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Abstract—As sixth-generation (6G) networks are expected to
employ very large antenna arrays, the radiative near-field region
correspondingly expands, leading to the breakdown of conven-
tional far-field approximations in many communication scenarios.
In this paper, we propose a localization scheme that exploits the
spherical wavefront characteristics of electromagnetic fields to
achieve high-resolution user positioning and channel parameter
estimation. We consider a multi-carrier wireless communication
system with a massive two-dimensional antenna array at the
base station and employ tensor-based signal processing as well
as optimization techniques to localize a multi-antenna user and
identify the associated reflected paths in three-dimensional space.
We demonstrate that, in the presence of at least three non-line-
of-sight (non-LoS) paths, the user can be localized even when the
LoS path is blocked or shadowed. Moreover, with appropriate
transmit signal design, the proposed algorithm enables semi-
blind estimation of the channel parameters and is, therefore, very
attractive for integrated sensing and communication applications.

Index Terms—near-field, tensor decomposition, user localiza-
tion, MIMO channel estimation.

I. INTRODUCTION

In pursuit of achieving peak data rates and high spectral
efficiency, 6G networks are envisioned to operate in higher
frequency bands and employ increasingly large antenna ar-
rays. Fifth-generation (5G) massive MIMO technology, typ-
ically comprising around 64 antenna elements [1], is ex-
pected to evolve toward gigantic [2] and extremely large-
scale MIMO [1] in 6G. This evolution significantly expands
the radiative near-field region, leading to the invalidity of
conventional far-field assumptions, such as planar electromag-
netic wavefronts and identical phase responses across antenna
elements, in many practical scenarios.

Consequently, channel models for large-scale MIMO net-
works rely on spherical wavefront assumptions, under which
both the distances and angles between the source and receiver
antennas vary across the array. Although spherical wavefront
modeling increases the system complexity and the computa-
tional burden, it also offers notable advantages, including more
accurate estimation of both distance and angular parameters
as well as the ability to perform near-field beamforming or
finite-depth beam focusing [1], [2]. This technique enables
energy to be focused at different distances along the same
direction. Effective beam focusing, however, requires accurate
knowledge of the underlying communication channels, which
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has recently renewed the interest in near-field parameter and
channel estimation schemes. Several near-field-based algo-
rithms employ the Fresnel approximation [3], [4], which ap-
proximates a spherical wavefront using a second-order Taylor
expansion of the true phase distribution of the wavefront
across the antenna array. Improved estimation accuracy can
be achieved by adopting the exact spherical wavefront model
which avoids systematic errors introduced by the Fresnel
approximation [5]. Near-field models have also received sig-
nificant attention in MIMO radar [6]-[8], where spherical
wavefronts are exploited for high-resolution positioning. Near-
field communication channel estimation and user localization
based on uniform linear arrays (ULAs) have been investigated
in [9]-[15], while uniform planar arrays (UPAs) and cross
arrays are considered in [5], [16], [17].

In this paper, we propose a MIMO extension of the Tensor-
Based Near-Field Localization (TeNFiLoc) scheme in [5] for
joint channel estimation and user localization. The proposed
TeNFiLoc-MIMO algorithm exploits the exact spherical wave-
front model to obtain high-resolution estimates of the user’s
position and velocity, as well as the parameters of the dominant
reflected paths. We consider a multi-carrier wireless commu-
nication system with a massive antenna array at the base sta-
tion and employ the canonical polyadic tensor decomposition
(CPD) [18] to localize the user and the associated reflected
paths. In contrast to the schemes in [5] and [16], we consider
a multiple-antenna user and additionally estimate the direc-
tions of departure. We also propose a subspace-enhancement
approach that exploits both the received pilots and the data
symbols to improve the localization accuracy compared to
the pilot-based approach in [5]. Moreover, unlike ULA-based
approaches, the proposed method enables three-dimensional
user localization. We also show that, in the presence of at
least three non-line-of-sight (non-LoS) paths, the user can be
localized even when the line-of-sight (LoS) path is blocked or
shadowed. Finally, with an appropriate signal design, the pro-
posed algorithm enables semi-blind estimation of the channel
parameters and is therefore particularly attractive for integrated
sensing and communication applications.

II. SYSTEM MODEL

We consider an uplink multi-carrier wireless communication
system in which a moving user transmits to a base station
equipped with a large uniform planar array (UPA) comprising
My antennas. The user is equipped with a planar antenna
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Fig. 1: Scenario geometry with zoomed views of the antenna arrays.

array consisting of Mt elements. The Cartesian coordinates of
the receive and transmit antennas are denoted by the position
VECLOTS Py = [Tmgs Ymp > Zme) > MR € {0,..., Mg — 1}
and Py = [Tmg, Ymps 2me) s mr € {0,...,Mp — 1},
respectively. While the receive antenna positions are assumed
to be known, the transmit antenna positions are unknown. We
assume that the signal transmitted by the user propagates to
the receiver via L paths, including a possible LoS path. An
example scenario is depicted in Fig. 1. The reference receive
antenna is located at the origin of the coordinate system.

The ¢-th channel path is characterized by unknown pa-
rameters {ag,pﬁx), ¢€X), GEX),dZ,w}, where (X) corresponds
either to (T) (parameter defined w.r.t. the transmitter) or (R)
(defined w.r.t. the receiver). The value oy represents the /-th
path’s complex gain that depicts such effects as attenuation
and random phase shifts due to propagation, absorption, and
reflection; pEX), ¢EX), and OEX) are the distance, azimuth, and
elevation, respectively, towards the last reflection along the /-th
path (in case of the LoS, it is a user); d; is the full path distance
traveled by the signal along the ¢-th path (for the LoS path,
dy = p§x)), and vy is the relative velocity along the ¢-th path.
The 3D Cartesian coordinates of the reflectors are denoted by
r¢. Our goal is to estimate the parameters of interest for each
path including the location of the user described by either the
spherical us = [ps, ¢s, 0s]T or the Cartesian u = [z, Ys, 2]
coordinates of the user’s reference antenna.

We consider a system that uses N; subcarriers, evenly
spaced in frequency with a uniform spacing of Ay Hertz. The
user’s location is determined over a frame of N; consecutive
symbols, uniformly sampled every Tj seconds. Then, assum-
ing narrowband signals on each subcarrier and perfect syn-
chronization, we can express the received uniformly sampled
discrete-time baseband signal at the mp-th receive antenna,
on the n-th subcarrier in the ¢-th symbol v, »[t] as

L—1Mp—1
S jomdes(®) jomde s
ymR»n[t] = E E Qy-e e TLmg . e e %, mrp
=0 mT=0
—j2mnA ;T iortLeTo,
e e < Smpn[t] + Zmg nlt],

(D

where the /-th path delay from the user’s reference antenna
to the reference antenna at the receive array is denoted as
70 = dg/c, and c is the speed of light. The Doppler shift
of the (-th path is expressed as flfi = fo - vg/c, where
fe=fo+ Ay - N¢/2 is the carrier (center) frequency. The
term ¢,y > (O¢,m ) denotes the mg-th (m--th) antenna “geo-
metric” path difference for the ¢-th path. It is the difference in
the distances the wavefront has to travel to the m-th antenna
and to the reference antenna. The expression for the path
differences using the exact spherical wavefront model at the
receive array is given in (2) on the top of the next page.
The expression for the transmit array is similar. We always
choose mg, mt = 0 as the reference antenna, which means
that d, o = 0, V/. The complex transmitted signal is denoted
as Smp nlt], and zp,, o [t] is a realization of an independently
and identically distributed zero-mean circularly symmetric
complex Gaussian noise process with variance o2.

For a more compact representation of the received data
in (1), we collect the path gains, the space, frequency, and
the time exponential terms in the corresg?nding steering

T jom Le 5(T) jor Lo §
vectors' bg ) = [1, €27 SOt el emp-1]T ¢ CMr,
R o o §(R) iom fe §(R)
bé ) (1,2 E0s | IPTEimp T ¢ CMr, bg =

cey
[1,e=92mdsm  e=i2n(N-DAmT ¢ Vs and by =
fcTy

[1,el2m = ve .,eﬂ”(Nt_l)fccTO”’-’]T € CNt. By concatenat-
ing the steering vectors of L paths, we can construct the trans-
mit, receive, frequency, and time steering matrices B(™) e
C]V[TXL’ B(R) c CMRXL’ Bf c CNfXL, and Bt c CNtXL,
respectively. The vector a = [a,...,ar_1]T € CL collects
the complex path gains, and the tensor S € CMrxNsxNe
contains the transmitted data.

Then, using Matlab array indexing notation, we can repre-
sent the received data in (1) in tensor form as

[y](:,n,t) = [%](:,:,n,t) . [S](:,n,t) + [Z](:,n,t)y €))

where Z collects noise terms 2z, »[t]. The tensor H €
CMrxMrxNgxNi  represents the communication channel
which can be expressed using the space, time, and frequency
steering matrices in the form of a CPD as

H =D,{a} x; B® x, BT xs Bf x4 B. (4

Assuming that within each coherence block, Mt pilot
sequences are transmitted sequentially, one from each transmit
antenna, the initial channel estimate can be obtained from the
stacked pilot observations

H=D,{a} x; B® x; BT xs B/ x, Bt + Z. (5)

The low rank tensor decomposition can also be applied
under the assumption of unknown transmitted data if the
transmitted data follows a rank-1 tensor structure such that

! Notation. Matrices and vectors are denoted by upper-case (A) and lower-
case (a) bold-faced letters, respectively. Bold-faced calligraphic letters denote
tensors (LA). The superscript {-}T denotes the matrix transpose. We use o
and X, to denote the outer and the n-mode products [18], respectively. The
operators D {a} and Dg {a} denote the operation of constructing a diagonal
matrix and the diagonal tensor [18] from the vector a. For matrices, A and
A denote the matrix A with its last row and first row removed, respectively.
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S, = [Pmse = 7ell = [P0 = 72ll = /e = 202+ W, — 90)? + (o — 20 = (") ¥ @
S = §"o0s' 08", where s = [56,5’1,...,5'1vf_1]T € domain as* d = fﬁA(D{(Ef)Hﬁf}) € RE and
CNr, ¢ = [s{,s],....shy 4T € CNt, and s = B H pt L
B [ ’ Jr 16 (CMTNtTlllltn the received data tensor QWECT"é(D {(B "B }) cR™
0251 Sy 1

RS (CMRXNJ‘X ¢ can be expressed as

D3 {v} x1 B® x5 (D {s'} B) x3 (D {s"} B') + 2, (6)
which is also a noise-corrupted low-rank CPD.

III. TENSOR-BASED NEAR-FIELD MIMO LOCALIZATION
ALGORITHM (TENFILoCc-MIMO)

The proposed channel parameters and user localization
algorithm consist of five main steps, as described below.

A. Estimation of the steering matrices

The first step of the algorithm is to estimate the steering
matrices BR), B(T) Bf and B?, which can be performed
via an approximate low-rank CPD of the received data tensor
Y under the unknown data assumption? or the CPD of the
tensor 7 in the known data case (OFDM training phase).

In our simulations, among other methods, we employ the
SECSI framework [19] to compute the CPD. SECSI is a
subspace-based method that first computes a truncated Tucker
decomposition [18] of the tensor and subsequently recovers
the CPD factors from the estimated multilinear subspaces.

From (6), it can be seen that B(®) is independent of the
transmitted data. Therefore, instead of estimating the receive
spatial subspace from H, we estimate it from the full received
data tensor Y, whose mode-1 unfolding contains significantly
more observations. The improved subspace estimate replaces
the corresponding Tucker factor of #, and can be used to
recompute the core and the channel tensors. The updated trun-
cated Tucker decomposition is then passed to SECSI for CPD
factor extraction, yielding a more accurate estimate of B,
Although demonstrated here using SECSI, the same principle
can be applied to other subspace-based CPD algorithms?.

The path gains can be computed using the first elements of
the estimated factor matrices as

oy = [B(R)](o,z) ) [B(T)](o,z) : [Bf](o,e) : [Et](o,g), Ve, (7)

The scaling ambiguity inherent in the CPD can be corrected
by dividing the columns of the estimated steering matrices by
their first element, since the steering matrices are assumed to
have ones in the first row.

B. Estimation of path distances and relative velocities

In the next step, we estimate the path distances dy and
the relative velocities ¥, using the shift invariance property
of the Vandermonde matrices in the time and the frequency

2 Although in the semi-blind case we do not estimate the transmit steering
vectors, the parameter estimation and the user localization can still be
performed using the receive steering vectors.

3An alternative approach is to compute the coupled CPD of F and Y,
which, however, entails a higher computational complexity compared to the
updated subspace approach described above.

C. Localization of the last reflection points

For each path, the last reflection point is described via the

R), ¢§ZR), and HéR) parameters which can be estimated from
B®) using a localization approach described in [5], where the
location coordinates are computed using the path differences
5%,)”{ estimated after the initial phase unwrapping procedure
expressed as SER) =2 'L{{A%R)h where S(ER) € CMr jg
the vector of path difference estimates and U/{-} denotes the
unwrapping algorithm [20], [21]. Next, using (2), the estimated
path differences and the known receive antenna coordinates
(for planar arrays, z,,, = 0), we can construct a system of
linear equations

X1 Y1 5@,1 d% - 5?,1

2| s L pe= z 7
5?,MR—1

®)
which can be solved for the Ilocation vector p, =
(2o, ye, /27 + y2 + 22]T using the least squares solution.
Then, the spherical coordinates of the reflection points can be
calculated as p; = (P¢)(3), ¢ = atan2([m](2), [pf}];”), and
0, = cos—! ( [ﬁe]?lgﬂpd(m

14

D. User localization
For the user localization step, we consider two scenarios:
LoS and non-LoS. In the first case, p; = dy, therefore, the
index of the most suitable candidate path for the LoS path can
be determined by /1,5 = arg min, |CZ( — p¢| and the condition

1-0< zL"s <144, where 0 < § <1 is some arbitrary
threshold. pr the condition is satisfied, the user location is
determined as & = 7y, .

In a scenario where a LoS is not present among the obtained
path estimates, we can still construct a system of linear
equations based on the fact that the distance between the
reflectors and the user is equal to the difference between the
full path distance d; and the piR) which has been estimated
in the previous steps. Thus, to estimate the user’s location
(reference point), we minimize the least squares cost function

& 2
TMp—1 YMr—1 0¢,Mp—1 A1 —

) (valid in half of the 3D space).

L—-1

flu) = Z wg(”u — Py|| — d[ + pER))

£=0

©))

where 7, denotes the estimated location of the /-th reflector
in Cartesian coordinates, [w)] 0 = We = |éel?/||&||? is the
(-th path weighting coefficient, and o € C* is the vector

4In case of the unknown data assumption (semi-blind case), the approximate
CPD provides the “modulated” estimates of the time and frequency steering
matrices D {s’} Bf, and D {s”} B*. To ”demodulate” the matrices and
estimate s and p, Algorithm 1 of [5] can be employed.
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of all path gains. The system in (9) has a unique solution if
the number of non-LoS paths is not less than three (since we
estimate three unknowns: zg, ys, and 2g).

E. Estimation of the transmit array parameters

The estimation of the transmit side parameters requires
the knowledge of the parameters (orientation) of the antenna
panel, which can be determined using the estimated transmit
side path differences SET) = % ~L{{45§T)}, V¢, the user
location u, and the locations of the reflectors 7,. To determine
the antenna position (other than the reference antenna), we
employ the definition of the path differences in (2) (for the
transmitter side) and construct the cost function

L-1

2
. L (T
F®ne) = 37 eIl =7l = @ =7l = 3{3), ) (10)
£=0
where p,,,.. is the mth antenna position (mr = {1,..., Mp—

1}). Minimizing (10) for p,,.. allows determining the transmit
antenna array orientation, and, consequently, the DoDs.

IV. SIMULATION RESULTS

For the simulations, we consider an OFDM system with
fe = 60 GHz, yielding a wavelength of A = ¢/f. ~ 5 mm.
The system has pilot tones evenly distributed across frequency
and time, filling the full bandwidth and frame duration. We
assume that the total number of subcarriers is N}l = 2048,
the effective pilot subcarrier spacing is Ay = 5.76 MHz,
and the total number of pilot subcarriers is Ny = 85. The
parameter estimation procedure is assumed to be carried out
over a frame of N = 1120 OFDM symbols, and only each
ky = 42-nd of them contains pilot tones, which results in
a total number of N; = 26 pilot symbols. The receiving
and the transmitting arrays are uniform rectangular arrays
(URAs) of size 20 x 20 and 4 x 4, respectively. The simulation
scenario is also illustrated in Fig. 1. The user is located at
u = [2.5,2.5,3.536] [m] and moves away from the receive
array with a velocity of vg = 1 m/s. Moreover, we assume
that there are L, = 4 reflected paths with reflector coordi-
nates z, = {1.25,5,1.875,3.75}, y¢» = {2.5,2.5,5,1.25},
and z; = {5.303,5.303,6.894,5.303} [m]. We assume that
each reflected path is additionally attenuated by 3 dB relative
to the LoS path. The performance is evaluated using the
root mean squared error (RMSE) of the Euclidean distance
between the true (u) and the estimated () location of the
user (reflector) [S] or via the normalized mean squared error
(NMSE) of the reconstructed channel tensor. We average the
results over 1000 simulation trials.

The simulation results are depicted in Fig. 2. The dashed
line represents half of the minimum separation distance be-
tween the paths. For Figs. 2(a), 2(b), and 2(c), we change the
SNR and show the user localization accuracy (LoS and non-
LoS scenarios) and the channel reconstruction error. We com-
pare the following algorithms: “TeNFiLoc-MIMO (SECSI)”
refers to the proposed algorithm using the SECSI frame-
work with "CON-PS” heuristic for computing the CPD [19];
”TeNFiLoc-MIMO (Closed-Form)” denotes the use of the

closed-form CPD algorithm from [22]; and “TeNFiLoc-MIMO
(Tensorlab NLS)” refers to use of the NLS CPD algo-
rithm from [23]. As can be observed, the “TeNFiLoc-MIMO
(SECSI)” approach outperforms the NLS and closed-form
algorithms, as SECSI shows better accuracy in highly corre-
lated factor-matrix scenarios [19]. In Fig. 2(a), we additionally
compare the user localization performance with the 3D Unitary
Tensor ESPRIT (UTE) algorithm [24], which uses the far-field
assumption, and therefore shows an inferior performance. The
”Pilots”, ”Blind”, and “Full-Data” in the legend of Figs. 2(a)
and 2(b) refer to the estimation approach described in Sec-
tion III-A. As it can be seen, the proposed subspace combin-
ing approach noticeably improves the localization accuracy.
Moreover, given the distance to the user in the simulation
setup, Figs. 2(a) and 2(b) show that the user localization is
possible beyond the Fresnel region when the LoS path is
present or the SNR is high enough. It should be noted that
the overall time complexity of the TeNFiLoc-MIMO scheme
is dominated by the complexity of the CPD. Depending on
the complexity-accuracy requirements, the appropriate CPD
can be selected. While the SECSI approach provides better
accuracy, the closed-form solution is less complex.

Fig. 2(d) shows the localization accuracy of the user and the
reflectors ("R-£”, where R-1 is the closest to the receiver) in
a non-LoS case as the distance between the reflectors and the
user changes, revealing a degradation in accuracy as the user
and the reflectors move towards the far-field region. "MIXED,
d = 30%” refers to the approach described in Section III-D,
(6 is the LoS path threshold) which uses (9) if the LoS path
condition is not satisfied. The "NLS” denotes that the user is
always localized by minimizing (9). The "MIXED” approach
has the same performance as the "NLS” approach, since it
correctly determines whether the scenario has a LoS path. The
user localization accuracy is lower than that of the reflectors
and degrades faster because (9) uses distance estimates for all
paths to form the cost function, and these estimates degrade
as the distance to the receiver increases.

V. CONCLUSIONS

In this paper, we propose TeNFiLoc-MIMO, a MIMO exten-
sion of the TeNFiLoc framework for joint channel estimation
and user localization. Using the CPD and the exact spherical
wavefront model, the proposed method estimates the user
position, velocity, directions of departure, and the parameters
of the dominant reflected paths. Furthermore, we propose a
subspace-enhancement approach that exploits both pilots and
data symbols to improve the estimation accuracy. The simula-
tion results demonstrate that the TeNFiLoc-MIMO framework
accurately estimates the channel and localization parameters
in both LoS and non-LoS scenarios. The proposed subspace-
enhancement approach provides a noticeable improvement
over pilot-only processing. Moreover, the results confirm that
user localization remains possible even in the absence of a LoS
path, provided that at least three non-LoS paths are available.
These features make TeNFiLoc-MIMO a promising solution
for future integrated sensing and communication systems.
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