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Successive Localization and Beamforming in 5G
mmWave MIMO Communication Systems

Bingpeng Zhou ", Member, IEEE, An Liu

Abstract—Beamforming is an attractive technique to improve
the system performance for multi-input multi-output (MIMO)
communications. Previous works mainly focus on improving the
data transmission quality. However, the potential of beamform-
ing for improving the localization quality is not yet fully studied.
In this paper, we focus on active beamforming to reduce the user
equipment (UE) localization error for millimeter-wave MIMO sys-
tems. Such beamforming for localization is of challenge because
its optimization cost function (e.g., the localization error bound)
also depends on the actual UE location and instantaneous channel
states, which are unknown in advance. To address this challenge, a
novel successive localization and beamforming (SLAB) scheme is
proposed, where the long-term UE location and the instantaneous
channel state will be jointly estimated and then the beamforming
vector will be successively optimized as per the obtained estimation
results. The proposed SLAB scheme will yield a sequence of beam-
forming weights and UE location estimates, which will converge to
the stationary point of the associated optimization problem. Simu-
lation results show that the proposed SLAB scheme achievesa huge
performance gain for UE localization compared with state-of-the-
art baselines.

Index Terms—S5G localization, mmWave MIMO, beamforming,
Cramer-Rao lower bound.

I. INTRODUCTION

IRELESS localization is of increasing importance for
W 5G communications, particularly for the millimeter-
wave (mmWave) multiple-input-multiple-output (MIMO) sys-
tems, due to the expected rising demands of localization-based
services in the future [1]-[3].

A number of papers regarding the localization of mmWave
systems [4]—[8] have been published. For instance, active beam-
forming (BF) is proposed in [9] to enhance the localization ac-
curacy of distributed antenna systems. However, active BF for
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localization of a mmWave MIMO system has not yet been stud-
ied. Compared with radio resource optimizations for improving
communication qualities (such as maximizing the sum capac-
ity [10] and the error bit probability [11], and minimizing the
outage probability [12], the mean squared error [13] and the
power subject to minimal rate constraint [14]), radio resource
optimization targeting for localization is quite challenging for
the following reasons.
®  Parameter Uncertainties: The cost function (i.e., Cramer-
Rao lower bound (CRLB) [8] on localization errors) of
the BF optimization depends on the BF vector, channel
states and the actual user location. However, the actual
user location and channel states are unknown in advance.

® Non-convexity Of the BF Optimization: The localization-
oriented BF optimization is a non-convex problem. Tradi-
tional brute-force solutions may result in a poor solution
or lead to a high computational cost.

In [15]-[18], power and bandwidth optimization for local-
ization (by optimizing the CRLB) was studied, where the user
location is assumed to be known. To overcome the first chal-
lenge, a solution from a robust optimization method is used to
optimize the radio resource for localization [19]-[21]. Specifi-
cally, a worst case CRLB with respect to (w.r.t.) an uncertainty
set of UE location parameters is used as the optimization ob-
jective. However, such a robust optimization method is usually
over-conservative, especially when the uncertainty set is large.
This uncertainty jeopardizes the associated performance gain.
To overcome the con-convexity challenge, the successive con-
vex approximation (SCA) or majorization minimization (MM)
methods are commonly used. Please refer to [22]—-[25] for the
details. However, the brute-force application of these algorithms
will result in poor performance.

In this paper, we focus on the active BF optimization for
5G mmWave localization. To overcome the above challenges,
we propose a novel successive localization and beamforming
(SLAB) scheme which does not require a known UE location
or the known uncertainty set of the user location. The proposed
SLAB performs an alternating optimization of base station BF
vectors (namely the beamforming refinement (BFR)), long-term
user equipment (UE) location parameters and instantaneous
channel state (namely the localization and channel estimation
(LCE)). The proposed SLAB solution generates a sequence of
location estimates and BF updates, which is shown to approach
the performance of the genie-aided BF strategy (the optimal BF
with a known UE location). As a result, the proposed solution
achieves significant performance gains in localization accuracy
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Fig. 1. Illustration of the mmWave MIMO system for localization and BF.

over various state-of-the-art baselines. The following summa-
rizes the main contributions.

® Successive Localization and BF Optimization: The pro-
posed SLAB algorithm based on alternating optimization
of two subproblems, namely BFR and LCE, does not re-
quire any prior assumption on the UE location. Moreover,
it can achieve a significant performance gain over existing
robust optimization approaches. Unlike the conventional
UE localization methods, such as [26] and [27], which first
perform the intermediate step of time-of-arrival (ToA) or
angle-of-arrival (AoA) estimation combined with trilatera-
tion or triangulation, the proposed LCE algorithm directly
estimates the UE and scatterer locations, with problem-
specific update rule designs.

®  Successive Non-Convex Approximation: To overcome the
challenge of non-convexity, we propose a novel successive
non-convex approximation method to derive an efficient
BFR algorithm for the SLAB problem. In traditional SCA
algorithm designs, a convex surrogate function is used
to derive low complexity iterations. In contrast, in our
BFR algorithm, we exploit a specific problem structure
and propose a non-convex surrogate function with closed-
form iterations, which simultaneously preserves the impor-
tant inherent structure of the BFR subproblem. Thus, the
proposed BFR algorithm has fast convergence and good
performance.

e Convergence Analysis of SLAB: The convergence analysis
of SLAB is non-trivial, since it involves a coupled dynamic
issue between the fast-time-scale channel states and the
varying BF strategies. We have addressed this issue in
associated convergence proof.

The remainder of this paper is organized as follows. Section II
presents system model. Problem formulation and outline of the
proposed SLAB scheme are presented in Section III. The novel
LCE and BRF algorithms of SLAB are elaborated in Section IV
and V, respectively. In Section VI, the associated convergence
is analyzed. Simulations results are presented in Section VII.
Finally, Section VIII concludes the paper.

II. SYSTEM MODEL

We consider a mmWave system with J base stations (BSs),
one UE and Né subcarriers. Each BS has Ny antennas, whereas
the UE has Ny antennas, as shown in Fig. 1. In addition, we
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Fig. 2. The frame structure and subcarrier allocation of SLAB.

consider the uniform linear antenna array for UE and BS’s.
However, the SLAB scheme proposed in this paper can be
applied to an arbitrary-shaped antenna array. At each time slot
(indexed by k), BSs will transmit downlink pilot signals for the
UE to jointly estimate the UE location (including orientation)
and channel gains based on the received signals. In the follow-
ing, we will elaborate the frame structure of the system, the
channel model, the geometric model for UE localization, and
the received signal model.

A. Frame Structure

The frame structure of the SLAB scheme is illustrated in
Fig. 2. We focus on a coherence time interval of channel statis-
tics within which the ToA, angle-of-departure (AoD) and AoA
of each channel path and the distribution of small-scale fading
coefficients are invariant. The coherence time of channel statis-
tics consists of several time slots, and the small-scale fading
coefficients are constant within each time slot. Moreover, each
time slot consists of a number of symbols, where the first M
symbols are used to transmit training BF vectors for joint local-
ization and channel estimation, and the rest are used to transmit
data, as illustrated in Fig. 2. Let w;[n,m] € C* be the mth
training BF vector transmitted from the Ng antennas of the jth
BS on the nth subcarrier.!

In order to ensure the effectiveness of SLAB, we assume
the received signals from different BSs can be identified by
UE, via a frequency-division-based coordinated multiple point
transmission technique [29]. To be specific, the N, subcarriers
of each pilot are fairly allocated to those .J BSs via some prede-
fined scheduling procedure, and thus each BS has N¢ = N(,/J
subcarriers to transmit training BF pilots (we assume N¢ is
an integer). For instance, the subcarriers of the jth BS are
given by {j,j+J,...,j+ (N¢c — 1)J}. For brevity, we use
©; ={j,j+J,...,j+ (N¢ — 1)J} to denote the index set of
subcarriers associated with the jth BS. Let w € CV3/NeM —
vec [w;[n,m]|Vn € ©;,Ym=1: M,Vj=1:J] be the col-
lection of the training BF vectors.

It should be noted that the realization of BF vector w will be
determined at each BFR stage, and thus it will be viewed as an
unknown parameter to be optimized in the BFR stage. Once it
is optimized, it will keep invariant (a known signal) at the LCE

"We slightly abuse the use of “BF vector” without any ambiguity, which
incorporates both the BF matrix and the training pilot [28].
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stage. In addition, during the BFR phase at each time slot £,
the channel h[k] is still unknown. Therefore, we can only adapt
the training BF vector w according to the channel statistics,
instead of the instantaneous channel h[k]. Moreover, we have
no assumption on the structure of training sequence,” and we
will use a general-form expression of beamformer w.

B. Channel Model With Limited Scattering

We consider the limited scattering in the mmWave channel.
Specifically, let u; € R? and ¢; € [—m,7) be the known co-
ordinate and angular position, respectively, of the jth BS. Let
x € R? and ¥ € [—, ) be the unknown position and orienta-
tion, respectively, of the UE. We assume there are L + 1 paths
in the scattering channel (I = 0 for the line-of-sight (LOS) path,
and [ > 0 for the non-line-of-sight (NLOS) path), where L is
the maximum number of paths between the UE and any BS.
Let 77 5, 0p;; and Oy ; ; denote the ToA, AoD and AoA, re-
spectively, of the Ith path associated with the jth BS, which are
unknown scalars. For each NLOS path, there is a scatterer with
an unknown location, as shown in Fig. 1. Let v; ; € R? be the
unknown location of the scatter associated with the /th path and
the jth BS.

For given large-scale multipath parameters 7; ;, 08 1 j, 0u 1 ;.
V1, the channel matrix H; [k, n] € CVo *Nv between the jth BS
and the UE on the nth subcarrier is given by [5]

H; [k, n] = Ay ;[n]H; [k, n] A} ;[n],

where A ;[n] € CVe*(2+1) js the steering matrix of the jth BS
antenna array on the nth subcarrier, and Ay ;[n] € CNvx(E+1)
is the response matrix of UE antenna array on the nth subcarrier,
which depend on the unknown angular parameters such as g ; ;
and 6y ; , given by

Ag jn)=lagn(0B,0;), - aBn(@8,1.)], (D
ap.n(0p.,) = vecle T B DLy = 1 N, ()
Ay iinl =lav,(Bv0;),- - av.(0u.L.;) 3)

cdam .
aU,n(QU’l,j) = Vec[ei']AAT(ril)sm u.ri |V’r =1: NU], (4)

in which j = v/—1, A\, denotes the wavelength associated with
subcarrier n, and da is the distance between the antenna ele-
ments of each BS, which are known scalars.

In addition, H;[k,n] € CE+U*(I+1) s the frequency-
domain channel matrix on the nth subcarrier:

H; [k, n] = /N Nydiag{h ;[k]e

where h;_; k] denotes the small-scale fading coefficient of the Ith
path associated with the jth BS at time slot k£ (note that we ab-
sorb the path loss into the small-scale fading coefficient), and T’
is the sampling period. For convenience, let h[k] € C7/(-+1) =

j2m

NI =0: LY,

%In practice, the training sequence structure will affect the receiver-end SNR
and hence the UE localization error, as will be implied in (20).
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vec[hy ;[k]|¥l=0:L,Vj =1: J] denote the small-scale fad-
ing channel vector, which is an unknown variable. We as-
sume h[k] ~ CN'(h[k]|0,X) is independent and identically
distributed over different time slots, where X is the variance
matrix of h[k| which is assumed to be known.

C. Geometric Model for UE Localization

Let o € R?LH3 = [xT 9, v]" be the set of location pa-
rameters, where v € R?/F = vec[v; ;|VI=1:L,Vj=1:J]
is the collection of unknown scatter locations. The relationship
between {x,v; ;, ¥} and {7, ;.05 ;,0u. ;} is given by

X —u;
e ”%”2 )
T, = [Ix = vill2 4;||U.j — il 1> 0, ©)
—u)T
0p,0,; = arccos ((XUJ)eX) — ;, A
[[x — w2
AT
Op.1,j = arccos ((V“u])ex) —pj, 1 >0, 8)
Vi —ajll2
)T
Ou.o,; = T+ arccos <(Xuj)eX) — 9, )
[[x — 1le2
v T
erl,j = 7 + arccos (W() _ ,19’ l > O7 (10)
[x —vill2

where c is the light speed, and ey = [1,0]%.

D. Received Signal Model

Letz;[k,n,m| € CNv be the observation signal, i.e., the mth
received pilot signal vector on subcarrier n from the jth BS at
the kth time slot, which is given by [5]

z;[k,n,m] = H;[k,n]w;[n, m] + €[k, n,m], (11)
where €;[k,n,m] € C'v denotes the measurement noise vec-
tor at the UE side, and we generally assume ¢; [k, n, m| ~ CA’
(€jlk,n,m]|ON, ,0°Ix,) with the variance o?. Let z[k] €
CNuNeMT = vec[z;[k,n,m]|Vn € ©;,Ym =1: M,Vj =
1:J] and €[k] € CNvNeMT = veclg; [k, n, m]|Vn € ©;,Ym
=1:M,Vj =1:J] be the collection of received pilot signals
and noise vectors, respectively. Then, given a training BF vector
w, the measurement signal z[k] can be expressed as a function
of the slow-timescale location parameter ¢, the fast-timescale
channel h[k] and the noise vector €[k] as

Z[k] = g(a,h[k];w) + E[k]’ (12)

where g(a, h[k]; w) is the measurement function, given by
13)

in which G(a;w) € CNuNeMIxJ(L+1) g called the coeffi-
cient matrix of channel vector h[k], which is dependent on the

g(a, hik];w) = G(o; w)h[k],
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unknown location parameter o and given by [5]

G(o;w) = diag[G;|[Vj =1:J], (14)

G, € CNUNMXLHY) = yee[gl [, m]|Vr, ¥n, Ym], (15)
gﬁ”[n,m] eCttl = Vec[g§$> [n,m]|Vl=0: L], (16)

g1/ n,m] = Wil ml’),.. (A7)

ui'), € CV = veeluf"})) vt = 1: Ng], (18)

) = o) Ous)e T (@) (B.05))", (19)

where ag ,)n (fv,,;) and a](; )n (08,1,;) denote the rth and the tth
elements of ay ,, (0 1,;) and ag ,, (0 ; ;) in (4) and (2), respec-
tively. Note that, ag}n (fu,,;) and ag ?n (08,1,;) are functions of

location parameters x, ¥ and v; ; via (5)—(10).

III. THE PROPOSED SLAB SCHEME

We first formulate the localization-oriented beamforming
(LOB) problem and then point out its challenges. After that, we
outline the proposed SLAB scheme and explain how it addresses
the challenges. In the next two sections, we will elaborate the
proposed SLAB scheme.

A. Problem Formulation Of LOB

Let B[k] € C3/L+7+3 = [a; h[k]] be the joint variable of
and h[k]. At each time slot k, an LCE algorithm is used to
obtain a new estimate of B[k]. The minimum mean squared
error (MSE) of a specific LCE algorithm for 3[k] is given by

MSEg( (w) = Ep . en {IBIK] — BIE] |13},

where the expectation is taken w.r.t. €[k] and h[k]. It should
be noted that MSEg;) (w) depends on the BF vector w. Yet,
there is no closed-form expression of MSEg; (w) due to the
nonlinear model G(a; w) w.r.t. a. To address this challenge,
we first obtain a closed-form lower bound, i.e., CRLB [30], for
the MSE of an arbitrary LCE algorithm, and then we use the
obtained CRLB as a performance metric to optimize the BF
vector, as elaborated later. This is effective since the reduction
of the lower bound usually means the reduction of the actual
MSE, which has been widely adopted, as in [15]-[21].

Lemma 1 (Lower Bound of MSE): For a given training BF
vector w, the MSE performance of an arbitrary LCE algorithm,
denoted by MSEgj;| (w), is bounded from below as

MSEg; (w) > trace(%mkl (a0, X w)),

where B g, (o, B;w) € S/ET7H3 s called the long-term
CRLB of B[k| (in terms of the average over small-scale fad-
ing h[k]), given by (20) shown at the bottom of this page,

where K\, (a;w) € CRILH3)XI(LAD) apd G, (;w) €
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C7*7(L+1) will be given by (49) and (54), respectively, in

Appendix A.
Proof: The proof is given in Appendix A. ]
Given this long-term CRLB, we propose to design the BF
vector w as the following minimization problem:

PLoB @ Wi = argmintraee(%ﬁ[k](a,E;w)), (21)
w

s.t. [Jw;[n,ml|ls <1, Yn,m,j, (22)
where the BF vector w is viewed as an unknown parameter to
be optimized. It should be noted that we consider to adopt the
“long-term” CRLB B k] (o, ; w) adaptive to the statistics of
h[k] in the cost function of BF optimization, since the “instan-
taneous” CRLB adaptive to the instantaneous h[k] is practically
unavailable because the instantaneous h[k] is still unknown be-
fore BF training at time slot k.3

Challenge. However, there are two technical challenges in the
above BF optimization problem Z1op:

° %ﬂ[k] (o, ;5 w) used for LOB is dependent on the true

value of « that is, however, unknown beforehand.

e P op is a non-convex problem w.r.t. w.

For the unknown location parameters in the cost function,
conventional methods [19]-[21] in a power allocation regime
resort to optimizing the worst case CRLB within an uncer-
tain set of UE location parameters. These methods are usually
over-conservative, especially when the uncertainty set of the
UE location is large, thus jeopardizing the associated perfor-
mance gain. Regarding the non-convex problem, conventional
algorithms such as [31] resort to optimizing the BF vector w via
maximizing the Fisher information matrix (FIM, i.e., inverse
CRLB), where the FIM constraint is formulated as a linear ma-
trix inequality (LMI). However, due to the semidefinite positive
approximation and rank relaxation, there will be a non-ignorable
performance loss in these methods.

3The CRLB %,B[k] (o, ¥;w) in (20) contains two types of CRLB
sub-matrices, i.e., the location-related CRLB (the (2JL + 3) x (2JL +
3) left-top submatrix, denoted by 2B (¢, ¥;w)) and the channel-related
CRLB (the (JL + J) x (JL + J) right-bottom submatrix, denoted by
By, (1) (¢, X; w)), which might be in different scales. In practice, we can ad-
just them into the same scale via matrices normalization over the corresponding

sub-matrix traces, as illustrated in (23),
‘Ba(a.E:w)
trace (%a(a)l W [0]))

oH
(2JL+3)xJ(L+1)

O(27L+3)xJ(L+1)

B (o, B w) = By, 1) (. Tiw)

trace (%h[kl (a,E:w[D]))
(23)

where w|[0] is the realization of BF vector w at the initial time slot k& = 0.
Then, the normalized CRLB %B[k] (o, 3; w) can be adopted as the new cost
function in (21) to take care of the different scaling issue, which will not affect
the structure of the proposed BFR method.

%B[k,](a, 3w) =0’ (

r,n,m [

OH

KEZEH (a; w) b)) (K

(2JL+3)x.J(L+1)

3 (a;w))H 0(2.7L+3)xJ(L+1)

—1
. 20
(Gﬁf,in (a; w))HGg:,zn (e “")]> .
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Fig. 3. Illustration of the main SLAB diagram and the associated time line.

B. Outline of the SLAB Scheme

To address the above challenges, we propose a novel SLAB
scheme to find a stationary point of &1, (the optimized train-
ing BF vector), and simultaneously obtain the estimate of loca-
tion parameters and channel state at each time slot.

Specifically, starting from an initial BF vector w[l] at time
slot k = 1,* we alternately update the estimate of joint parameter
[a; h[k]] and optimize the BF choice wk], until the obtained
BF sequence {w[k]} and the location parameter estimate se-
quence {@[k]} converge. Thus, at each time slot k, the SLAB
scheme is comprised of two stages, i.e., the joint localization and
channel estimation (LCE) stage and the BF refinement (BFR)
stage. At the LCE stage, the estimate of location parameter c is
updated and the channel parameter h[£] is estimated based on
the fresh measurements z[k]. Then, at the BFR stage, the BF vec-
tor w will be refined based on the updated location parameter
estimate &[k] from the LCE stage (via minimizing the long-
term CRLB trace(B gy (alk], £;w)) over w). Afterwards,
BSs will transmit new pilot signals by using the newly opti-
mized BF vector w[k + 1], and the new measurement z[k + 1]
will be received at the UE. Based on z[k + 1], the UE will fur-
ther update its location parameter estimate a[k + 1] using the
LCE algorithm (i.e., the new LCE stage again). This alternating
optimization process between LCE and BFR will repeat until
{w]k]} and {&[k]} converge. The main diagram of SLAB is
illustrated in Fig. 3. The LCE and BFR stages are outlined as
follows.

Outline of the LCE Stage: At the kth time slot, the LCE stage
is to determine the location estimate a[k] (based on a fusion
criterion) and the channel estimate h[k], as follows.

Firstly, a new estimate 3[k] = [é&[k]; h[k]] is determined by
solving the following optimization problem:

¢ 7 .

i+ Bl = argmin [alk] —g(B: wlK)I3,  24)
where it should be noted that the measurement z[k] used for LCE
depends on the training BF vector w k] obtained in the previous
BFR stage. The details of the LCE algorithm to estimate & |[k]

and h[k] will be elaborated in Section IV.

4We use w|k] to denote the realization of w at the kth time slot.
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Secondly, once a new estimate &[k] is obtained as above, the
UE location parameter &|[k] will be updated by fusing the new
estimate &[k] from fresh measurement z[k] and the previous
result @[k — 1] in the following manner:

alk] = (AK])) " (Alk — alk — 1] + Af [klafk]), (25)

where A [k — 1] € S?/L+3 is the overall estimation precision
matrix at the previous time slot, A*[k] € S27L+3 is the esti-
mation precision matrix associated with the fresh measurement
z[k] at the current time slot, and A[k] € S?*/1 13 is the overall
estimation precision matrix obtained so far, given by’

Alk] = Alk — 1] + A*[K], (26)

1

(Ba(alk], k] wik]) 7

where B, (&[k], h[k]; w[k]) € S?7L+3 is the CRLB of cv, de-
pending on the BF vector w[k] obtained at the previous BFR
stage. The CRLB of « is actually the (2JL + 3) x (2JL + 3)
top-left sub-matrix of CRLB matrix %g[k](d[k],fl[k];w[k])
of joint variable 3[k]; that is to say, B (&[k], h[k]; w[k]) =
(2B 51 (&[k], h[k]; WE])](1:(271 4 3))x[1:(27L + 3)]» and the joint-
variable CRLB B g,y (&[k], h[k]; w[k]) € S375+7+3 is given
by (47). We set the initial fusion precision A[0] = 0.

Outline of the BFR Stage: The BFR stage is to derive a refined
BF vector w [k + 1] for the next LCE stage at time slot (k + 1)
by minimizing an approximate long-term CRLB, i.e.,

ﬁfs(fjfg) : wlk + 1] = arg min trace(B gy, (a[k], Z; w))

(28)
st lwjn,mllle <1, Vi, n,m. (29)
.sz%s(f :g ) is non-convex w.rt. w, and the BFR algorithm to

%(5 g} ) will be given later in Section V. As such, the

overall SLAB scheme is summarized in Algorithm 1. By alter-
nately repeating the LCE and BFR stages, the SLAB scheme
will yield a gradually-refined BF vector w[k] and location pa-
rameter estimate &|[k], until w[k] and &[k] converge.

IV. THE PROPOSED LCE ALGORITHM

In this section we will elaborate the LCE algorithm to solve
@%S%fg ) and then we will elaborate the BFR algorithm to solve

Q%S(E' AFE{ ) in the next section.

A. Nature of the LCE Problem

It should be noted that MS(LLEED ) is a non-convex optimization
problem w.r.t. (o, h[k]). A number of optimization methods can
be used to find the globally optimal solution to a non-convex
problem, e.g., the branch-and-band algorithm [32]. However,
such a global search algorithm usually has a high computational

SNote that we have assumed that h[] is independently and identically dis-
tributed, and thus there is no channel estimate gain from the previous time slots.
Hence, the filtering of B[k] will equivalently reduce to the filtering of &[k]
(given by (25)) in conjunction with the independent estimate of h[k] (will be
given by (30)), without loss of filtering performance.
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Algorithm 1: The Proposed SLAB Scheme.

Input: The initial measurement z[k], & = 1, and
channel variance matrix 3.

1: Determine the initial BF choice w|1].

2: While not satisfied do (for k =1 : K)

3: Determine the geometric parameter estimate & |[k]
and channel estimate h[k] from z[k] associated
with BF choice w[k], by using Algorithm 2 (LCE).

4: Determine the BF vector w[k + 1] based on
B g, (a[k], X;w), by using Algorithm 3 (BFR).

5: Receive new z[k + 1] dependent on wk + 1].

6: End

Output: {a[k], h[k]}, and wl[k].

complexity. Hence, we propose a successive linear least square
(SLLS)-based low-cost algorithm to find a stationary solution
to %(Egg ) via leveraging the hybrid convexity/non-convexity
structure.

Since the measurement function g(e, hlk]; w[k]) in (13) is
linear w.r.t. the channel h[£], there is a hidden convex structure
w.r.t. h[k]. As a result, the LCE problem ,QfS(Lng Vin (24) is
convex for h[k] (conditioned on &[k]) but non-convex for cv.

B. The SLLS-Based LCE Algorithm

By exploiting such a hidden convex structure, we decompose
the LCE problem JZZS% gg ) into two components, (convex) chan-
nel estimate and (non-convex) UE localization. Then, we solve
JZ%S(Lng ) by alternately optimizing the convex component h[k]
and the non-convex component c.

1) Channel Estimate: For the convex component h[k], we
derive its least square solution (which is the optimal estimate
due to the linear Gaussian model (12)), depending on a fresh
guess a?i] [k] of a (elaborated by (31)). At the ith iteration,

given a?i] [k], hfﬂ [k] is given by
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where T is the pseudo-inverse, and G(a?i] [k]) dependent on
afi] [k] is given by (14). Finally, when the iteration converges, we
have h[k] = hfi] [k]. The fresh guess a?i] [k] at the ith iteration
within the kth time slot is determined as follows.

2) UE Localization: For the non-convex problem associated
with a;, we employ the SLLS method to find a stationary solution
(LCE) . o
o g xp for a, by exploiting a convex approximation to
the cost function in (24). Specifically, we iteratively solve the
convex subproblems A

SLAB, [
k], fori=1: Mj,

to first find a candidate update
a[7+ 1] [

LCE o
%(LAB,)[Z,] rag, k] = argmlnfs (o aH[k] h?z [k]), (31

where fs (o a[ (1K1, h? [k]) denotes the surrogate function of
the original cost function in (24), given by (32) shown at
the bottom of this page, where V4 g(a?ﬂ [k]; h%ﬂ [k], w[k]) €
C(2JL+3)xJMNuNe jg oiven by (56) in Appendix B.

Note that fs(cv; aF,] [k], hj; [K]) is different from the standard

gradient-based surrogate function f¢ (o a[ ][k:] h? [k]) given
by (33) shown at the bottom of this page, that is usuahy adopted
in conventional localization methods for instance [33] and [34].
In addition, fs(ey; a? [k], ;. [k]) preserves the second-order
structure of the orlgmal cost unctlon in (24). Therefore, it can
lead to a faster convergence speed than conventional gradient-
based methods, which will be elaborated and confirmed later by
theorem 2 and also verified by simulations.

E) .
At each iteration, since MSL AB.Ji] is strictly convex, we can

give the closed-form expression of o, =y [k] as in (34) shown

at the bottom of this page, where py;[£] is its update direction
that is different from the gradient.

Then, given py;[k], the new update a%i . [k] is given by

z+1][k] = O‘Ei] [k] + v ppa [],
where ;) is the step size subject to the Armijo rule (36) shown
at the bottom of the next page, in which f(«; hfi] [k]) = ||z]k] —

a? (35)

gl h?i] [k], w[k])||3 is the cost function depending on h?i] [k],

h " : and Vaf(afi] [k]vh?][k]) VH gla M[k];hi][k},w[k])(g(afi]

b [k = (G (afy [K))) "2[K], GO [k 1, K], wlk]) — z[k]) € R2/2+* s the gradient vector of

fs(a; Oéfi] (], h?i] [K]) = [|2[k] — g(a?i] [k]; h?ﬂ (K], wk]) — Vgg(a@/] [k]; hEi] (], wlk]) (e — O‘Fyt] [£]) H; (32)
o (e 8], 4]) = [af] — s 4] o 4], kD) 3 + e — oy 813

— (k] — (e K] by K], wlk])) " g ([ [k, wik]) (o — o K]). 33)

o1 K] = o K]+ (Vg 41 by K], wlk])) (ulK] — (o 4]; by K], wlk])) G4)
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the original cost function f (afi] [k]; h?i] [k]) w.r.t. @ around o« =

a?i] [k]. A legal ;) can be obtained by starting from a certain
71 > 0 and repeatedly trying ;) = vy with v € (0, 1) until
(36) is satisfied.

The obtained solution in (34) combined with (35) and (25)
will finally result in a closed-form undate of &/[k] for the non-

convex problem %%gg ) , as summarized in Algorithm 2.

C. Analysis of SLLS-Based Location Update

We shall analyze the convergence of SLLS-based localization
and quantify the associated convergence rate.

Theorem 1 (Convergence of SLLS-based Localization): 1f
the gradient matrix V g(a?i] [%]; hfi] [k], w[k]) is full-column-

rank, then a?][k] will converge to a stationary point of the

problem gisfgg in (24), as the iteration number i — oo.

Proof: See Appendix C. |

It should be noted that the update direction of the LCE-based
localization, i.e., py;[k], is different from that of the traditional
gradient descent (GD)-based methods [33], [34], and this can
achieve a second-order convergence rate as given in the follow-
ing theorem. Intuitively, this is because the proposed surrogate
function retains part of the second-order structure of the original
objective function.

Theorem 2 (Second-Order Convergence Rate of SLLS): If
the gradient matrix Vg g(a?i] []; hfi] [k], w[k]) is full-column-

rank and the initial point O‘?o] [k] is sufficiently close to an

arbitrary locally optimal solution «*[k] to szf/s(Lng ), then the
convergence of the SLLS-based location parameter estimate
error is quadratic, i.e.,

O(||e k] — e, [K]|]3)-

(37
|

Ha‘[k] a?iﬂ][k]Hz =

Proof: See Appendix D.

D. Summary of LCE Algorithm

Given an initial point a?()] [k], the inner iterations of LCE stage

can find a stationary solution of (a?i] [k],h?z.] [k]) to mfs%gg )

in (24), as ¢ — oco. Once inner iterations converge, the fresh
estimate of a and h[k] is determined by &[k] = afi] [k] and
hk] = h?i] [k], respectively. Then, based on &[k| and the pre-
vious result @[k — 1], the geometric parameter estimate will be
updated to be @&[k] as per (25). The pseudo-code of the LCE
approach for parameter fusion is summarized in Algorithm 2.

In addition, at the initial time slot, we use multiple parameter
samples to generate a good initial point a?o][l]. Namely, we
randomly generate multiple samples over the parameter space
of o, try all samples and then choose the best sample with the
minimum cost function value (see (24)) as the initial point. In
the following time slot k£ > 2, the initial point is chosen to be
result of the last time slot, i.e., a?o} (k] = alk —1].
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Algorithm 2: The Proposed SLLS-based LCE Algorithm.
Input: The measurements z[k] and &[k — 1].
Initialize o 1 [E] (for i = 0).

While not converge do (for7 =1 : M)
Determine the channel state h? ] [k] based on (30).

Find the best solution a? ][ ] to %LLIS];E

the closed-from update equation (35), given the
previous-iteration result O‘?z‘q] [k] and h%iil} [k].
End
Determine the fresh estimate &[k]

s

(] based on

o

= R [K]}-

7: Update the location parameter &[k] by fusing &[k] and
alk — 1] based on (25).

8: Determine the channel estimate h[k] = h?i] [].

Output: The geometric parameter estimate a[k] and

channel estimate h[k].

V. THE PROPOSED BFR ALGORITHM

In this section, we will elaborate the BFR algorithm to solve
subproblem ﬁfs(f fg ) in the proposed SLAB scheme. Let’s start
to explicate the motivation and then we give an outline of the

proposed BFR algorithm to explain how it addresses the chal-

lenge in subproblem %f f g ),

A. Outline of the Proposed BFR Method

For the non-convex optimization in power allocation, conven-
tional algorithms, e.g., [31], resort to optimizing the BF vector
w to maximize the localization FIM, where the FIM constraint
is formulated as an LMI form. However, due to the semidefi-
nite positive approximation and rank relaxation, there will be a
non-ignorable performance loss in these methods.

To address the con-convex problem ,Qfs(&fg') in (28), in this
section, we propose a novel successive concave optimization
algorithm (named BFR) to iteratively optimize w, which will
achieve a stationary solution to ,;zfs(f' fg) (as elaborated later).
We will show that at each time slot, the best BF vector for UE
localization is the principal eigenvector (one with the largest
eigenvalue) of the certain BFR feature matrix that is dependent
on the LCE result &[k].

Specifically, let wy; [k] be the BF solution at the ith iter-
ation of the BFR algorithm, and let x(w) be the cost func-
tion of An), ie., r(w) = trace((T gy (@[k], Z;w)) ™),
where J gy (afk], B;w) € SBT3 g the FIM of 3[k],
given by (38) shown at the bottom of the next page, where
By, 1) (alk], 3; w(0]) and By, (alk], ; w0]) are given by
(23) The surrogate function at the (i + 1)th iteration, de-
noted as g (w; wy;j[k]), is chosen to be a concave approxi-
mation of cost function x(w) around wy; [k], given by (39)
shown at the bottom of the next page, where the informative

f (e [K] +yaypp [k by (k) < f(a

K] 0 [K]) + v RV f (@

f,i] [k]; hfﬂ [k])pji)[k]}, for some a > 0. (36)
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term &, (a[k]; wi;[k]) € SV», called the feature matrix of
LCE, is given by (40) shown at the bottom of this page,
where C'(a[k]; wp;[k]) is a constant independent to w, while
g]‘," (d[k‘}, Wi] [k])E S and HL" (&[k‘], Wi] [k;])e SNe s
given by (60) and (61), respectively, in Appendix E.

This surrogate ks (w;wy;)[k]) in (39) is based on the first-
order Taylor expansion of x(w) around J g (a[k], T;w) =
T i) ([k], X wy; [K]). Its properties, which are useful for un-
derstandlng the structure of the proposed BFR algorithm and its
convergence behavior, are summarized as follows.

Lemma 2: [Properties of xg (w; wy; [k])] The surrogate func-
tion kg (w;wy; [k]) is locally tight around w = wy;[k], i.e.,
() ks (W [k]; wiip[k]) = w(wr;)[k]), and (ii) its gradient vec-
tor satisfies Vkg (W[i;\[k]; wii[k]) = Ver(wy[k]), where
Vo, nm) k(W [k]) € CT® is given by (46), Vj, n, m.

Proof: These properties can be directly verified based on
(28), (39) and (46), by letting w = wy; [k]. [ |

Note that we have used a concave surrogate function, instead
of a convex one as in conventional SCA methods. This is because
ks (w; wy; [k]) preserves some structure of the original problem

.;zfs(f lf g ) Hence, it is a better approximation of (w) with faster
convergence. Moreover, we can obtain a closed-form BF update
in (44) even if rg (w; wy; [k]) is non-convex. Thus, the resulting
algorithm has a low computational cost.

B. Determination of the BF Update Direction

At the (¢ + 1)th iteration of the BFR algorithm, given the
previous BF vector wy;) k], the following minimization problem

is first solved to obtain the candidate update w?,  [k]:

[i4+1]

BFR .
Byian i) © Wiy [ = argmin s (w; wiy k)

s.t. lwj[n,ml|ls < 1,Y4,n,m, 41)
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and w’ ][k] is used to determine a feasible update direction

CNsJNeM for BF as follows,

[i+1
vector dj;11[k] €

d[lqu] [k] =W k’] — Wi [k] (42)

i
[i+1][

Since the channel coefficients {h; ;[k]|Vl,Vj} are identically

and independently distributed, "Z{SLBAFBR i41] in (41) can be de-
composed into a series of subproblems {sz Effﬂ” =1:J}

associated with all BSs, as given in (43) shown at the bottom of

this page. As a result, the BFR problem mstBAF; li+1) associated
with various BSs can be solved in a parallel manner, which will
significantly reduce the calculation time. In addition, although
the subproblem o (B i +1]

is identical to Raylelgh quotient maximization [35], and thus
each component Wtj (1] [k, n, m] of W[LH][ k] in (41) is exactly
the principal eigenvector (the eigenvector associated with the

largest eigenvalue) of &; ,, (a[k]; wy; [k]).

1S non-convex w.r.t. w, we find that it

C. Update of the BF Vector

Once obtaining d[; ,)[k] via (42), the BF vector will be up-
dated based on the Armijo rule as follows,
wj i+ 1) [k, nom] = wj [k, n,m] + 9 dy i [k, n,ml,
(44)

where 7/, > 0 is the step length determined by the Armijo
rule [40] in (45) shown at the bottom of the next page, where
Ve, nm)K(Wj i) [k,n,m]) is the derivative of x(w;[n,m])
w.rt. wj[n, m] at wjln,m| = w; ;) [k,n, m], which is given
by (46) shown at the bottom of the next page, and Iy, is the
Np x Np identity matrix. Specifically, starting with a certain
step size 7[’2.] > 0, the Armijo rule repeatedly decreases vfi] as
vfi] = 1/7[’1.] for some v € (0,1) until the condition in (45) is
satisfied.

K\, (alk);w) (K (afk]; w))

H
O27L+3)xJ(L+1)

jﬁ[k] ((_)t[k], E;w) =g 2 Z N H o (r) ,_ (38)
ron,m 0?2]L+3)><](L+1) (Gguzn(a[k];w)) ng,,zn (a[k},w)

rs(w;wy [k]) = Clalk]; wy[k]) — Z ij[n, m|&; ,, (alk]; wi; [k]) wi[n, m]. (39)

neod;,

e

m=1:M
6, n(aklwyk]) = Gin(alkliwylk])  +  Hjn(alkl; wyk]) (40)

UE localization feature matrix ~ Channel estimate feature matrix
T =~ *
(BFR) . ¢ _ wj [n,m]®; , (a[k]; wy[k]) wj[n, m]
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Algorithm 3: The Proposed BFR Algorithm.

Input: LCE result &[k] and channel variance matrix .

: Determine an initial point \?V[ 0 (K],

: While not converge do (for = 1 : M)

3. Determine the feature matrix & ,, (&[k]; w;) [k])
based on w; [k] and &[k], Vn, j.

[\)»—A

4: Determine w” n [k, n, m] based on the spectral

decomposmon of &; . (a[k]; wp;i[k]), Vn,m, j.

5: Determine the BF direction d; ;1 1) [k, n, m] based

on (42), Vn,m, j.

Determine the step length 'y[’l.] as per (45).

Update the BF solution wy; [k] based on (44).
End
: Return w[k + 1] = wy;[k] for the next round of LCE.

Output: The best BF choice w[k + 1].

hl

This will finally result in a closed-form update of w(k] for

the non-convex BFR problem ,Q/S(f AFg) in (28), via combining

with (44), as summarized in Algorithm 3.

If dj;;qj[k] is a descent direction, (i.e., the inner product
Ve k& (wii [k])dis1)[k] < 0for any non-stationary wy; [k]), this
Armijo rule will ensure a sufficient reduction of cost functlon

value such that the obtained BF solution w; [k] converges to a

stationary solution to the overall BFR problem &%Sf f ]I; ). How-

ever, it is highly non-trivial to prove that dj; ;)[k] is a descent
direction when the surrogate function is non-convex. This chal-
lenge will be addressed in Section VI.

D. Summary of the Overall BFR Algorithm

The pseudo-code of the novel BFR algorithm is summa-
rized in Algorithm 3. Start from an initial point w; o [k, n, ],
Vj,n,m. The proposed BFR algorithm will first determine
Wg:[z ) [k,m, m] based on the spectral decomposition of fea-
ture matrix &, (a[k]; wy; [k]) dependent on the previous BF
solution w; [k], and then determine the feasible BF update di-
rection d; [;; 1)k, n, m] as per (42), and finally update the BF
vector as per (44). Once obtaining the new BF choice w[k + 1],
each BS will transmit the new symbols based on w[k + 1], and
thus the new measurement z;, , 1) used for the next LCE stage
is dependent on wk + 1].

The Characteristics of our BFR Solution: The BFR-related
feature matrix &, (a[k]; wy;[k]) is the combination of two
individual features G; ,, (a[k]; wy; [k]) and H; ,, (a[k]; Wi [K])
w.r.t. the UE localization and channel estimate, respectively, as
given in (40). This structure explicitly shows how the physical
nature of UE localization and channel estimate (characterized
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by their respective feature matrices) affect the BFR result. In
addition, we can also see from (40) that the localization-based
BF optimization and the channel-estimate-based BF optimiza-
tion in the BFR problem can be decoupled from each other
due to the problem-specific surrogation function design in (39).
Furthermore, the obtained BF solution is adaptive to the pilot
symbols. In addition, unlike the traditional gradient-descent al-
gorithm where the Taylor expansion is directly applied w.r.t. the
variable (say w), we apply the first-order expansion w.r.t. the
information matrix J g;j(@[k], ¥;w), rather than w. Hence,
our surrogate function ns( ) preserves the inherent structure
of J gy (@[k], B;w). This will lead to a more accurate ap-
proxunatlon and thus result in a fast convergence of the BF
optimization.

VI. CONVERGENCE ANALYSIS

By using the proposed SLAB scheme above, we can obtain
two sequences {@[k]|Vk = 1: K} and {w[k]|Vk =1: K} of
the UE location parameter and the BF vector, respectively. In this
section, we shall establish their convergence behaviors, which
justifies the proposed SLAB scheme.

A. Challenges and Assumptions

Challenges. It is not easy to establish the convergence of the
SLAB scheme, due to the following challenges.
® Uniqueness of the Globally Optimal Solution: The unique-
ness of the globally optimal solution of 3[k| to the LCE
problem ;zfs(Lng ) is not clear, due to the nonlinear system
model. This issue concerns the solvability of the mmWave
MIMO-based localization problem and the stability of the
obtained BF sequence.
® Coupling Dynamics: In the proposed SLAB scheme, the
channel estimate and BF refinement are coupled with each
other. Thus, the coupled dynamics of h[k] and w[k] will
affect the convergence of the SLAB scheme.
Assumptions. To facilitate the SLAB convergence analysis,
we have the following assumptions on the SLAB system.

(A1) Nc NyJM > 3JL + J + 3 is satisfied.

(A2) Gradient matrix Vg g(8""[k]; w[k]) is full-column-
rank, where 3"""°[k] denotes the true value of 3[k].

(A3) The mean of measurement error €[k] is zero.

The first assumption means the number of pilots should be
not less than the number of unknown parameters in the SLAB
scheme, which is satisfied by usual mmWave MIMO systems.
The second assumption means the rank of the gradient matrix
should be equal to the number of unknown parameters, which

n(w]—,m [k, n, m] + ’y[’i]dj‘,[iﬂ] [k, n, m]) < n(w] i [k, n, m]) + ay ]%{V

(I[w;, [k, m] 3Ly,

w; [k, n,m]) = —2

=w; i lkn, m]wj’m [k,n,m]) &, (a[k]; wi; [k])

K(WHZ-] [k, n, m})d]-_[iﬂ] [k,m, m]}. (45)

jln,m]

W;TM [k, n, m] .

vw.l [nm] K (

w131 [k s ml 5
(46)
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is usually true for the mmWave system (due to A1) and can be
verified by numerical results.

We also assume a global search method, e.g., a branch-and-
bound algorithm [32], is used for the LCE problem such that a
globally optimal solution to szs(fgg ) is obtained at each LCE
step. It should be noted that although the convergence is estab-
lished for the case of a high-complexity global LCE algorithm,
simulation results show that the proposed SLAB scheme with
the low-cost SLLS-based LCE algorithm in Section IV still
achieves a large performance gain over baselines.

B. Convergence Behavior

1) Convergence of LCE: We give the following Lemma 3 to
address the first challenge above.

Lemma 3 (Uniqueness of the Globally Optimal Solution):
If A1 is satisfied, there is a unique globally optimal solution
(a*[k], h*[k]) to 42%5%25) in (24) at each LCE stage.

Proof: The proof is given in Appendix F. |

Lemma 3 ensures the mmWave MIMO-based localization
problem is solvable. We further have the following theorem to
quantify the order of ||3*[k] — B""°[k]||2 w.r.t. ||€[k]] 2.

Theorem 3 (Bounded LCE Error): Assume A1-A2 are sat-
isfied. At each time slot k, the LCE error is bounded from

: * _ Agtrue ~ lle[k]|:
above, i.e., |8 [k] — B [k]|l2 ~ O( vau_]g(ﬁ[k]fw[k])“z ).
Proof: The proof is presented in Appendix G. |

This means, if those conditions are satisfied, the LCE error is
finite and proportional to the noise power.

2) Convergence of BFR: Since the first-order optimality
condition [36] presents the necessary condition of the optimal
solution, we use the mismatch of this condition w.r.t. the ob-
tained BF solution to characterize its optimality and to quantify
the order of this mismatch w.r.t. measurement errors. Prior to
this, we give a theorem to show that the obtained BF solution
at each time slot k is a stationary solution to the BFR problem
;zfs(fjfg), for a given &[k].

Theorem 4 (Stationary Solution to BFR Problem): Assume

A1-A3 are satisfied. At each time slot k, the BFR algorithm

converges to a stationary solution w[k] to problem ,;zfs(f f{;’), as

the iteration number 7 — oo.

Proof: The proof is presented in Appendix H. |

Due to the inevitable LCE error in &[k], the optimality of the
BF solution w; [k] will be affected, which is quantified by the
first-order optimality condition mismatch as follows.

Theorem 5 (Bounded Optimality Condition Mismatch): If
A1-AS are satisfied, at time slot &, the obtained stationary BF
solution w (k] approximately satisfies the first-order optimality
condition associated with a'™"¢, with a deviation Wi,is:

?R{Vgtrace(%mk} (oz“ue7 > W[k]))(w —wlk])} > Whis

holds Vw such that [|w;[n, m]|]s < 1, Vj, n,m; and meanwhile
the optimality deviation follows Wiy,is ~ O(]|€[k]||2), where
Vtrace(B gy (alk], 3; wlk])) € CVe/NeM s the deriva-
tive of trace(Bgy (a[k], T;w)) wrt. w at w = wlk].
Proof: The proof is presented in Appendix 1. |
This implies that the UE-location-error-caused beam mis-
alignment will be gradually mitigated, due to the gradually
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decreased UE location estimate error via parameter filtering. For
a finite UE location error (or equivalently a finite ||€[£]||2), the
beam misalignment is bounded. Thus, the proposed BFR algo-
rithm will achieve a robust BF solution against the measurement
noise. Therefore, the overall convergence of the SLAB scheme
is established.

VII. NUMERICAL RESULTS

In this section we shall provide numerical results to demon-
strate the performance of the proposed SLLS algorithm for UE
localization and also to verify the performance gain of the pro-
posed BFR algorithm for BF optimization.

A. Simulation Settings

We choose the number of BSs to be J = 3 and the num-
ber of subcarriers to be N/ = 30. We set L =1, M = 20,
SNR = 20dB, Ny = Ny = 4, carrier frequency fc = 6 GHz,
sampling period T, = 10ns and light speed ¢ = 3 * 10% m/s.

Thus, A, and da can be determined via \,, = %ﬂp( and
Né,n ’

dx = ¢/ fc /2, respectively. We assume the locations of UE and
BSs are at random within a squared area of 10° x 10° m?, and
their orientation angles are also at random. We assume a sim-

’

. n
ple path loss model for each channel, i.e., h; ; = Kz#, where
21,4

hj ; ~CN(0,1) is the small-scale fading and g, ; is the path
length, namely, po ; = ||[x — u;|| for { =0 and g ; = |Ju; —
viille + |lx — vy j|l2 for i =1: L. Based on this model, we
have that X = E{h[k]h"[k]} =1, ® diag [n} VI =0:L],
where 7, = pfj’, for each realization of BS locations and scat-
terer locations in simulations.® For LCE, we consider the fol-
lowing algorithms as baselines.
® (GD-based LCE [33]): This directly updates the unknown
parameters by using the gradient of the LCE problem.
® (LS-based LCE [34]): This uses the gradient with an
Armijo-type line search (LS) to update the estimates of
unknown parameters.
For the BFR, we consider the following baseline methods.
® (GD-based BFR [33]): This directly uses the gradient of
the BFR problem to update BF vectors.
® (LMI-based BFR [31]): This optimizes BF vectors to
maximize the localization FIM, (i.e., inverse CRLB) by
formulating the FIM constraint as an LMI form.

B. Simulation Results

1) The Achieved RMSE of LCE: The root mean squared er-
rors (RMSEs), at the first time slot with random BF vector,
achieved by various localization algorithms are presented in
Fig. 4. We can see that the proposed SLLS algorithm can achieve
a localization error of 0.028 [m]. In addition, the SLLS algo-
rithm has a faster convergence than baseline algorithms, due to
our problem-specific parameter estimate rule design.

%We have assumed in this paper that the channel variance matrix 3 is known
and we adopt the value of % conditioned on the path loss pz";, while the
instantaneous channel vector h[k] and scatterer locations are unknown and
need to be estimated. In practice, the state of 3 can be estiamted by using the
variance matrix estimation method [37], [38] or alternatively using the stochastic
geometry modeling-based analystical analysis [39].
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Fig. 5. The achieved localization error with various BFR strategies.
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Fig. 6. The achieved BFR gain v.s. the number of antennas (i.e. Np).

2) Gain of BFR: As shown in Fig. 5, there will be a
localization error reduction owing to BFR. In addition, the
proposed BFR algorithm can achieve a satisfactory perfor-
mance gain in localization accuracy. The achieved BFR gains
v.s. the number of transceiver antennas (assuming Ny = Np)
are shown in Fig. 6, where the BFR gain is defined as the
ratio between the initial CRLB (without the BFR process)
and the minimized CRLB (via using a certain BFR algo-
rithm). As expected, the more antennas lead to the larger
BFR gain. In addition, due to the non-convex rank-one con-
straint in the LMI-based BFR baseline method, there will be
some performance loss in their BF results. In addition, due to
our problem-specific surrogate function design, in which the
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Fig. 7. The CDF of the achieved localization performance gain from BFR.

inherent structure of localization information matrix is pre-
served, our obtained BF update is more informative than the
gradient descent-based baseline, and hence achieves a larger
localization performance gain. The proposed BFR algorithm
thus outperforms the LMI- and GD-based methods, as shown in
Fig. 6.

In addition, we evaluate the achieved BFR gain of our pro-
posed BFR algorithm and the BFR baseline methods in diverse
scenarios. Specifically, the SNR is set as a random value rang-
ing from —20 dB to 60 dB in simulations. In addition, the
BS locations are uniformly distributed within the localization
area of 10° x 10 m2, and the BS orientation angles are also
uniformly setup within [0, 27), while N and Ny are fixed at
6. The settings of other parameters are the same as those in
Section VII-A. The cumulative distribution function (CDF) of
the achieved BFR gains by different BFR methods is presented
in Fig. 7. It is shown that the overall BFR gain of the proposed
BFR method is larger than that of BFR baselines under the di-
verse parameter settings given above, which implies to some
extent that the proposed BFR method can also achieve a better
performance in some worst-case scenarios with extremely poor
SNR conditions or BS deployment.

VIII. CONCLUSIONS

In this paper, localization-oriented BF for mmWave MIMO
systems is studied. A novel SLAB scheme is proposed to deter-
mine the best BF vector for UE localization and to simultane-
ously achieve the joint UE localization and channel estimate. A
closed-form CRLB is obtained to provide a performance bench-
mark for UE localization and is also used for BF optimiza-
tion. The convergence of the proposed SLAB scheme has been
established. It is shown that the proposed SLAB scheme can
achieve a huge performance gain over existing localization/BFR
approaches.

APPENDIX A
PROOF OF LEMMA 1

As per the estimate theory [30], the LCE-based CRLB 253
(e, h[k]; w) will be finally given by

B g1 (a, h[k];w) = (Tgpy(euhlk;w)) ™, (@7)
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where J gii) (e, hlk];w) is the FIM given by (48) shown
(r)

at the bottom of the page, and the derivative K, 1, (a;w) €
C(QJL+3)><J(L+1) is given by

K

n,m

(s ]V =0 L,¥j = 1: J].
(n

(w) = (49)

In addition, vector s;"/ [n, m] € C?/L%3 is structured as

Lj
t rt)x (r,t
5wl el
T ()% ()
gl/[n?m}i t:;NB w] [n m]MZJ” pZJ” )
t rt)*x o (r,t
w3
t=1:Ng
where [L]( g 73 is given by (19), and w( )[n m] is the tth element

of w; [n, m]. Furthermore, ggr 1) ¢ IRQ and pg I 73 € R are given

by (50) and (51) shown at the bottom of the page, respectively,

l(jn € R?/L 1sg1venb¥f

|:’Ul(, t):l {vl_]n7 lf (l,mOdJ)—l
D o121 05,1, otherwise,

and ©

. (52)

VI’ =1: JL, where Ug']f,)L € R? is given by (53) shown at the
bottom of this page, and G/ ), (a;w) € C/*I(EHD) s given by

G, (w) = diaglg " nmlvi=1:J], (54
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Based on (48), Ey 1) {2 gjx) (o, h[k]; w) } follows (55) shown
at the bottom of the next page, as per Jensen’s inequality for
the inverse function, where we have considered that h[k] is
independent to a and has zero-mean with variance matrix 3.
Thus, Ec {||B[k] — B[K][j3} > trace(B g (o, h[k];w), and
Lemma 1 is proved.

APPENDIX B
GRADIENT MATRIX

The gradient matrix in (32) is given by

VN5 NyDY (o) B (hf, [k])
VN5 Ny Al ()BT (b, [k])

VNp Ny DY ()BT (i, [k])
(56)

Vag( H[H hi][k]) =

and each term is elaborated as follows.
Firstly, B(h[ ] [k]) € CTMNuNexJMNyNeNg (L+1) g ojven

B(h?ﬂ [k]) = dlag[b;[k,n,m]Wr,n,j,m], where b; [k, n,
m] = (INB ® HE‘_M [k])(wj [kv n, m] @ 1(L+1)) andHE‘_[i] [k] =
il [k] is the (I, j)th ele-

diag[h ; .\ [K]IVl = 0 L], in which A} |
ment of h[ﬂ [k], and 1(7, 1) is the (L + 1)-dimensional full-one

where gJ(.T) [n,m] is given by (16). vector.
(r) T (r) . H (r) . * (r .
hikl: 9 Kn m (a (.U)h [k}h [k] (Kn,m (a,w)) Kn,m (aa w)h [k]Gn,m ,CU) 48
T (e hlkfiw) = 072 3 (r H, T () H (r) H o (r) (48)
romom (Gmn (a; w)) h'[K] (Kn,m (a, w)) (Gn m (a; w)) Guim (a, w)
X—uj [x—u; [3ey —(x—u;)(x—u;)Tey
-]27T<N’T Tx—u, s —jt Tt —1) = = uilH" S
o arccos 7(X7U-I>Hex ),, ) . _
+ JdUﬂ (’f‘ _ 1)C i (d‘ 0 ( [ 7ujll2 - / [[x—u; Hﬁ ex *(’ifujg)(xf‘l) Mex ; b= 07
An (x—uj)HeX [Ix u./Hz
(rt) 17( HX*U_I‘Q‘ ) (50)
Ljn — X—V;
J27rcN’T =i s
(_ ((x—vzwﬂex )719) !
) . cos | arccos vy T v 2 Cx—v) ) (x—v, H > 0
+ i (r—1) ( );J A
x—v; j)ex
- (e
Jd)‘\” (r —1)cos (arccos <(X|xu’u)ﬂl‘zx > — 19)), 1=0
() _ " ! (51
L) N
de” (r —1)cos (arccos (ﬁ;’\j}?f:x ) — 19)), >0
() _ _jop M XV N W=V ﬂdBW(t _ 1 [uj —vill3ey — (0 —vi;)(u; —vi;)"ey
b eNG Ty [|x — vl eNGTs lug — vl 7 A lw; — i3
(x—vi;)Mey ) _ )
_duym (1) cos (arCCOS ( Ix=viila V) Ix = vigl3ex — (x = vig)(x = vi)ex (53)

A L (e )
=il

[ —vi ;I3
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Dy (a) € C/MNeNuNg (L+1)x2 = 1(y) ® vec

. ~(r, t)* t . "t
,7,m, 7], where ,Q;’l ,)L —ul(’] ,)L g[(’l ,)L, while ;LZ('I,)L

Secondly,

[(gm 71,1
and g, ]’n are given by (19) and (50), respectively. Thirdly,

dy (o) = vec[ugj npl]n VI, t, 7, j], where pg "1 s given

by (51). Fourthly, Dy (ax) € € CIMN NNy (L)L =1on®

Vec[(vl(zfn) Vi, t,7,n,j], where Ul(j L eC = ul(']t,z*“lhjiz,
o (rt) -

and 0 | is given by (52), VI = 0 : L, Vj.

APPENDIX C
PROOF OF THEOREM 1
By inner product calculation, it can be verified that p;)[£] is a
descent direction, i.e., Vi f(oz?i] [k]; h?i] [k])pji[k] < O for any
non-stationary a?i] [k], Thus, the SLLS-based location update
(35) subject to the Armijo rule (36) will converge to a stationary
point to 42{5%21]32 ), as per the line search method [40]-[42].

APPENDIX D
PROOF OF THEOREM 2

We first elaborate the convergence rate of a[z +1) [k]. Applying

the second-order approximation to g(c, h?l] [k]), we have

2[k] = g(of, (K], b, [K]) + Vig(ad, [k], bl [k]) (" [K]

— o, [K]) + s(a®[k]; o [K], b, [K]) +6, (57)
where the second-order term s(a®[k]; a?i] [k], hfi] [k]) is given
by (58) shown at the bottom of this page, and ¢ is the higher-
s = Vatll, (e, [K])

order residual error. In addition, ¥, ;=
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Based on (36), afH
oLy [k], since it can lead to a sufficient decrease in cost func-

(]

1][]6] is a more efficient update than

tion value f (a?i ] [k]; h?l] [k]). Thus, convergence of a[

is at least quadratic. Theorem 2 is proved.

+1]

APPENDIX E
EXPRESSION OF FEATURE MATRICES

Gn(alk]; wp; [k]) and H; ,, (a[k]; wy; []) are given by (60)
and (61) shown at the bottom of next page, where X =1; ®
diag [n? VI = 0: L] with 77 being its elementary variance,
while B o, (w; [k]) and By, 4] (w; [k]) are CRLBs (dependent
on wy;)[k]) associated with o and h;[k], respectively, given by
(62) and (63) shown at the bottom of the next page. In addi-
tion, R (& [k]) € CIL+3)xNy — vec[uymw = 1:Ng]

I]n
and U(7 J(afk]) € CNex(L+D) = [ul]nWl =0: L], where

(r,t)*
l,jn Eljn
(r,t) (rt)x
l,jnlFljn ’
(ryt)x o (r,t)
l,jmn “l,jn

(rst)

l,j,n

(r,1)

(r.t)
uljn

and Q;yrz’ IOZ(]7)L’ Ul(Tjt'r)z

and (19), respectively.

and p is given by (50), (51), (52)

APPENDIX F
PROOF OF LEMMA 3

1) Uniqueness of h*[k]: Since the system model is linear
w.r.t. h[k] as shown in (13), h* [k] is unique at each LCE stage.
2) Uniqueness of x*[k]: For easy notation, we use g(x)
to denote g(x,d,v,h[k];w) (given by (13)) with any point
9, v and h[k], use f(x)= ||z[k] —g(x)||3 to denote the

Vﬁwn m (e LEZ] [k]), where 1/)” m j(afi] [%]) = (g 5 [3][]6 n,m])!  LCE cost function of x, and we use x = x*[k] + ¥x to de-
ht. k], and g [k n,m] is the value of g< )[ m] (given by note any point of x, where X'is a unit direction vector
(i J ) . and ¢ is the length. Then, f(x) is cast as f(x"[k] +¢x) =
(16)) condltloned on am[ ]. In (57), we use Vig (am [k], hy, (<" (k] + ¢x) — g(x* [k]) — v* [k][3, where v* [k] = z[k] —
(E])Vag(a [][k} h?z][k]) to approximate the Hessian matrix g(x*[k]) (independent of x and ). Let f(x*[k] +¢x) =
for computational ease (only gradient is needed). Ignoring  f(x*[k] +X)|r ,~0w.j» Which is a tight lower bound of
the residual error, we have (59) shown at the bottom of the f(x*[k] + ¢x), as verified later.
next page. If Vag(afi] [k],hfﬂ [k]) is full column-rank, then Example. Consideracaseof J = M = Ny = Ng = Nc =
et [k] — oy, K]l = Ol [4] — o (K]]3): Loand L =0. Then, fG'[k]+9x) and J(x"[k] +vx)
K. ), (c; w)h[EhH K] (K, (;w))™ K (o w)h[K] G (s w)])
B (B (0 blE )} = 0% { ( 5 [ (( Jh[k{h"| ](m (@) m( Jhi] . (e )
romm (Kn,m (a;w)h[ls]Gn,m(a;w)) (Gnym (a,w)) Ghom(ow)
N 2( Z [Kn’in (a;w)E(K(T) (o w))H O2704+3)xJ(L+1) ])1 (55)
- 0 .
rn,m 0{{2 JL+3)xJ(L+1) (ngrzn (a; w))Hngr,)m (a; UJ)
By (a,T;w)
s(a*[k]; o, [k], 0, [k]) = vec[(@*[k] — o, [K)) 7@, [ (a®[K] = o [k])[¥n, r,m, j]. (58)
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reduce to that in (64) and (65) shown at the bottom of this page,

respectively. B ]
It can be verified by the above simple case that f (x* [k] 4- ¥ x)
satisfies (i) f(x*[k]) = f(x*[k]) and (i) f(x*[k] +¥x) <

(K] + 9). Vx - lxlls = 1 and 4 # 0. That is to say,
F(x*[k] + ) is a tight lower bound of f(x*[k] + ¥ x).

_ Moreover, f(x*[k] + 1x) also satisfies (i) f(x* [k] + ¥x) =
Fox* ] for 1 = Ozand ) £ (o K] + ) > f (< [k For s 2
0, since the modulus (or &y ;[k]) is reduced with transmission
distance due to path loss. That is, except x*[k], there is no other
point such that f(x) is lower than f(x*[k]), i.e., x*[k] is the

. . E)
unique optimal solution to %L AB -

3) Uniqueness of v*[k|: TIts proof is similar to that of x.

4) Uniqueness of 9*[k]: We use f(9*[k] +v) with v €
(—m, ] to denote the LCE cost function ||z[k] — g(¢9)||3 (de-
tailed in (66) shown at the bottom of this page) with any point
x, v, h[k], where ¥*[k] is one optimal solution of ¥ at each
LCE stage. Consider again that simple case. Then, f (9" [k] + v)

will reduce to (66), where Cﬁ%tgﬂ (h()‘,j (%], X) is the constant
independent of ¥*[k] and v. Thus, we have fO[k] +v) >
f(9*[k]), for any v # 0 and v € (—m,@]. Hence, U*[k] is
unique, and lemma 3 is proved.

APPENDIX G
PROOF OF THEOREM 3

To prove theorem 3, we need to give a lemma regrading the
continuity of the LCE system.
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Lemma 4: Tf A1-A2 are satisfied, ||3[k]
lg(BIED —g (B [K] |l2
N RECEREIE

Proof: We have that ||g(B""°[k] + AB)
— V8, &™) AB + O(IABIR) . and hence we have

Ig(B""[k] + AB) — g(B"[k])ll2 > IV 5, 8(8"" [K]) A

Bllz2 —O(||ABJ|3). As aresult, we have the following inequality:
IIngg(ﬁ““e [ENABI2 < llg(B"[k]+AB) —g(B""[K])|2
+O(|ABJ|3). In addition, there must be C; > 0 such that
IV 588" [KDABIl2 > C1[[ Vg, 8(B"[K])l|2[| ABl2.-

Thus, Cl||VH 18(B kDI ABLE] < [lg(8"" k] + AB)
—g(ﬂ““e[k])ﬂz + O(||AB]|3). Then, we arrive at [AB]|; >

HAg(:@UM[k])HZ+O(HA:3H§) : : true _ true
IR sl 0 which Ag(B(R]) = g (8™ (K]

+ AB) — g(B""°[k]) denotes the range variation.

Based on lemma 3, when there is no measurement error,
(a*[k], h*[k]) is equal to (!¢ h'™¢[k]). This means that for
any & > 0, there exists ¢ > 0 such that ||3*[k] — B8""[k]|s < &
must hold if ||e[k]||» < ¢. Thus, O(||3*[k] — B [K]||) can be
safely ignored, and lemma 4 is proved.

Thus, based on lemma 4 we have ||3*[k]
lg(B" [F])—g(B™" [k ] 2 +O(IB" [k] =B [K]3)
CrlIV5,, 8B [E]) 2
[k] is the optimal solution and g(B""°[k]) is noiseless, ||g

(B*[k]) — g(B" (k)2 < llz[k] — g(B""[k]D]l2 = ll€[k][l2-

_ Iatlrue[k,]n2 S Cl
holds, V3[k], for C; > 0.7

— g(B"[K])l2

_ﬁtrue[k]||2 S

. In addition, since 3*

"We drop w [k] in g(e) for brevity.

| (Ve (k1. 1, (k) (2lk] — gl (K], b (k) + o ]~k 12 = [[(Vig(ad k], b k) s(a [k]; o K], b, (k)]
O‘[Oi+1][k]
= [[VEg(ad, [k, b, [k]) (e [k] — o [K]) [3. (59)
2R (rH (= nH - (r) /=
Ry, (alk])Bo (Wi [k]) Ba (wii [K]) Ry, (a[k])
G (alk]; wiyK]) — - = , (60)
1=0:L
r=1:Ny
(r) /= S H (r)H /-~
_ U, (alk]) By, ) (Wi [K]) B, ) (wiay []) U5 (@lk]
H, IL(a[kLw[z][k}) _ Js ( ) h_;[k]( [i] ) . ]( [i] ) J, ( ) 61)
r=1:Ny g
—1
Bo(wilkl) = | D w R, (@lk)w} [k, n,mlw] [k, n,m]R{)Y (afk]) | (62)
l,j,r,mn,m
~1
By, 1 (wy [k]) = (Z U @lk])w g [k, n,mlw ] [k, m}Uﬁ(c‘x[k])) . (63)
j2mn I exusp j2mn I (gl
FH R+ ox) = || b [Klw;jn,m] ¢ Ve —hy j[Klw;[n,mle YT — oD, (64)
Equivalent modulus Equivalent phase
FO k] +vx) = [|hug (ke [, m] — by s [klw [, m] — ol k]| (65)
dyr i F i =0* [k]—v U™ (1) sin(6y —9* [k )% 2
PO 4+ v) = H U (o ;[K],%) (e‘]jl’r“ V) sin(8u,1,;—0" [k]-v) _ o 45 (r=1) sin(0y,1,—0 [k])) — o) [k]Hz' (66)
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H
Ayl MV g 5 (W [y m]) = (WE L TRnm]) S Ve ) £ (w5 o[k, m, m]) (67)
— ow ) (Iwj ik, n,mll3Lvy, — W) [konomlw] g [k, n,m]) & (ks wiy [k]) w3 [k, m,m] ©8)
JoliA1] T ”Wj,[i] [kvnam]”Q
H _
(WE»’[Z.JH][]C n,m)) Wi [k, n,m] (W.I[i} (k,n, m]&; . (alk]; wp [k})wl (i [k,n,m]
= : 2 )‘max S O (69)
w1y [k; n m]Ilz w1 [k, 2, 13
N

%17 _ atrue lelk]ll2+OIB™ [F] -8 [K]]3) [3] J. A. del Peral-Rosado, J. A Lopez-Salcedo, S. Kim, and G. Seco-
Thus, ||B7[k] - B [K]ll2 < CilVig 8B k]l , and Granados, “Feasibility study of 5G-based localization for assisted driv-

theorem 3 is proved. ing,” in Proc. Int. Conf. Localization GNSS, 2016, pp. 1-6.
[4] A. Guerra, F. Guidi, and D. Dardari, “On the impact of beamforming
strategy on mm-wave localization performance limits,” in Proc. IEEE Int.

APPENDIX H Conf. Commun. Workshops, 2017, pp. 809-814.

PROOF OF THEOREM 4 [5] A. Shahmansoori, G. E. Garcia, G. Destino, G. Seco-Granados, and H.

We will prove V! K(ij[i] [k, n, m])dj,[viH] [k,n,m] <

0, Vj,n, m, and the equahty holds only if {w; (;[k,n, m]} is
an optimal solution of %LB§§ %7 1" Once this is proved, theo-
rem 4 will be proved by combining lemma 2, thus it directly
follows from the convergence of the feasible direction method
[42] subject to the Armijo rule [40].

Let X, be the largest eigenvalue of &, (a[k]; wp;[k]).

max

Since wu i li+1]

H _
have (wgi 1] [k,n,m])" &, (alk]; wy[k])w
A/

Illdx( [k n m])HW]

[k,n, m] is its principal eigenvector, we

j,[i] [If, n, m] =
i) [k, n, m]. In addition, combin-
ing w1th (46), we know W[ | [k]V r(wy;[k]) = 0. Thus, we
have (67)-(69) shown at the top of this page, and the inequality

of the condition is verified.
From (69) we know the equality holds only if w; ;) [k, n, m]

is the principal eigenvector of & ,, (a[k]; wy;) [k]) which is the
optimal solution to the problem in (43) and hence .;af J{]) in

(41) equivalently. Hence, theorem 4 is proved.

APPENDIX I
PROOF OF THEOREM 5

Since g(a, h[k]; w) is twice differential w.r.t. w for any point
w such that V,g(a, h[k];w) is element-wise Lipschitz con-
tinuous w.r.t. w, as per theorem 3, &[k] — '™ = O(||e[k]||2)
Thus, we have V., trace(B g (alk], ; wk]))=V., trace
(B (o™, 2 wlk])) + O([le[k]]]2 ).Notethat@?{vgtracc
(%B 1(a[k], 2 swik]))(w —w[k])} >0, Vw, since wi[k]
is a statlonary point of the BFR problem given &[k]. Thus,
R{VE trace(B gy ('™, ; wlk])) (w — wlk])} > Wi,
where Wy,is ~ O(||€[k]||2), and thus theorem 5 is proved.
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