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Abstract—In this paper, we are interested in the joint estimate
of user equipment (UE) location and orientation for millimeterwave multi-input-multi-output (mmWave MIMO) systems. In
practice, mmWave signals suffer from small-scale fading, which
degrades UE localization. Moreover, mmWave MIMO-based UE
localization is a non-convex optimization problem, and the bruteforce application of conventional optimization methods will result
in a poor solution or lead to large computational cost. In order to
address the above challenges, we propose a novel simultaneous localization and channel estimate (SLCE) algorithm, where the UE
location parameters and small-scale fading coefficients are jointly
optimized. In such a case, the disturbance of small-scale fading
on UE localization is alleviated. Thanks to our problem-specific
update rule design, the proposed SLCE algorithm achieves a
large performance gain over existing baseline methods.
Index Terms—Localization, 5G mmWave MIMO communications, channel estimate, small-scale channel fading.

I. I NTRODUCTION

M

ILLIMETER-wave (mmWave) and massive multipleinput-multiple-output (MIMO) are promising candidate
enabling technologies for 5G communication systems [1], [2].
A multitude of earlier research works have been conducted
to demonstrate the great benefit of mmWave MIMO for
efficient data transmission [3], [4]. Nevertheless, its potential
for wireless localization is not fully studied, in spite of up-todate advances [5]. User equipment (UE) location knowledge
is indispensable for location-aware 5G communication networks [6]– [8]. Hence, investigation of UE localization using
mmWave MIMO is demanded.
It is shown in [5] that UE location parameters (i.e., position
and orientation) can be gained via leveraging time-of-flight
and angular gain of mmWave MIMO signals. However, it is
challenging to exploit mmWave MIMO-based UE localization
due to the following reasons.
•

Small-Scale Fading: In practice, mmWave signals suffer
from fast small-scale fading, where small-scale fading
coefficients are unknown and vary dramatically. This
extends the uncertainty set of UE localization problem
and thus degrades the UE localization performance.

Non-Convexity Nature: UE localization is a non-convex
optimization problem due to nonlinear signal propagation
models. Conventional brute-force solutions may result in
poor solutions or lead to high computational cost [9].
UE localization and channel estimate for conventional radio
networks have been devised in past decades, e.g., wideband localization [10], WiFi localization and wireless sensor network
localization [11]– [14]. However, the direct application of
such conventional localization algorithms to mmWave MIMO
systems will inevitably lead to a bad performance, due to
the different propagation nature of mmWave MIMO signals.
Hence, a dedicated development of mmWave MIMO-based
localization algorithm is needed. Upon now, there are a few
works on mmWave MIMO-based UE localization. In [5], UE
localization using mmWave signals is studied, and a threestage optimization method integrating orthogonal matching
pursuit, expectation maximization and Gauss-Seidel iteration
methods is developed. However, this algorithm is computational complex. Hence, a light-weight UE localization solution for
mmWave MIMO systems is desired.
In this paper, we are concerned with the mmWave MIMObased UE localization under small-scale channel fading. To
address above technical challenges, we propose a novel simultaneous localization and channel estimate (SLCE) algorithm,
where the UE location parameters and small-scale fading coefficients are jointly estimated. In such a case, the disturbance
of small-scale fading on UE localization is alleviated. Thanks
to the problem-specific update rule design, the proposed SLCE
algorithm will achieve a huge performance gain over existing
state-of-the-art baseline methods.
The remainder of this paper is organized as follows. Section
II presents system model. The proposed SLCE algorithm is
presented in Section III. Simulations results are presented in
Section IV. Finally, Section V concludes the paper.
•

II. S YSTEM M ODEL
In this section, we elaborate the system setup and signal
model for mmWave-based UE localization.
A. System Setup

This work was supported by National Natural Science Foundation of
China under Grant 62001526, and in part by the Natural Science Foundation
of Guangdong Province under Grant 2021A1515012021.

We consider a mmWave OFDM system with J base stations
(BS), one UE and NC0 subcarriers, as shown in Fig. 1. Each BS

user on the nth subcarrier is cast as [5]
e j [n] = VU,j [n]AU,j [n]Hj [n]AH [n],
H
B,j
where AB,j [n] ∈ CNB ×(L+1) is the steering matrix of the
jth BS antenna array on the nth subcarrier, and AU,j [n] ∈
CNU ×(L+1) is the response matrix of UE antenna array on
the nth subcarrier, which depend on the unknown angular
parameters such as θB,l,j and θU,l,j , given by
−1

Fig. 1. Illustration of the mmWave MIMO system for SLCE.

AB,j [n] = NB 2 [aB,n (θB,0,j ), · · · , aB,n (θB,L,j )],
aB,n (θB,l,j ) = vec[e

has NB antennas whereas the UE has NU antennas. BSs will
transmit training pilots for estimating UE location parameters.
We assume OFDM signaling and the length of the cyclic prefix
is assumed to exceed the maximum delay.
We focus on one interval of channel coherence time within
which the large-scale multipath parameters, e.g., time-ofarrival (TOA), angle-of-departure (AOD) and angle-of-arrival
(AOA) of each path are constant. We assume the small-scale
fading coefficients to be constant within one time slot. The
first M symbols are (known) pilots. Let ω j [n, m] ∈ CNB be
the mth training symbols transmitted from the NB antennas
of the jth BS on the nth subcarrier [15].
In addition, we assume that signals from different BSs can
be identified by the UE via certain frequency-division-based
coordinated multiple point transmission methods [16]. The NC0
subcarriers of each pilot are fairly allocated to those J BSs
via predefined scheduling procedures, and thus each BS has
NC = NC0 /J subcarriers to transmit training pilots (we assume
NC is an integer). For instance, the subcarriers of the jth BS
are given by {j, j + J, · · · , j + (NC − 1)J}. We use Θj =
{j, j + J, · · · , j + (NC − 1)J} to denote the index set of
subcarriers associated with the jth BS. Let ω ∈ CNB JNC M =
vec[ω j [n, m]|∀n = 1 ∈ Θj , ∀m = 1 : M, ∀j = 1 : J], and NC0
is the number of subcarriers.
B. Channel Model
We consider limited scattering in mmWave MIMO channel.
Specifically, let uj ∈ R2 and ϕj ∈ [−π, π) be the known
coordinate and angular position of the jth BS. Let x ∈ R2
and ϑ ∈ [−π, π) be the unknown position and orientation,
respectively, of the UE. There are L + 1 paths in the scattering
channel from each BS where the first path corresponds to lineof-sight (LOS) channel and the other paths are non-line-ofsight (NLOS) channels. Let τl,j , θB,l,j and θU,l,j denote the
TOA, AOD and AOA of the lth path associated with the jth
BS, respectively, which are unknown scalars. For each NLOS
path, there is a scatterer with unknown location, as shown in
Fig. 1. Let vl,j ∈ R2 be unknown scatter location associated
with the lth path of the jth BS. In addition, as per the mmWave
signal propagation characteristics [5], we consider the singlebounce reflection for NLOS paths.
Given multipath parameters τl,j , θB,l,j and θU,l,j , ∀l, the
e j [n] ∈ CNB ×NU between the jth BS and the
channel matrix H

AU,j [n] =

d π
−j λBn (t−1) sin θB,l,j

−1
NU 2 [aU,n (θU,0,j ), · · ·

(1)

|∀t = 1 : NB ],

(2)

, aU,n (θU,L,j )],

(3)

d π
−j λAn (r−1) sin θU,l,j

aU,n (θU,l,j ) = vec[e
|∀r = 1 : NU ], (4)
√
in which j = −1, λn is the wavelength associated with
subcarrier n, and dA is the distance between antenna elements.
In addition, Hj [n] ∈ C(L+1)×(L+1) is the frequency-domain
channel matrix on the nth subcarrier:
p

−j2π N 0nT τl,j
C s
|∀l = 0 : L , (5)
Hj [n] = NB NU diag hl,j e
where hl,j is the unknown small-scale fading coefficient of
the lth path (path loss is absorbed into the small-scale fading
coefficient), and Ts is the sampling period. Let h ∈ CJ(L+1) =
vec[hl,j |∀l = 0 : L, ∀j = 1 : J]. We assume that h follows an
independent and identical complex Gaussian distribution, i.e.,
h ∼ NC (h|0, Σ) with covariance matrix Σ.1
The relationship between location parameters {x, vl,j , ϑ}
and propagation parameters {τl,j , θB,l,j , θU,l,j } is given by
kx − uj k2
,
c
kx − vl,j k2 + kuj − vl,j k2
=
, l > 0,
c


>
(x − uj ) eX
= arccos
− ϕj ,
kx − uj k2


(vl,j − uj )> eX
− ϕj , l > 0
= arccos
kvl,j − uj k2


(x − uj )> eX
= π + arccos
− ϑ,
kx − uj k2


(x − vl,j )> eX
= π + arccos
− ϑ, l > 0,
kx − vl,j k2

τ0,j =

(6)

τl,j

(7)

θB,0,j
θB,l,j
θU,0,j
θU,l,j

(8)
(9)
(10)
(11)

where c is the light speed, and eX = [1, 0]> . For ease of
notation, let α ∈ R3 = [x; ϑ] be the unknown UE location
parameters, let v ∈ R2JL = vec[vl,j |∀l = 1 : L, ∀j = 1 : J],
and let β ∈ C2JL+3 = [α; v].
C. Received Measurement Signal
Let zj [n, m] ∈ CNU be the observation signal, i.e., the mth
received pilot signal vector on subcarrier n from the jth BS at
the kth time slot, in which we have omitted the index of time
1 Generally, LOS and NLOS channels have different statistics. Here we
assume identical statistics to consider a challenging environment.

slot when there is no ambiguity. Furthermore, the observation
signal zj [n, m] is given by [5]
e j [n] ω j [n, m] + j [n, m],
zj [n, m] = H

(12)

where j [n, m] ∈ CNU is the noise vector at the UE.
Let z ∈ CNU NC M J = vec[zj [n, m]|∀n ∈ Θj , ∀m = 1 : M,
∀j = 1 : J] and  ∈ CNU NC M J = vec[j [n, m]|∀n ∈ Θj ,
∀j = 1 : J, ∀m = 1 : M ]. Given a training symbol ω,
the measurement signal z can be expressed as a function of
the slow-timescale location parameter β, the fast-timescale
channel vector h and the noise vector  as
z = g(β, h) + ,

g(β, h) = G(β)h,

(14)

NU NC M J×J(L+1)

in which G(β) ∈ C
is the coefficient matrix
of channel vector h, which is dependent on the unknown
location parameter β and given by [5]
G(β) = diag[Gj |∀j = 1 : J], (15)
(r)H

(r)

[n, m]|∀r, ∀n, ∀m], (16)

(r)

gj [n, m] ∈ CL+1 = vec[gl,j [n, m]|∀l = 0 : L], (17)
(r)

(r)

gl,j [n, m] = ω H
j [n, m]µl,j,n , (18)
(r)

(r,t)

hEQ
NLOS =

(r)

(22)
(23)

]
ASLCE
: χ̂ = arg min kz − gEQ (χ)k22 .
χ

(24)

where the measurement function gEQ (χ) is reformulated as
,
gEQ (χ) = gLOS (α, hLOS ) + WH hEQ
{z
} | {zNLOS}
|
LOS path

(25)

NLOS path

where gLOS (α, hLOS ) ∈ CNU NC M J is the LOS component of
measurement model, given by

(r,t)

µl,j,n = aU,n (θU,l,j )e
(r)
aU,n (θU,l,j )

(r,t)
vec[cj,n |∀t, ∀r, ∀n, ∀m, ∀j],

LJM NU NC NB
where hEQ
denotes the NLOS channel
NLOS [k] ∈ C
vector. Let hEQ ∈ CJ+LJM NU NC NB = [hLOS ; hEQ
NLOS ] be the
equivalent channel. Let χ ∈ C3+J+LJM NU NC NB = [α; hEQ ]
be the overall variable.
In such a case, the SLCE problem is reformulated as

µl,j,n ∈ CNB = vec[µl,j,n |∀t = 1 : NB ], (19)
(r,t)

(r,t)

cj,n ∈ CL = vec[cl,j,n |∀l = 1 : L],

(13)

where we assume that  follows a zero-mean complex Gaussian distribution, i.e.,  ∼ NC (|0, σ 2 I) with variance σ 2 . In
addition, g(β, h) is the measurement function, given by

Gj ∈ CNU NC M ×(L+1) = vec[gj

shortly. To address the second challenge, we adopt a channel
package-up method, where all unknown propagation parameters of each NLOS path are absorbed into one variable for
joint estimate. As such, the number of parameters is reduced,
leading to a low-cost SLCE solution different from [15].
(r,t)
(r)
(r,t) (t)∗
Let cl,j,n = aU,n (θU,l,j )hl,j [k]µl,j,n aB,n (θB,l,j ) denote
the overall NLOS channel state associated with the (r, t)th
receiver-transmitter antenna pair of the jth BS at the nth
subcarrier, for the lth NLOS path. For convenience, we use
the following notations,

−j2π N 0nT τl,j
C s

(t)
aB,n (θB,l,j )

where
and
denote the rth and the tth
elements of aU,n (θU,l,j ) and aB,n (θB,l,j ) in (4) and (2), re(r)
(t)
spectively. It should be noted that aU,n (θU,l,j ) and aB,n (θB,l,j )
are functions of x, ϑ and vl,j via (6)–(11).
III. T HE P ROPOSED SLCE A LGORITHM
In this section, we formulate the UE localization problem,
and then point out its challenges. After that, we will elaborate
the proposed SLCE algorithm.
A. Problem Formulation
The mmWave MIMO-based SLCE can be formulated as the
following optimization problem:
ASLCE : (β̂, ĥ) = arg min E{kz − g(β, h)k22 .
α,h

gLOS (α, hLOS ) = GLOS (α)hLOS ,

(t)

(aB,n (θB,l,j ))∗ , (20)

(21)

where E{•} stands for the expectation over .
Challenge: The above SLCE problem is non-convex with
respect to (w.r.t.) (β, h), due to the nonlinear function g(β, h).
Moreover, in addition to the UE location parameters {x, ϑ},
there are too many nondeterministic parameters, e.g., v and h,
in the above SLCE problem, which complicates the estimate
of UE location parameters. 
For the first challenge, we propose an efficient successive
convex approximation (SCA)-based SLCE algorithm to overcome the non-convex optimization, which will be elaborated

(26)

and GLOS (α) ∈ CNU NC M J×J is the coefficient matrix of LOS
channel coefficient vector hLOS , given by
GLOS (α) = diag{g 0,j |∀j = 1 : J},
g 0,j ∈ CNU NC M =

(r)
vec[(g0,j [n, m])∗ |∀r, ∀n, ∀m],

(27)
(28)

(r)

where g0,j [n, m] is given by (18) for l = 0. In addition,
W ∈ CLJM NU NC NB ×JM NU NC denotes the known pilot symbol matrix, given by
W = diag[Wj [n, m]|∀n, ∀m, ∀j],
Wj [n, m] ∈ C

NU NB L×NU

wj [n, m] ∈ C

= INU ⊗ wj [n, m],

NB L

= 1L ⊗ ω j [n, m],

(29)
(30)
(31)

in which 1L is an L-dimensional all-one vector.
B. Algorithm Development
For the non-convex optimization, there are already methods
to identify the globally optimal solution, e.g., branch-andbound algorithm [17]. However, such global search algorithm
usually has a high computational complexity. In addition,
conventional optimization methods, such as [18] and [19],
usually depend on gradient descent, which will lead to a slow
convergence rate when the solution is close to the optimum.
Hence, it is non-trivial to develop an efficient algorithm
handling the non-convex optimization challenge.

second-order structure of the original cost function in (24).
In consequence, our SCA-based SLCE algorithm will lead to
a faster convergence speed than conventional gradient-based
methods, which will be verified by simulations.
]
is strictly conAt each iteration, the subproblem ASLCE,[i]
vex, and the closed-form expression of α◦[i+1] is given by


EQ †
,
α◦[i+1] = α̂[i] + ∇H
z − gEQ α̂[i] ; ĥEQ
α gEQ α̂[i] ; ĥ[i]
[i]
{z
}
|
p[i]

(36)
†

Fig. 2. Illustration of the main SLCE diagram.
]
Although ASLCE
is non-convex w.r.t. χ, there is a hidden
convex sub-structure w.r.t. hEQ , given α̂, since the measurement function gEQ (χ) is linear w.r.t. hEQ as shown in (25).
By using such hidden convex structure, we decompose the
]
SLCE problem ASLCE
into two components, i.e., the (convex)
channel estimate and the (non-convex) UE localization. In
other words, we shall successively perform the alternating
optimization of α and hEQ , to achieve a joint localization
and channel estimate for mmWave MIMO systems.
Specifically, starting from an initial point α̂[0] , the proposed
SLCE algorithm will alternatively update α̂[i] and ĥEQ
[i] (corresponding to localization and channel estimate, respectively).
The iteration will be repeated till α̂[i] and ĥEQ
[i] converge. The
main diagram of SLCE is illustrated in Fig. 2.
1) Channel Estimate: For the convex variable hEQ , given
a fresh estimate α̂[i] of α (which will be elaborated by (33)),
]
we directly derive its least square solution as per ASLCE
in
(24), which is the optimal estimation conditioned on α̂[i] due
to the linear Gaussian model (25). Namely, ĥEQ
[i] is given by
−1
H
ĥEQ
W(α̂[i] ) z,
(32)
[i] = W(α̂[i] )W (α̂[i] )

where W(α̂[i] ) ∈ C(LJM NU NC NB +J)×JM NU NC dependent
on α̂[i] is given by is given by W = [GH
LOS , W]. The fresh
estimate α̂[i] at the ith iteration is determined as follows.
2) UE Localization: For the non-convex problem associated with α, we propose an efficient SCA method by
exploiting a convex approximation to the cost function in
(24). Specifically, we iteratively solve the following convex
]
subproblem ASLCE,[i]
to find a candidate update α◦[i+1] ,

ASLCE,[i] : α◦[i+1] = arg min fS α; α̂[i] , ĥEQ
(33)
[i] ,
α

fS α; α̂[i] , ĥEQ
[i]



where
stands for the convex surrogate function of the original cost function in (24), given by (34),
where ∇α gEQ α̂[i] ; ĥEQ
∈ C3×JM NU NC is given by (39)
[i]
in A PPENDIX A.

It should be noted that fS α; α̂[i] , ĥEQ
[i] is different from the

standard gradient-based surrogate function fG α; α̂[i] , ĥEQ
[i]
given by (35) that is usually adopted in conventional
methods,

e.g., [18] and [19]. In addition, fS α; α̂[i] , ĥEQ
preserves the
[i]

where denotes the pseudo-inverse, and p[i] denotes its update
direction that is different from the gradient. Given p[i] , the new
update α̂[i+1] is given by
α̂[i+1] = α̂[i] + γ[i] p[i] ,

(37)

where γ[i] is the step size subject to Armijo rule (38), in which

 2
EQ
f α; ĥEQ
is the cost function of the
[i] = z − gEQ α; ĥ[i]
2

]
EQ
original problem ASLCE given ĥ[i] , and ∇α f α̂[i] ; ĥEQ
=
[i]



EQ
EQ
2JL+3
∇H
g
α̂
;
ĥ
g
α̂
;
ĥ
−
z
∈
R
denotes
EQ
[i]
[i]
α EQ
[i]
[i]

the gradient vector of f α; ĥEQ
w.r.t. α around α = α̂[i] . A
[i]
legal γ[i] can be obtained by staring from a certain γ[i] > 0
and repeatedly trying γ[i] = νγ[i] with ν ∈ (0, 1) till (38) is
satisfied. Given a quadratic update vector p[i] , the Armijio rule
(38) ensures a satisfied step length γ[i] at each iteration such
that the cost function successively reduces till it converges.
The obtained solution in (36) combining with (37) will finally
result in a closed-form undate of α̂.
C. Summary of Our SLCE Algorithm
Given an initial point α̂[0] , our SLCE algorithm alternatively
optimizes α and hEQ to find their best estimates. Once
iterations converge, α̂ and ĥEQ will be determined. In addition,
we use multiple samples to generate a good initial point α̂[0] .
(κ)
Namely, randomly generate multiple samples {α̂[0] |∀κ = 1 :
KS } over parameter space, try all KS samples, and then
pick out the sample with minimum error as the initial point
choice. The pseudo-code of the proposed SLCE approach is
summarized in Algorithm 1.
Algorithm 1: The proposed SLCE algorithm
Input : The measurement sample z.
1 Initialize α̂[0] .
2 While not converge do (for i = 1 : MI )
3
Determine the channel state ĥEQ
[i] as per (32).
◦
4
Find a candidate solution α[i+1] as per (36).
5
Determine γ[i] as per (38).
6
Determine α̂[i+1] as per (37).
7 End
EQ
8 Determine the channel estimate ĥEQ = ĥ[i] .
9 Determine the location estimate α̂ = α̂[i] .
Output: α̂ and ĥEQ .





EQ
EQ
H
fS α; α̂[i] , ĥEQ
α − α̂[i]
[i] = z − gEQ α̂[i] ; ĥ[i] − ∇α gEQ α̂[i] ; ĥ[i]

2
.
2

(34)






EQ 2
EQ H H
2
fG α; α̂[i] , ĥEQ
∇α gEQ α̂[i] ; ĥEQ
α − α̂[i] .
[i] = kz − gEQ α̂[i] ; ĥ[i] k2 + kα − α̂[i] k2 − 2 z − gEQ α̂[i] ; ĥ[i]
[i]
EQ
EQ
H
f (α̂[i] + γ[i] p[i] ; ĥEQ
[i] ) ≤ f (α̂[i] ; ĥ[i] ) + aγ[i] ∇α f (α̂[i] ; ĥ[i] )p[i] , for a > 0.

(35)
(38)

IV. N UMERICAL R ESULTS
In this section we shall provide numerical results to demonstrate the performance of the proposed SLCE algorithm.
A. Simulation Settings
We set the number of BS to be J = 3 and the number of
subcarriers to be NC0 = 30. We set M = 20, NB = NU = 33,
carrier frequency fC = 60GHz, sampling period Ts = 10ns
and light speed c = 3 ∗ 108 m/s. Thus, λn and dA can be
determined via λn = 0n c +fC and dA = c/fC /2, respecN

T
C s

h0

tively. We assume a simple path loss model, i.e., hl,j = ℘l,j
3 ,
l,j
where ℘l,j is the path length, and h0l,j ∼ NC (0, 1) is the smallscale fading. We set SNR = 20dB, unless specified otherwise,
E{kgEQ (χ)k22 }
, namely, the SNR is evaluated
where SNR =
E{kk22 }
at the receiver side for fair comparison of different fading
environments. Locations of UE and BSs are set at random
within a squared area of 103 × 103 m2 , and their orientation
angles are set at random. We set L ∈ [1, 5]. We consider the
following algorithms as baseline methods.
• Baseline 1 [18]: It updates the unknown parameter as per
the associated gradient vector.
• Baseline 2 [19]: This algorithm employs the gradient with
Armijo-type line search to update unknown parameters.
• Baseline 3 [5]: This algorithm uses three-stage optimization integrating orthogonal matching pursuit, expectation
maximization and Gauss-Seidel iteration methods.
Cramer-Rao lower bound (CRLB) on the error of UE location, orientation and small-scale fading coefficient is proposed
in [15], which is used as the performance benchmark.
B. Simulation Results
The estimate errors of UE location, orientation and smallscale fading coefficient associated with various algorithms are
presented in Fig. 3, 4 and 5, respectively. We can see that
the proposed SLCE algorithm outperforms those baselines,
in terms of both estimate error and convergence rate, due to
our problem-specific update rule design in Section III-B. In
addition, the proposed SLCE algorithm can almost reach the
corresponding CRLB. It is shown that the proposed SLCE
algorithm can achieve a localization error of 0.017[m] for
SNR = 20 dB, under the given parameter settings.
In addition, the UE location estimate error and channel
estimate error of the proposed SLCE algorithm v.s. SNR is
given by Fig.6. It is shown that the SLCE error and its CRLB
is linearly decreasing with the SNR.

Fig. 3. UE location estimate error [m] of various algorithms.

V. C ONCLUSIONS
In this paper, a novel SLCE algorithm is proposed to estimate UE location parameters over small-scale fading channel
and multipath propagation environments for 5G mmWave
MIMO systems. It is verified by simulations that the proposed
SLCE method achieves a large performance gain over existing
localization baselines, by harnessing the NLOS propagation.
In addition, our SLCE algorithm renders a fast convergence
rate due to the problem-specific update rule development.
A PPENDIX A
G RADIENT M ATRIX
The gradient matrix in (34) is given by

∇α gEQ α̂[i] ; ĥEQ
[i] = DLOS HLOS ,

(39)

where DLOS ∈ C3×JM NC NU is given by
(r)

DLOS = [dj,m,n |∀r, ∀n, ∀m, ∀j],
 P (t)

(r,t)∗ (r,t)
ωj [m, n]µ0,j,n %0,j,n


(r)
dj,m,n ∈ C3 =  t=1:N
P B (t)
(r,t)∗ (r,t)  ,
ωj [m, n]µ0,j,n ρ0,j,n

(40)
(41)

t=1:NB

(r,t)

(r,t)

wherein %0,j,n is given by (42) and ρ0,j,n is given by (43).
In addition, HLOS ∈ CJM NC NU ×JM NC NU is given by
HLOS = diag{HLOS
[k]|∀j = 1 : J},
j

(44)

in which HLOS
∈ CM NC NU ×M NC NU is given by
j
HLOS
= IM NC NU ⊗ (ĥ0,j,[i] )∗ ,
j
where

∗

denotes the conjugate of complex numbers.

(45)

(r,t)

x − uj
n
dB π
kx − uj k22 eY − (x − uj )(x − uj )H eY
−
j
(t
−
1)
cNC0 Ts kx − uj k2
λn
kx − uj k32




>
(x−uj ) eX
− ϑ kx − uj k2 eX − (x − uj )(x − uj )H eX
cos arccos kx−u
dU π
j k2
2
r
+j
.
(r − 1)


2
λn
kx − uj k32
>
(x−uj ) eX
1 − kx−uj k2




(x − uj )> eX
dU π
(r − 1) cos arccos
−ϑ .
=j
λn
kx − uj k2

%l,j,n = j2π

(r,t)

ρl,j,n

Fig. 4. UE orientation estimate error [rad] of various algorithms.

Fig. 5. Small-scale fading channel estimate errors (normalized).
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