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Robust Power Allocation for Energy-Efficient
Location-Aware Networks

William Wei-Liang Li, Member, IEEE,Yuan ShenStudent Member, IEEE,
Ying Jun (Angela) ZhangSenior Member, IEEEand Moe Z. Win,Fellow, IEEE

Abstract—In wireless location-aware networks, mobile nodes
(agents) typically obtain their positions through ranging with
respect to nodes with known positions (anchors). Transmit
power allocation not only affects network lifetime, throughput,
and interference, but also determines localization accurey. In
this paper, we present an optimization framework for robust
power allocation in network localization to tackle imperfect
knowledge of network parameters. In particular, we formulate
power allocation problems to minimize the squared position
error bound (SPEB) and the maximum directional position error
bound (mDPEB), respectively, for a given power budget. We
show that such formulations can be efficiently solved via can
programming. Moreover, we design an efficient power allocabn
scheme that allows distributed computations among agent§-he
simulation results show that the proposed schemes signifioty
outperform uniform power allocation, and the robust scheme
outperform their non-robust counterparts when the network
parameters are subject to uncertainty.

Index Terms—Localization, wireless networks, resource al-
location, semidefinite programming (SDP), second-order ¢oc
programming (SOCP), robust optimization.

|. INTRODUCTION

Positional information is of critical importance for futur
wireless networks, which will support an increasing numb
of location-based applications and services [1]-[9]. Epkm

applications include cellular positioning, search andcues
work, blue-force tracking, etc., covering civilian life mailitary

operations. In GPS-challenged environments, wirelesgarkt
localization typically refers to a process that determittes

positions of mobile nodes (agents) based on the measurem&fi .
ntgade—off between localization errors and energy consump-

with respect to mobile/static nodes with known positio
(anchors), as illustrated in Fig. 1. With the rapid develepin
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Fig. 1: Location-aware networks: the anchors (red circle)
localize the agents (blue dot) based on inter-node range
measurements.

of advanced wireless techniques, wireless network logtidia
has attracted numerous research interests in the pastetecad
[10]-[20].

Localization accuracy is a critical performance measure of
wireless location-aware networks. In recent work [5], &k
fundamental limits of wideband localization have beenwasti
in terms of the squared position error bound (SPEB) and direc

éipnal position error bound (DPEB). It shows that localiaat

accuracy is related to several aspects of design, incluaktg
work topology, signal waveforms, and transmit power. Power
allocation for wireless network localization plays a @adtirole

in reducing localization errors or energy consumption, vhe
the nodes are subject to limited power resources or quatity-
{vice (QoS) requirements [21]-[23]. Optimal or neaiiropt

tion can be obtained by optimization methods, which have
played an important role in maximizing communication and
networking performance under limited resources [24]-[31]
The authors in [32] formulated several optimization praotse
for anchor power allocation in wideband localization sysie
and derived the optimal solution for single-agent netwohis
[33], it exploited the geometrical interpretation of lozation
information to minimize the maximum DPEB (mDPEB).
In [34], it investigated the localization using MIMO radar
systems, and adopted the constraint relaxation and domain
decomposition methods to obtain sub-optimal solutions for
power allocation. In general, how to optimally allocate the
transmit power in location-aware networks still remainsaas
open problem.

Power allocation schemes should be adapted to the instan-

1The mDPEB characterizes the maximum position error of amtageer
all directions.
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taneous network conditions, such as network topology aAd Network Settings

channel qualities, for optimizing the localization perf@mce.  ~gnsider a 2-D location-aware network consisting 1o
Previous work on power allocation in location-aware nekgor agents andV, anchors, where the sets of agents and anchor
assumes that the network parameters such as nodes’ pssitigil janoted bWa={1,2,..., Na} andNp = {Na+1, Na+

and channel conditions are perfectly known [32]—[34]. How ..., Na+ Ny}, respectively. The 2-D position of node

ever, these parameters are obtained through estimation %hﬁenoted bypx. The angle and distance between nodes
hence subject to uncertainty. The power allocation based 8Rd j are given byér; and dy;, respectively. The anchors
imperfect knowledge of network parameters often leadshe suyre mopile/static nodes with known positions, and subject t
optimal or even infeasible solutions in realistic netwoi3S]-  |imiteq power resources. The agents aim to determine their
[37]. Therefore, it is essential to design a robust scheme {gqjtions based on the radio signals transmitted from the
combat the uncertainty in network parameters. anchors. For instance, agents can obtain the signal metrics
In this paper, we present an optimization framework fQg,ch as time-of-arrival (TOA) from the received signalsg an
robust power allocation in network localization to tacklghen calculate their positions via triangulation [5].
imperfect knowledge of network parameters. Specifically, W The multipath received waveform at agéntrom anchor;
treat the fundamental limits of localization accuracy..,i.€js modeled as 5]
SPEB and mDPEB, as the performance metrics. The main

contributions are summarized as follows. kj

ki) =Y Fry - on) s(t— 1) + z15(2), t € [0, Top) (1)
=1

T
o We formulate optimization problems for power allocation

to minimize SPEB/mDPEB subject to limited power ) )
resources, and prove that these formulations can pherexy; is the power of the transmit waveform fro(E? anchor

transformed into conic prograns. j to agentk, s(t) is a known transmit waveforny, ; and
o We propose a robust optimization method for the worsﬁi? are the amplitude and delay, respectively, of tepath,
case SPEB/mDPEB minimization in the presence dfy; is the number of multipath components, (t) represents
parameter uncertainty. The proposed robust formulatioadditive white Gaussian noise (AWGN) with two-side power
retain the same form of conic programs as their nospectral densityV,/2, and|0, Typ) is the observation interval.
robust counterparts. We consider that the measurements between anchors and
« We develop a distributed algorithm for robust power alloagents do not interfere each other by using medium access con
cation, which decomposes the original problem into setrol, and the network is synchronized such that the intefeno
eral subproblems enabling parallel computations amodgstance is estimated using one-way time-of-flight (T&Bur
all the agents without loss of optimality. work can be extended to asynchronous networks where round-

The rest of the paper is organized as follows. In Section f{iP TOF is employed for distance estimation, and it will be
we describe the system model and introduce the performafgcussed in Section Il1.
metrics. In Section lll, we formulate the power allocation
problems into conic programs. In Section 1V, robust powes. Position Error Bound

allocation schemes are proposed to combat the un<:ertaint)1_he SPEB introduced in [5] is a performance metric that
in network parameters. In Section V, we further decompos

o cRaracterizes the localization accuracy, defined as
our robust formulation into several subproblems that can

be independently solved by each ager_1t. _In Se_ction VI, the P(pr) 2 tr{ng(pk;{xkj})} 2)
performance of the proposed schemes is investigated throug
simulations. Finally, the paper is concluded in Section. VIl WhereJe(px; {xx;}) is the equivalent Fisher information ma-

Notations:We use lowercase and uppercase bold symbolstfs (EFIM) for agentk’s positionpy. Using the information
denote vectors and matrices, respectivelyt(A) and t(A) !nequahty [39], we can show that the squared position error
denote the determinant and trace of matkixrespectively; the S bounded below as

T X

superscr!pl(-) and| - || denotg the. transpose and Euclidean E {|Ipx — pl?} > P(ps)
norm of its argument, respectively; matricAs>> B denotes
that A — B is positive semidefinite. We define the unit vectowhere p;, is an unbiased estimate of the positipp. The
u(¢) = [cos¢ sing]T. We use calligraphic symbols, e.@;, EFIM in (2) can be derived based on the received waveform
to denote sets, an@l{-} andPr{-} to denote the expectationin (1) as a2 x 2 matrix [5]

and probability operators, respectively.
Je(pri {zns}) = D &y wng Ie(dny) ®)
JEND
II. SysTEMMODEL whereJ (¢r;) = u(grj)u(or;)" is a2 x 2 matrix, andgy;
In this section, we describe the system model, and introduée? Positive coefficient determined by the channel progsrti

two performance metrics of location-aware networks. ) ) o
3There are two common ways for inter-node distance estimatased

on TOA: one-way TOF (only anchor transmits) or round-trip H@both
2Conic programs can be efficiently solved by off-the-shelfirojzation  anchor and agent transmit). The former requires anchorsagedts to be
tools [27], [38] synchronized for distance estimation.
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given by?
87T2W2 (Oé](cl‘))Q
& = —— (1= xny) NJO (4)

with W as the effective bandwidtle, as the light speedyy;
as path-overlap coefficient characterizing the effect oftimu
path propagation for localizationy, as the noise spectrum
density?

Since the SPEB characterizes the fundamental limit of
localization accuracy and is achievable in high SNR regjmes
we will use it as a performance metric for location-awareFig. 2: Geometrical interpretation of the EFIM for agént
networks, and allocate the transmit power to optimize the
system performance by minimizing the SPEB.

IIl. OPTIMAL POWERALLOCATION VIA
C. Directional Decoupling of SPEB CoNIC PROGRAMMING

We then introduce the notations of DPEB and mDPEB [6]. In this section, we formulate the power allocation problem

The EFIM (3) can be written, by eigen decomposition, as using SPEB and mDPEB as the objective functions, respec-
0 tively. We show that the SPEB minimization is a semidefinite
Je(pr: {zk;}) = Uy, {MB”“ } Uy, program (SDP) and the mDPEB minimization is a second-
K2k order conic program (SOCP).
where p; 5, and po ), are the ordered eigenvalues of EFIM
(1.0 = piz), Given by A. Problem Formulation Based on SPEB
ks f2k = %( Z Erjap; = H Z Ekj Thj u(2¢kj)H> We first consider the problem of optimal power allocation
JEND JEND that minimizes the total SPEB while the network is subjea to

budget of power consumption. The problem can be formulated

and Uy, is a rotation matrix with anglé;, given by &
a
U — cosf, —sindy .
% = lsin@), cosfy |- P {mm} Z tr{J; (Pk; {ij})} (6)
Ty
Geometrically, the EFIM for agenit can be viewed as an RN ot

information ellipse given by{z € R? : 2" J. ' (py; {21 })z = st Y Y wy <P (7
1} (see Fig. 2), wher@, /i1 x and2, /12 . give the major axis kENajEND
and minor axis, respectively. xR; >0, Vk e N, VjeN (8)

Definition 1: The directional position error bound (DPEB) . . "
of agentk along the directions is defined as where (7) gives the total transmit power bud@¥t for all the

anchors. We first show the convexity of the above problem in
P(pr; @) 2 u(p) [Ig (P, {21 P]ulep). the following proposition.
Proposition 1: The mDPEB of agenk is Proposition 2: The problem#?; is convex inxy;.

Proof: See Appendix B. O
max {P(pr;p)} = L 5 Since Z; is a convex problem, the optimal solution can be
v€el0,2m) M2,k achieved by the standard convex optimization algorithngs, e
Proof: See Appendix A. (1 interior point method. We next show that such problem can

Proposition 1 can also be understood via the informatid¢ converted to a SDP problem, which is a more favorable
ellipse of EFIM. The information for localization achieviee formulation since many fast real-time optimization sotvare
maximum along the major axis and the minimum along trvailable for SDP [43], [44].
minor axis. Due to the reciprocal, the SPEB is dominated by TO obtain an equivalent formulation te’;, we replace the
the mDPEB, which is the inverse of the smaller eigenvall&IMs in (6) with auxiliary matricesM, and add another
of the EFIM. Therefore, in order to improve the localizatiogonstraint
performance, it is more helpful to maximize the smaller My, = Jg ' (Prs; {ms })-

eigenvalue of EFIM, equivalently to minimize the mDPEB th%fnceJe(pk) is a positive semidefinite matrix, due to the prop-

characterizes the maximum position error of an agent over tv of Schur complement. the above inequality is equivalen
directions. We will use mDPEB as another performance metrﬁé y P ' q Y q

of localization accuracy. [Mk I
. 0.
4The derivation 0f¢; is given in [5], and this parameter can be obtained I Je(p’“ {xkj})
through channel estimation.
5Although the structure of SPEB is derived based on the redeivave- 6The structure of the problem retains with additional lineamstraints, such
forms for wideband systems in [5], it is also observed in otM®A- or as the maximum transmit power from anchoto agentk, and the maximum
RSS-based localization systems, e.g., [16], [40]-[42]. total transmit power from anchgr. See Remark 2 for more discussion.
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Then, we can obtain a SDP formulatic#;°" equivalent to where

P,
i >0, Yk € N, VjeMN. 11
3PP, minM Z tr {M} Trj = a V] b (11)
fowah Me X It can be shown that the EFIM of agehtis given by
M, I }
s.t. =0, Vk e N,
[ I Je(pr {zs})] — : Je(ri {was}) = Y & 9(@ny, wy) Je(dns)
(7) - (8) JEN

Hence, the optimal solution of’; can be efficiently obtained \yhere the equivalent powei(zy;, 2, ) = 4(1:71 + I/fl)*l
. . SDP ) g 707 kj kj kj T
by solving the SDP formulation”;™". To derive the maximum total equivalent power, we consider
the following problem

B. Problem Formulation Based on mDPEB

We now consider the minimization of total mDPEB as our {mf?aff} Z Z g(ijvI;cj)
objective. The problem can be formulated as TR keNajEND
1 st (7) - (8)
Py min —
S N My (10) - (1)
st. (7) - (8) Using the Karush-Kuhn-Tucker conditions [46], it can be

proved that the optimal value is reached as a constant

which can be equivalently converted to g(P™, P9 if and only if

1
.QZZSOCP: min /
Thj,T . 1 ; — P tot
{@ngreh kEN ZJGNb Sk Ty — T x;gj = Pprot Tkj- (12)
s.t. 1> H Z gkj Tkj u(2¢kj) s Vk € Na (9) ) ] . )
JeNs Hence, in order to achieve the maximum total equivalent
7) - (8) power, the power allocated on anchors and agents should be

proportional and consequently, the EFIM for asynchronous
The constraints (9) defin&’, second-order cones given by network is

Qk:{(’l’k,zk)GRXRQ cre > |z} Vk € Na 4ptot

P
Je(pri{ors}) = Y &y prot g prot ki Jr(0n5)

wherezy = >, \; &y T u(201;). Moreover, the objective i

is convex in{xy;,r;}, since the denominator is a positive
linear combination of z;, 71 }, and the reciprocal is a convexwhich is with the same structure as the EFIM of synchronous
and decreasing function which preserves convexity [45usTh network in (3). Therefore, the power allocation on both
we obtain a nonlinear SOCP problem which is convexjpn. anchors and agents in asynchronous networks can be equiva-
Remark 1:We consider a general model where each afently converted into anchor power allocation in synchneso
chor can use different transmit power, and our work can Inetworks.
applied to the anchor broadcasting scenario by simply addin
constraintry; = z;, Vk € Na.
Remark 2: Additional linear constraints on transmit powelC. Formulations with QoS Guarantee

can be_ imposed depending on the realistic requwem_enthe next briefly show that the proposed framework also
of location-aware networks. For example, we can consider

: X applies to another two types of problem formulations based
Pg;.“‘ < < P,g;.ax where Pg;.“‘ and P,g;.ax are the lower bp yP P

: L=k k. : , on different QoS requirements.
and upper limit of the transmit power from anchpto agent 1 E fficient FormulationThe obiective is to mini
k, respectively; Olzkej\/a Ty < P;-Ot Wherep}ot is the upper ) Energy-efficien rmulationThe objective IS to mini-

limit of the total transmit power from anchgi Due to the mize the total transmit power subject to the requirements fo

linearity of these constraints, the convexity of the prablis agents’ SPEBs, i.e.,

retained, and the optimal solution can be obtained via conic min Z Z -

programming. (o} ki
Remark 3:For the asynchronous networks where round-trip i)

TOF is employed for distance estimation, we need to allocate s.t. tr{Je (Pr; {xkj})} <k, Vk € Na (13)

the transmit power for both anchors and agentsat,gtdenote (8).

the power of the transmit waveform from agénto anchor

j. In addition to the total anchor power constraint in (7), weimilarly, a formulation for the mDPEB case can be obtained

also impose a total power constraint on agents, i.e., by replacing (13) with

’ "tot
S S, <P (10) Loy, ke, (14)
KENa JEND H2.k

kENajENy
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2) Min-max SPEB FormulationThe objective is to mini- Whereék]— and g%kj denote channel parameter and angle with

mize the maximum SPEB among all the agents, i.e., uncertainty, respectively, andij and st are both small
. . positive numbers denoting the maximum uncertainty in the
mi max {tr{Je §o7% {xkj})}} channel parameter and angle, respectively.
{zk;} k - .
L (7 8 To deal with the network parameter uncertainty, we adopt
st (7)-(8) robust optimization techniques to guarantee the worst-pas
It can be equivalently transformed into formance. Instead of using the estimated values, we canside
minimizing the largest SPEB over the possible set of actual
min network parameters, i.e.,
{zkit, v
st tr{I7 (pr; {z )} <, VR €N Pro: min max > {3 (o {1}
(7) - ©® tonsd {gesesiy oneS) X,
st (7)-(8)

which turns out to be with the same structure as the energy-Since I (oo _ s a monotonically non
efficient formulation. Similarly, a min-max formulationrfthe {3 (ow; {zn ) } y

mDPEB case can be obtained by replacing the SPEB with the' ©2>N9 function ok, the maximum SPEB ovef;; is
mDPEB in the constraint. independent of,,;. Hence, the maximization oveéy,; simply

Note that since the above formulations with QoS guarantfeoellowS that

have the same structure @8 or 2%, which can be solved & £ arg max tr {3 (P {zis D)} = Erj — gﬁkj_

efficiently by conic programing, we will focus o1 and %%, {¢k;€55;}

in the following. On the other hand, however, the maximization aygy is not
To obtain the optimal solutions of’; and 2, it requires  trivial, because

the network parameters, i.e., the channel paranggjeand the ~ . .

anglegy;. However,;'s and ¢;'s are usually not perfectly {0} = arg max 1 {Je " (prs {zrs D) }

known in realistic networks, and only estimated values are {9r1€8;} )
available. Wherg;;;'s and ¢y;'s are subject to uncertainty, the —arg max H Z Ekj Thj u(2¢kj)H (15)
formulation 27, or &, may fail to provide reliable solutions, {¢r;€SE} JeNy

since the actual SPEB/mDEPB is not necessarily minimizegd, ;.. right-hand side of (15) is not a convex problem. Hence
Therefore, it is essential to design a power allocation sehe

hich is robust (o th ainty | work " it is difficult to obtain a close-form solution df¢y; } since it
which is robust to the uncertainty in network parameters. yo,0nqe oz}

We next consider a relaxation for the robust optimization
IV. ROBUST POWER ALLOCATION UNDER with respect to{¢x; } and introduce a new matrix

IMPERFECTKNOWLEDGE OFNETWORK PARAMETERS . R
. . . . Qr(Prjs Ors) = Jr(drs) — Oxj - 1 (16)
In this section, we consider the location-aware networks ) ) )
with imperfect knowledge of network parameters, and pr&? replaceJ:(¢y;) in the SPEB in (2). We will show that the
pose robust optimization methods to minimize the worseca¥0rst-case SPEB ovef; can be bounded above by the new
SPEB/mDPEB under parameter uncertainty. function for sufficiently largej,;. The details are given in the
following proposition. .
Proposition 3: If Zjer Ekj i Qr(ors, 0k;) = 0 and
Okj > sinsfj, the maximum SPEB over the actual anglg
In realistic location-aware networks, the network paranis always upper bounded as
eters, i.e.,§;; and ¢y;, can be obtained through channel VI
estimation or inferred based on the prior information ofrage {¢;§12§;?,} tr{Je " (pr; {zx 1) }
positions! and hence are both subject to uncertainty. We ! ) .
adopt robust optimization methodology, which is developed < tr{( Z Ekj Thj Q,(q&k.j,&kj)) } a7)
in recent years to handle the optimization problems witla dat JjeNy

uncertainty [36]. Typically, the data defining the optintina Moreover, the tightest upper bound in (17) is attained by
problem is assumed to lie in a certain bounded set, referred

to as uncertainty setHere we consider the actual channel ;;, Efj — argmin tr{( Z €4 Th; Qr(ékj,zikj))_l}.
parameters and angles lie in linear uncertainty setsg i.e., Okj

A. Robust Counterpart of SPEB Minimization

JENy
6y € S5, £ (6 — of, &+ 5, Proof: See Append C. B
S¢ A4 6 4 ) In the rest of the paper, we take the minimidgf = sinej;
Prj € Spy = [Prg — €ps0 Orj T €15 and denote the matrix
"The prior position information is available in applicatiosuch as naviga- Qr(@gkg) = Jr(ﬂgkj) — sin Eij I

tion.

8We consider the paramete,; related to the channel properties to be 9| uncertainty exists in anchor positions, it can be eqeintly converted
always positive, i.e.§y; — aij > 0. into the uncertainty in channel qualities [6].
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by omitting the variabled,; in (16) for simplicity. Then, wherer is a fixed positive number;
we replace the matrid;(¢x;) with Q(¢x;) in the previous (b) whene? — 0, we have
formulation, and propose a robust counterpartéf given by - )
B . Pr{ Z Ekj Tr; Qu(drs) = 0} =1-0((e)N/?),
Pra:  min Z tf{ Z Ekj Thj Qr(dnj) } JEN
{1kj} kENa (jer ) vke.j\/'a
s.t. Z €k T Qe(rj) = 0, Yk € Na (18) Proof: See Appendix D. 0
JEN Remark 5:Proposition 4 implies that the condition (18)
(7) — (8) holds w.h.p. at the rate indicated by ti& notation, where

O(f(n)) means that the function value is on the orde
Again by the property of Schur complement as#{P®, the [4(7{_( ) 1 of)

problem 2, is equivalent to a SDP formulation, given by ~ Remark 6: Note that Proposition 4 holds fdee, }, which

SDP. . implies that the optimal solution of the original robust-for
IR {m,ffffle Z tr{M} mulation Zg.o is included in the feasible set of the proposed

k;/jlva . formulation .1 (or 2857) w.h.p.
s.t [I’“ -~ =0, VEEN,
2 jens Eki wrj Qo)) (19) B. Robust Counterpart of mDPEB Minimization

7 8 We investigate the robust power allocation based on mDPEB
(7) - (8) formulation £2,. To circumvent the intractable maximization

Remark 4: The formulation with QoS guarantee propoself (1), we consider the robust SPEB formulatiofr..
in Section I11-C can also be extended to its robust formatati SPecifically, the objective 0., can be written as
using the above method. By such, the SPEB of each agent ~ A -1 1 1
is always guaranteed to satisfy its position error requénem tr{( Z Skj Tk Qr(qskj)) } T T T Tk (20)
However, if using the non-robust formulation, the requiesrs JENS 7 ’
for agents’ SPEBs, e.g., (13) or (14), can easily be violate¢here 1y . and i» ;. are the two eigenvalues of the matrix

due to imperfect knowledge of network parameters. Zjer Ekj Thj Qr(ékj), given by
Note that from Proposition 3, the new formulatior-1 1 N
is a valid relaxation for%g.o when the condition (18) holds. ik, Pk = 5( Z Ej i (1 — 2sin5fj)
SinceQ:(¢x;) is not positive definite due tdet (Qr(¢x;)) = JeNs
. b /. b " .
siney (siney; —1) < 0, such a condition does not necessarily ~ -
hold for all E)ower allocation{z; }. However, we will show + H ZN Ekj g W(20;) ’ : (21)
j €

that it holds for the optimal power allocation a#r with
high probability (w.h.p.) when the number of anchors is éargGeometricallyyi; .. andjiz . are similar to the DPEB's in two

or the uncertainty in angle is small. orthogonal directions. Using Proposition 4, we can show tha
Before giving the proposition, we introduce an equivalentz.» = 0 W.h.p. whenNy is large ors? is small. Sincei x>
expression for the channel parametgs in (4) asé; = fi2x, the smaller eigenvalug, , dominates the function in

Crj/di?, where (; is a positive coefficient characterizing(20)- Hence, we formulate a robust counterpart’éf based
shadowing effect and small-scale fading process, Aiglthe 0N /2, given by

amplitude loss exponert. . 1
Proposition 4: Consider a network where all the nodes are PRz P! Z o
uniformly located in aR x R square region, the minimum TokeNa T
distance between two nodessig, and the coefficien,; has st fior >0, VkeN; (22)
a support ONCmin Cmax] Where0 < (min < (max- L&t {x;} (7) — (8)

be the optimal solution 0fgo, andé = sine? wheres? =
max{sﬁj}, then
(8) whenNp — oo andd < dpax, Whered,.x is the smallest

Given thatjis , > 0, the problemZg_; is equivalent to the
following SOCP problem:

" . 1
positive root of equatiodd? — 46% — 2Cmax/Cmind+1 =0, 239" min — —
we have {zrj,mr} = Zjer&j xkj(l—Qsmskj) — 7T
N A (23)
Pr ki Trs Qr(dg,) = O} =1—0O(exp(—n-Np) ~ N
{je%b B ( ) st > H S & aas u(2dn) ‘ Vk € Na
' JENy
Vk € Na (24)
0we introduce the path loss model here to facilitate the praiothe Tk < Z Ek; xkj(1_2sm5fj)v VEk € Na
Proposition 4. However, the robust power allocation scledtw not require jEND
B, since the channel parametgy; can be obtained directly through channel 7 8
estimation. (7) - (8)
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Note that the uncertainty in anglefj only exists in the let Ty = tr{ (>, ; €1 Pk Qr(ékj))fl} and formulate the
objective, and does not affect the second-order conic cainst problem as:

(24). Hence, the problen”g3 " retains the same structure of " T,
$OCP and its optimal solution can be efficiently obtained. PRyt min —
{zx} VA Ty

V. EFFICIENT ROBUST ALGORITHM USING s.t. (27) —(28)

DISTRIBUTED COMPUTATIONS
The problem#{", is convex inz;,, and the optimal solution

In this section, we designed a distributed robust algorith@ given in a closed form as follows.
for both SPEB and mDPEB minimization, which decomposes pygposition 5: Given thatp;, is the optimal solution of
the original formulation into two-stage optimization pleims 20

X , the optimal solution of@(”) is given b
and enables parallel computations among all the agents. Th&1* P g y

proposed algorithms achieve the global optimal solutioth wi o Py /T, (29)
! _ e e
improved computational efficiency. S ke, /T,

Proof: See Appendix E. O

A. Algorithm for SPEB Minimization The optimal power allocation for the location-aware net-
Despite the convexity of the robust SDP formulatig#s5F,  work is

there are multiple positive semidefinite constraints inggo®r » -

multiple agents, and the computational complexity depends Thj = PrjTk (30)

on the number of SDP constraints. To efficiently obtain thgherex; is given in (29). The detailed algorithm is described

power allocation decision for multi-agent networks, weiges in the Algorithm 1.

a distributed implementation fo#?35F, which can be solved

using parallel computations among the agents. Algorithm 1 Robust power allocation algorithm for multiple-
Specifically, we letry; = pi i, Wherexy, is the total power agent networks

assigned for locating ageit andpx; € [0,1] is a fractional

number denoting the percentage :of allocated to anchor

j. By introducing the two variableg,; and z;, the robust

formulation for power allocation can be written as

Require: the angleg,; and the distance;,; between anchor
j (j € Mp) and agent (k € NVy)
1: Setxy < 1, Yk € M,
2: Solve the Stage | problen;@(') 1, Which gives the optimal

min —tr solution Prj
(orjzi} k%\:/ T {(J%\;b Ekj Prj Qr(¢k7)) } : Setpr;  piy Yk € Na, Vj € Ny
4: Solve the Stage Il problen?{"; by using (29) to compute

w

st g\; Py =1 (25) the optimal solution:}
J b .
5. Setx}. < pi.at, Vk € Na, Vj € M
prs =0, V€ Na Vi€ N (26) ki T Phih 2
tot
Z zp < P (27) Remark 7:Since each Stage | probleﬁ?(') 1 IN Algorithm
RENa 1 is with a single SDP constraint, its complexity is much
w20, Vk € Na (28)  |ower than the original problen#S5P which containsV, SDP

Since the constraints opy; and z;, are separable, and, ~constraints. Moreover, th¥, Stage | pr0b|em$’7’|g)1k can be
and p,; are only related to the SPEB of ageht we can separately solved by th&/, agents, since each agent itself
decompose the above problem into two stages. In Stageplqms not require any information from other agents. Thues, th
given the total power budget, for agentk, we consider the computation efficiency can be improved by times using the

optimal allocation ofz;, among all the anchors, i.e., parallel computations among the agents.
0 . Remark 8:The proposed distributed algorithm can also
PRk LB tr {Mg} /ax be applied to the robust power allocation with individual
o M I power constraint, €.93",cx, 7k; < P In particular, we
st k ~ . =0  replace such constraint with,, _ - pkja:k < P?®in the Stage
T 2jeni ki ey Qr(@ns) Il formulation 228", while the Stage | formulaﬂon@é{')l,C
(25) — (26) remains the same. In such case, the close-form solutior)n (3

is not available, however, the optimal solution of the StHge
problem can still be efficiently obtained since the problem i
convex. Consequently, we can obtain a sub-optimal solution
10FShe overall problem.

The optimal solution of#Y, , is denoted byp;;, and it is
independent of the total power for agekltsmce x only
appears as a scaler in the objective and can be removed. S
the problem#{), , is formulated for agent, there are totally
N, problems to be solved in Stage I.

In Stage II, we allocate the total;, for localizing agent B- Algorithm for mDPEB Minimization
k. The objective is the total SPEB of the agents, where theA similar decomposition method can be applied to the
parameterp;;'s are from Stage L@g)m In particular, we mDPEB minimization%g.,, i.e., by introducing two variables



8 IEEE/ACM TRANSACTIONS ON NETWORKING MONTH DATE YEAR

10 T T T 0.6

o
o —— SPEB min.
0.5 —o— mDPEB min. i
sl o 1 —#— Uniform allocation
(]
o

=

T oo ° 0
— =
o A~

®n

o
o
51
o
o
O Anchor
@® Agent
~10 . . . 0 | | | | | |
-10 -5 0 5 10 2 4 6 8 10 12 14 16
[7n] Number of anchors

Fig. 3: The location-aware network consisting ten anchoFsg. 4: The SPEB in single-agent networks with respect to
(red circle) and one agents (blue dot), where the anchors #re number of anchors, obtained by different power allocati
uniformly distributed in the square region. schemes.

pr; andzy. Instead of solving SDP in SPEB minimizationA. Power Allocation with Perfect Network Parameters

each agent will separately solve a SOCP problem with lin- First, we investigate the SPEB with power allocation as the
ear objective for the mDPEB minimization. Specifically, weyumber of anchors or agents changes. Three schemes of power

rewrite (21) as allocation are compared: the allocation via SPEB mininiizat
N Th - ' formulated in7$°P, the allocation via mDPEB minimization
P2k = 7( > & png (1 - 251n5kj) formulated in 225°CF, and the uniform allocation which as-
JEND signs Pt equally over all the anchors. Given the number of
_ rA o anchors and agents, we run Monte Carlo simulation to gemerat
H Z Ekj P u(2¢ka)H)- 103 i
o~ 0° deployments of agents or anchors that are uniformly
, ) distributed in a squared region, i.€/( [-10, 10] x [-10, 10] ),
Then, the two-stage formulations are given by and then compute the average SPEB obtained by each scheme.
gz&z ©max  Jion/Tk In Figs. 3 and 4, we consider the netvx_/orl_< with a single agent
{pri} at the center and anchors uniformly distributed. An example
St g2 >0 of the network topology is illustrated in Fig. 3. We plot the
(25) — (26) SPEBs obtained by the above-mentioned three schemes in
Fig. 4. A decreasing tendency in SPEB is observed as the
and number of anchors increases. This is reasonable since &m¢ ag
D R—— Z L has more freedom to choose “good” anchors when there are
R2° oy = H2. ke more anchors. Moreover, the results show that the mDPEB
° minimization outperforms the uniform allocation by about
st (27) - (28) 46%, and achieves a SPEB close to the one obtained by SPEB

respectively. The optimal power allocation is the produict gninimization. _ _
the optimal solutions of the two-stage problems, given i).(3 Next, we consider a network with multiple agents. Ten
The algorithm for mDPEB minimization is similar to that ofanchors are placed with fixed locations, and the agents are

A|gor|thm 1, and hence, we omit the details here. Uniformly distributed in the region (See Flg 5) Slmllarly
we compare the SPEB obtained by the three schemes with
VI. SIMULATION RESULTS respect to the number of agents in Fig. 6. It shows that,

even in multiple-agent case, the mDPEB minimization still
achieves a similar performance as the SPEB minimization,
Vit remarkably outperforms the uniform allocation. It iragl

that mDPEB is a meaningful performance metric for the
optimization of power allocation. In addition, we obserhatt

ﬁ‘&e average SPEB increases linearly with the number of agent
This is because each agent tends to obtain less power when

11\we choose the free-space propagation model where the [satiesponent the total power pudget is fixed. _AS_ indicated l_)y the slope, the
is 2 [48]. speed of SPEB increase of optimized allocation is als6t§

In this section, we investigate the localization perforgen
by the proposed power allocation schemes. The total po
for localization is normalized taP*® = 1, and the channel
parameter is given by,; = 10°/d;,.** The proposed opti-
mization of power allocation, i.e., SDP and SOCP, are solv
by the standard optimization solver CVX [49].
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Fig. 5: The location-aware network consisting ten anchoFsg. 6: The average SPEB in multiple-agent network £
(red circle) and eight agents (blue dot), where the agemrts a0n) by different power allocation schemes. Both one-stage and
uniformly distributed in the square region. two-stage optimization are considered.

slower than that of uniform allocation. is smaller than that of robust SPEB minimization, and theesam
Furthermore, we investigate the performance of the twebservation is on the non-robust schemes. It implies that th
stage optimization proposed in Section V which exploits th8DPEB minimization is more robust to the network parameter
distributed computations among multiple agents. In Figvé, uncertainty, compared with the SPEB minimization. This can
plot the SPEB obtained by the two-stage optimization fohbobe explained as follows: the robust mDPEB minimization can
SPEB and mDPEB minimization. The results show that tH® viewed as a doubly robust optimization, since it first min-
SPEB solved by two-stage optimization perfectly matchas tiimizes the maximum positional error over all the directions
of one-stage optimization, which validates that the twagst Therefore, 283 outperforms#g5” when the uncertainty in
scheme can obtain the optimal solution while requiring mudtetwork parameters is not negligible (e.g= 0.2).
less computational time. In Fig. 8, we investigate the actual SPEB with respect to the
normalized uncertainty set size We consider a single-agent
B. Robust Power Allocation with Imperfect Knowledge etwork with ten anchors deployed on a circle (similar to. Fig
Network Parameters )._ As we observe, the actual SPEB of nor_l-robust s_chemes
) ) quickly increases as the normalized uncertainty set sizs go
~ We then investigate the performance of the power allocgyge. When the normalized uncertainty set size is largen th
tion with imperfect knowledge of network parameters. W§ 29 and0.27, respectively, the non-robust SPEB minimization
compared the following schemes: allocation by the robughq non-robust mMDPEB minimization even perform worse
formulation P and PR3 allocation by the non-robusthan the uniform allocation, while the robust schemes atway
formulation 27°° and #5°CF, ‘and uniform allocation. We achieves better SPEB than all the other schemes. Moreover,
consider the agent’s actual position lies within a circle@®f he robust mMDPEB minimization outperforms the non-robust
diuse? centering at its estimated position. Then the maximuPippEB minimization and robust SPEB minimization &%
angular uncertainty is determined by, = arcsin(c? /d;)."? ~ and23%, respectively, when = 0.15. Both Figs. 7 and 8 have
The normalized uncertainty set size network parameters iS gemonstrated the advantage of the proposed robust power al-
defined to bes = 2¢¢/20 which is normalized by the length jocation schemes, especially the mDPEB minimization, & th

of the squared region. practical location-aware networks with imperfect knovged
In Fig. 7, we investigate the actual SPEB with respect {& network parameters.

the number of anchors. We consider a single-agent network,

and set the normalized uncertainty set sizeo be 0.2, VII. CONCLUSION

i.e., ¢ = 2 m. The results show that the robust SPEB hi d imization f K

minimization (#2357) outperforms the non-robust SPEB mini- In this paper, we presented an optimization framework for

- sb . . _robust power allocation in network localization based oa th
Ln;zgg%h Ef?el 2&3%32% O;tiﬁienffz’ra’:i‘zn“g%@%@% ﬂﬁ;aetfn performance metrics SPEB and mDPEB. We first showed that
forms tl‘,le non-robust MDPEB minimization@é%a) by 30%, the optimal power allocation with perfect network paramete

and outperforms uniform allocation by0%. Moreover, we can be efficiently obtained via conic programming, and then

observe that the actual SPEB of robust mDPEB minimizati(?rq.OpOSEd robust power allocation scr_lemes to combat uncer-
ainty in network parameters for practical systems. Moegpv

12without loss of generality, we sef!; = ¢ for all k, j. we designed an efficient algorithm for robust power allaoati
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Fig. 7: The actual SPEB with respect to number of anchoifsig. 8: The actual SPEB with respect to the normalized un-

obtained by different power allocation schemes with imgetrf certainty set size on network parameters, obtained byrdifte
knowledge of network parameters £ 0.2). power allocation schemes.

that allows distributed computations among agents. The Si&y, = [zx1 Tro --- 2n,]", and the SPEB is a function of;,
ulation results demonstrated that the robust power ailmeat given by

remarkably outperforms the non-robust power allocatiod an .

uniform allocation. Furthermore, we showed that, compared flxg) & tr{( Z Ekj Thy Jr(¢kj)) }

with the SPEB minimization, the mDPEB minimization is JieNs

more robust to network parameter uncertainty for power

allocation. We choose two arbitrary;,, xj, € be. Given anya € [0, 1],

we have
APPENDIXA flaxy + (1 — a)x},)
PROOF OFPROPOSITION1 ) -1
L . :tr( i(azk; + (1 —a)xy;)J )
The maximization on DPEB in (5) follows that: { D & (s + ( 2i5) (@) }

JEN

max {P(pr;p)} tr{(az &y iy Ir(dry) + (1— a)z Ekj Thj Jr((bkj))l}

p€el0,2m
— T3~ (o {20 JEMN, €N
e u(p) [Je (Pr; {7r; })]ulp) < af(x) + (1— a)f(x). 32)
-1
= max u(p) (UHT [HB’“ 01] U, 'u(yp) The inequality (32) holds since the function{&X~'} is
¢€[0,27) Ha k convex inX > 0 [45]. If the matrix X is singular, the
= max u() I (prs: {zs Duly’) (31) inequality (32) still holds. Sincéy,; is a positive scalerf (x;,)

is convex inxy.
where the last equality is due to the fact that the product of
a unit vector and a rotation matri&d,, is still a unit vector.

Now, let ¢’ = 6, in (31), then we have APPENDIXC

PROOF OFPROPOSITION3

max {P(pii )} = max {1k cos 0 + g f sin® 0, | Let ¢, = dx; + di; andéy; = dx; — by, We have
peEl0,2m k
_ -1 2
= Hak Ji(B5) — Qr(Puj, Okj)
where the last equation is due tq , > po . _ Ok; — sin ¢kj S ¢kj cos ¢kj s ¢kj .
cos ¢§j sin ¢ Ok; + sin QSZ'J- sin ¢
APPENDIXB We can show thal,(¢y;) — Q:(¢x;, x;) is positive semidef-
PROOF OFPROPOSITIONZ inite if
Since (7)—_(8)_ are all I|r_1ear constramt;, we only need_to Oj > sin éﬁj sin
show the objective in (6), i.e., the SPEB, is a convex fumctio S > 1 sin
in 21;. We write the transmit power of agektas a vector ki 2 |sin gyl
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Note that if the agent is at the corner or on the boundary of
the square area, we can rotate the angles accordingly to find
such a region.

It can be shown that there exists at least one such pair of
anchors with probability + (1 —2pg)™¥* —2(1 — po)™, where
A¢ po = (0 — 1)r¢A?/2R?. Since the probability goes to 1
exponentially with/Ny,, such a pair of anchors can be found
w.h.p.

Consider a power allocation schem{e®,; = P =
P®©/2}, and we show this scheme satisfies the condition (33)
for a sufficiently smalb. Based on the definition of the optimal
power allocation, we have

g\%ﬂ%

RXR

~ ~ —1
Fig. 9: Geometrical illustration of the proof of Propositio tr{( Z Ekj T Jr(gbkj)) }

4(a) where agent is inside the square region. We choose two JEND
anchorsi andi’ in the shaded region. ~ . -1
< max tr ( Z fkj ij Jr(¢kj))
{¢rs} N

Since ¢, ;| < aﬁj, the above two inequality conditions are  ~ .« tr ( Conin_ P (Jr(¢k.)+Jr(¢k./)))_l
guaranteed by T {ors} 02r2f 2 ’ '

- 9257’3[5 2 2

O; > sin 5% . s '
Cmin  P'sin?(7/2 — 2A¢ — 2¢9)

Given thatzjer Erj Tij Qr(ékj,dkj) = 0, we have
Therefore, a sufficient condition for (33) is

-1
tf{( D Gy Jr(¢kj)) } 25028 9 5 226 o
JENL 0o 4 0
Cmin POsin?(7/2 — 2A% — 26%) = (uax PO

~ -1
< tr{( > & 7rj Qg 5kj)) }
JEN which is equivalent to
for all ¢r; € S,‘fj. Furthermore, we can show that 202 sin e® Conin
Qi(dnj, 81) < Qr(ry 82) for 0 < 8, < &1, which implies that (307 +257) = G (34)

the function “{(Zjer Ekj Thj Qr(gﬁkj,dkj))fl} is a non-
decreasing function afy;. Hence, the minimum value of thewhere § = sin<?. Note that the left-hand side of (34) is

right-hand side of (17) is obtained whép; = sin 6%- an increasing function ip, A? and ¢?, when A? and ¢
are both small positive numbers. Thus, the maximafin(or
APPENDIXD equivalently, maximumd) to satisfy (34) can be obtained by
PROOF OFPROPOSITION4 taking the limitp — 1 and A® — 0. It follows that

We first consider the network with a single agent, and then
extend the proof to the multiple-agent case. For a giken
Na, we need to show that the condition (18) holds {a; }
w.h.p. for both cases (a) and (b). Note that since

3 Gty Q) = 3 Gt JB) — S5 P, 1

JENy JEND 0

2sine? Conin
c0s2(2e?) = (max

and the inequality holds whel< § = sine? < §,.x, Where
Omax IS the smallest positive root of the equation

454—452—2@5“:0.

min

it is sufficient to show that w.h.p.

- . -1 P28 9 - : . _
ok ‘ <o 2 We give some numerical examples;,., = 0.318 when
tr{ (jGZ/\/b gkj xk] Jr(¢k]>) } N <max Pty (33) <max/€min = 1a 6max = 0.096 when <max/<min = 5.

For (b): Consider a small angl¢2as? ase? — 0, where

where§ = sine? with £ = max{z} }. a = (2871 R28¢100y)/ (r2% Cnin). The probability that allNy,

For (a): we pick two anchorsandi’ in the region (see Fig. anchors locate in such a small angle of fhe R region is at
9) such that most (v/2ae%)™», which goes to 0 at the rate of polynomial

1) ro < dgi,diir < oro With o > 1; powerNp/2 ase® — 0. Hence, we can find two anchoisand

2) 0 < ¢ <A? andn/2 — A? < ¢y < /2 for a small i, whose angle separation is larger th@Bas® and smaller
positive A?. thanm — v2ae?® w.h.p.
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We allocate the power equally on these two anchors, and it
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> &y Jr((lgkj))i

follows
1}
JENy

tr{(
( > & By Jr(¢kj))7

< max tr{
JENy

~ {ows}
< ) Ptot
< max tr (ﬁ—
(b1} { (vV2R)28 2
_2°R¥ 2 2
Cmin Psin?(v/2ae? — 2¢9)

Finally, we need to show that

}

(Ir(Pri) + Ir(Drir)) )1} [1]

(2]

3
2°R?P 2 2 re’ 2 el

Cmin m sinz(v 2ae% — 2€¢) a Cmax Pt gine?

or equivalently,

(4]

- sin?(v2ae® — 2¢%)

(5]

sine?
The above inequality holds a$ — 0, since the limit of its
right-hand side ia.

Now, we extend the above proof to the multiple-agen}7
case. In Section V, we decomposed the one-stage problem
2857 into two-stage optimizations. Let;; and xj denote
the optimal solution ot@é{'?l_’k and 28", respectively. Since 8]
the Stage | problen@é{'?l_’k is formulated for each single agent,
we can show by the above proof that

Z gkj pltj Qr(ﬂgm) =0

JENy

(6]

El

10
holds w.h.p. for agent. Moreover, the optimal power aIIo-[ !
cation is given in (30) as;; = pj;z;, Wherezj obtained
in Stage Il does not affegt;;. Hence, we can show that they)
condition (18) holds w.h.p. for multiple-agent networks.

APPENDIXE [12]
PROOF OFPROPOSITIONS
The Lagrangian function is given by (3]

>

keNa

L(xg, ugk,v)

Ty (
_— = UL + U

whereuy, v > 0. The KKT conditions [46] can be derived as

Z Ty — Ptot)
[14]
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