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Abstract—In a large area such as a warehouse, using a bistatic
backscatter network of passive tags for coverage brings up the
issue of insufficient energy harvested by the tags, resulting in
poor communication performance. To overcome this problem,
we propose a solution that involves the use of distributed
radio frequency emitters in a cell-free architecture to deliver
more power to the tags. Our approach optimizes the emitter
power allocation coefficients while ensuring the tags’ energy
harvesting requirements are met. By doing so, we provide the
same rate quality for all tags and mitigate the effect of the tags’
spatial distribution. Compared to the equal-power benchmark,
our algorithm yields significant improvements. For example, it
achieves ~51% and ~16 % gains in harvested power and tag
rate, respectively, for 0dBm and 20dBm with 100 emitters,
respectively.

I. INTRODUCTION

Passive Internet of Things (IoTs) networks were introduced
as a potential study during the 3GPP TSG RAN meeting #94
[1], which identified several key areas and objectives:

o Use cases such as identification, tracking, monitoring,
actuating, and sensing for applications in logistics, trans-
portation, healthcare, and others.

o Exploring public/private networks, indoor/outdoor envi-
ronments, macro/micro/pico cells, connectivity to user
equipment (UEs) with or without relay/UE assistance, and
frequency bands (both licensed and unlicensed).

o Establishing energy harvesting (EH) techniques, connec-
tivity requirements, and positioning accuracy.

These challenges open a vast array of research questions. Very
few of those have been explored [2], [3]. Inspired by them, we
consider the problem of supporting multiple tags over a large
coverage area such as a warehouse with a bistatic backscatter
(BiBC) network of dedicated radio frequency (RF) emitters.
These emit the RF signals that passive tags use for EH and
reflecting back (backscatter) for data communication [2], [3].
If the passive tags do not harvest enough, they will have
poor data rates and communication ranges. For instance, to
wake up a sleeping tag, the incident RF power must exceed
the activation threshold of around —20dBm [2]. Thus, the
distance of a tag from an RF emitter must not exceed the
activation distance. Thus, some tags are in energy-poor zones
and may not even be activated. Consequently, not all tags
achieve the same data rate.

To ease these problems, we can coordinate the RF emitters
to serve multiple tags simultaneously. This requires energy
beamforming at the emitters, receive filtering at the reader, and
optimal power allocation to ensure uniform rates for all tags.
This approach is reminiscent of distributed/cell-free massive
multiple input multiple output (MIMO) wireless systems [4].

Beamforming techniques and power allocation for those have
been extensively investigated with active UEs (see [4]).

Consequently, designing distributed RF emitters for BiBC
with passive tags poses numerous crucial technical challenges,
including (i) emitter locations, (ii) emitter power levels, (ii)
beamforming strategies, (iv) power allocations to provide uni-
form rate, (v) minimum energy for passive tag activation, (vi)
coverage, and (vii) coexistence with the conventional cellular
networks. Although all these challenges in their entirety have
not been investigated before, [S]-[8] address some of them.
Specifically, [5], [6] explore beamforming and coexistence
with a cellular network using a single-user and a single-tag
system with distributed cellular access points (APs). Studies
[71, [8], respectively, investigate the performance of distributed
emitters in terms of coverage and capacity and their placement
to maximize coverage. Except [6], no other work considers
channel estimation errors account. These works assume active
or semi-passive tags that may not need EH.

On the other hand, a single RF emitter is the focus of [9],
[10]. Reference [9], in particular, studies the transmit power
level/energy consumption at the emitter, whereas [10] inves-
tigates the emitter power allocation and energy consumption.
However, tags in these systems must modify their reflection
coefficients dynamically, calling for a more sophisticated tag
architecture and higher power consumption.

A. Motivation and Our Contributions

The focus of this letter is different from [5]-[10]. We aim
to develop a distributed RF emitter BiBC network, which
can be envisioned as cell-free BiBC (Fig. 1). The design
goals are to satisfy the energy requirements of the tags and
preserve the basic passive tag architecture. The contributions
are summarized as follows:

e We assume that the RF emitters use maximum ratio
transmission (MRT) energy beamforming and the reader
employs maximum ratio combining (MRC) reception.
Zero-forcing (ZF) and other beamforming strategies can
also be considered, although we have not included them
here for brevity. Moreover, MRT is the optimal approach,
as the emitters do not see interference signals.

o We also consider the impact of inter-tag interference and
channel state information (CSI) errors and derive closed-
form expressions for the tag rates.

e We adopt a max-min power allocation algorithm from
the fractional programming techniques [11], which guar-
antees uniform data rates for all tags, regardless of their
location or EH limitations.
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Fig. 1: Cell-free BiBC setup.

e Our analytical derivations are validated by extensive
simulations. They demonstrate that utilizing distributed
emitters with optimal power allocation yields significant
gains. For example, for 100 emitters at 0dBm and
20dBm, the algorithm outperforms a benchmark by
~51% in harvested power and ~16 % in per-tag rate,
respectively.

Note that power allocation in cell-free architecture has been
extensively studied in [4, Sec. 7] and other references for
energy/performance improvement with active UEs. However,
the main difference is that our problem deals with passive
tags. Unlike active UEs, passive tags entirely rely on EH
without energy storage capabilities. Because the tags use
passive modulation by reflection, the signal-to-interference-
plus-noise ratio (SINR) expressions are different from those
with active UEs. Thus, power control for BiBC networks
should be developed to account for these differences.

Also, the lack of active RF components in the tags limits
their processing capabilities. Thus, the goal is to simultane-
ously improve the harvested energy and achieved rate without
changing the basic passive tag architecture, i.e., having a
fixed reflection coefficient. References [7] and [8] study the
performance and placement of emitters, without considering
the EH constraint at tags.

Notation: Lowercase bold and uppercase bold denote vec-
tors and matrices. A*, AT, and AH, denote conjugate, trans-
pose, and Hermitian transpose, respectively. E{-} denotes
the statistical expectation. Finally, CN(u,R) is a complex
Gaussian vector with mean g and co-variance matrix R.
Finally, M ={1,..., M}, K={1,...,K}, and K, = K/k.

II. SYSTEM, CHANNEL, AND SIGNAL MODELS
A. System and Channel Models

We consider a cell-free BiBC system with M single-antenna
emitters, denoted by E,,,m € M, K single-antenna tags,
denoted by Ty,k € K, and a L-antenna reader, denoted
by R (Fig. 1). Each tag modulates its own data on the RF
signals transmitted by the emitters and transmits the mixed
signals to the reader. We assume that the reader comprises
a central processing unit (CPU), which is connected to all
emitters via an infinite capacity back-haul link [4]. Hence,
this back-haul connection assists in sharing the necessary
CSI between the reader and the emitters. In addition, the

CPU /reader serves as the central hub that connects, controls,
and coordinates all emitters and manages data transmission.
The CPU’s high computational capacity is also pivotal for
executing optimization tasks.

The direct channels, F,, — R, E,, — 1T}, and T, — R are
respectively denoted by f,, € CX¥1, h,,, € C, and g, €
CE*L, Moreover, hy = [hig,...,hae]T € CM*1 denotes
the effective channel between all emitters and 7j. A unified
representation of all channels is given as

v = (%, (1)

where v € {f,, hmk, 8k }. In (1), {, captures the large-scale
path-loss and shadowing, which stays constant for several
coherence intervals. Moreover, v .~ CAN(0,1I.) accounts for
the small-scale Rayleigh fading'.

CSI acquisition for the direct and backscatter channels is
feasible with specially designed orthogonal pilot sequences as
proposed in [12]. Because direct channels between emitters
and readers are conventional cell-free one-way channels, they
can be estimated more accurately, i.e. with a lower normalized
mean-square error, than backscatter channels [4], [12]. In
this work, we thus assume perfect CSI for direct channels.
However, for the backscatter channels, we account for the
imperfect CSI by modeling the channel estimation errors
(Section II-Al). Moreover, estimating the cascaded channel
and separating the cascaded channel into individual channels
are omitted for the sake of brevity [12]. However, this will be
addressed in the future extension of this work.

1) CSI Error Model: To account for channel estimation
errors, we use the model

vV=v+v, )

where v ~ CN (0,6(,Iy) is the channel estimate and ¢ (0 <
0 < 1) accounts for the quality of channel estimation [13].
Specifically, 6 = 0 and 6 = 1 represent no CSI and perfect
CSI cases. Note that v are v are uncorrelated, which indeed
holds for minimum mean-square error estimation [13]. Thus,
the channel estimation error can be modeled as v =v — v ~

CN(0,(1—9)¢ 1) [13].

B. EH at the Passive Tag

In the considered system, tags perform EH and data trans-
mission simultaneously via the power-splitting mode [14].
That is, T (k € K) reflects aP, for data transmission and
absorbs P,i“ = (1 — a)Py, for EH, where P is incident RF
power and « € (0, 1) is the reflection coefficient of the tag.

The EH circuit converts Pi" to direct current power to
energize the tag. The amount of harvested power at T, P, 1,
depends on the EH model, i.e., linear or nonlinear. In particu-
lar, for the nonlinear model, P, , = ®(Pj™), where ®(.) is the
nonlinear EH function [15, Egn. (2)], and for the linear model,
Py = ani“, where 7, € (0,1] is the power conversion
efficiency, e.g., typical values of 7, = {0.2,0.4,0.6} [14].

INote that b, = (j,ll/i Pk and hong ~ CN (0, 1).



Regardless of the EH model, the activation threshold (p;)
of an EH circuit, i.e., the minimum power necessary to wake
up the EH circuit, is a critical parameter [16]. The threshold
is about —20 dBm for commercial passive tags [2]. Thus, our
goal is to satisfy this critical requirement for each user. In
particular, our problem formulation ensures that Py, > py,
which eventually satisfies the activation of the EH circuit. As
®(x) is monotonically increasing function of x > 0 [15],
we have P > p, where p, £ ®!(p,) for nonlinear EH
model and p, = py/m for linear EH case. Here, &1 (p;) is
a constant. This reformulation thus can handle any linear or
nonlinear EH model, irrespective of their properties.

C. Signal Model

The transmitted signal at E,,, is given as

Ty = \/@anln/fwmis, m e M, 3)
ek
where p; is the transmit power at each emitter, 7,,; is the
transmit power allocation coefficient at E,,, for T;, wy,; € C
is the spatial directivity of the signal at E,,, for T}, and s is
the carrier signal satisfying E{|s|?} = 1. The signal received
at Ty, is given as

yi = hix =Py hiN;*ws, 4)

€K
where x = [z1,...,73]T, N; = diag (914, ...,7), and
w; = [wig, ... ,U/Mi]T. The tags must harvest enough power

to support their internal operations. Hence, the input signal
power at EH circuit of T}, must satisfy the following energy
constraint (Section II-B):

Pin = (1 - a)|hix|*> > p}. 5)

T}, harvests energy from the received signal and modulates
it with its data, c;, where ¢ is the normalized backscatter
symbol selected from a multi-level (M -ary) modulation such
that E{|ci|?} = 1, before sending it to R. The received signal
at R is thus given as

r=Fx+ /ap; Z Z gjh;.fN;/Qwiscj + z, 6)
jekiek
where F = [f;,... . fy], z ~ CN(0,0%1;) is the additive
white Gaussian noise (AWGN) vector at R.

III. ACHIEVABLE RATE ANALYSIS

The reader uses SIC to remove the direct-link signals
from all emitters and then applies the detector, u;, € CE*1,
to decode the signal of 7). The post-processed signal for
decoding T}’s data at R is thus given as

re =u; (r — Fx)
=, /aptu;fgk Z hEN}mwisck
€KX

+vap, > uig; Y hINPwisc; +ufz (7)
JER i€

Using (7), the received SINR for T}, v, is obtained as

T Tngl/2 2
ap; |u, gk ZieKi h, N, “w;s
Tk = Iy 5 -(8)
P ek, wigi e N “wis| 4+ [lug 202
Thus, the achievable rate of T} at R is given as
Ri = E{log,(1 + i)} bps/Hz. 9)

To derive a closed-form solution of the rate in (9), we invoke

[17, Lemma I] and the rate is thus approximated as
Ry = logy (1 + ;) bps/Hz, (10)

where

2
apilE { ‘uggk Y iex hIN! 2w, }

’Y}lf = 2
OéptZE{ ufg; " hIN; ?wis }4-1[‘3{||111~c||2}<72
i€C

(1)

JEKK

Next, we assume that the emitters use MRT beamforming, and
R uses MRC to receive data from tags. That is, w, = ﬁjnk
and uf = g!! for m € M and k € K. Hence, the closed-form
of the SINR by evaluating the expectation terms in (11) is
given as (12) (Appendix A).

IV. TRANSMIT POWER CONTROL

The spatial distribution of the tags causes the near-far
effect, which affects the tag’s achievable rates. Nonetheless,
using max-min transmit power control, which is optimal in
terms of user fairness in mitigating the near-far effect [4],
we can provide uniform quality of service (QoS) to all tags,
as in conventional cell-free systems. To this end, for a given
realization of large-scale fading, we find the power control
coefficients, 7, for m € M and k € K, that maximize the
minimum of all tag rates under the relevant constraints (5).
This problem is thus formulated as follows:

P1 : maximize min Ry, (13a)
MNMmk ke

subject t0 6> i, <1, for me M, (13b)
iek

(1—a)P, >pp, for kek, (13¢)

Nmk = 07 for mée M and k € IC, (13d)

where the constraint (13b) is obtained by evaluating the
transmit power constraint at F,, as

Eflzm|®} <pe =6 miCn,., < 1.
e

(14)

Moreover, P, in (13c) is the average received signal power at
Ty and defined as

Py, = E{|ys|*}
=p Y (52nkaﬁmk + 5277miChkahm> - (15)
meM e



api(L +1)¢g, (52 Zme./\/l kaChfnk +0 ZmEM ZiGIC N Choi Chmi)

/!
e = (12)
apt ZjEle ng (52 Zme./\/l nijIQLmj +4 ZmEM ZiEIC 77771i<hm_7‘ Chm,i) +0?
Since Ry, is a monotonically increasing function of ~;, we Algorithm 1 : Transmit power control.
can replace it with 7. Thereby, P1 is reformulated as [11] Initialization: Initialize 7 to a feasible value. Set 77(01)@ =

Ay,
P2 : maximize min k(TI), (16a)
n kek  Bg(n)
subject t0 & > 717:Cn,,., <1, for me M, (16b)
€K
(1—a)P, >pj, for kek, (16c)
Nmr > 0, for m e M and k € K, (16d)

where 17 = [111,- .., Mu k)T . Besides, Ax(n) and By(n) are
the numerators and denominators of the corresponding SINR
terms ’y,’g (12). Next, by defining a common SINR, ), for all
tags, and invoking quadratic transform technique [11], P2 is
equivalent to

P3 : maximize A, (17a)
n
subject to 527)3,”-(;1””. <1, for me M, (17b)
iek
(1—a)PF™>p,, for kek, (17c)
Nmk >0, for mée Mand k € K, (17d)
@V Ar(n) — qi Br(n) > A, (17e)
where q = [q1, ..., qx]" is the auxiliary variable introduced

by the quadratic transform [11]. For a fixed 7, the optimal g
is given in closed-form as

% = V Ax(n)/Bx(n)

Moreover, P is the linearized received signal power
at Tj. It is obtained by applying Taylor series linearization
techniques. Thus, PH" = p, PLn and Pl is given as

for ke K. (18)

L S R I
meM e
+6 0 +1 Z Chmk (nmk 777(721@ 1))
meM
+5 Z ZChkahml (nmk nnthl)>7 (19)
meM ekl

where nff}k and 777(72;1) are current and previous values of 7).

For fixed q, due to the concavity of each Ag(n), the
convexity of each By(n), and that the square-root function is
concave and increasing, the quadratic transformed constraint
(17e) is concave in P3. Hence, P3 is a concave maximization
problem over m for fixed q. Thus, convex algorithms can
efficiently obtain optimal 7. Algorithm 1 gives the details.

Remark 1. Algorithm 1 describes the proposed optimization
methods for solving m. It begins by setting m to a random
feasible value, and then in each iteration, n is improved by

1/VK form € M and k € K. Replace each Ay (n)/Bx(n)
with 2g,\/Ax (1) —
Repeat
Step 1: Update q by (18).
Step 2: Update n by solving P3 for fixed q.
Until convergence.
Output: 7, for m € M and k € K.

computing q. This continues until the objective stops increas-
ing, i.e., the common rate increment is less than € = 1073,

Remark 2. In P1, we consider fixed reflection coefficients at
the tags, ay, to keep the tags’ power, cost, and form factor
to a minimum [18]. However, «y,’s can be optimized at the
expense of a simple tag architecture. Since m and «y,’s are
independent variables, we can utilize alternative optimization
to find the optimal n and oy’s. We will address this in the
future extension of this work.

A. Computational Complexity

The proposed max-min optimization for obtaining the trans-
mit power control coefficient is a multistage iterative algo-
rithm, i.e., Algorithm 1, which is developed utilizing fractional
programming. The outer loop, in particular, is accountable
for optimizing m (Step 2 in Algorithm 1), while the inner
loop is accountable for updating the auxiliary variable q (Step
1 in Algorithm 1), introduced by fractional programming
approaches. Since q is obtained in closed-form (18), the
computational complexity of Algorithm 1 lies in step 2. In
addition, CVX Matlab handles this optimization problem with
an SDPT3 solver. Therefore, the computational complexity
of Algorithm 1 is O(K3M?3L3) [19], [20]. As a result, the
proposed approach for the max-min optimization has a total
complexity of O([;K>*M3L3), where I; is the number of
iterations of Algorithm 1.

V. SIMULATION RESULTS

This section gives several system simulations. We adopt the
3GPP UMi model for the large-scale fading (, with f. =
3 GHz operating frequency [21, Table B.1.2.1]. Moreover, the
AWGN variance is set at 0 = 10log,,(NoBN) dBm, where
Ny = —174dBm/Hz, B is the bandwidth, and Ny is the
noise figure. To model the coverage area, e.g., warehouse, we
consider a 100 x 100 m? square area, the reader is located
at the center, the emitters are uniformly distributed, and the
tags are randomly distributed within the area. Unless otherwise
specified, Table I gives the simulation parameters.



TABLE I: Simulation settings.

Parameter Value Parameter Value
B 10 MHz L 4
Ny 10dB K 3
« 0.6 1 1
M 32 Db —20dBm
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Fig. 2: Per tag received power versus the number of emitters for p, = 0 dBm.
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Fig. 3: The tag rate versus transmit power.

As a comparative benchmark, we consider equal power
allocation, i.e., Ny, = 1/K for m € M and k € K. We also
plot Monte Carlo simulations and the derived expressions.

Fig. 2 plots the per tag received power as a function
of the number of emitters (M) for p; = 0dBm. The tag
activation threshold, py, is also plotted to gain insights. From
Fig. 2, our findings reveal that using distributed emitters
leads to significant macro diversity gains and results in higher
power delivery to the tag, surpassing the activation threshold.
Additionally, our power allocation strategy allows for tag
activation with just 4 emitters, whereas deploying equal power
allocation necessitates at least 25 emitters, leading to increased
complexity and cost.

Fig. 3 depicts the achieved rate per tag versus the transmit
power at the emitters. As observed, with equal power allo-
cation, due to the near-far effects, 75, which has a better

4 i

O Simulation
— Analysis - Equal ‘,.-'O
--- Analysis - Max-Min

Per Tag Rate [bps/Hz]
Do

0 20 40 60 80 100
Number of Emitters (M)

Fig. 4: Per tag rate versus the number of emitters for p; = 20 dBm.
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Sa=04]]|
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©$-a=08
0.5 | | |
3z).S 0.85 0.9 0.95
0

Fig. 5: Per tag rate as a function of imperfect CSI (9) for p; = 20dBm .

channel, achieves the highest rate while 77 with the worst
channel achieves the lowest rate, respectively, 2.75bps/Hz
and 1.75bps/Hz at p; = 30dBm. On the other hand, our al-
gorithm improves fairness by suppressing the near-far effects.
Regardless of the locations of the tags, it thus achieves the
maximum possible rate per tag, 2.57 bps/Hz at p; = 30 dBm.

Fig. 4 depicts the achieved per-tag rate as a function of
the number of the emitters, with each at p; = 20dBm. As
expected, more emitters lead to a higher rate for each tag,
owing to the greater received power. Furthermore, Algorithm
1 outperforms equal power allocation significantly.

It is worth mentioning that some tags, for example, 73
(Fig. 3), achieve higher rates with equal power allocation than
the proposed Algorithm 1. However, due to the near-far effect,
equal power allocation may not always guarantee tag activation
(Fig. 2). On the other side, the proposed approach eliminates
this issue by providing sufficient power to the tags. Therefore,
it not only ensures uniform QoS for tags but also tag activation.

We further investigate the effects of CSI errors on the
performance of the network in Fig. 5, where the achieved
per-tag rate is plotted as a function of ¢ for different «
and p; = 20dBm. The rate of each tag increases with CSI



estimation quality, and as § approaches 1, i.e., perfect CSI,
the tags achieve higher rates. For « = 0.8 and § = 1, with
Algorithm 1, each tag achieves 1.3bps/Hz, which decreases
to 0.28bps/Hz for § = 0.8 (imperfect CSI). Nonetheless,
Algorithm 1 outperforms the equal power allocation scheme.

VI. CONCLUSION (1]

A distributed RF emitter-assisted BiBC setup has been pro-
posed and investigated to improve the EH ability of multiple
tags and to reduce their performance dependency on the spatial
location. To this end, we optimally allocate power to the 3]
emitters to achieve a uniform rate across all tags and to
alleviate spatial rate disparities. The use of distributed emitters  [4]
yields significant benefits, suggesting a promising avenue for
future research. Emitter/reader selection techniques can then s
be employed to establish a green (energy-efficient) BiBC.
However, the exchange of CSI among the emitters/readers may
increase the front-hauling overhead, which can be resolved
through local processing at emitters/readers. The optimal emit-
ter placement problem is a future topic as well. 7]

[2]

[6]

APPENDIX A [8]

We first proceed to compute the expectation term in the
numerator of (11) as follows: [9]

T Tnrl/2 2
E {‘uk gk, N W } [10]
~H /A ~ 2
:ZmeMﬁmkE{|gk (& + &) } (1]
~ ~ N 2
<E {‘(hmk + hmk)hfnk‘ }
ELe8 (e, + )2
+ Ziem ZmeM NmiE { g (& + &) } .
. -2 :
xE { (hmk + homg) R } [14]
(@) ¢3 2
=L5°(Lé +1) ZMEM Nkl
2 .
+L6 (Lé + 1) Zme./\/l ZiEK nmzChmk Chmm (20)

where (a) comes from the fact that, for any vector z ~
CN(0,61.), we have E {|z"z|?} = (L? + L)6>.
Moreover, the first expectation term in the denominator of (17]
(11) is calculated as
2
} (18]

. { ‘u;fg]— Zielc hEN;/QWiS
2
} [19]

e {la 3
~H |2 i |
3 2
=L ZmEM NmgCan ng‘ Chmj [21]
+Lo” ZmEM Zielc i G Shni S @b

The second expectation term in the denominator of (11) is
evaluated as

[12]

[15]

[16]

E{|luxl|*} = E{g{ &1} = Li¢, . (22)

By substituting (20), (21), and (22) into (11), the closed-
form SINR is derived as in (12).
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