence, we can
consider the CIR Ef,};) (v) & T (hTr, 7) in the discrete-time
variable h € Z. A block fading channel model is assumed,
which implies that 'Z’f,il) (r) for a fixed t is a sequence of
independent random variables with respect to 4. On the other
hand, for a given &, the CIR %'f.,i’)(t) is modeled as a zero-mean
circularly symmetric complex Gaussian random process [52],
with autocorrelation function

B[P (1) (') ] = of P (r) 8(z — 7) 3)

where 03{ is the reciprocal of the average path-loss of the
i — k link, 8(r — t’) captures the statistical independence
among path delays (so called uncorrelated scattering [52]),
with 8(¢) being the Dirac delta function, pj(z) is the power
delay profile (PDP), which is normalized so as to have unitary
area; in the following, we assume a uniform 4PDPfort €
[0, Lix T], with Ly € {0,1,...,L}, where Lj T, is the
maximum multipath spread of the channel [52].

The i — k link is also characterized by a time offset (TO)
Aj = O Te + Cix K Ty, with 6y € Nand & € [0, Te). It
is assumed that Lj; and 6 obey Lj + 0 < P — 1, which
ensures that the nth received block over the i — k link is
impaired only by the interblock interference of the previous
one. Finally, all the discrete-time channels are assumed to be
statistically independent of the primary and secondary sym-
bols, and CIRs of different links are statistically independent
among themselves, i.e., Ef]hzl (t) and Eg’,zz(t) are statistically
independent, for i; # iy or k1 # k».

4 The framework at hand can be easily generalized to the case of a non-
uniform PDP.
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1) SIGNAL TRANSMITTED BY THE BACKSCATTER SENSOR
The baseband continuous-time OFDMA primary signal
received by the backscatter sensor is given by

+00
B =V2P Y w®Fe—an—-tT) @)

{=—00
fort € [hTy, (h+ 1) Tr), where Pg is the average transmis-
sion RF power (including the gain of the transmit antenna),’
the noise at the sensor has been neglected, since its integrated
circuit only consists of passive components and involves
simple signal processing operations [35], [53].

In both the semi-passive and passive cases, the digital
multilevel backscatter modulator [54], [55] allows one to
vary the chip impedance of the backscatter sensor, thus
causing changes in the reflection coefficient. Let the chip
impedance of the sensor assume Q distinct values ch, for

g € {1,2,..., 0}, the power wave reflection coefficient T,
corresponding to the gth chip impedance is given by
_ Z** — Zg s
4= S o )
Z8+ 275

where Z?® denotes the antenna impedance.® During the train-
ing and data phases, the signaling interval of the backscatter
sensor is equal to Ty, i.e., it transmits in backscatter mode only
one symbol for each OFDMA symbol of the primary system.

The symbols b(n) are modeled as a sequence of
ii.d. zero-mean unit-variance circularly symmetric ran-
dom variables, drawn from a Q-order constellation
{Bi.1, B2, .-, Bro,} during the training phase or from a
Qg-order constellation {B4,1, Bd,2, - - -, Bd,0,} during the data
phase. Training and data symbols modulate the backscattered
signal by changing the chip impedances. Indeed, by virtue
of (5), the gth chip impedance ch corresponds to the point
B4 of the symbol constellation by means of the one-to-one

mapping
Ly=ap, (6)

where 0 < o < 1 is a constant related to the power wave
reflection coefficient, and 8; = B, and Q = O during the
training phase, whereas 8, = B4, and Q = Qg during the
data phase. In the sequel, we set Ty = B; T and Ty = By T,
with By, B4 € N.

The complex envelope of the continuous-time backscat-
tered signal can be modeled [32], [54], [55] as follows

) =0T, fortelT,, To+ Tt) @)
with

ro=ay )T -To—aT)  ®)

where 1;2(1‘) is a rectangular unit-amplitude symbol-shaping
function, i.e., ¥»(t) = 1 for 0 < ¢ < Ty and zero otherwise.

5P is the so-called effective isotropic radiated power (EIRP) of the PEN.

SWhen the backscatter sensor is semi-passive, the chip impedance is
matched to the antenna impedance during the sleep phase. In this circum-
stance, all the input energy is harvested and there is no backscattered field.
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Since the backscatter process is implemented with passive
components [54], the sequence b(n) is subject to the ampli-
tude constraint |b(n)| < 1, Vn € Z.

2) SIGNAL RECEIVED BY THE SEN

Since the backscatter sensor simply remodulates the carrier
of the PEN in backscatter mode, it is reasonable to assume
that the carrier frequency offset over the 2 — 3 link is
negligible. Moreover, we will refer hereinafter to the frame
[To, Ty + Tt), without loss of generality. Thus, we will drop
the time index & in the CIR Eé,i’)(r) and model the i — &
link by the random process Ci(t) in the delay variable t.
Under the above assumptions, the baseband version of the
continuous-time signal picked up by the SEN reads as

73(1) = Xo(1) % Co3(t — A23) +713(1) +V3(t) 9

fort € [T,, Ty + Tt), where * denotes (linear) convolution,
73() = /2P Oooo u(€)ci3(t — Az — £ T.) is the DLI
contribution, and V3(¢) represents thermal noise.’

We assume that the multipath spread of the | — 2 and
2 — 3 links is much smaller than the symbol period T of
the backscatter transmission, i.e., L2, Loz < P. In this case,
taking into account (4), (7), (8), and (9), one can write

X2(1) % Co3(t — A23) = [Fa(t) T'(1)] * Co3(1 — A23)
~T(t—A23) [F2(r) % Co3(t — A23)]

=2P T (t—A2)
~+00
X Y uO) Tt — A=Ay —LTe)
l=—00

(10)

for t € [Ty, Ty + Tr), where T123(1) £ Tla(7) % T3(r) = 0
for T & [0, (L12 + L23) Tc). The SEN performs sampling of
the received signal (9) and cyclic prefix removal in order not
to increase the requirement for fronthaul link capacity.

The signal (9) is sampled with rate 1/7;, at time epochs
thp = To+ nTs+ pTe, with p € P. Taking into account
(10), it can be shown [32] that, if the SEN discards the
first L samples of (9) and collects the remaining ones in
T3(n) £ [F3(tn,1), T3t 41), - - - F3(ta,p—1)]T € CM, one has
the vector model

T3(n) = a h(n) b(n) +T3(n) + V3(n) (1)
forn € {0, 1, ..., Bi+ Bq — 1}, provided that

Lip+Ly3+012+63 < P—1
L > max(Li3+6013+1, Los+63+1,
Li2+L3+012+623+1) (12)
with
h(n) 2 V2P R, CY CRumy e C”  (13)

7Following a common practice (see, e.g., [57]), it is assumed in the
sequel that the structural-dependent term of the scattered field [58] has been
removed at the SEN before transmitting the baseband data to the CP.
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T31) 2 V2P Rep CQu(n) e C¥ (14)

where R, 2 [Oyxr, Iyl € RM*P and

E](()) L ch(g)Fﬁ-‘rQ,]‘ c (CPXP (15)
=0

is the Toeplitz lower-triangular [59] channel matrix corre-
sponding to the samples cjx(£) LT (T, + Cik)of thei — k
link, with F denoting the Toeplitz forward shift matrix [59],
and V3(n) £ [V3(ta,0), V3(tn41), - - .. V3(tnp—)]T € CM . Tt
is noteworthy that, according to (3), the order of the causal
finite-impulse response cjx(£) is Li, i.e., cix(¢) = 0 for
£ &1{0,1,..., Lg}. Moreover, in the sequel, we assume that
E[¥3(n1) V5 (12)] = Opxp, for ny # ny € Z.

The vector T3(n) is transmitted from the SEN to the CP over
a low-latency high-capacity fronthaul link. After performing
the DFT at the CP, one gets

r3(n) = WpprT3(n) = e h(n) b(n) + 13(n) + v3(n) (16)

forn € {0, 1, ..., B(+Bq—1}, where Wpg £ WI_DFT defines
the unitary symmetric DFT matrix [50], the vectors

h(n) 2 Wper h(n) = /2P C12 Co3s(n) € C¥ (17)
13(n) £ /2P, Ci3s(n) e CM (18)

are the backscatter channel and DLI contribution seen by the
CP, respectively, the nonzero entries of the diagonal matrix
Ci & diag[Cix(0), Cix (1), ..., Cix(M — 1)] are defined as

Lix
Cirlm) £ TN (@) 7T (19)
=0

forme M 20,1, .. — 1}, and v3(n) £ Wpgr V3(n).
IIl. PERFORMANCE ANALYSIS OF AMBC

The task of the CP is to coherently estimate the data sym-
bols b(By), b(B; + 1),...,b(B; + Bg — 1), relying on the
observation of the sampled received signal (16) for n €
{0,1,...,B + Bg — 1} and on knowledge of the training
symbols b(0), b(1), ..., b(B;— 1). Compared to conventional
active transmissions, performance analysis of such a coherent
estimation process for AmBC in fading channels is compli-
cated by the non-Gaussian nature of the composite backscat-
ter channel (17) and by the presence of the DLI term (18).
In the forthcoming subsections, we develop a performance
analysis of the channel estimator and the data detector, by
explicitly taking into account the DLI cancellation process at
the CP.

A. DLI CANCELLATION

In the proposed centralized C-RAN architecture, the CP has
perfect knowledge of the RF power Pg and of the symbol
vector s(n). In this case, the parameters related to ¢13(7) and
A1z of the 1 — 3 link can be jointly estimated [56] when
the sensor does not backscatter [20], [21] and, hence, the DLI
contribution z3(n) can be subtracted from (16) in the cloud.
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Letn ¢ {0, 1, ..., Bi+Bgq— 1} be the index of a given sym-
bol period wherein the backscatter sensor is silent, i.e., ¢ = 0,
eq. (16) ends up to

r3(n) = v2Ps Ciz3s(n) + v3(n) (20)
and the following identity holds

V2PsCizs(n) =S@ Wprr Py 3 =Ymy;3 (21

where S() £ 2P, M diag[sQ @), sV@), ..., sM V@)
is a known nonsingular diagonal matrix, the full-column rank
matrix P £ [IL,O?A,,?L)XL]T e RM*L is also known,
the vector y 3 2 Diseps € CL collects all the unknown
parameters, with

T T T
Dj; £ [0913><(L13+1)’ L1, O(L—913—L13—1)X(L13+1)] (22)
i3 2 [e13(0), c13(D), . .., c13(Li3)] " € CHtL (23)

Moreover, we have set Y(#@) £ S#)WpprP € CM*L jp
21).

Under the assumption that v3(n) ~ CN(0y, ai 1), for
each n € Z, the maximum likelihood (ML) estimation of y |3

is given [60] by?
Y13 = Y@ r3() = 13 + X0 va() (24)

where the superscript T denotes the Moore-Penrose general-
ized inverse and we have used the fact that TT(ﬁ) YY) =1;.
As a matter of fact, the estimator (24) does not require exact
knowledge of the channel order L3.

After estimating y ;3 according to (24), the DLI contribu-
tion in (16) can be subtracted at the CP as follows

23(n) £ r3(n) — Y(n) Y13 = ah(n) b(n) + d3(n)  (25)
forn € {0, 1, ..., Bi+ Bq — 1}, where the disturbance vector
ds(n) 2 v3(n) — Y() YT (@) v3(7) (26)

accounts for both noise and imperfect DLI cancellation.
It is seen that d3(n) is a zero-mean random vector with
E[d3(n1) d}(n2)] = Oprxp, for ny # ny € Z, whereas

A H 2 L
Raya, 2 Elds(m) ()] = o (1 + 174) Ly, (27)

B. CHANNEL ESTIMATION
Coherent detection of the symbols transmitted by the
backscatter sensor during the data phase requires knowledge
of the composite channel vector h(n) in (25). Since the sym-
bol blocks s(n), forn € {0, 1, ..., Bi + Bq — 1}, are known
at the CP, such a problem boils down to estimate the diagonal
entries of Cjp Cy3, which is performed by using the training
symbols transmitted by the backscatter sensor.

Letz, = [23(0), z3(1), ..., z3(B;— D]T € CBM collect the
samples received by the CP in the training phase, one has

2y = TWprr PD123 123 + d; (28)

8The estimator (24) is unbiased and attains the Cramer-Rao lower bound.
Hence, it represents the minimum variance unbiased estimator [60].
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where T 2 VM [TT(0), TT(1), ..., TT(B, — D]T, with T(n)
being the known nonsingular diagonal matrix associated with
the vector « +/2 P s(n) b(n), the matrix

& T
D123 = 106,401 x Lia+Los+1) Wia+Las +1

T T
O(L*912*923*L12*L23*1)X(L12+L23+1)] (29)

is full-column rank, the vector ¢jp3 € CLtLs+l collects
the samples of the convolution between {012(6)}2';0 and
{23 ()}, and dy 2 [d3(0), d3(1), ..., d3(B—D)]T € CBM
collects all the disturbance contributions. Henceforth, chan-
nel acquisition boils down to estimating from (28) the vector
Y123 2D 123 €123 € CL, which collects all the unknowns.

An estimate Y |53 of y,3 can be obtained from (28) by
resorting to the least squares (LS) estimator [60], which is
given by

Y123 = (TWppr P)zg = y 13 + (TWprr P)Td, - (30)

where we have observed that (T Wpgr P)T(T WprrP) =1;.
It is noteworthy that, in principle, the LS estimator (30) exists
even if only a single training symbol is sent by the sensor,
i.e., By = 1, and it does not require exact knowledge of the
orders of the I — 2 and 2 — 3 links.

After estimating y 1,3 through (30), the corresponding esti-
mate h(n) of h(n) can be computed as

h(n) = v/2 P, diag («/M Worr P57123) sn). (31

A performance measure of the LS estimator (30) is the
mean square error (MSE) Amse 2 E[||7123 — ¥ 123111, which
can be evaluated as reported in the following Theorem.

Theorem 1: The MSE of estimator (30) is given by

-1

202 P M B2
Amse = 02, [T > b)) (32)
n=0
where
L
of 2oy, (1 + 1\7) . (33)
Proof: See Appendix A. |

Eq. (32) shows that A is a decreasing function of the
number B of training symbols transmitted by the backscatter
sensor. In the particular case when b(n) is drawn from a PSK
constellation, i.e., |b(n)|2 = 1,foranyn € {0, 1, ..., By—1},
it follows from (32) that

2
o4 L

Apge = ——=3
M€ 202 P M B,

(34)

which depends on known system parameters and on the
constant «, which is related to the power wave reflection
coefficient of the backscatter sensor.
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C. DATA DETECTION

The coherent detector at the CP must estimate the data
symbols transmitted by the backscatter sensor by using the
channel estimate (31). Obviously, the channel estimation
error contributes to degrade the detection performance. In
principle, one can first evaluate the symbol error probabil-
ity (SEP) at the output of the detector, given h(n) and h(n)
and, then, average the obtained result with respect to the joint
probability distribution of h(n) and ﬁ(n). However, such an
approach does not lead to a closed-form expression even for
Gaussian-distributed channels [61].

Since we are interested in obtaining manageable closed-
form performance results, useful for design purposes, we
follow a more pragmatic approach: specifically, we evaluate
the average SEP (ASEP) P(e) by assuming that h(n) h(n),
by choosing the backscatter parameters « and B; so as to
ensure a negligible channel estimation error (see Section I'V).
The validity of such an approach will be shown in Section V.

Let Ty = [Cik(0), Cir(1), ..., CauM —1)]T € CM, for any
i,k € {1,2} with i # k, and set

st 2 [s'(B),s"(Bi+ 1), ...,s" (B +Ba— DI, (35)

Forn € {By, Bi+1, ..., Bi+Bg— 1}, according to (25), it can
be verified that d3(n) ~ CN [0y, 033 K45 (n)], conditioned
on s(77) and sy, where

Kayd,(n) 2 Iy + Y (n) YH(n) (36)

2P M

is a positive definite matrix. On the other hand, given s(n7) and
S, the disturbance vectors d3(n1) and d3(n,) are statistically
correlated, i.e.,

E ) a0n) [ s, 51| = 522 X0 Ym). - (37)

2fPM

for n; # ny. In the sequel, we will neglect such a correlation,

which is a reasonable assumption when 2 Ps M > crv%, and

consider one-shot detection, by using the following statistic
for detecting the symbols transmitted by the sensor:

£ () Ky y, (1) 23(n)

= a b (m) Ky g, () h(m) b(n) + () Ky (m) ds3 ()
(38)

p3(n)

forn € {By, B+ 1, ..., Bt + Bqg — 1}. Moreover, we assume
that the symbols transmitted by the backscatter sensor during
the data phase are drawn from a square quadrature amplitude
modulation (QAM) constellation.

Let P(e; n) denote the symbol error probability (SEP)
at the output of the ML detector of the CP in the nth
symbol period, given s(n), s(i7), €12, and €»3, and define
A £ 4[1-(1/V/00)] and Ay £ 6y4/(Qa — 1), with
log,(Qq) being an even number, where y4 = 1 /U
the average SNR per data symbol. Condltloned on s(n)
s(n), c12, and 3, it results that hH(n) Kd ds n)ydz(n) ~

CN10, o, hH(n) K_ dads (n)h(n)]. Hence, according to the
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nearest neighbor bound [52], which is a tight approximation
to the SEP in the high-SNR regime, one gets

P(e; n) ~ % erfc (\/ % o2 hH(n) K(;31d3 (n) h(n)) (39)

where erfc(x) is the complementary error function. Approxi-
mation (39) can be regarded as an upper bound on the SEP of
the ML detector for a non-square QAM constellation [52].

As a performance measure of the detection process,
we provide in Theorem 2 an upper bound on the ASEP, which
is the expected value P(e) of P(e; n) in (39) over the sample
space of {s(n), €12, C23}. Under our assumptions, the sam-
ples cix(0), cix(1), ..., cir(Lix) are modeled as independent
zero-mean circularly symmetric complex Gaussian random
variables, with E[|cix(€)[*] = o7 /(L + 1).

Theorem 2: It results that P(e) < Pypper(e), with

Ay 5 2 2 M
Al |:f <7a P 012023>1| 40)
A : ! Ei : 41
e ten(Mu(-D) @

with, forx < 0,

ﬁupper (e) £

where

Ei(x)é/ e"p(“)d — y +In(— xH_Zk'k (42)

: -1 -1 _ ~
lim (n kX_:k lnn) 0.57721 (43)

being the exponential integral function and the Euler-
Mascheroni constant, respectively.

Proof: See Appendix B. ]

It is interesting to observe that, since f(A) = In(A)/A for
A > 1, the ASEP P(e) tends to zero with the same order
of [In(Ps)/Ps1M as the transmit power of the primary system
grows without bound, i.e., Py — +o00. This shows that the
performance of the AmBC system exhibits a diversity order
equal to the number M of subcarriers of the primary system.

IV. MAXIMIZATION OF THE AMBC DATA RATE

In this section, we deal with the problem of maximizing
the number of bits transmitted by the backscatter sensor per
frame, i.e., the data rate of the secondary transmission, which
is defined as

2 Ba 10g,(Qd)
Tf

Ry (44)

where Tt = Ty + Ty is assumed to be fixed and depends on
the coherence time of the fading channels. The data rate is a
function of the following variables:

« the constant « related to the power wave reflection coef-
ficient of the backscatter sensor through (6);
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« the cardinality Q4 of the information-bearing backscat-
ter symbol constellation;’

« the length of the training and data phases, i.e., Ty and Ty
and, additionally, the duty cycle (i.e., T,) only when the
backscatter sensor is semi-passive.

Since a backscatter sensor is not typically able to per-
form sophisticated channel estimation and/or to process large
amount of feedback information sent by the SEN, we focus
on constrained maximization problems of Ry that involve,
in addition to the noise figure of the SEN/CP, only statistical
knowledge at the backscatter sensors, such as the variances
of the I — 2 and 2 — 3 links and the average energy of the
symbol constellation used by the PEN.

In this respect, we capitalize on the performance analysis
results in Section I1I: specifically, we impose that A e in (32)
and ﬁupper(e) in (40) are below given target values Ayger and
Prarget(e), respectively, i.e., P(e) < Pypper(€) < Praget(e) and
Amse < Atarget. Moreover, we assume that the cardinality
of the QAM constellation of the backscatter modulator is
upper bounded by Omax £ 24mx | with gmax € N. Finally,
we account for the energy storage and circuit energy con-
sumption constraints at the backscatter sensor, as explained
in the following subsection. Then, we formulate and solve the
proposed constrained data rate maximization problem, which
encompasses both passive and semi-passive sensors.

A. ENERGY HARVESTING, CONSUMPTION AND STORAGE
According to the law of energy conservation (see, e.g., [62]),
the average RF energy &, harvested by a semi-passive
backscatter sensor during the sleep phase is proportional to
that of the received signal (4), ie !l

Eo =nPix Ty (45)

which is accumulated in the energy storage, where 0 < n < 1
denotes the harvesting efficiency,

Al T
Pox 2 5 (E[BOP]) = ofy G P, (46)

is the average RF power of the received signal (4), G is
the antenna gain of the sensor, and (-) denotes infinite-time
temporal averaging. In the sequel, we set T, = B, T (see
Fig. 3), which may exceed the coherence time of the channel.

In the training and data phases, a part of energy of the
received OFDMA primary signal is still harvested, while the
remaining received signal is backscattered to the receiver. The
average RF energy €y, harvested by the backscatter sensor

9The cardinality Q¢ of the training symbols is assumed to be fixed. Indeed,
training symbols are typically chosen from lower-order constellations in
order to simplify their optimal design and achieve robust channel estimation.

10We remember that the duty cycle is equal to one (i.e., To = 0) in the
case of a passive backscatter sensor.

Uy general, the output power of the harvester is a nonlinear function of
its input power [63]. Herein, the amount of harvested energy at the sensor
is assumed to be linearly proportional to the received signal power. This
is a widely-used simplification in the literature that can be seen as an
approximation of the nonlinear model when the input power is greater than
the harvester’s sensitivity threshold and smaller than its saturation power.
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during the transmission of the generic symbol b(n), for n €
{0,1,..., B+ Bq — 1}, reads as &, = Py, Ts, which does not
depend on the symbol index n, where Py, £ n( — o?) Py is
the average harvested RF power. Therefore, the total average
harvested energy €y during the sleep, training, and data
phases amounts to

Eo=Lot(Bi+B) En=1 T [To+(1=ve))Ti].  47)

In practice, there is a minimum voltage needed to reliably
power the backscatter sensor. Typically, for a semi-passive
sensor, the circuit energy consumption in the sleep phase can
be neglected. Let Py be the total DC power consumption of
the backscatter sensor during the training and data phases,
we impose that, in the case of a semi-passive sensor, the total
harvested energy in the sleep, training, and data phases is
not smaller than the circuit energy consumption, i.e., Egor >
Prot Tt, thus leading to the following constraint on o:

T,
o <o, 7" (48)
where
P
Wl 21— - (49)

is a fixed threshold that limits the amount of the incident
RF signal that is backscattered to the SEN. In the sequel,
we assume that the primary transmit power Pg and the vari-
ance of the 1 — 2 link are such that o2, > 0, otherwise the
backscatter sensor cannot work at all. When the backscatter
sensor is passive, there is no energy storage on board and,
in this case, the circuit energy consumption constraint can be
obtained from (48) by setting 7, = 0.

When the backscatter sensor is a semi-passive sensot, it is
equipped (see Fig. 2) with an energy storage of maximum
capacity Emax. Since the excess energy cannot be conserved
in the energy storage anyway, we impose the energy storage
constraint ¢ < Emax for a semi-passive backscatter sensor,
thus yielding the following additional constraint on o:

2 T,

o = asztorage + E (50)
with
&
asztorage 21— ﬁ- (51)
X

We underline that no energy storage constraint has to be
imposed for a passive backscatter sensor, i.e., Emax = 0.

B. DATA RATE OPTIMIZATION

At this point, we are in the position to optimize the relevant
backscatter parameters o, Qq, Ty, Tt, and T4 so as to maximize
the data rate (44). For a semi-passive backscatter sensor, we
formulate the following constrained optimization problem:

(a*s Q:jv To*s T[*v TJ)

= arg max
a,04,To,Tt,Tq

Ry T s.t.
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D > Dyin, with D defined in (1),

2

T
o < ol + =, Wwith amax defined in (49) ,

T¢

IA

o > o

T, 9 .
> Corage + 7> Withar defined in (51),
Ty

storage
Amse < Atarget, With Apge givenin (32)
ﬁupper(e) = ﬁlarget(e)s with I_Jupper(e) given in (40) ,
Tt+Ta=T, O<a =<1, Qd=<Omax:
To >0, T >0, and Tq > 0 (52)

where the normalization of Ry by 1/75 has been introduced
for mathematical convenience. It should be noted that the
constraint D > Dpip, With 0 < Dpin < 1, is imposed to
prevent T, from increasing without bound, thus avoiding that
the backscatter sensor remains in sleep mode for a long time
and transmits few data with high transmit power.

Assuming that the training symbols sent by the backscatter
sensor are PSK one, the optimization problem (52) admits the
closed-form solution reported in Theorem 3.

Theorem 3: For PSK training symbols, the solution of (52)
is given by

o = i | o + T VT @ = 1] 53

. [ (0*)? }
Qj =min |1+ ——, Omax 54)
[yq
Ty = (@) — apad T (55)
* F * *
T = w TS =Ti—T, (56)

where Tq £ {07 /7! ([Parger(€)/41'M)} /B Ps o, 033),
Iy £ (033 LTs)/(M Ps Atarget)s Imax £ (1 —Dnmin)/Dmin, with
arznax = as2torage and I' /Ty < arznax + Imax'lz

Proof: See Appendix C. |

If Q3 given by (54) turns out to be smaller than 2, there is no
solution for the given requirements. For a passive backscatter
sensor, the optimal values of the parameters o*, Q(‘;, T, and
T} can be obtained by Theorem 3 by setting Ty = 0, Diin =
1, and discarding the condition o2, > ozsztorage.

It is noteworthy that the optimal parameters (53)-(56) can
be calculated off-/ine — since their evaluation does not require
instantaneous network state information — and they remain
fixed as long as the relevant system specifications do not
change significantly. In particular, it is interesting to observe
that the optimal value of « in (53), which greatly influences
the values of all the remaining parameters, can assume three
possible values: (i) according to (1) and (48), when (a*)? =
a2« + Imax, the sensor harvests the minimum amount of
energy to feed its circuit, i.e., &t = Piot Tt; (ii) when
(@*)? =Ty (Omax — 1), the sensor sends back just that part of
the impinging primary signal that allows to transmit data by
using the largest cardinality of the QAM constellation, while
ensuring Pupper(¢) = Purger(e); (iii) according to (6), when

12According to (49) and (51), inequality a,gnax > asztorage is equivalent to
Emax > Prot Tf, which is a very mild condition in many cases.
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a* = 1, the sensor reflects the entire incident field back

to the SEN, resulting thus in maximum backscatter signal
strength. Once o* has been calculated, for each point 8, of
the backscatter symbol constellation, the corresponding value
of I'y can be obtained from (6), with ¢ € {1,2,...,0},
and, consequently, the chip impedance of the sensor can be
designed by solving (5) with respect to Zq" .

V. MONTE CARLO PERFORMANCE ANALYSIS

In all the Monte Carlo simulations, the following common
setting is considered. The primary system is an OFDMA
system with M = 128 subcarriers and cyclic prefix length
L = 16, thus implying P = M + L = 144, which employs
quaternary PSK (QPSK) modulation and operates at fearrier =
2.4 GHz, with sampling period 7. = 25 ns and symbol period
Ts = 3.6 us. Unless otherwise specified, the primary EIRP is
Ps = 33 dBm. According to III-C, we simulated a Rayleigh
fading scenario and we adopted the following path-loss model

(see e.g. [64])):
1 K
ik = et (E) (57)
L
where o2, = A2

of = Mearrier/ (47)2, with Acarrier denoting the carrier
wavelength, k = 1.6 is the path-loss exponent (typical of
an indoor scenario) and dj; is the distance between nodes i
and k, with i # k. The order of the discrete-time channels is
set equal to L1» = L3 = 4, whereas the corresponding time
offsets are fixed to 612 = 03 = 0, respectively. The noise
variance av23 is —100 dBm.

The backscatter sensor employs a QPSK modulation for
training (i.e., Oy = 4) and a Q4-QAM modulation for data,
wherein all symbols are equiprobably chosen. The transmis-
sion parameters o, Qq4, To, Ty, and Ty of the sensor are the
result of the optimization procedure discussed in Section I'V.
The frame length 7% is equal to By = 100 symbol periods. In
the semi-passive case, the backscatter sensor is assumed to
be equipped with a tiny battery of 100 mAh for 1.25 V [65],
to which it corresponds a maximum capacity of Epax =
450 J. Unless otherwise specified, the total DC power con-
sumption of the sensor in wake mode is Pioy = —36 dBm [66]
and, with reference to the semi-passive case, the duty-cycle
threshold is Dpjn = 0.8. The energy conversion efficiency is
assumed to be n = 0.6. The ASEP and channel MSE targets
are assumed to be equal to ﬁl,target(e) = Atarget = 10~%, and
we set Omax = 256.

As performance measures for the backscatter system,
we evaluated both the data rate Ry defined in eq. (44) and
the error probability (ASEP). Data detection is based on the
ML rule described in Subsection III-C, which employs the
estimate (31) of the channel vector h(n) obtained by training.
The ASEP has been obtained by carrying out 10° independent
trials, with each run using a different set of symbols, channel
parameters, and noise samples.

In Figs. 4-9, we report the coverage map of the proposed
AmBC system, i.e., the values of the data rate Ry that can
be achieved by a passive sensor located at coordinates (x, y),
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Max-rate area = 773 m?
Avg-rate = 1.2066 Mb/m?

Max-rate area = 233 m?
Avg-rate = 1.5916 Mb/m?
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FIGURE 4. AmBC coverage map (passive case; PEN-SEN distance = 10 m)
for EIRP = 26 dBm (left-side plot) and EIRP = 33 dBm (right-side plot).

Max-rate area = 243 m?
Avg-rate = 1.1598 Mb/m?

Max-rate area = 28 m?
Avg-rate = 1.0393 Mb/m?>

22 2.2
1.925 1.925
1.65 1.65
1.375 - 1.375
7 7
= el = Fel
E 11 2 & 112
> a > a
o o
0.825 0.825
0.55 0.55
0275 0.275
-60 0 -60 0
0 20 40 60 0 20 40 60
x[m] x[m]

FIGURE 5. AmBC coverage map (passive case; PEN-SEN distance = 50 m)
for EIRP = 26 dBm (left-side plot) and EIRP = 33 dBm (right-side plot).

Max-rate area = 53 m?
Avg-rate = 0.85245 Mb/m?

Max-rate area =7 m2
Avg-rate = 0.80935 Mb/m?
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FIGURE 6. AmBC coverage map (passive case; PEN-SEN distance = 100 m)
for EIRP = 26 dBm (left-side plot) and EIRP = 33 dBm (right-side plot).

with 0 < x < 60 and —60 < y < 60 (in meters). We
considered three values of the distance di3 between the PEN
and SEN, i.e., di;3 = 10 m (short-distance), di3 = 50 m
(medium-distance) and di3 = 100 m (long-distance), and
evaluated the coverage for different values of the primary
EIRP P and the power Py, consumed by the backscatter
sensor. Different colors of the plots correspond to different
values of data rate that can be achieved by the sensor, ranging
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FIGURE 7. AmBC coverage map (passive case; PEN-SEN distance = 10m)
for Pyor = —26 dBm (left-side plot) and Pyoy = —46 dBm (right-side plot).
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FIGURE 8. AmBC coverage map (passive case; PEN-SEN distance = 50 m)
for Pyor = —26 dBm (left-side plot) and Pyoy = —46 dBm (right-side plot).
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FIGURE 9. AmBC coverage map (passive case; PEN-SEN distance = 100 m)
for Pyot = —26 dBm (left-side plot) and Pyoy = —46 dBm (right-side plot).

from yellow (Max-rate area) where the sensor achieves the
maximum data-rate corresponding to 256-QAM, to deep
blue, which represents the area where the backscatter sensor
is not able to transmit, due to insufficient energy harvesting.
We also evaluated the average transmission rate (Avg-rate)
over the whole coverage area.

We first assessed the effect of the primary EIRP: in par-
ticular, comparing left and right plots of Figs. 4-6, we note
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TABLE 1. Maximum-rate area and average rate of a semi-passive AmBC.

d13 =10m d13 =50m d13 =100 m
Max-rate Avg-rate || Max-rate Avg-rate || Max-rate Avg-rate
area [m?] [Mbps/mz] area [m?] [Mbps/mz] area [m?] [Mbps/mz]
EIRP 26 270 1.8155 31 1.2125 8 0.8888
[dBm] 33 871 1.3707 319 1.2973 55 0.9526
36 1362 1.4471 1096 1.4490 124 1.1436
P —26 263 2.1919 131 1.9666 54 1.6702
[dBtt(I);l] —36 871 1.3707 319 1.2973 55 0.9526
—46 892 1.3360 472 1.3032 109 1.0984
0.75 889 1.4137 343 1.3360 55 0.9910
Dpin 0.80 871 1.3707 319 1.2973 55 0.9526
0.85 844 1.3257 299 1.2565 55 0.9163
TABLE 2. ASEP, channel MSE, and QAM cardinality of a passive AmBC.
EIRP y d13 =10m d13 =50m d13 =100 m
[dBm] [m] ASEP Amse Qd ASEP Amse Qd ASEP Amse Qd
26 10 || 2.24e-4 1.38e-14 128 8.11e-4 1.37e-14 8 inactive inactive inactive
26 02.21e-4 1.38e-14 256||inactive inactive inactive ||inactive inactive inactive
26 —101/0.89e-4 1.37e-14 32 ||inactive inactive inactive | inactive inactive inactive
33 10 || 0.46e-5 2.75e-15 256 1.97e-4 2.75e-15 128 5.40e-4 2.74e-15 8
33 01 4.85¢-7 2.75e-15 256 6.16e-5 2.73e-15 64 2.50e-4 2.74e-15 4
33 —101/0.40e-5 2.73e-15 256 1.42e-4 2.74e-15 64 inactive inactive inactive
TABLE 3. ASEP, channel MSE, and QAM cardinality of a semipassive AmBC.
EIRP y diz3 =10m di3=50m di3 =100 m
[dBm] [m] || ASEP Amse Q4 || ASEP Amse Q4 ASEP Amse [0F
26 10 || 8.08e-5 1.37e-14 128 3.32e-4 1.37e-14 16 inactive inactive inactive
26 0 4.87e-4 1.37e-14 256||inactive inactive inactive ||inactive inactive inactive
26 —10]|7.10e-5 1.37e-14 64 | inactive inactive inactive | inactive inactive inactive
33 10(/4.96e-4 2.75e-15 256 1.24e-4 2.74e-15 128 5.20e-4 2.74e-15 16
33 0(4.87e-4 2.75e-15 256|| 1.90e-4 2.74e-15 128 6.56e-4 2.74e-15 8
33 —10(|4.77e-4 2.73e-15 256|/2.90e-4 2.74e-15 128 inactive inactive inactive

that, as expected, increasing values of EIRP allow one to
cover a wider area; specifically, from Fig. 5 it is apparent that,
when the EIRP increases from 26 to 33 dBm, the Max-rate
area increases from 28 to 243 m2. Moreover, note that the
coverage area tends to be more concentrated in proximity
of the PEN rather than the SEN, which shows that the
prevalent performance limitation of AmBC is, as expected,
insufficient illumination from the primary system. Indeed,
spatial coverage can be improved by increasing the val-
ues of EIRP, as particularly shown by comparing left- and
right-side plots of Fig. 5. However, if the distance between
the PEN and SEN is further increased, results of Fig. 6
show that the considered values of EIRP are not sufficient
to guarantee a uniform coverage to the proposed AmBC
system.

In Figs. 7-9, we investigated the effects on the system per-
formance due to different sensor consumption, which is mea-
sured by the parameter Py, which is varied from —26 down
to —46 dBm. It is interesting to note that decreasing Py
allows one both to significantly extend the coverage area
and also to guarantee a more uniform coverage: in particular,
in this case, the backscatter sensor can communicate with
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high data-rates not only when it is in proximity to the PEN,
but also when is closer to the SEN.

With reference to the semi-passive case, for the sake of sim-
plicity, we reported the main results in Tab. 1, where we also
investigated the effects of the parameter Dy, which limits
the duration of the sleep phase in the semi-passive case; in
particular, we note that increasing values of D, correspond
to decreasing values of the sleep phase. A careful comparison
between Figs. 4-9 and the results reported in Tab. 1 shows
that, for given values of EIRP and Py, the availability of an
energy storage on board allows one to slightly extend the cov-
erage area with respect to the passive case. Basically, there is
no significant advantage of using a semi-passive backscatter
sensor when the total DC power consumption of the sensor is
very low. As regards the sensitivity to Dy, it is confirmed
that allowing the backscatter sensor to harvests energy for
a longer time permits to slightly improve its transmission
performance.

In order to corroborate the performance analysis developed
in Section III, we reported in Tab. 2 and Tab. 3 the ASEP,
the channel estimation MSE A s, and the QAM cardinality,
for a passive or semi-passive backscatter sensor, for different
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values of EIRP. We considered again three values of the
distance between the PEN and SEN, i.e., di3 € {10, 50, 100}
m, whereas the backscatter sensor is located at coordinates
(x,y), with x = 10 m and y € {10, 0, —10} m, to take into
account the following cases: i) the backscatter sensor is closer
to the PEN; ii) the backscatter sensor is equally distant from
the PEN and SEN; iii) the backscatter sensor is closer to the
SEN. It is apparent that the performance of the ML channel
estimator (31) is well below the target value Agyget = 1074,
for both passive and semipassive backscatter sensor, whereas
the ASEP is only slightly greater than f’lymget(e) =10"*in
some cases. This result confirms that the suboptimal approach
of separating the effects of channel estimation and detec-
tion errors allows one to obtain satisfactory results with a
reasonable computational effort. As expected, performances
are consistently better for the semi-passive case compared
to the passive one, especially in terms of ASEP and QAM
modulation cardinality.

VI. CONCLUSIONS

This paper dealt with performance analysis and practical
designs of both passive and semi-passive secondary backscat-
ter sensors in a C-RAN architecture, which allows one to
effectively perform channel estimation and mitigate the DLI
generated by the primary system. Capitalizing on detailed
signal models of both the harvesting and backscatter pro-
cesses, we studied the performance of the backscatter system,
by taking into account imperfect DLI cancellation, chan-
nel estimation, and practical modulation effects. In both the
passive and semi-passive cases, the achievable rate of the
backscatter transmission was maximized, subject to channel
estimation MSE and symbol error rate constraints, by also
considering power and energy storage requirements of the
sensor. Numerical results showed that a suitable placement
of the PEN and SEN is a crucial deployment issue to achieve
a large network coverage, while ensuring high data rates
through backscattering.

APPENDIX A
PROOF OF THEOREM 1
According to (27), it results that
Amge = 033 tr [(T Worr P)T(PT Wipgr TH)T]

= 033 tr[(PT Wippr TH T Wper P) 1

L
= 033 Z )»j_l(l’T Wiper T TWper P) - (58)
j=1

where 633 has been defined in the theorem statement and we
have observed that

(T Wpger P)T = (PT Wipgr TH T Wpgr P) ™' PT Wipgr T
(59)

and, throughout this paper, ;(A) denotes the jth eigenvalue of
an Hermitian matrix A € C/*/ with A;(A) < A(A) < --- <
Aj(A). By using the generalization of the Ostrowski theorem
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to rectangular matrices [67] and, additionally, observing that
PT WIDFT WDFT P= IL, one has

Aj(PT Wippr TH T Wppr P) = ),
with (TN T) < < A (TN T)  (60)

forj € {1,2, ..., L}. At this point, we also note that THT is
a scaled identity matrix given by

Bi—1
™T=Mm Z T*(n) T(n) 61)
n=0

where T*(n)T(n) = 2a?Ps|b(n)|*>Iy. Eq. (32) readily
comes from (58) and (60), by additionally remembering that
all the eigenvalues of the identity matrix are equal to one.

APPENDIX B

PROOF OF THEOREM 2

By virtue of the well-known conditional expectation rule, one
obtains

P(e) = ey s(n) {Eepp [P(e; n) | €21, s(m)]} (62)

where we remember that h(n) and Kq, 4, (n) have been defined
in (17) and (36), respectively. We note that, since cj(€) is
a circularly symmetric complex Gaussian random variable
by assumption, then cj;(£) and cjx(£) e/ 3 (E+0m have the
same probability distribution [68], i.e., cjx (€) e @+ 0wm
CNO0, criz /(Lix+1)], for any £ and m. Thus, one has Cj (m) ~
CN(0, o). Itis seen from (19) that, even if the time-domain
channel taps {cjx (6)}?20 are assumed to be independent,
the corresponding DFT samples Cjx(m1) and Cjx (m;) turn out
to be correlated, for m; # mp € M, i.e.,

e_jzﬁﬂeik(ml_mZ)

E[Cie(m1) Choma)] = —
L lk Lik +1

Dry+1 <¥) (63)

where, for x € R, we have defined the Dirichlet function

a sin[w (L + 1)x] i

sin(mx) i 64

DLik+1 (x)

However, it can be verified that ]E[Cik(ml) C;;l(mZ)]‘ < ol%
for my # my. Therefore, for the sake of analysis, we will
neglect the correlation among the entries of €, by assuming
that ¢z ~ CN(0yy, ol%c I)s). Starting from (39) and resorting
to the Chernoff bound [52], one gets (see, also, [69])

Ez,,[P(e; n) | €23, s(n)]
< A1 Eg, {exp [—% a?ht(n) Kg31d3 (n) h(n)i| }

= A Eg,, {exp ['511{2 R(n)az“

~ det[Iy + o R()]

(65)
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where
2

Aro _
R(n) 2 ;—M 538" () Kgly, (1) S(n) Co3 € T (66)

and we have used the fact that |Cja(m)|? is exponentially

distributed with mean 0122. By applying the matrix inver-

sion lemma (see, e.g., [60]) on (36) and exploiting the
constant-modulus property of the symbols transmitted by the
PEN, one has

S*(mKg,y, (MS(n) = QPM)y
—(PsM)WpprPPTWipgr
= 2PM)UAUH (67)

where U € CY*M js unitary and A is a block diagonal matrix
given by A £ diag(I; /2, I;_1). Consequently, inequality
(65) boils down to

Ez,,[P(e; n) | €23, s(n)]

M—1 1

=4A l_[ ) 2 1/2 11 ¥ 1/2
a0 14+Ar o fPSUu)Lm(A UHCy3 C23UA )

(68)
where we have also used the facts that
det (IM + Azazﬂ’saéC%UAUHng)
= det (Ty + A2a?Pyo b A PURCo C5UA ).
(69)

and the determinant of a matrix is equal to the product of
its eigenvalues. By applying the Ostrowski theorem [59],
it results that

|Ca3(m)|? /2 < Am(AV2 UM Co3 €U AY?) < [Cos(m)
(70)

and, therefore, we get the upper bound

Eg,,[P(e; n) | €23, s(n)]

M-1
<A [] 1 (71)

1+ %2 a2 Pi0d, |Co3(m)?

m=0

From (62) and (71), one obtains the inequality

M-1 !
P(e) < Ay 1_[ Ecyy0m) ” .
1+%

2
m=0 a? P 2] |C23(m)|2

(72)

Since the random variable |Caz(m)|? is exponentially dis-
tributed with mean 0223, one has

1
Ec
= [1 + %a29350122|C23(m)|2:|

57412

1
exp <—A )
2. 2p 2 2
5 o Ps01505;

Ay 2 2 2
F o Psoi,05;

1
Eil-— (73)
( %0‘2?8‘7122“223)

where Ei(x) is defined in (42). The upper bound (40) follows
after simple manipulations by substituting (73) in (72).

APPENDIX C

PROOF OF THEOREM 3

The optimization problem (52) can be solved in three stages.
In the first one, the objective function in (52) is maximized
with respect to (w.r.t.) Qyq, for fixed values of «, Ty, Ty, and
T4, thus boiling down to

Tq log,(Qq)
argmax ————— 8
Od Ty

ﬁupper(e) = T)target(e) and Q4 < Omax. (74)

.t

For the sake of simplicity, we neglect the dependence of A;
on Q4 in (40), i.e., we assume that A; & 4. So doing, the soft
solution of (74) is given by

2
O}(@) = min (1 + % Qmax> (75)

with I'q £ {O—v23f_l ([Ftarget(e)/“']l/M)} /(3 Ps 0122 0';3)-

If the training symbols transmitted by the backscatter
sensor are PSK, the channel MSE is given by (34) and
Amse < Atarget is tantamount to Ty > T'y/a?, with I\ £
(033 L Ty)/(M Py Atarger). Hence, for a given value of o, the
optimal value of T; turns out to be

r
@ =— (76)

provided that I'i/a? < Ty, and T}(a) = Ty — T (a) is the
corresponding optimal value of 7g.

In the second stage, we plug (75) and (76) into prob-
lem (52) and consider the maximization of the corresponding
cost function w.r.t. « and T, hence obtaining, after simple
algebraic manipulations, the simplified problem

F *
arg max (1 - az_tTf) log, [Q5()]

o, Ty

T, 2 2 T, 2 2 To
s.t. Ff SImax, o < ®max + Ff’ a” = O5st0rage + T

r

— <Tt, O<a<I andT,>0 (77)

o

with Inx 2 (1 — Dmin)/Dmin- For a given value of «,
the constraints of problem (77) form a non-empty feasible set
(i.e., all the constraints involving T, are fulfilled) if a2, >
asztorage and a2, < a? < a2, +Inax: in this case, the optimal
value of T, is given by

T a) = (@ — a2 )Tt (78)

max

VOLUME 7, 2019



D. Darsena et al.: Cloud-Aided Cognitive Ambient Backscatter Wireless Sensor Networks

IEEE Access

In the last stage, we substitute (78) in (77), thus obtaining
the optimal value of « as the solution of the problem

arg max 1—L log [Q*(a)]
o Olsz 2 1 =d

It 2 2 2
s.t.— < T, « <a” <o+ Inax, and 0 < < 1.
o

(79)

It can be verified that problem (79) admits the solution

o = i | Jod + s T~ D1 60

provided that I'y/Ty < ozrznax + Imax, It results that O} =
Qu(a®), Ty = T3 (a*), T = T (a*), and T§ = T3 (a™).
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