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An Architecture for 3D UAV Positioning over 5G
mmWave Networks
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Abstract— This paper presents an architecture for three-
dimensional outdoor positioning of Unmanned Aerial Vehicles
(UAVs) over a 5G Millimeter Wave (mmWave) network at
28 GHz, evaluated through a ray-tracing simulation of the Uni-
versity of Brasilia School of Engineering Sciences and Technology
(UnB-FCTE) campus generated with Sionna RT. Each Access
Point (AP) performs local Direction of Arrival (DoA) estimation
from a single Physical Resource Block (PRB) pilot snapshot and
forwards only the B-bit quantized angles over the backhaul.
The central processing unit then estimates the UAV position via
the Extra Trees Regressor (ETR), trained offline on the ray-
traced database. The architecture is benchmarked against two
classical positioning baselines, angular Multilateration (MT) and
an Extended Kalman Filter (EKF) with a 3D Gauss-Markov
process model, on 400 Monte Carlo trajectories. Experiments
sweep the four DoA algorithms: Delay and Sum (Bartlett), Mini-
mum Variance Distortionless Response (Capon), MUItiple SIgnal
Classification (MUSIC) and Estimation of Signal Parameters via
Rotational Invariance Techniques (ESPRIT). The evaluation also
sweeps the number of active APs from 2 to 6 (each equipped with
a Uniform Planar Array (UPA)), as well as the angular quantizer
bit-depth from 4 to 16 bits. The proposed regressor reaches
competitive accuracy at N2% > 4 with lower per-slot complexity
than the EKF baseline, while 8-bit quantization recovers the
unquantized performance and a single PRB suffices for reliable
pilot-based DoA estimation.

Keywords— UAV positioning, 5G mmWave, DoA estimation,
Extra Trees, ray-tracing, 3GPP

I. INTRODUCTION

Three-dimensional (3D) localization of UAVs underpins
Unmanned Aircraft System Traffic Management (UTM), col-
lision avoidance and beyond-visual-line-of-sight operations in
cellular-connected aerial networks [1], [2]. Global Navigation
Satellite Systems (GNSSs) degrade in dense urban canyons,
where multipath, blockage and Non-Line-of-Sight (NLOS)
propagation corrupt the position fix. 5G infrastructure is a
natural complement in this regime [1]: the Frequency Range
2 (FR2) and mmWave bands offer wide bandwidth and
large antenna arrays at each AP [3], translating directly into
sub-meter ranging and fine angular resolution. Single-anchor
localization is feasible by jointly exploiting DoA, Angle
of Departure (AoD) and Time-of-Arrival (ToA), including
NLOS and obstructed-Line-of-Sight (LOS) regimes [4], [5].

B. C. Teixeira and D. C. Aratijo are with the Telecommunications Labo-
ratory (LabTelecom), University of Brasilia (UnB), Brasilia, DF 72444-240,
Brazil (e-mail: bismark.teixeira@aluno.unb.br; daniel.araujo@unb.br).

D. A. Sousa is with the Federal Institute of Education, Science and
Technology of Cearda (IFCE), Campus Paracuru, Paracuru, CE 62680-000,
Brazil (e-mail: diego.sousa@ifce.edu.br).

This study was financed in part by the Coordenacdo de Aperfeicoamento
de Pessoal de Nivel Superior — Brasil (CAPES) — Finance Code 001.

DoA-based positioning in particular avoids the inter-AP time
synchronization that ToA/Time-Difference-of-Arrival (TDoA)
schemes require [6], which motivates this work.

DoA-based positioning at scale is backhaul-constrained:
forwarding raw in-phase/quadrature (IQ) samples or full co-
variances to a central unit is prohibitively expensive, so each
AP must estimate and quantize its own angle locally. This
shapes the downstream positioning method: the three families
that dominate DoA-based localization each break down under
it differently. (i) Geometric methods (angular MT) solve the
bearing-line intersection in closed form [7], but collapse when
few APs leave the geometry ill- or under-determined. (ii)
Bayesian sequential estimators (the EKF) couple a kinematic
process model to nonlinear angular observations [8], but need
enough visible APs to stay well-conditioned. Below that,
they degrade to open-loop drift. (iii) Data-driven methods
learn the angle-to-position mapping directly, predominantly
via deep neural networks: Mousa and Al-Rubaye [9] report
a Mean Absolute Error (MAE) of 1.3-1.7 m refining 5G ToA
estimates in LOS/NLOS scenarios, with comparable gains for
Channel State Information (CSI)-fingerprinting [10], but such
models demand large datasets, costly inference and limited
interpretability, conflicting with embedded UAV avionics.

None of these families, moreover, has been evaluated
against a common front-end quantifying how many angle
bits and active APs are needed before its assumptions break
down, compounded by the fact that classical DoA estimators
(Bartlett [11], Capon [12], MUSIC [13], ESPRIT [14]) already
trade off resolution, cost and robustness before any quanti-
zation or AP-count constraint applies [15]-[17]. This paper
addresses this joint constraint with a ray-traced 5G mmWave
dataset of an outdoor university campus, contributing to:

e An architecture in which each AP estimates a local
DoA from a single PRB pilot and forwards only B-
bit quantized angles to a central unit running an ETR,
keeping the backhaul payload at two scalars per slot.

o A benchmark of the proposed regressor against MT [7]
and EKF [8] on a Sionna RT pipeline aligned with 3GPP
TR 38.901, sweeping the four DoA estimators, N ;’{CP‘ and
B, which identifies 8-bit quantization with N33 > 4 as
the recommended operating point.

II. SYSTEM MODEL AND PROBLEM STATEMENT

We consider an outdoor cellular-connected UAV positioning
scenario where Nap ground APs at known pose {p;, R,»}fV:A{ IS
R? x SO(3) cooperate to localize a single UAV transmitter
from its 5G uplink pilots, as illustrated in Fig. 1. Each AP car-

ries an M, x M,, UPA of half-wavelength spacing d=\/2 and
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cross polarization. The UAV has a single vertically polarized
isotropic element, which decouples orientation from position-
ing. Propagation is modeled by ray tracing (Sionna RT [18])
following 3GPP TR 38.901 [19].

Fig. 1: Sionna RT scene of the UnB-FCTE campus with six
APs (colored markers) and an example of UAV trajectory.

Throughout the paper: a single UAV transmits the posi-
tioning pilot per slot, the array response a;(u?) is taken
frequency-independent across the K subcarriers of the allo-
cated PRB, path gains, delays and directions remain constant
over the L pilot snapshots of the slot. The anchor poses
{pi, R;} are perfectly known at the central processing unit,
the receiver noise is spatially white, ny, ; ;~CN(0,021), in-
dependent across snapshots, APs, slots and each propagation
path is a plane wave at the array, an assumption valid for array
apertures much smaller than the UAV-AP distance.

Under the above assumptions, the uplink channel between
the UAV at p; and AP ¢ at the ¢-th pilot resource element of
carrier frequency f, is the sum of Py ; paths returned by the
ray tracer, hy ; y= Z;I:i{ Bh.ip ai(u£7i7p) e I2nfehip  where
Br,ip € C is the complex path gain, 73 ;, the propagation
delay, u,f_’iyp € S? the unit propagation direction in the global
frame and a;(-) the UPA steering vector of AP i.

Array-level angles are expressed in the AP’s local frame via
R,;. With the global DoA defined by Zenith Angle of Arrival
(ZoA)/Azimuth Angle of Arrival (AoA) (09, ¢9) of a given
path, the global direction reads

uf = [Sin 09 cos @7, sin 09 sin ¢7, cos GQ}T, (1

and the corresponding local direction is u=Ru 9, from which
the local angles (6, ¢) seen by the array processor follow as

¢ = arctan 2([u]s, [u];). )

Letting Tmn=d[m,n, 0]7, m=0,...,M,—1,
n=0,...,M,—1, denote the UPA element positions in
the local frame, the steering vector for a global direction u?
is

6 = arccos([u]3),

i), , = exp( % R rn), B

written compactly as a(f,¢) in the local angles (2) used
throughout Table 1.

The uplink follows a generic 5G FR2 Orthogonal Frequency
Division Multiplexing (OFDM) numerology with carrier fre-
quency f., subcarrier spacing A f (numerology index ) and
a single PRB of K subcarriers, giving pilot band occupation
Bpos=K Af, a small fraction of a typical FR2 carrier. Within
each 14-symbol slot, IV, fixed-position OFDM symbols carry
the pilot, while the remaining 14—N,, are available for pay-
load, giving overhead NN,,/14. The pilots follow a Kronecker

pattern with L=KN,, unimodular QPSK symbols s, on the K
subcarriers of the N, pilot symbols; since LS pilot removal
divides by these known entries, the noise statistics match
those of a Zadoff-Chu sequence. Since L < 2M,M,, Rk',z’ is
rank-deficient and a diagonal loading 10~°T is added before
inversion. After pilot dewhitening, the received snapshot at
AP i is
Yiie=hpie+ng;g0, €]
which is the spatial-array sufficient statistic processed by the
DoA estimators of Section III.
The trajectory follows the 3D Gauss—Markov mobility
model of IEEE 802.16m [20], with state x,=[p},v}]T € RS
stacking position and velocity,

Vit1 = avgp+ (1—a) v+ V1—a? o, Wy, 5)

Pk+1 = Pr + Vi At, 6)

with driving noise wj~N(0,I3), correlation coefficient v €
(0,1), mean velocity v, velocity standard deviation o, and
time step At.

A. Problem Definition

To emulate the finite-resolution DoA report that an embed-
ded AP would forward to a positioning unit, every estimated
angle is quantized in its sine/cosine representation, which is
bounded and immune to 27-wraparound artifacts. With B bits
and step A=2/(2P—1), the quantizer Qp(-) maps

) Sq = round(%)A -1,
Qp(0) = arctan2(sq, ¢4), .
Cq= round(muﬁ)A —1.

) S
The same map is applied to both 6 (ZoA) and ¢ (AoA)
and to all four DoA estimators, ensuring a fair comparison
for any chosen bit-depth B. Given the resulting set of B-bit
quantized estimates {QB(HA;“-), QB(QASk,i)}iGSk from a subset
S of N3% < Nap active APs, equivalently the per-AP sample
covariances {ﬁm}, the goal is to produce a 3D position
estimate p,, € R3? of the UAV along the trajectory (5)—(6).
Performance is measured by the 3D MAE

1 Nt Tueps
MAE = — o b, ®
]thrzzt Tsteps —~ ; |pk pk H2

evaluated over the Nt‘r";;t held-out test trajectories, with trajec-
tory length Teps, both defined in Section IV. The architecture
proposed in Section III solves this problem with an ensemble
regression-tree estimator at the central processing unit and
is benchmarked in Section IV against two classical baselines
operating on the same quantized angles: angular MT and an

EKF with a 3D Gauss—Markov process model.

III. PROPOSED ARCHITECTURE

We propose the two-stage architecture sketched in Fig. 2.
Each AP forms the spatial sample covariance from the L
pilot snapshots of Section II,

L
. 1 .
Ry, = I ; Vk,i Y ki 6> )
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Fig. 2: Proposed architecture for estimating the 3D UAV
position.

runs a DoA estimator on R;“ to obtain a ZoA/AoA pair
(ék,i, ngSk,i), applies the inverse rotation R; to express the an-
gles globally and forwards their B-bit quantized counterparts
QB(0k,i), Qp(¢r,:) over the backhaul. Shipping only the B-
bit sine/cosine codes of two angles per AP per slot reduces the
backhaul load from O(M, M, L), required by raw IQ samples
or full covariance matrices, to O(B) bits per slot. The central
processing unit hosts the ETR [21], trained offline on a labeled
angle-position database.

We evaluate four classical DoA estimators on R;“
Bartlett [11], Capon [12], MUSIC [13] and ESPRIT [14], with
the spectral and subspace forms of Bartlett, Capon, MUSIC
and ESPRIT reported in Table I. In the table a=a(f, ¢) is
the steering vector (3), Eg/Ey are the signal and noise-
subspace eigenvectors of R and J 1,J2 are the selection
matrices of two displaced UPA sub-arrays for each dimension
J1x,Jd2x,J1,y,d2,y). For Bartlett, Capon and MUSIC the
strongest peak of the 2D (6, ¢) pseudospectrum is taken as the
path-1 estimates, while ESPRIT returns the leading eigenpair
directly. The pair is then quantized via (7) and pushed onto
the backhaul.

TABLE I: Direction-of-arrival estimators evaluated at each AP.

Algorithm Spatial estimator

Bartlett [11]  Pp(0,$) = a’Ra

Capon [12] Pc(0,6) = [aHR~1a]~1
MUSIC [13]  Pu(6,¢) = [aExyEFa] '

Ap k= ej27r% sin Oy, cos ¢
ESPRIT [14] W = (J,Eg)t(J2Eg),

Ay k= ejQ‘ﬂ'% sin Oy sin ¢y,
Y,k T

At the central processing unit, the global-frame angles
received from the active APs feed the ETR [21], which
produces the 3D UAV position directly from the quantized
angular features. For each Cartesian axis ¢ € {z,y,z}, an
ensemble of Ny regression trees T} ,(-) is trained on the full
training set and averaged,

(10)

and the three axis-wise outputs are stacked into the posi-

tion estimate Pr=[f.(&), fy(&x), f-(&x)]T. Each tree is a
piecewise-constant function partitioning the feature space into

Ji

Jp disjoint leaves {1y ;}3L .

> [Pl

(&,P)€ED:,;

Jt
Tt,a(E) = thvavj 1[£ € Rt’-j]’ Ct’a’j = ‘Didl

j=1

where D, ; collects the training samples falling in leaf j
of tree t. The partition is grown by recursive axis-aligned
splits R — {R N {&<7}} U{R N {&>7}}, with 7 drawn
uniformly at random in [min&;, max&y] and the split min-
imizing the local squared loss retained. The Base feature
vector concatenates, for each active AP ¢, the quantized
angles (QB(QAM), QB((,%kﬂ')) and the known position p;. The
Base+Signal-to-Noise Ratio (SNR) augmentation appends one
scalar per AP, the post-beamforming SNR computed on the
noiseless signal. For each N3%, the active APs are randomly
drawn and a dedicated regressor is trained. Section IV eval-
uates the two feature configurations against two classical
baselines that consume the same global-frame angles, angular
MT [7] and the EKF [8].

A. Training Protocol of the Data-Driven Branch

The dataset is partitioned at the trajectory level, with all
Tieps snapshots of a trajectory in a single split, eliminating
temporal leakage. For every combination of DoA estimator,
quantization depth B, number of active APs N3 and feature
set, the per-slot tuples (&, py) from the training split form
the supervised dataset Dyyin={( ;C"),p](gn))}. An independent
triplet (fs, fy, f») of axis-wise regressors is then fit by mini-
mizing the squared loss

>

(&,P) €Duwain

([p]a - f(€)>27 ae€ {SC,y7Z},

12)
the native objective in scikit-learn. At test time, the frozen
regressors process held-out feature vectors &, slot-by-slot and
emit Pr=[fz(&x), fy(&1), f-(€,)]T. The same data partition
is reused by MT and EKEF for a fair head-to-head comparison.
The 3D MAE (8) on the test split is the figure of merit
throughout Section IV.

B. Computational Complexity

Let M=M_,M, be the array size, K¢K 4 the angular search
grid, L the number of pilot snapshots, N3% the number of
active anchors, Ny.. the ensemble size and D, the aver-
age tree depth. At each AP, building the covariance f{k,i
costs O(M?L) regardless of the DoA method. Bartlett then
performs an angular spectrum search at cost O(M?KyK,)
without further matrix algebra. Capon adds the O(M?) inver-
sion R™!. MUSIC requires an O(M?) eigendecomposition
followed by the same O(M?KyKs) scan over the noise-
subspace pseudospectrum. ESPRIT keeps the O(M?3) eigen-
decomposition but bypasses the angular search, returning the
angles directly from the rotational-invariance eigenvalues at
O(P?) where P is the model order. Thus Bartlett is the
cheapest at the array, Capon and MUSIC have comparable
cost dominated by the KyK scan, and ESPRIT is the most
efficient when KoKy > M.
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At the central unit, angular MT solves a fixed 3x3 linear
system per slot at O(N3%) for the accumulator and O(1)
for the inversion, with no training phase. The EKF updates
a 6x6 state covariance and inverts a 2N3% x 2N3$ inno-
vation matrix per slot at O((Ni%)3), plus O(N) for the
analytical Jacobian. Per inference, the proposed regressors
traverse each of the Ny trees in O(D;) for a per-axis
O(NyeeDy) that is independent of N3% and dominated by
the chosen tree depth. Training is offline and pays a one-
off O(Niree F'| Divain| 108 | Dyrain|) cost, where F' o< N3§ is the
feature-vector dimension, amortized across deployments. At
the recommended operating point of Section IV, this places
ETR below the EKF in per-slot cost while consuming the same
backhaul as MT.

IV. RESULTS

The scene is the UnB-FCTE campus with Nap=6 APs,
each carrying an M, xM,=8x8 UPA. The carrier is set to
fe=28 GHz with FR2 numerology p=2, giving subcarrier
spacing A f=60 kHz. A single PRB of K=12 subcarriers is
reserved for positioning, so the band occupation Bpo=KA f
evaluates to 720 kHz, less than 0.8% of a typical 100 MHz
FR2 carrier. Each 14-symbol slot carries [N,,=2 pilot OFDM
symbols (positions 2 and 7), yielding overhead of N,/14 ~
14% and L=K N,=24 snapshots per (UAV, AP) link. The
UAV transmit power is P;=15 dBm and the AP noise figure
NF=7 dB, which with T=303 K set 02=kT BposNF in (4).

The 3D Gauss—Markov model (5)-(6) uses «a=0.8,
v=10 m/s, 0,=3.0 m/s and At=1 s. Trajectories have length
Tieps=25 steps with altitude constrained to [45, 100] m, rep-
resentative of stable drone operations. The dataset comprises
N{9=400 Monte Carlo trajectories, split into Nya"=280
training and Nf&ﬁ‘leO test trajectories (NI Ty, =7000

traj

and Nio Tieps=3000 tuples, respectively). We jointly vary
NS e {2,3,4,5,6}, B € {4,8,12,16} and the DoA
estimator across Bartlett, Capon, MUSIC and ESPRIT. At
B=8 each sine/cosine code fits one byte and @) g reduces to a
2x256 lookup table, taken as the default operating choice. All
reported MAE values use (8) on the held-out test split. Both
baselines consume the same quantized angles: the geometry-
based MT [7] and the recursive EKF [8], whose process model
is the zero-mean-velocity Cartesian form of (5)-(6), with the
angular noise variance set from the training-set DoA error
and the correction gated by > 3 valid APs. Each trajectory
is warm-started at the true initial position, which makes the
EKF an optimistic model-based reference.

The B=12 case is omitted because, for MT and ETR at
N 2%24, it lies within < 0.06 m of B=16. Table II reports
the 3D MAE for ETR, MT and EKF using Bartlett, MUSIC
and ESPRIT as the representative estimators, since, for ETR,
Bartlett and Capon stay within centimeters of MUSIC and
ESPRIT is at most 0.74 m worse at N33=2, matching MUSIC
from N3%$=4; MT is more sensitive to the estimator choice.
Both MT and ETR decrease with N3%, up to minor fluctuations
at B=4. At Ni$=2, MT is critically determined and the
EKF runs in prediction-only mode, producing the order-of-
magnitude inflation visible in the EKF column. ETR already

matches MT at N3ip=4 without a geometric model and at
lower per-slot complexity than the EKF. Across bit-depths,
B=4 injects biases that the baselines cannot filter and that
ETR partially absorbs, whereas B=8, B=12 (omitted) and
B=16 are indistinguishable for ETR and MT, confirming
8 bits as the operating point.

TABLE II: 3D MAE (m) across N3%, B, DoA estimator and
central-unit algorithm, Base feature vector. Capon agrees with
Bartlett within <0.18 m for ETR and is omitted.

3D MAE [m]
B=4 B=8 B=16
Ngcl; DoA ETR MT EKF ETR MT EKF ETR MT EKF
Bartlett 7.35 7.94 636 331 383 63.6 325 3.80 63.6
2 MUSIC 7.1 821 63.6 313 381 636 313 376 63.6
ESPRIT 7.63 942 636 3.87 571 63.6 375 569 63.6
Bartlett 3.69 433 790 1.63 1.88 19.84 1.59 1.86 1527
4  MUSIC 3.65 441 879 1.69 176 1226 1.63 1.72 14.34
ESPRIT 3.77 489 7.22 1.68 266 957 166 2.64 9.1
Bartlett 3.12 3.59 7.83 144 132 127 139 130 1.26
6 MUSIC 3.12 366 2.88 142 126 117 135 123 114
ESPRIT 3.20 396 3.19 1.51 1.86 237 144 1.84 3.13

Table III complements this with the 10th, 50th and 90th
percentiles of the 3D error for ETR with ESPRIT. The upper
tail compresses consistently as Ni5 grows: at Ni3=6, the pgo
error drops from 5.39 m at B=4 to 2.76 m at B=8, while
pso more than doubles when quantization drops to 4 bits. The
EKF’s non-monotonic MAE, occasionally exceeding the 90th-
percentile error, suggests trajectory-level divergence under ill-
conditioned geometries that coarser quantization masks.

TABLE III: 10th, 50th and 90th percentiles of the 3D position-
ing error (m) with the ESPRIT estimator, Base feature vector,
comparing ETR, MT and EKF.

3D positioning error [m]

B=4 B=8 B=16

NS Alg. pio pso  Poo  Pilo P50 P90 P10 P50 P90
ETR 291 6.75 1331 1.03 279 798 1.00 260 7.66
2 MT 335 730 1488 0.51 236 1268 0.44 230 12.83
EKF 10.42 59.16 122.2 1042 59.16 1222 1042 59.16 122.2
ETR 149 332 6.53 047 124 325 042 1.18 331

4 MT 200 412 776 030 124 623 025 1.19 6.35
EKF 138 286 5.79 0.27 0.78 346 024 0.77 3.58
ETR 131 281 539 048 1.13 276 044 1.05 259

6 MT 167 338 620 026 089 423 020 086 424
EKF 1.15 239 4380 023 067 282 020 0.66 2.83

Table 1V isolates the marginal value of appending per-AP
SNR to the Base vector, exclusive to ETR since MT and EKF
consume only global-frame angles (marked “—”). The gain is
largest at low anchor count and bit-depth (34% at (2,4), 23%
at (2, 8)), narrowing to <5% at N33=6 for B>8 as geometric
redundancy removes most SNR-dependent residuals. The table
also exposes ETR robustness to coarse quantization and few
anchors: from B=8 to B=4 at N33=6, both MT (1.86 —
3.96 m) and ETR (1.51 — 3.20 m) grow by 2.1x and +SNR
drives the latter to 2.47 m, 37% below MT. At N ZCP‘:Q, where
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the EKF loses its update step and inflates to 63.6 m, ETR stays
at 3.87 m (2.99 m with +SNR) for B=8 and 7.63 m (5.06 m
with +SNR) for B=4, dominating MT (5.71 and 9.42 m),
making it the most resilient choice under aggressive backhaul
compression and limited anchor visibility.

TABLE IV: 3D MAE (m) with the ESPRIT estimator under
Base vs. Base+SNR, swept over N33 and B. MT and EKF do
not consume the SNR feature, marked “-”.

3D MAE [m]
B=4 B=8 B=16
N Alg. Base +SNR Base +SNR Base +SNR

ETR 7.63 5.06 3.87 2.99 3.75 2.87
2 MT 9.42 - 5.71 - 5.69 -

EKF 63.6 - 63.6 - 63.6 -

ETR 3.77 2.67 1.68 1.61 1.66 1.59
4 MT 4.89 - 2.66 - 2.64 -

EKF 7.22 - 9.57 - 9.51 -

ETR 3.20 247 1.51 147 1.44 1.38
6 MT 3.96 - 1.86 - 1.84 -

EKF 3.19 - 237 - 3.13 -

V. CONCLUSION

This paper addressed the backhaul constraint limiting DoA-
based UAV positioning: each AP estimates and quantizes
its own angle locally. A central unit running an ensemble
regression-tree estimator (ETR) recovers the 3D position from
the resulting B-bit angles. On the UnB-FCTE ray-traced
dataset, this design directly answers the failure mode of each
baseline: unlike MT, whose accuracy degrades under ill-
conditioned or underdetermined geometry, ETR reaches an
MAE approaching 1.5 m at N35=6 and matches MT already at
N3%=4. Unlike the EKF, which degrades to unbounded open-
loop drift with too few visible APs, ETR remains stable at
N33=2, precisely where the EKF loses its update step. Unlike
deep neural networks, the proposed ETR is trained offline on
a modest dataset and runs at lower per-slot complexity. This
resilience extends to the front-end: under 4-bit quantization
and as few as two active APs, ETR still outperforms both
baselines. Appending the per-AP SNR to the feature vector
recovers a further 23-34% of the resulting error.

B=8 recovers the unquantized accuracy of B € {12,16},
enabling a 2x256 lookup-table. With ETR, the four DoA
estimators agree to within centimeters once N34 > 4, the rec-
ommended operating point, with the SNR-augmented feature
set as a fallback under fewer APs or coarser quantization.

Future work will address multi-UAV scenarios, hybrid
ToA/DoA fusion and bit-depth-aware training.
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