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Abstract—Symbiotic radio networks (SRN) have gained trac-
tion for efficient spectrum usage in wireless communication
Internet-of-Things networks (I0TNs) applications. Furthermore,
the efficient use of energy resources under energy-efficient
communication is rising in IoTNs to satisfy and attain the
United Nations’ sustainable development goals on sustainable
and renewable energy usage. Hence, this work focuses on energy
and spectrum efficient usage through renewable radio frequency
(RF) energy harvesting (EH) backscatter (BC) communication
(BackCom) and SRN between a secondary network sensor-
equipped EH intelligent reflective surface BC and a primary
network base station to multiple user equipment using multiple
access communication. This work focuses on resource allocation
optimization to maximize the system energy-efficiency quality-
of-service for the SRN. The superiority of the proposed scheme
over existing benchmark schemes is also presented in this work.

Index Terms—Energy-efficiency (EE), backscatter, energy har-
vesting (EH), symbiotic radio, intelligent reflective surfaces (IRS).

I. INTRODUCTION

With the advent of Internet-of-Things Networks (IoTNs)
and the further evolution of wireless communication networks,
there is a demand for better network speeds, low latency, and
high network reliability for end-users (consumers), to men-
tion a few quality-of-service (QoS) needs [1]-[3]. However,
with these consumer demands coupled with the new set of
sustainable development goals (SDGs) outlined by the United
Nations, consumers and the public are geared towards usage
and support of telecommunication industries using efficient
and sustainable resources. Hence, ongoing industry and aca-
demic researches into next-generation wireless communication
technologies are focusing on energy- and spectrum-efficient
and sustainable usage through new technology development
[2], [4]. To this end, significant research into wireless com-
munication techniques for energy and spectrum efficient usage
has resulted in new technologies such as spectrum sharing
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TABLE I
SRN WITH IRS RELATED WORKS COMPARISON.

Reference | Optimized | Multi-user [ Multi-IRS | EH | PN/SN
[51/ [4] EE X X 4 SN
[7] EE X X X PN+SN
[81/ [9] BER/EE X X X SN
[2] Sum-rate %4 4 X PN+SN
This work | EE v 4 v PN+SN

through cognitive/symbiotic radio networks (SRNs), and re-
newable/sustainable energy usage through radio frequency
(RF) energy harvesting (EH), respectively [1], [5].

Spectrum efficient usage through spectrum sharing in SRN
is accomplished through several sub-networks (e.g., primary
(PN), secondary (SN), and tertiary (TN) networks) sharing the
same spectrum resource [1]. The SRN efficient spectrum usage
is accompanied by inter-network and inter-device data transfer
interference, which can be mitigated using successive interfer-
ence cancellation (SIC), and/or expected device throughput or
interference constraints considerations [1], [2], [5]. SRN has
been combined with assistive technologies such as intelligent
reflective surface (IRS) to improve network coverage and
throughput through spatial diversity. Another SRN application
is the combination of PN multi-user multi-access techniques
(e.g., NOMA, and RSMA) and SN backscatter (BC) multi-tag
and multi-IRS communication [2], [4].

RF EH is accomplished either by the simultaneous and/or
the concurrent transmission of power and information signals
to a receiver [3], [6]. In addition to studying EH techniques,
EH models have been proposed, which consist of the linear
(L-EH) and nonlinear (NL-EH) (e.g., threshold, sigmoid, and
simple rectifier EH models) [3], [6]. RF EH has been extended
to SRN-IRS for efficient energy utilization amongst network
devices to reduce the strain on their base power.

EH IRS-assisted SRN research has also covered QoS studies
on system analysis and maximization (sum-rate, EH, energy-
efficiency (EE) and spectrum-efficiency (SE)) [2], [4], [5],
[7]1-[9]. These studies however considered the simple L-EH
models [4], [5] and not the NL-EH [3], [6]. It is therefore
prudent to consider the more realistic NL-EH simple rectifier
model in EH IRS-assisted SRN research. Concerning the
network architecture, the generalized case of IRS-assisted SRN
has been studied for SR maximization and not other QoS
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Fig. 1. MU-MISO with integrated IRS BC SRN.

metric. Also, massive primary transmitter (PT) large antenna
for improved spatial diversity and multiple primary receivers
(PRs) for improved spectrum usage are not covered in current
research. Finally, the general case and influence of multiple
secondary transmitters (STs) with sensor-equipped IRS BC
devices within an SRN to improve coverage and throughput
must be studied. It is therefore critical to consider these to take
full advantage of network resources and novel technologies.

To this end, this paper covers research on optimal resource
allocation (i.e., PT power and ST reflection coefficient) for an
EH IRS-assisted SRN to maximize the system EE QoS. Unlike
the current literature and as shown in Table I, this work focuses
on multiple PRs and STs, extends the simple rectifier NL-EH
model to multi-stage NL-EH model, as well as EE.

II. SYSTEM MODELS AND PROBLEM FORMULATIONS

We consider the SRN IoT model shown in Fig. 1, where
the PN consists of a Ng multi-antenna source (PT(Dg)) com-
municating with L single antenna PRs(D);). The SN consists
of K senor equipped (semi-passive) IRS devices (STs(7}%))
with M reflective elements. Each IRS has an embedded
EH sensor for critical environmental data monitoring (e.gs.
humidity, temperature, structure failure, etc). The sensor data
are transferred using wireless powered BC communication
(BackCom). The IRSs transfer the collected data to a cen-
tralized secondary receiver (SR(7'r)) BC reader. The mutually
beneficial symbiotic relationship between the PN and SN
exists as follows. The SN network benefits from the PN
by accessing its spectrum and using the PN RF for its BC
technique implementation and RF EH. The PN benefits from
the IRS-assisted communication via the IRS BC from the STs
to PRs transmission improving the PN spatial diversity. The
data signals flow is as follows.

A. PN and SN Data Transmissions

The generalized received signals at D; and T, is defined as
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Fig. 2. EH circuit schematic diagram.

where (z1,22) € {(S,1), (k,R)}, hg ., and gy, ,, are respec-
tively the PT and IRS; channels to either PR (22 = [) or SR
(z2 = R). vg,; is the PT to PR [ beamforming vector. ®y, is
IRSy, reflection coefficient diagonal matrix. xg; and x;, are the
PR; and the IRS data, respectively. The signal-to-interference-
noise ratio (SINR) for D; and T} data at Tr are deduced as

V1,20 = AZ1,Z2/[BZ17Z2 + CZ1,22 + Dz 2 + Ui]a 2)

where Ag; = |hglvs,l|2+Zszl |ng,l®%Gs,kVS7l|2, A=
Y |g1€{R®1§GS,kVS,l|2’ Cror = 1y M pvsil? Csy =
DR S |g£{z@;§ Gs,kvs,il* Dsi =0,

Bs; = Zf;él |hg,zVSJ|2 + Z%&l ZkK:1 |ng,l®%GS-,kVS,j|2’
Dy.,r Zj(:l leLzl |g£{R®]§GSJ€VS-,l|2’ and By r =

Zj;k Zle g R©®7Gsrvsil®. Asi, Bsi, Csin Akrs
By r, Ck,r and Dy, g are the PR; desired signal, the set of PR;
interference signals, the set of ST backscattered signals, the
IRS;, desired signal, the set of IRS; backscattered interference
signals, all PN direct links interference signals and all PN
backscattered data interference signals, respectively.

B. IRS Energy Harvesting

The energy harvested by T}, based on the multi-stage EH
model in Fig. 2 for backscattering is deduced as [6], [10]

2 p2 L 2 p3 L 5
Bl duti Okt | BeRAy e Dl Uk

Qr ~ 2772 4174
4Rld7kakVT,k 32Rld7kakVT,k (3)
2 P4 L -
ﬁkRAt,k Zl:l Uk,
Y
1024Rld,kagV76~7k
S 1H 4 = a5 o o
where Vil = |(l — ek)2 GS,kVS,l| > Ukl = ’Ulj.l’ Vk,i = vk,l'

Br is the number of voltage multiplier stages in the IRS
EH circuit, i is vector of ones, and @}, is a vector of IRS;
reflection coefficients. Ra¢ g, Ridk, ar and Vpy are ST [
antenna impedance load, power system load, ideality factor
and diode thermal voltage, respectively [6], [10].

C. System Behavior and Deductions

The influence of the SRN resources (Pr, P 1), antenna
structure (Ng, M) and devices (L,K) has on the SRN
are discussed next. For the analysis, it is assumed all IRS
have the same number of reflective elements M, and all
inter-node expectation components unrelated to the network
components listed above are equal and represented by Egy,
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Fig. 3. EE MRT analytical behavior.

Esr, Eskr, and Egk . Rician channel fading is adopted and
the expectation derivations are in Appendix A. The deductions
are illustrated in Fig. 3 and summarized as follows.

o The EE rises to (A; + A3)/(Pr + KPy;), as Ng — o0.

o The EE falls to A/Pr ~ 0, as Pr — oo.

« The EE approaches infinity (co), as L — oo.

o The EE falls to Ag/KPcir ~ 0, as K — oo.

o The EE falls to (/11 + flg)/(PT + K Py), as M — oo.

o The EE falls to (A; + A3)/K Ps; = 0, as Pej — 0.

i Esp+0.5K M3E
Where, Al = LlOgQ (1 + (L—l)ESS;+O.5KM3ESS;LL(2L—1))’
Ay = Klog, (1 +

0.5M*Eskr A
E PRk - TEsn ) and Ay

Llogy,(141/(2L —1)), Ay = Klogy(1+1/(2K —1)). From

the propositions, the following inferences can be made.

o Large N is desired, hence, massive antenna PT (massive
MIMO) can be deployed in an SRN.

o It is redundant for the PT to use high Pr. Therefore, Pr
must be well regulated during data transfer.

o It is advantageous to use low Pr to serve a larger L PRs,
and simultaneously excite (Backscatter) fewer K IRSs.

o It is beneficial if the K IRSs have a moderate number
of M deployed, this translates to the amount of F
consumed by operating the IRS (better energy efficiency).

After deployment, Ng, M and P cannot be changed. How-
ever, after deployment and during information transfer, the
SRN can decide the resource allocation (Pr, 8) and the trade-
off number of PRs (L) and STs (K) allowed to exchange
information within a coherence time to make their interac-
tion mutually beneficial. Therefore, the PT transmit power
allocation and the reflection co-efficient of the IRSs must be
optimized. The number of PRs and STs communicating within
a coherence time must be determined to promote the symbiotic
relationship between the PN and SN. It is difficult to determine
(optimal) a trade-off value between L and K to maximize the
EE. Hence, falling on the EE equivalency based on in [2], with
K or L defined, the other can be approximated from

L~ [1/0M°Eskr(Esy + 2Eskr)][Esr + 0K MPEgxkr,
+ (Esg, + 0K M3Esir)(Esg + 02K — 1) M3EskR)]
4)

or as the root of the equation’
K?[20°M°Esx rEsk L] + Esr[Esy — 0M°Eskr]
+ K[OM?(Eskxr(2Ess, — 0M Egrr) (5)
+Eskr(Esr + 0M°Eskr(2L — 1)))].
D. Optimization Problem Formulation

This work focuses on EE maximization with IRS re-
flection co-efficient ({©®;}£ ;) and PT beamforming vec-
tor ({Vs,z}lel) optimization. The associated constraints are
|©k]? < My, and 3, ||vsu||> < Pr, where Pr is the PT
transmit power. The EE problem is defined as’

maximize I/ subject to @22 < My, Vk, (6a)

{vs it Ok},

L

> lvsll® < Pr, (6b) Qx < Peir, ¥k, (60)

=1

(6)

where II = Zlel log,(1 + As1) + Zszl logy (1 + Ak, R)s
and £ = ZzL:1 |[vsill? + Peir. Peir is IRS circuit power
consumed for data processing and transmission, which is
facilitated by the energy harvested, ;. Concerning convexity,
constraints (6a) and (6b), and £ are quadratic functions and
convex in nature with respect to (w.r.t.) their corresponding
variables. However, II is non-convex, therefore, the objective
function is non-convex w.r.t. all variables and hard to solve.

III. PROPOSED MODEL-BASED OPTIMIZATION SOLUTION

Problem (6) is transformed to a weighted minimum mean
square error (WMMSE) problem, and an alternating optimiza-
tion algorithm proposed to maximize EE. WMMSE is adopted
because it is less complex than other methods, requiring
multiple-level iterations [11], [12].

A. Sum-rate-to-WMMSE Problem Conversion

Problem (6) is solved by adopting sequential convex opti-
mization tools with fractional programming [11], [12]. This
involves a combination of (a) the DinkelBach and dual de-
composition methods combined with (b) the WMMSE which
converts Problem (6) into a convex optimization problem and
makes it easier to determine the EE optimum solution [12].

The Dinkelbach’s transformation is derived as

maximize IT — y& subject to (6a), and (6b), %)

yv{vs,l}lll:p{@k}?:l
where y = II/€ is an auxiliary variable. The WMMSE
conversion of II is summarized as follows. The WMMSE
filters for the PN and SN are derived as

w:hm = EZ1,Z2/[AZ1,22 + Bz 2y + CZ1,22 + D2z + 032]7
(8)

i1y
where ES,Z = hg,zVS.,l+ZkK:1 ngV57l@§7l Sk, and Ek,R =
1
Zle ngvsylG,ﬁHgkyR, which yields the MSEs defined as

ITypically, a few IRSs will be deployed within a network. Hence, all IRSs
can transmit, and the L determined, which is less computationally intensive.
Fig. 3 unless stated; {Ns, Pr, L, K, M, P.;r } = {25, 30, 20, 10,20, —16}

2Problem (6) does not include the SN interference and rate constraints to
promote PN and SN mutual benefit [2].



Algorithm 1 Model-based EE maximization algorithm

Initialize {vs,, ©4} with S5 vs, < Pr, 072 < M,
repeat
Update {¢s,1, ¥ r} and {ws,,wk,r} from (8) and (10)
Update vg,; and Oy from (18), (14), VI and ,Vk
until EE converges

‘P;l,@ = (AZ1,Z2 + B 2+ CZ1,Z2 +0§2)_1 (BZ1,Z2 + CZ1,Z2 +
azz). The MSE to rate relationship is determined as

R\ 2 = logQ(le722)71. C)
The weighted MSEs of the PN and SN data are defined as

G210 = Wi,z P21,20 — 1Og2(wzl7z2)’ (10)

where wg;, and wy g are the assigned MSE weights for the
PRs and SR, respectively. The optimal weights are expressed
as wg; = (ps) ! and wy g = (pr.r) " for the PRs and SR,
respectively, which implies, ¢g5; =1 — Rg; and ¢p p =1 —
Ry, r. From the sum-rate-to-WMMSE equivalency derivations,
the transformed convex WMMSE problem is presented as

minimize - 9& subject to (6a) to (6¢), (11)

{vsato Ok},
where TT = 31" | 51+ S 4, épr and § = IT/E.
B. Proposed Model-based Alternating Optimization Solution

The individual variable closed-form solutions for the EE
maximization iterative algorithm are summarized as follows.
First, 15 and 9y g are derived in (8) as ws; = (ps,) ' and
wi.r = (pr.r) "' The optimal {vg,}£ , is acquired from

minimize II — y&€ subject to (6a) and (6b)

{VS,l}zL:1

as vg; = (A;)718, where the components and variables
derivations are presented in Appendix B. Algorithm 1 contains
the alternating optimization algorithm to maximize the EE.

12)

C. Proposed Algorithm Convergence and Overhead Analysis

The PT has knowledge of all the SRN channel statistics
and the complexity of its algorithm implemented centrally is
discussed as follows. The algorithm determines the EE for con-
vergence, the PT to PR beamformers ({vs;}/ ), the ST (IRS)
reflection co-efficient ({6} ) and the WMMSE associated
variables ({¢x. g, wik. r )51, {ts1, ws i} ). Therefore, the
big O computational complexity for executing Algorithm 1
is given as O(I[K? + L3 + log(1/¢)]), where I represents
Algorithm 1 iterations computation, log(1/¢) is the conver-
gence criterion computation and K2 + L3 is the arithmetic
computation of the various variables. The convergence of
Algorithm 1 is shown graphically in the next Section. Now, to
reduce the complexity associated with Algorithm 1, traditional
linear equal power allocation beamformers (zero-forcing (ZF)
and maximum ratio transmission (MRT)) with fixed IRS
reflection co-efficient and similar approximate computational
complexity of K + L 4 log(1/e) are used as benchmarks and
alternate algorithm reduction options.

n
o

} ZFO MRTO POS
L —— ZFF —<+— MRTF

0 10 20 30 40 50
Iteration number

o

EE [kbps/Hz/J]

o

Fig. 4. POS and benchmarks convergence.

IV. ALGORITHM EVALUATION AND DISCUSSION

Here the simulation comparison of the proposed optimal
scheme (“POS”) and benchmark schemes (ZF with optimal
0. (ZFO), ZF with fixed 0y = 0.5 (ZFF), MRT with optimal
6 (MRTO), and MRT with fixed 6, = 0.5 (MRTF)) are
presented. The simulation topology is defined as follows.
For the topology consisting of high(wall) mounted STs, SR
and PT, and ground level PRs, PT is positioned at co-
ordinates (xpr, ypr, 2zpr) = (0,0,10%)m. The SN (STs and
SR) and PR devices are randomly distributed within the co-
ordinates ({zsn, ysn}, zsn) € ([—102,10%],[10%, 10*°])m and
({zpr, ypr }, 2pr) € ([—10%,10%],[10°,10%°])m, respectively.
The euclidean distance is used to determine the inter-node
distances, and the Rician fading channel model is adopted.
Each channel geometric attenuation factor is A, = 30dB. The
Rician factors and pathloss exponents for the SN interactions
are {,Ltsyk, uk_,l,,ukyr} =3 and {Cs,k, Ck,lv Ck,r} = 2.5, and the
PN interactions are {fp. 1, ps,» } = 4 and {(p1, (s, } = 3. Also,
NS = 25, L= 20, K= 4, Qp = 1.5 5 ﬁk = 4, RAt,k = 509,
Rigx, = 105Q, Vp = 25.86mV, and Pr = 20dBm [2], [6].

The convergence of various schemes are shown in Fig. 4.
The POS solution is acquired with less than 30 iterations.
Also, the benchmarks have constant and lesser EE values
with increasing iterations because of the use of closed-form
arithmetic solutions in those schemes. Finally, the benchmarks
achieve lesser EE values compared to the POS.

Now, the performance of POS in comparison to the bench-
mark (ZFO, ZFF, MRTO, MRTF) with respect to varying
network resources and device architecture are presented in
Figs. 5, 6, and 7. From all the figures, the ZFO and ZFF
have marginal performance differences. This behavior is also
observed for MRTO and MRTF. This observed behavior is due
to the PT transmit power equal power allocation assumption
in this work. Hence, optimizing the IRS co-efficient in the
benchmark schemes has little influence on SRN performance.
In terms of overall performance, POS is superior to the
benchmarks. Next to POS in performance ranking, the ZF
schemes are better than the MRT schemes. Generally, and
by observation, the behavior of the plots (POS, ZFO, ZFF,
MRTO, and MRTF curves) maintain the patterns discussed in
Section II-C. The benefit of POS over the benchmarks lay in
its EE high saturation points seen in Figs. 5, 6, and 7. Hence,
apart from the Pr and P, plots, the POS EE saturation
values are about {150, 50,80} bps/Hz/J in { Ng, K, M} } plots,
respectively.
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Fig. 5. EE against varying (a) Ng and (b) Pr.

V. CONCLUDING REMARKS

This paper tackled the optimal resource allocation for a gen-
eralized symbiotic radio network (SRN) consisting of a mul-
tiple access primary network (PN) and an energy harvesting
(EH) backscatter (BC) communication (BackCom) secondary
network (SN). The PN consists of a base station downlink
communication with multiple user equipment assisted by mul-
tiple EH IRS devices. Simultaneously, the SN consisting of
the multiple EH sensor-equipped IRS devices backscatter the
sensor data to a backscatter reader. Here, the optimal resource
allocation to maximize the SRN energy efficiency is tackled,
and an alternating optimization algorithm is proposed. The
proposed scheme is compared to benchmarks in simulations.
From the simulation, it is shown that the proposed scheme
outperforms the benchmark schemes. This work’s extensions
will offer lower complexity algorithms, considering trade-
offs between spectrum and energy efficiency, multi-antenna-
equipped receiver devices, and many other possible concerns.

APPENDIX A
SYSTEM ANALYSIS COMPONENTS DERIVATION

The expectations of Rician fading channel are deduced as
*CS,zg 1
AS,zz (di}fz ) 2
Ns

1/2
Elhs,.,| ~ (NS/Z2 + X8,25) (5,25 +1) )
d “Chizg L
Ak z ( k’zz’) 2
1/2 222 d,
Blgheal = (012, + Xnea) Mi | — 0y , and
ASk(dj’k)7CSJC 2
’ 0
E[Gsk] ~ (g + Xs.0) No My ey , where

iz, represents the Rician factor for each channel, (,, .,
represents pathloss exponent and all antenna small-scale fading
channel components are assumed to be equivalent. In addition,
equal power allocation and MRT are assumed for PT transmis-
sion, that is, E[vg,] = %E[hs,l/HhS,lH], and the reflection
co-efficient is set as 0.5.

Now, the expectations of the SINRs are given as
follows. For the PN, t]]?i SINR expectation is defined as
E[yz1,2) = E[B:, -, tE[C : zlz;]z:]rlE Dy, 11’
components deduced as follows.
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Fig. 6. EE against varying (a) L and (b) K.

Fig. 7. EE against varying (a) M}, and (b) Pgj,.
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E[CS’Z] Lo Zk:l (ot +1) (s, k+1)
Xk,l)Q(MS{k + Xs,k)?0.5Pr NZ M,

de —Cs,r
(e () )

ot D (psl + xs,r)*Ng and
(s () “"(5) )
3R A5\ ~ag K 2

E[D.r] ~ iy ik Gnd DG+ 1) (jor +
X5,R)? (1g j + xs,5)?0.5M7 PrNZ.

For the energy harvesting power available at the IRS, we
have E[f)k l] ~ (Asﬁk(dsﬁk/do)ics’k)2/(,us,k + 1)2PT(1 —
9)2M6(ui/k2 + xs.k)*N4. Hence, the derivation and proof of
the various SINR, rate and EH expectations is complete. B

) ™)
(N}i{f +

1/2

E[C]QR] ~ PT

APPENDIX B
EE-WMMSE BASED SOLUTION

The optimal solutions for 8;, and vg; are as follows.

A. IRS Reflection Coefficient Determination

From (6), the IRS harvests enough energy for circuit op-
eration (i.e., Qx = P.), 0 can be determined from EH
constraint. First, let x, = {|(i—61)27 Gg vs1[*}F € RI*L,
and diagonal matrices A, = {ﬂiRitﬁk/élRld,kaiVszk}lL €



RLXL, By {ﬁzRit,k/32Rld7kaiVﬁk}f € REXL and
Ci = {Bi R, 1/1024Rig k0 V3, 31 € RY*E. Then the EH

constraint at equality is redefined as

— Py 13)

X can be found from (13) with a root finding algorithm
(e.g., Newton method). From the optimal xj solution, we

= A(i — 6,)%, where A, = {(Gsvs1) .
Making 6, the subject (i- Gk)%
(1_0k)

1 1 3 3
0=x7Apx? +x;Bipx} + x,Crxy,

I

have x;
1

= A;'x}", leading to

(A % )T (A 'x ™). The optimal 65 is given as

0r =i— (A% )T (A7 %), (14)
B. PT Power Allocation Optimization
The EE WMMSE based problem is defined as
minimize IT — y& subject to (6b). (15)

{vsatis,

Let I' = II — yE. Now, the receive filters, weights and
beamforming can easily be determined as follows [2].

The s, and 1)y filters are only found in the objective
function. Hence, from OI'/0v¢s; = 0 and OT' /Oy, r = O the
closed-form solutions are found as

Ve, = Esi/[Asy+ Bsy + Csy + Dgy + o7l
Vi r = Ex,r/[Ak,R + Bi,r + Ci,r + Dir + 03]

by making g, and vy the subjects, respectively. The wg;
and wy, g are weights also determined from 0I'/dwgs; = 0 and
OT'/Owy,. r = 0 respectively as

(16)

wsy = (1/¢s,1), wi,r = (1/¢r,r), Where
orr = [Vrr*(Akr + Brr + Cr.r + Dip + 0%) + 1
— Yk rEkr, and ps; =1 — g, Es; + [vs,]?

x (As; + Bsy+ Csy+ Dgy + o}).
(17
Now, differentiating the Lagrangian with respect to (w.r.t.)
Vs, equating it to zero and solving for vg;, we derive

Vsl = (A) 71,

Ek L k. rwi R(GY ,OF gk.,R) + s ws,i(hg;+
Zk:l GS,kgk 8ri), A = Zj:l s j|*ws jhs b, — 4+
2L s sPws ; She, (GH, O g1,) (GE,OF g ) +
230, S, [k n e n(GE O] g 1)) (GE 07 g m) +
hS,Rth Z]K:l ¥, r|?w; r — A\. The Lagrangian w.r.t. v is
= Wikl Uk R1? Y WY pvsl? —
ZL 1wsz¢sz(hglvm + Z? 1851@%GS kVSl) - (9 +

)Zl_l [vs.ill®— Zk 1 Wk, Rk, R 21_1 gl RO Gsivs,+
23 Wkl vk R ZJ S g R@ Gs,jvs,|? +
2 21:1 ws,ils,l? Zj:l Zk:l |gk,l®k Gs,rvs,jl? +

L L
Sy wsalsl? Yo, hE vs 2.

From constraint (6b), vg; cannot exceed Pr. The
derivation of A is as follows. We multiply {vs:, Yrr}

(18)

where §; =

given as L(vg, A)

solutions by their respective weights {ws;,wkr} to
obtain {¢gws;} and {¢y rwi r}. The two resulting
expressions are merged (summed). The resulting equation
from the merger is subtracted from the beamformer equation
(vs,x(18)), and X is made the subject, resulting in

L K .

A= PLT(ZZ:I [Vsal?0f + Xgey [Yr,rl?0%). Ay is shown

to be full-rank matrix as follows. Let b = (§ + A) and B =
1 1

L K 5 5
223 L [¥s g Pws i > 1(ng®;§gk,J)(Gé{k®,§gk DT+
Yoicy s jPws shs b + hSRhSRZy— |1/JJR| wj,r +

2 Zk 1 Z;— Y5, [Pw;, R(G k ga,R))(Gs,k i gJ-,R)
Then, the eigenvalue decomposmon of the matrix A; is given
by Up(Ap — bI)UZ. Obviously, b > 0 and the matrix B
is a positive semi-definite matrix, therefore, A; is a full rank
matrix [3], [13]. Also, the matrix A; is a non-zero matrix
and the determinant of matrix B is not zero [3], [13].1
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