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Abstract—Ensuring smooth mobility management while em- smooth and seamless mobility management, ef cient handover
ploying directional beamformed transmissions in 5G millimeter- management, and improved reliability of the radio link, while
wave networks calls for robust and accurate user equipment also allowing for location-based servicds3S) [3]-[6]. Base-

(UE) localization and tracking. In this article, we develop neural . . . S
network-based positioning models with time- and frequency- line UE localization builds commonly on Global Navigation

domain channel state information CSI) data in harsh non-line-of- Satellite System&NSS based approaches. However, terrestrial
sight (NLoS) conditions. We propose a novel frequency-domain positioning utilizing5G and other signals of opportunity is of
feature extraction, which combines relative phase differences increasing importance, and is also the main technical scope
and received powers across resource blocks, and offers robust ot this article. This is well motivated, as the availability of

performance and reliability. Additionally, we exploit the multipath . . .
components and propose an aggregate time-domain featureGNSS is_known to be compromised not only indoors but

combining time-of- ight, angle-of-arrival and received path-wise ~also in outdoor urban areds [4], [7], while the large channel
powers. Importantly, the temporal correlations are also harnessed bandwidths and directional antenna systems deployéxsin

in the form of sequence processing neural networks, which prove allow for accurate time- and angle-based measurements.
to be of particular bene t for vehicular UEs. Realistic numerical There is generally a wide selection of positioning methods

evaluations in large-scale line-of-sight l(0S)-obstructed urban . . . .
environment with moving vehicles are provided, building on full available in the literature| [4], covering both model-based

ray-tracing based propagation modeling. The results show the Bayesian ltering approaches|[8]—[[13] as well as data-driven
robustness of the proposedCSlI features in terms of positioning machine learningMIL) based methods [14]-[31]. Majority of

accuracy, and that the proposed models reliably localiz&)Es even the works focus on the line-of-sight¢S) scenarios, where the
in the absence of aLoS path, clearly outperforming the state-  ohanne| includes a direct propagation path from the transmitter

of-the-art with similar or even reduced processing complexity. . .
The proposed sequence-based neural network model is capable(TX) to the receiver RX), and thus theUE location can

of tracking the UE position, speed and heading simultaneously be estimated geometrically by utilizing pseudo-ranges and/or
despite the strong uncertainties in theCSI measurements. Finally, angular information based on radio measurements. Good
it is shown that differences between the training and online examples of suchoS-oriented 5G positioning works include
inference environments can be ef ciently addressed and alleviated [T, [12], building commonly on Bayesian ltering methods
through transfer learning. . .
. . , such as different variants of extended Kalman It&KEF)
Index Terms—5G New Radio, channel state information, deep nd tticle Iter In theLoS path i navailabl
learning, non-line-of-sight, positioning, tracking, vehicular systems and particle lter PF). . Case_ 0> pa S u _a ailable,
geometry-based Bayesian ltering models still exist, eld., [9],
I. INTRODUCTION [10], [13]. Such methods are, however, typically limited to
XPANDING to the millimeter-wave (mmWave) frequen-single-bounce scenarios with a single path per scattering point,
cies allows to harness large channel bandwidths in thed can thus easily become unreliable in realistic scattering
fth generation 6G) New Radio NR) mobile communication environments while being also computationally heavy and
networks, which improves the network capacity, peak data ratesmplex [32], [38]. ThereforelJE positioning and tracking in
and latency characteristics compared to legacy systems [1], [R]n-line-of-sight NLoS or LoSambiguous scenariosall for
In suchmmWavenetworks, beamforming active antenna arraysovel solutions and models, capable of ensuring fast and reliable
are a critical technology, allowing directional transmission armgperation in realistic scattering environments with feasible real-
reception capabilities, thus improving the link budget whilime computational complexity. This is the main technical focus
mitigating co-channel interference and providing the basis fof this article, with a speci c emphasis on vehicular systems
angle-basedellular positioning in challenging urban environments, wheoS scenarios
In general, accurate real-time knowledge of the locatiomemmonly occur with realistic network deployments|[34].
of the network user equipmentE) is critical to ensure In this article, building on our initial work in[[14], we
. . - . ropose and describe ef cieML based models foNLoS or
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channel state informationGS)) features Additionally, we particular in the context of beamformigs mmWavenetworks.
include the vehicle speed and heading as additional modélus, complementary to the existing literature, this article
outputs to enable ef cient tracking using a single model. focuses orML-based reliable network localization using time-

ML-based positioning has been addressed in the recent frequency-domai€Sl| data with emphasis on challenging
literature, e.qg. in[[14]+[18], [20]-31]. To this end, receivedNLoS scenarios, while noting also various relevant uncertainty
signal strengthRSS9 measurements were adopted|in|[19]+[21hspects. The application focus is on vehicular systems in urban
in indoor IEEE 802.11 networkWi-Fi) ngerprinting context, environments wittbG mmWavedeployments an€ Sl features
while the corresponding§G deployment was considered |n [35]that can be obtained through 3GPP standardlzedand/or
The work in [24] proposed a CSl-based ngerprinting modedownlink (DL) measurements and corresponding signaling. The
that utilizes the amplitude response of the channel. Due to tbentributions and novelty compared to the existii-based
classi er-like NN, the proposed system is, however, limited tpositioning literature can be stated and summarized as follows:
small deployments. The authors pf [15] developedNditbased
feature extractor witlwi-Fi CSI measurements considering the
amplitude response only, followed bykaNearest Neighbors
(k-NN) positioning algorithm. Similar approaches building on
channel amplitude response measurements were considered
also in [25] and[[2B]. In[[2]7], aWNi-Fi positioning approach
utilizing the channel phase response as a feature was proposed.
The method is, however, not suitable for large-scale scenarios
due to the classi er-basedtIN, while the considered phase
slope calculation is also subject to ambiguities. The work in
[22], in turn, presented a 5G positioning system, however,
being limited to theLoS scenario while utilizing only the
beam-speci ¢ reference signal received poweSRP values
as the features. In [23], a positioning system that generates
probability maps using allN model was described with a
feature representation that transforms the frequency-domain
uplink (UL) CSl data to a delay-domain. The probability maps
enable ef cient sensor fusion, yet their scale directly affects
the complexity of the underlyin§lN model. Furthermorel [29]
described a paradigm to produce a high-accutggiocalization
dataset, building on channel frequency response measaoreme

Different hybrid solutions also exist in the literature, ei-
ther in terms of aiding Bayesian ltering solutions through
ML methods or fusing measurements from various different
sensors|[16]. To this end, [IL7] proposed a series of recurrent
neural network RNN) models to replace thEKF and thus
enable implicit and data-driven learning. Furthermore, a sensor
fusion approach using reinforcement learning-assisted particle
Itering is described in [[10]. Neural network based 5G
ngerprinting and GNSSdata fusion were, in turn, considered
in [18]. Recently, in[[36], arNN model classifying different
propagation paths from time-domai@Sl in the form of
path parameters was paired with geometry-based positioning
algorithm considering LoS and single-bounce NLoS paths.

ML -based localization with propagation time measurements
has also gained interest in recent works [14]) [30]] [33]/ In [30],
a bidirectionalRNN is employed to track th&E based on
the time-of-arrival ToA) measurements from multiple nodes, For clarity it is stated that selected time-domain features were
while the authors of [33] utilize a convolutional neural networknitially considered in[[T4], however, the adoptBtN models
(CNN) to estimate the accurafBoA from the raw channel were lacking the advanced sequence processing capabilities.
impulse responses iN0S/NLoS scenarios. However, onlyoS  Additionally, no frequency-domain features were considered,
measurements are used for the actual localization. Finaiiile the transfer learning aspects were also fully neglected.
angular information at either the gNodeBNB) or the UE The rest of this article is organized as follows. Secfign Il
can also be used fadvlL-based localization, as shown in [31]introduces the network measurements applicable for posity

The main related works and their relevant aspects apd their acquisition with 3GPP compatible reference deguad
summarized in Tablg] I. Importantly, thdLoS positioning measurement procedures. Secfioh Il introduces the peapos
under rich and realistic scattering is not explicitly addressed, frequency-domain and time-domail data features and the

We introduce, derive, and evaluate ef cient frequency-
domain CSl features in the form of sparse power and
phase measurements, and their combinations Mbr
based positioning models and compare their robustness
with the ones introduced previously in the literature;

We also introduce and evaluate alternative time-domain
path-wiseCSl features and demonstrate their effectiveness
in wireless positioning scenarios while nding the relevant
and best-performing feature combinations;

We develop a novel hybridNN processing model in
terms of instantaneous and sequence data processing for
simultaneousJE location, velocity, and heading tracking
using the above channel-based features;

We evaluate the performance of different features and
processing models in a large-scale, realistic, urban scenario
with full ray-tracing-based channel measurements under
harshNLoS conditions in the context of 28 GHamWave

5G network, while also considering realistic training and
measurement uncertainties;

We show that the proposed time-domain and frequency-
domain features outperform the benchmark solutions,
especially when combined with the sequence processing
ML model, in terms of the positioning accuracy and
complexity — in particular, in the challenging multi-bounce
scattering environments, where the proposed positioning
approach achieves comparable accuracy in hot® and
NLoS conditions, regardless of the number of bounces;
We also address the important practical issue of environ-
ment orgNB deployment differences between the training
phase and the actual online inference phase, through
transfer learning, and show that specializing to the current
deployment is feasible;

Finally, we address the complexity of the developed
methods, in comparison to the prior-art, while also openly
share the data and codes for research reproducibility and
transparency.
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TABLE |
SUMMARY OF RELATED WORKS
. Uncertainty Vehicular

Reference | Technology Features ML model Tracking Feat. | Label | Envir | Systems NLoS
[14] 5G mmWave AoA and ToF DNN, LSTM X X X X X
[15] Wi-Fi channel amplitude response CNN X*
[18] 5G mmWave RSRP DNN X
[22] 5G mmWave RSRP DNN *
[23] Wi-Fi channel frequency response DNN X X
[24] Wi-Fi channel amplitude response DNN X
[25] Wi-Fi channel amplitude response CNN *
[26] Wi-Fi channel amplitude response ML X *
[27] Wi-Fi channel phase response DNN X
[29] 5G mmWave channel frequency response CNN X
[30] Unspeci ed ToA RNN X
[31] BLE AoA CNN X X #xx
[33] LTE channel impulse response CNN X X*
[36] mmWave path-wise CSI DNN X X S

This Work | 5G mmWave | time- and frequency-domain CS| DNN, LSTM X X X X X X

*Some NLoS samples available in evaluation; **Removing the detected NLoS samples before positioning; ***RX signal subject to Rayleigh fading.

related pre-processing. Additionally, theN processing models To relax clock synchronization requirements betwdehand
and architectures are described incorporating both itestaous RX, the 5G NR standard supportslRTT measurements$ [38]
and sequence models. Sectjon IV describes the considemwre thegNB measures the round trip time, denoted as "gNB
urban vehicular positioning scenario and evaluation emvirent, Rx—Tx time difference”, based oRRS transmission inDL
together with the practical measurement or data uncegaintand SRStransmission ifJL. In addition, theUE measures the
Additionally, the obtained numerical results are presgiated time between receiving theRSand sending th&RS denoted
analyzed, while also considering the important aspectefigh as the "UE Rx—Tx time difference”, which is reported to the
izing to the prevailing gNB deployment through transfertéag gNB [37] in order to solve the channel-dependent propagation
and addressing the processing complexity in terms of pasamedelay. Alternatively, theToF can be estimated indirectly at
counts. Finally, Sectidn]V concludes the work. the gNB via time-difference-of-arrival TDoA) and the related
positioning calculations, as de ned ih [38]. Obtaining theF
Il. POSITIONING MEASUREMENTS ANDDATA ACQUISITION directly at the UE is currently not explicitly standardized.
This section introduces the signals and standardized measu
ments, available i5G NR to extract positioning data. Specific Beamformed radio access provides inherent support foeang|
focus is on synchronization signal blocB%B based measure-estimation and corresponding angle-based positioningrsek.
ments in DL, in terms of frequency-domain data, while in imen the current5G NR standard, angle estimation is directly
domain we harness multi-round trip timeRTT) andUL angle- specified only for theyNB-side angular information either via
of-arrival (AoA) based multipath measurements utilizidg the uplink angle-of-arrivall{L-AoA) or the downlink angle-
sounding reference sign®RS andDL positioning reference of-departure DL-AoD) [38]. The UL-A0A is defined as the
signal PRY. The relevant measurements and data acquisitiestimated azimuth and vertical angles dfi, observed at a
methods are illustrated conceptually in Hig. 1, while beingNB [37], based otJL SRS The exact angle estimation method
described in detail below. For clarity, we state that thediency- used in thdJL-AoA is not specified, which allows for perfor-
and time-domain measurements alternative approache® mance optimization. On the other hand, the estimation of the
obtain positioning features and data. gNB angle at theJE using theDL-AoD is practically restricted
to the use of spatial power measurements,De:PRSRSRR

A. Signals and Measurements for 5G NR Positioning N . L
. . . . which limits the achievable angle estimation accuracy.[38]
Measuring the received signal strength is one common

approach utilized in wireless positioning. %6 NR we dis- ymportantly, estimating the ranges and angles also for paths
tinguish RSRE. reference signal received qualitR$RQ, and  heyond thel oS component is feasiblé T13], offering added
received signal strength indicatdR$S), including their beam- \51ue to the positioning task][9]. Since the curr&@ NR
speci ¢ and resource-speci ¢ alternatives. Their acquisition iStandard does not specify accurate estimation of path ranges
de ned in [37] building on different reference signals, suchy, angles at theUE side, for aDL-based positioning we

as UL SRS and DL synchronization signalS§ and PRS  ¢qnsider observing frequency-domaii$l measurements based
The corresponding measurements are calltdSRSRSRE o 55 transmissions by thgNBs. This is bene cial since

SSRSRPand DL-PRSRSRF, respectively. Signal strengthine sg5 are periodically transmitted and thus systematically

measurements are vital for numerous network functions, sughijaple. Additionally, for arUL-based positioning method

as mobility management, and thus regularly collected. e consider observing time-domain multipath measurements,
~ Compared to signal strength-based measurements, pPropagdgding path-wise angles and propagation delays, directly at
tion delay or time-of- ight (ToF)-based ranging bene ts from the gNBs. For obtaining the path-wise angles and propagation

large transmission bandwidths while being less sensitive dgjays in practice, it is possible to exploit the above-discussed
channel effects, such as re ections, diffractions, and scatterigg; NR speci ed UL-A0A and MRTT methods, respectively.
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Fig. 1. lllustration of the network data acquisition scheme with giBs, aUE, and a network localization entity represented by the Location Management
Function (MF). Different UL andDL reference signals form the physical basis for obtaining positioning measurements and data. Additionally, the baseline
neural processing chains from features to UE location, heading and velocity are highlighted, for both time- and frequency-domain feature scenarios.

B. Frequency-Domain Channel Measurements through Beaand AoA, together with additional distortion and interference,
formed DL SSs among other channel effects. The antenna-element-wise channel

The frequency-domai€Sl relates to the frequency responsdMpulse responséi( ) 2 CNe N can be written as a
(FR) of the effective channel between thaiB and theUE. Con- function of propagation delay as [34], [36]

sidering orthogonal frequency-division multiplexingkDM) K1
based transmission, the antenna-element-ffsat subcarrier H()= hgrx( aoak )&% ( aopk) ( k) (3)
n, denoted asl (n) 2 CN= N can be written as [9], [13] k=0
K1 j2n yFs where () is a Dirac delta function (i.e., a unit impulse).
H(n) = hce — " arx( aoak)8ix( aoox); (1) Similar to the frequency-domain representation, while again
k=0 assuming analog phased-arrays, the effective beamformed

whereK is the number of paths, while,, , aocax and channel impulse response can be written as
aopk are the complex path coefficierfiopF, AoA and angle-of- _ .
departure AoD) for thek™ path, respectively. Furthermomd;x H()= ThxH ( )brx: “)
andNRgy are the numbers of transmit and receive antennas in rein this paper, the measuré¢ine-domainCSl includes the
spective ordeif-s is the sampling frequency, aitlis theOFDM  path delays i, the path powerghyj2, and thegNB side path
Fast Fourier TransfornF€T) size. Finally;arx() 2 CV™ and  angles aonx. For the path delays, and path powerghyj2,
#rx() 2 CN= are the steering vectors, which define the phasgse estimation procedure is assumed to exB@tNR MRTT
per antenna element with respect to the array center, fengivmeasurements$ [38], as discussed in Sedfioh] Furthermore,
AoD andAoA. Considering further the analog phased-arrays far estimating thegNB side path anglesaoaxk, it is also
mmWavesystems, th@X andRX apply beamforming weights possible to utilize2UL-AoA measurements$ [38] based b
Brx 2 CN™ andhrx 2 CN#x, respectively. The correspondingSRS transmissions, as noted in Secfion JIl-A.
effective beamformed channel at subcarnerconsidered as  The overall data acquisition concept is illustrated in Fig. 1,
the frequency-domain CStan then be expressed as high-lighting the different considered measurements. In general,
_ ) within the currentsG NR standard, th&.MF is responsible for
H(n) = BxH (n)Brc: @ the localization and related signaling management while the
In practice, besides noise and interference @B¢estimation positioning calculations can be carrier out either at tie or
can suffer from inaccuracies [28] due to radio frequerRly)( the network side. Moreover, reporting tMRTT and UL-A0A
impairments, clock and frequency offsets betweergtiB and measurements between tgalB and theLMF is supported
the UE, and imperfect timing advance information. Furthermorby the so-calledNR Positioning Protocol A[[39]. Different
due to signaling overhea@Slis often reported per blocks of alternative ways to arrange for labelled training data include
subcarriers, which reduces t@&I resolution in frequency. In crowdsourcing, crowdsensing, as well as utilization of synthetic
this paper, we consider obtaining the frequency-dor@ghvia data. These are discussed further in Section IV.G.
5G NR SSs, transmitted periodically in DL by all gNBs.

I1l. PROPOSEDMETHODS
C. Time-Domain Multipath Measurements throudfRTTand  This section describes and introduces the novel approach
UL-AoA of utilizing frequency-domairCSI with relative phase, while

In time-domain, the radio propagation channel can lmso addressing the time-domad$sl data pre-processing. In
modeled as a composition of individual propagation paths wididdition, the proposed architectures, hyperparameters, and
path-speci c propagation delay, power gain, phase shiftD, training algorithm of the proposeddN models are presented.
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Finally, important system-level implementation alternatives and 2) Frequency-Domain CSI Features and Visualizatidio:

aspects are discussed. provide a short illustration, we consider a single representative
, . user path along an urban environment, as shown in[Fig. 2a
A. Frequency-Domain CSI Data Preprocessing (for further details of the environment, refer to Section} IV).

1) Proposed Relative Phase ApproachG mmWavenet- Then, Fig[2b and Fid. 2c demonstrate the utilized frequency-
works operate at high carrier frequencies, at and beyoddmainCSI feature representations along the path, including
24 GHz, with wavelengths approaching the millimeter-scale. the proposed features and the features from the related literature.
mobile scenarios, utilizing absolute phase responses is higBlyeci cally, the raw, complex channel response, further referred
impractical, as movement of a few millimeters in distanc® as complex frequency respon$eR¢Compley, is depicted
results in a full rotation of the phase. Furthermore, as is weilt- Fig.[28, top, and Fid. 2b, center, which show the real and
known, the frequencies and wavelengths relate through  imaginary parts oFR-Complexfor 10 consecutive resource

L blocks along the path. The feature is obtained fr# as

= s= ¢ ©) realH (nrsm)) and imadH (nrgm)) for m =1;:::; 10.
where s is the propagation distance between two points with Furthermore, Figl 2b, bottom, depicts the channel power
equal phase, is the signal wavelengtlt, is the speed of light, response, denoted as the power-domain frequency response
andf is the signal frequency. (FR-Powe}. Such channel feature is utilized, e.g., in|[24],

In this article, we consider obtaining the frequency-domai25], and can be expressed V@) as 10l0g;,(jH (Nrem)j?)-

CSl in the resolution of 12 subcarriers, which refers to B0 5G NR the FR-Powercorresponds to &B-wise RSRP
bandwidth of one resource blocRB) in 5G NR, denoted Mmeasurement, de ned as the average power of the resource
as fgrs. The CSlis interpreted at theés" subcarrier of €lements carrying the reference symbols. As an input feature,
eachRB, and thus the corresponding subcarrier index fd¢e also re-scale FR-Power to the normalized rangf9;df].
the m" RB observation is given aBrgm = 6+ m fgg Then, the top graph of Fifj. Pc visualizes the proposed relative
with m = 0;::M 1, whereM is the number ofRBs. phase difference as the frequency-domain feature, further
Moreover, we propose to take advantagedifferential phase denoted as the relative phase frequency respdfRePhasg
measurements between neighboriRigs. Based or(@)-(@), and Speci cally, building on the discussion in SectipfirA 1, the
when considering an individual propagation path, the phaEB-Phase can be obtained and expressed folloing (2) as
difference between subcarriers is equal across the spectrum _
and completely determined by tA®eF through the complex (m) = argH(nrem))  argH(Nrem 1)) ®
exponential term. Possible phase rotations due the other tefmsRB indicesm = 1;::;;M 1. The dependency between
in (@) are constant over all subcarriers, and thus do nitte signal path lengths and the relative phases, especially in
induce phase difference between the subcarriers. Thus, forLars regions, is clearly visible in the gure. Moreover, it can
individual path withToF of ¢, the phase difference betweerbe seen that the feature magnitude is recurring with a path
two consecutive resource blocks can be given as propagation distance at evety meters, as derived if](7).

_5 foo (©) 3) Proposed Combined Featurdo utilize the maximum

0 'RB: information enclosed in the measured channel responses, we

While the above expression builds on a single propagatif#ither propose the so-called power and relative phase frequency
path, we utilize this approach in this work also in case ¢esponseRR-Power/Phagepproach as the ultimate frequency-
realistic multipath propagation. As elaborated further belodgmain feature. This approach combines ER-Phaseand
the differential phase approach allows to mitigate the effeétR-Powerby transforming the=R-Phaséo the complex unit
of phase periodicity, and thus extract relevant features for thicle, with subsequent element-wise multiplication with the

proposed NN-based positioning. re-scaled FR-Power. This is expressed as
To this end, the linkage between the relative phase and a _
speci ¢ propagation distance is unambiguous only when the Pre(m) exp(j  (m)) 9)

relative phase is within one phase cycle < 2 ). A distance i .
d , whichinicts the full 2 cycle of the relative phase betweenWherepRB(m) refers to the re-scaled normalized power for RB

two neighboring RBs, can be solved based[dn (6) as indicesm = 0;::;;M 1. Furthermore, since theR-Phaséas
9 9 ' one element less thd@R-Powey we extend thé-R-Phasarray

d = ¢ (7) with an additional element fom = 0 by de ning 0)=0.
fre The real and imaginary components of the proposed
by denoting  frg =1, where = d =cis the correspond- FR-Power/Phaséeature set are visualized in Fig.]2c, center

ing ToF resulting in a full phase cycle. By using the relativénd bottom, respectively. The proposed feature allows to
phase difference , instead of an absolute phase, as thkccommodate the advantages of both received power and
frequency-domain feature, the positioning performance can fdative phases in a single complex feature vector, while
signi cantly improved, as shown in Secti¢n]IV. Although tharelaxing the distance ambiguity of the relative phase feature.
distance ambiguity issue still remains with the phase difference _ ) ]

recurrence at everg meters, it is greatly improved comparedB- Time-Domain CSI Data Preprocessing

to the recurrence level with an absolute phase at evemyeters,  The time-domainCSI data utilized for localization includes
asf frs - propagation delays,, powersjhyj?, andgNB side path angles
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Fig. 2. An example UE track in urban environment is shown in (a) whergMi# location is depicted with the red rectangle while the track color represents
the mean normalized power across the resource blocks. The frequency-domain fERi@esiplexand FR-Poweras well as the proposdeéR-Phaseand
FR-Power/Phasare visualized in (b) and (c), respectively, along the UE track shown in (a). In (b) and (c), different colors represent the ten different RB
allocations within the full SSB transmission bandwidth.

aoak for the observed.oS and NLoS paths. To this end, GELU(x) = x ( x) [43], [44] where ( X) is the cumulative
the measured path-wise propagation delaysreferred to distribution function of the standard normal distribution. The
as path-wise time-of- ight ath-ToF, are transformed to function can also be approximated for faster processing as
propagation distances by multiplying them with the speed r !

of light. The path-wiseA0As, aoak. are obtained at thgNB GELU(x) = X tanh E(x +Cx3) ; (10)
side, and transformed to directions in Cartesian coordinates in 2
the preprocessing, to omit the zero-crossing problem Witrl1
cyclic angular data. This results in a robusbA feature, where C
called path-wise angle-of-arrivap@th-AoA) in the following,
which is less susceptible to angular deviation and relat
uncertainties. The path-wise received poweratig-RR) jhyj?
are expressed in decibels (dBm) to overcome the extremel
low feature magnitudes in linear scale. Such feature is the ti
domain equivalent of the frequency-dom&R-Power which
accumulates all paths into the same observed frequency-do
measurement. Similar to the propagation delay feature, the p

power feature includes information on the path propagati(? . . .
distance, but most importantly, it also provides information The architecture of the densely-connected model is depicted

on the number and type of channel interactions, such HsFig- [33. It consists of 5 densely connected layers with
re ections, diffraction, or scattering, within the radio path(_EELU activation functions and a single densely connected layer
In general, different combinations of the time-domain Cleith linear activation and 2 neurons as the output, estimating
data can be adopted. The aggregated path-ToF+AoA and pH?ﬁ'—UE position. The architecture of the sequence processing

ToF+RP+A0A features, proposed in this work, are the mosgPable model is, in turn, shown in Fig.]3b. It consists of
powerful ones, as shown through the numerical results. > _densely connected layers after the Input, with a single
LSTM layer connected in parallel with thé"5dense layer.

C. NN Model Architectures and Hyperparameters The concatenated output of these layers is then fed to an
Among the various alternative data-aided approaches, W&TM layer with 5 neurons at the output with linear activation.
restrict ourselves ttNN models in this work, which currently Speci cally, the densely connected layers serve as instantaneous

dominate theML area due to their performance, scalability, gefieature extractors, while the intermedi&8TM layer learns the
eralization properties, and dynamic architecture optibns [40emporal features. Due to the considered parallel architecture,
1) Activation Function:In this work, we utilize the Gaussianthe last functional layer has access to both instantaneous and
error linear unit GELU) [41] as the non-linear activationtemporal features. The resulting output is then divided into a
function. Its main advantages over traditional recti ed linegpositioning output with2 variables, a velocity output with a
unit (ReLU) include resistance to a “dying ReLU” problem [42]single variable, and a heading output with an additidaal( )
differentiability at all values while having also been shown tactivation and? variables.
offer improved performance already in a number of applications3) Data Structures, Normalization and Trainindgn general,
such as natural language processingd [41]. It can be de nedthe input dimensions vary based on the selected features

= 0:044715 Compared taRelLU, the higher com-

plexity of GELU is compensated by the faster convergence of
model, as well as the corresponding improved positioning

performance, based on our complementary experiments.

) Utilized NN Architectures:As the functionalNN layers,

> utilize in this work both densely connected layers and

long-short term memoryLGTM) [45] layers, the later being

d only in the sequence-based implementation of models.

ortantly, theLSTM layer is a recurrent-based layer capable

preserving long-term and short-term trends within the data.
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D. System-Level Implementation Alternatives and Aspects

In general, there are alternative ways to organize and
implement the use of the CSI measurements and datBlfbr
training and actual online inference processing for localization.
These are discussed below, in relation to the proposed methods
and the data acquisition visualized in Fig. 1, while noting also
the important role of UE radio resource control (RRC) state.

To this end, the time-domain CSI data, i.e., MBRTT-based
ToF measurements and the SRS-bagédAoA measurements,
are by de nition obtained at the network side. Thus, in this
case, it is natural to also perform both the model training as
well as the localization inference processing at the network
side. Consequently, there is no need for additional signaling
or feedback, and all training data from differebEs is
inherently gathered together for training the model. Importantly,
since MRTT and UL-AoA require schedule®RS and PRS
transmissions, time-domain measurements are only available
in the connected mode/hen it comes to the UE RRC state.

(b) Frequency-domailRSRPand otherCSI measurements are
Fig. 3. Architecture and hyperparameters of the densely connéttedn ~ collected from periodic and always availal8&Btransmissions
(8), and of the sequence processhly, in (b). Each layer is speci ed by the at the UE side, thus enabling utilization of ef cient data
number of neurons and an activation function. crowdsourcing methods. Despite a possible technical capability
to perform training at th&JE, assuming individually trained
models at differentUEs can be considered unrealistic. There-

and deployment scenario. For frequency domain features, Jl Ef UEs are expected to periodically share such measurement

when considering the evaluation scenario described in Sect ?’n?mv;/zlgig;]eo?e[t)vr\;\%k-:ggil: tﬁ::r)]%g}nfgsrszx?;npilr?’t:g?g?r:
IV containing 3 gNBs, 16 beams, andl0 RBs, the input 9 ging

size is either480 for FR-Powerand FR-Phaseor 960 for Of '&W measurements and location tags, or altemnatively as
FR-Power/PhasandFR-Complex When considering the time- :Zg?rl]l?;] prggi'?ﬁigggﬁ'? fo&'ﬁmggv\;?& g}r}cm Sthi%ir\ated
domain CSI in the same scenario, the individpath-ToFk i DLgf ' d 9%’S| dRSRP ¢ '
path-AoA andpath-RPfeatures have each an input sizel& N requency-domal an measurements can

the combined path-ToF+AoA and path-RP+Ao0A features ha ?e ctolrl1edct$§ %ndbiﬁf)tar':eg aIs?nmmtRé:C |dclie rmOdj_?]? partn b
30inputs, and nally the aggregated path-ToF+RP+A0A featurg >anda ObIty management proceaures. S can be

has an input size af5. Some of the features are also normalize, Ocn;:gz,:;dnavﬁtrﬁ a\:earssleotvin?)t\)/:/lgg 58223::10%;iatﬁui?:zf;%?:nd
prior to the training, as demonstrated already along [Fig. y P ption. '

and Fig[ 2t. Speci cally, all power-related quantities as well ag>suming a pre-shared model from the network for the nal

path-wiseToF measurements, when rst converted to pseUd%Zifl?tcseuph?:ri,etr:tiE C;nnpaelirrzorrxilgi?glglgna:?otiveiaentiirs]tly
ranges, are all normalized betwefh1] within the overall bp yslg 9 9

sets of available measurements. Finally, all angle and phsps% localization and tracking also in the idle mode.

quantities are, by design, withjn ; ]. We emphasize that IV. EVALUATION ENVIRONMENT AND RESULTS
each different feature scenario and combination correspondsAtoEvaluation Scenario and Assumptions

an individualNN, trained and deployed on its own. The vast The evaluation environment builds on ray-tracing-based

set of numerical results, provided in Section IV, provides thg annel measurements utilizing Wireless Insite®software [47].
corresponding mutual performance comparisons. We employ the map-based METIS Madrid gfid[48], recognized

All consideredNN models are trained using the AdanfS the relevant urban scenario by 3GPP in 5G NR speci ca-
optimizer [46] with learning rates oB:001 for the rst tloqs 34]. The. Madrlq grid Iayou't mtrloduces generalily a rich
200 epochs, and then an early-stopping mechanism bad@dio propagation environment Wlt_h dl_ﬁ‘erent street W_ldths and
on validation performance for addition&DO epochs, while OPen areas, empowering generalization and scalability.
iteratively reducing the learning rate ®0005 and 0:0001 The simulated urban scenario illustrated in Ffip. 4 contains
after each stop. The lowered learning rates ensure a ne-turl@§f€5G mmWave gNB operating a28GHz, such that clear
performance with a small number of epochs. The mean squaP¥geS regions also exist along the streets. Egb is equipped
error (MSE) loss was selected for each output, and for thdth a gmform cylindrical antenna array wmhglevated layers,
sequence-basedN model, the loss weights were selected a2ch with16 antenna elements placedm height. The beam
0:8, 0:1, and0:1 for positioning loss, velocity loss, and heading©n guration includes 16 beams with uniformly separated

loss, respectively. Furthermore, stemming from the deploymétimuth angles and a common down-tilted elevation angle xed
area of around50 370 m? (see Fig. 4), the position labels@t 10deg. TheAoD and ToF measurements are obtained based

are reduced by a factor @00 to accelerate the training. on the corresponding characteristics of the radio propagation

~N W

~ 0w -
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aso !-Hh | [ \ B. Network Data Uncertainties
300 H : In this work, we take into account the important practical
250 1 aspect of uncertainties in the measurements and thereon in the
E oo corresponding features. To this end, the frequency-do@&h
7 ol is impaired in itsFR-Complexrepresentation with complex
100! F — additive white Gaussian nois@WGN) _samples with magni-
ol o NLOS tude equal ta30% of the corresponding channel estimate's
H IS _oNe root mean squareRMS) magnitude. Such represents large

0 : : :
0 10 200 300 400 500 practical measurement uncertainties. The other related features

x [m] . . .

Fig. 4. lllustration of the METIS Madrid map-based deployment and evaluatic§1UCh as theFR-Power/I_Dhaselre |mp§ured_ correspondingly,
scenario with 40 simulatedE tracks while distinguishing theoS andNLos ~ through the transformations from the impairfé®-Complexto
regions. Detailed example paths on one crossing are shown on the right. amplitude/power and phase domains.

To impair the time-domain features, we impose impairments
path with the highest received power, building on the signalgparately tgath-ToF path-RPand path-AoA quantities. The
and measurement procedures described in SeEflon Il. Thanh.ToFfeature uncertainty is aAWGN with standard devi-
obtainedAoD andToF measurements are exposed to substantigjon (std) equal to10m. We consider the constant uncertainty
measurement errors, as discussed further in Setdd The scale regardless of thEoF magnitude, as the measurement
beam-wise frequency-domaS| measurements are obtain€rrors are mostly resulting from hardware inaccuracies and
from SSBtransmissions as an average of received subcarfighing offsets in theUEs andgNBs. Furthermore, we impair
powers per RB, witt120kHz subcarrier spacing. Measurementg,e path-RPfeature with anAWGN with 2dB std, which
with path-loss higher than 160 dB are not considered, while #responds to the maximum impairment 06dB range with
general the environment shown in Fig. 4 possesses large ai¢8395 certainty, de ned by 3GPP as the required absolute
and street segments with severe multi-bounce phenomenameasurement accuracy fSSRSRP[49). The path-AocA s,

The combined time-domain and frequency-domain datasgtiyrm, impaired with discretized accuracy 225 (360 =16
consists of40 vehicle-like user tracks, where the UE collectpeams), rather than with a randomized value, to incorporate
measurements at00ms intervals. TheUE locations are the gNB limitations in accurately determining the AoA.
initialized with random locations along the streets, andUlis Finally, as reviewed in the Introduction, a large majority of
move within the area by considering an equal probability {@e state-of-the-art works, such as|[15],1[18],][2L],] [23]+[25],
advance in any direction at intersections. Trevelocity varies [2g), [29], [35], utilize channel amplitude or power response, or
between20km/h and60km/h depending on the present streedyen the integrated received power, as the positioning feature.
and possible proximity of intersections while when approachingence, in the following, the results withR-Powerfeature
an intersection, theJE decelerates & m/s* until reaching a represent essentially the state-of-the-art reference approach
xed velocity of 20km/h for smooth turning. After the tum, thewhen it comes to the frequency-domain features. In the time-
UE accelerates @m/s’ until reaching a street-speci ¢ speedjomain feature case, the use of the individual dominant path
limit. The speed limit is generally de ned a&km/h, apart features has been considered[in [5], [3],][30[*-[32], [36], thus
from the top horizontal street which has the speed limit @erying as the main reference schemes. Additionally, the state-

20km/h (see Fig |4) and the wider street below the pedestrigfithe-art schemes build commonly on snap-shot NNs without
street having a limit of60km/h. The exactlJE trajectories haressing the temporal correlation.

and associated measurement locations are different for eachor research reproducibility, data and codes are openly

simulated user track. As this work is heavily focusedMItDS  ayajlable af https://doi.org/10.5281/zenodo.12204893.

positioning, Fig[}# visualizes the simulated tracks with the

LoS/NLoS indication at each sampled location. We note th&t- Numerical Results with Dense Snap-Shot NNs

in order to ef ciently track movingUEs with varying velocities ~ We next provide and analyze the results obtained with dense

through the sequence processing models, a suf ciently ritNN basedML models while considering both the frequency-

training dataset is needed with representative velocity statistidgsmain and time-domain features as well as the impacts
The availabletO user tracks are distributed into BEE traces of the feature density or granularity in the two considered

for training, 4 for validation, and the remaining 4 for théwmd domains. To establish an understanding on the baseline or

testing. The validation and testing paths are carefullgctetl, reference performance, we start with the results under perfect

to avoid any area-specific bias in the evaluation. Furtloeen measurements (no uncertainties), while then show also the

as the work focuses on th¥LoS positioning performance, performance under practical measurement uncertainties.

we validated the consistency of the@S/NLoS split across 1) Results with Frequency-Domain FeatureBirst, we

the datasets. The distribution of the samples in the indalid analyze and compare the different frequency-domasi

datasets based on the numbet.oS gNBs is consistent with features introduced in Sectidil-A] and their positioning

approx.35% NLoS samplesp0% of samples having a single capabilities with a densely connected snap-dkiit with 5

LoS gNB, and only5% samples havin@ gNBs in LoS. The hidden layers. We thus split all the user tracks into individual

distribution suggests that the traditional model-basdatisms, samples and compare the performance without considering

such as trilateration, are not applicable in the considstedario. the temporal dependencies within sequences or additional

In total, there ar@5 181samples in the dataset. uncertainties, to focus on the quality of the features themselves.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/


https://doi.org/10.5281/zenodo.12204893

This article has been accepted for publication in IEEE Transactions on Vehicular Technology. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TVT.2024.3456958

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. XX, NO. XX, MM YYYY 9

40 T 15 T T T
FR-Complex m— path-ToF path-ToF+Ao0A
— FR-Power path-RP  mess== path-RP+A0A
w— FR-Phase L mm— path-A0A = path-ToF+RP+A0A
m—— FR-Power+FR-Phase
= -R-Power/Phase

i by

@ (b)
Fig. 5. Distributions of positioning errors on the testing data when evaluating (a) different frequency-domain features, and (b) different time-domain features,
with dense snap-shot NN and with no measurement uncertainties.
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Fig.[5a visualizes the distributions of the positioning errors 2) Results with Time-Domain Featurebtext, we evaluate
on the testing dataset for each feature. Each boxplot matke positioning capabilities and performance when utilizing
the median (center) as well as the rst and third quartilabe different time-domain featurepdth-ToF path-RR and
(25" and 75" percentiles) encapsulated in the box, whilpath-AoA) as the input data. We also evaluate the combination
the whiskers mark the values &" and 95" percentiles. of the features, while the model can consider ufs tominant
The results show that the proposER-Power/Phaséeature multipath components above the 160 dB path-loss threshold.
representation enables the most ef cient training in terms Fig.[5R visualizes the achieved positioning results, showing
of positioning error and that considering tifd&k-Complex that the proposed combinations phath-ToFand AoA or
features as the input provides the poorest performance. Tgath-ToFE RP and AoA are the two best performing aggregate
FR-Powerand FR-Phasdeatures achieve comparable mediafeatures. The results also suggest thatthth-RPmeasurement
performance, but in terms of outliefSR-Powerperforms better. provides less relevant information to the model than the
The 95" percentiles, referring essentially to the presence péth-ToF which the model can directly interpret as normalized
outliers, of FR-Complexand FR-Phasere signi cantly higher pseudo-range measurement. This can be seen by comparing
than those of the remaining methods, as shown quantitativehe individual features (path-ToF vs. path-RP), as well as the
in Table[T]. Furthermore, the feature combination denoted aases where they are combined with path-AoA.
FR-PowetFR-Phaseepresents the simple concatenation of the The impacts of the features as well as the standalone
corresponding individual features. The numerical results sh@&rformance ilL.oS/NLoS are summarized in Tabfe]ll, while
that the positioning performance is improved when comparedatso highlighting the best-performing features in each scenario.
the individual features, but the noveR-Power/Phasteature — The table shows that the combination of all features (path-
utilizing the same, yet pre-processed inputs — provides superf@F+RP+A0A) together with path-ToF+AoA offer the best
performance. The table high-lights in bold the best performangssults across all statistics. The corresponding performance
numbers in different cases. of path-RP+A0A lags already behind. When evaluating the

We next further investigate the impact of the feature repiigdividual features, th@ath-AoA provides high-accuracy posi-
sentation by considering theoS and NLoS data separately, tioning capabilities with less thaBm median positioning error
with the results being shown in Taljlg Il. We can observe thigt NLoS, as it can effectively capture the propagation patterns
the proposed-R-Power/Phasteature representation achievesvithin the given deployment. Theath-RP and path-ToF
the lowest positioning errors by a considerable margin, whefovide, in turn, signi cantly poorer performance as individual
compared to the other method3:35m and 470m mean features, especially when considering the higher percentile
positioning error inLoS/NLoS, respectively) addressed earlieerrors. These results thus clearly prove the value of the
in the literature. By comparing the performancelioS and directional measurements. Additionally, when compared to the
NLoS scenarios, we can observe some increase in the erroirdRults presented in Talflé Il, relative performance improvement
NLoS, however, the exact impact is clearly feature-dependegén be observed, which we credit to stronger interpretability
Furthermore, when considering ti#5" percentiles of the of time-domain measurements as model inputs compared
error distributions, we can observe that the errors related to ffeethe frequency-domai€Sl features. Notably, meter-scale
FR-Complexand FR-Phasdeatures are drastically increasedyositioning accuracy can be reached through the time-domain
in both LoS and NLoS scenarios, whil&=R-PowetFR-Phase features also in NLoS.
and FR-Power/Phasteatures sustain a relatively stable perfor- 3) Impact of Feature Granularity:Next, we assess and

mance across the majority of the testing samples. compare the performance of the snap-skibt model while
Overall, the obtained results clearly show and demonstratarying the granularity or sparsity of the input measuretsiafive
that utilizing the noveFFR-Power/Phasteature offers the best again separate the testing dataset lri® andNLoS parts, and
performance by a large margin, clearly outperforming the earliéirst evaluate the frequency-domain data as resource Hévet
state-of-the-art in the eld of frequency-domain features. ThudB-leve) features, and their mean values acrossRBs as the
in the further frequency-domain feature related evaluations, Wwandwidth-level BW-leve) features TheRB-levelfeatures are
consider only the FR-Power/Phase feature representation. obtained peRB, which containd 2 subcarriers with a subcarrier
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TABLE Il
BASELINE PERFORMANCE RESULTSFREQUENCY¥DOMAIN FEATURES, DENSE SNAPSHOTNN, NO UNCERTAINTIES

Feature FR-Complex FR-Power FR-Phase FR-Power+FR-Phase FR-Power/Phase
Error [m] LoS NLoS LoS NLoS LoS NLoS LoS NLoS LoS NLoS

Median 7:88 1401 557 501 526 697 335 4:29 2.42 2.84
Mean 21:27 2563 9:69 889 1801 2799 653 8:67 3.35 4.70
80" pc  21:70 33731236 11:11 9:33 17:67 546 857 4.45 5.18
95t pc 106:37 92:05 30:69 27:53 87:97 166:66 10:47 21:43 6.71 10.97

TABLE 1lI
BASELINE PERFORMANCE RESULTSTIME-DOMAIN FEATURES, DENSE SNAPSHOTNN, NO UNCERTAINTIES

Feature  path-ToF path-RP  path-AoA path-ToF+AoA path-RP+A0A path-ToF+RP+Ao0A
Error [m] LoS NLoS LoS NLoS LoS NLoS LoS NLoS LoS NLoS LoS NLoS

Median  2:74 219 2:96 449 110 167 054 1.10 1:.09 173 071 121
Mean 11:08 11:14 10:17 1350 2:79 503 1.23 361 1:.91 429 132 2.63
80 pc 859 6:05 6:351251 257 396 1.35 2.33 245 416 167 271
95" pc 4526 40:84 29:.91 53.60 848 1492 377 6:86 531 1488 3.44 6.73

o N e
/@
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S |
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Fig. 6. ECDFs of the positioning errors on the test data, (a) when evalu&®Bdevel and BW-level FR-Power/Phasdata, and (b) when evaluating path-
ToF+Ao0A and path-ToF+RP+A0A features with either dominant path only or with all detected paths. The gures visualize the résgtarmd NLoS
regions separately using a dense snap-shot NN model with no measurement uncertainties.

spacing ofLl20kHz, thus representing a bandwidthlofi4 MHz Similarly, we next evaluate the impact of the time-domain
per measurement. THRN-levelfeature considers tieh4MHz  feature granularity. Earlier, we already concluded that the path-
bandwidth acros$§0RBs. Technically, the full featurdRB-leve) ToF+AoA and path-ToF+RP+Ao0A features provide the best
dataset consists @60features per sample (real and imaginargerformance, thus these features are utilized also here. In the
part,10 RBs, 16 beams3 gNBs), while theBW-level feature following, we distinguish and compare between utilizing only
dataset contains onB6 features per sampl@( 16 3). The the dominant multipath component (in terms of power) and all
purpose is to investigate and understand whether the marsespavailable multipath components as the input features.

feature representations, which enable simpler and thasrfas The achieved performance results are depicted i Fjg 6b,
models, are capable of achieving competitive performamtieet  from which we can draw the following observations. The
non-sparse data or full features. model performance actually improves when only the dominant

Fig. [63 visualizes the empirical cumulative dis,[ributiorr]nultipath component is used as the input. This applies to both
3 . L nd NLoS regions, and the im i rticularly clear
functions ECDFs) of the positioning errors, in thieoS and 0S and NLoS regions, and the impact is particularly clea

) g hen th th-ToF+RP+A0A feat i idered. Addi-
NLoS regions, when utilizing theRB-level and BW-level when the path- 1o 0A fealure case Is considere :

tionally, Fig.[6B shows that especially the outlier performance
qatﬁ ell_s ;hd:R'PQWiL/;%Sléeaﬁre?' We can dobserve thheztthe highestl0% of errors) is clearly improved, particularly
Irr(]a du?:eg p:;zTrir;%ce corr;:grz det?) I:Leesmpllrso;/elvzl ?g;?j;’ésa in the LoS regions. Overall, the results in Fig]éb demonstrate
: ) . - that very high positioning performance can be achieved also
In the NLoS scenario, theRB-level features as the input again y nign p gp

outperform theBW-level features. In general, particularly inIn NLoS given that proper path features are utilized.

NLoS where the channel geometry is more complex, the widB: Numerical Results with Temporal Sequence Models

array of inputs can support the model in extracting moreIn this section, we evaluate the selected frequency-
relevant positioning information thus leading to an improvedomain and time-domairCSl features, namelyRB-level
performance. On the other hand, one can also conclude tRBtPower/Phaseath-ToF+RP+Ao0A with the dominant com-
the BW-level features provide a well-working solution withponent, and path-ToF+AoA with the dominant component, in
large reductions in the model complexity. the spirit of vehicular user tracking. For this purpose, we
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I ‘ ‘ ‘ path-ToF+Ao0A time-domain features as the inputs.

== -R-Power/Phase, RB-level
path-ToF+A0A, dominant path The considered®KF benchmark, in turn, utilize3oF and

e e e nel AoA measurements from eaghlB with LoS connection, while

‘ assuming idedloS detection such that tHeKF performance

is the best possible in dlloS locations. In the absence of any

LoS link, only the prediction stage of theKF is conducted.

The implementation of the used state-transition model and

observation model, together with the related Jacobians and
: : process covariance matrix, follows the descriptions given
. 11]. Consequently, the usdeKF state vector comprises the
i_T 51 £ 1 [1] quently p

i i i UE position in x- and y-coordinates and thiE speed in x-y
tos, wio NLos. wio tos.w! oS directions. For each track, théE state vector is initialized with a
Fig. 7. D_istributions of the positioning errors with §equence-proces‘$h¢g perfect state vector estimate in order to provide the bestable
model without (w/o0) and with (w/) feature uncertainties along & and
NLoS regions. The box center denotes the median value, box edgesthe Performance for theeKF benchmark results. However, the
and 75" percentiles, while the whiskers mark t6& and95" percentiles. performance is evaluated only after the ficsiS link is obtained,
so that the unrealistic prediction durih.oS condition with the
perfect initialization is avoided. After a brief optimizan of the

utilize the novel temporal sequence-processitily model EKF parameters, thetdof ToF andAoA, included in a diagonal
proposed and described in SectiikC] while estimating measurement covariance matrix, are defined as 50 ns andy15 de
the UE position, UE velocity andUE heading simultaneously.respectively. In addition, thstd of the velocity noise, used in
Additionally, and importantly, we now also consider thehe process covariance matrix, as definedin [11], is setais8
realistic uncertainties in all considered measurements and th@he positioning performance of the different models is
corresponding features, as introduced in Sedtion |IV-B. visualized and compared in Fig.]8a, showing signi cantly im-

Fig.[] provides and visualizes the sequence-based moplelved positioning performance through the proposed solution
performance for the different considered features while alsompared to the two benchmarks. While being evaluated with
explicitly comparing the cases without and with measuremethte same data, the proposed time- and frequency-do@3in
uncertainties, hence providing valuable insight into M features combined with the proposed sequence processing en-
model generalization capabilities. In the uncertainty-free sefre achieve aroundm median positioning error, compared to
nario, time-domain features clearly outperform the frequendym of the SPAWC benchmark ari@m of theEKF benchmark.
domain ones, similar to the earlier results with snap-shthe achieved performance improvement is stemming from the
models. In the practical case where the uncertainties axembination of the novel feature engineering and the carefully
present in the data, the performance with the time-domarafted sequence based NN processing system. Furthermore,
path-ToF+Ao0A and path-ToF+RP+A0A features deterioratégsides estimating the UE location, incorporating the estimation
to a certain extent, while the performance gap between thifUE heading and velocity leads to reduced estimation variance
LoS and NLoS scenarios also interestingly disappears. Through stabilization between individual quantities. Compared
frequency-domaif-R-Power/Phasteatures provide essentiallyto the EKF model, which is built on the assumptionlLafS
the same distributions for tHeoS andNLoS positioning errors, geometry and unbiased measurements, the proposed approach
while even outperforming the uncertainty-free modeNhoS. can work in bothLoS and NLoS conditions and deal with
These ndings high-light the generalization properties of thiased measurements — such as the ones encountered with the
NN model, as théLoS scenario itself is a source of additionaldiscretized path-AoA feature.
uncertainties, as can be seen in Fig. 2c already. To this endsig.[8H provides the corresponding results when distinguish-
Fig.[7 demonstrates that the increased amount of uncertaiinty between theLoS and NLoS regions. TheECDFs show
in the data does not necessarily lead to the degradationtiwdt with the uncertainties within the received signals, the gap
performance, given that the model is trained on suf cierdetween theLoS and NLoS performance with the proposed
amount of data containing such uncertainties. solution is strongly suppressed, as for tild model, theNLoS

To further study the achievable performance of the propossdenario itself represents an uncertainty on its own, which
sequence-processing model and the channel features, dhly complements the ones in the input data. While time-
positioning, speed, and heading estimation performancedmmainCSl features offelLoS-agnostic results, there is still a
next assessed and shown. We also compare the propasmdll performance gap when utilizing the frequency-domain
sequence model's performance against the selected benchna&ta. The SPAWC benchmark provides consistent results in
solutions, namely th&IN model from our initial work in[[14] the lower parts of the distribution, but the distribution for the
(denoted in the continuation as SPAWC benchmark), as wBILoS samples contains signi cantly higher errors and outliers.
as anEKF-based robust Bayesian tracking algorithm. To thiEhe positioning performance of tHeKF in LoS suffers from
end, the SPAWC model'tSTM architecture, parameters, andhe discretization of theath-AoA leading to an increasing
training setup are as described |in|[14], whereas the trainipgsitioning error with the increasing distance from ttas
and testing data are naturally the same as for all other methgidB(s). In NLoS, the EKF follows the direction of the last
described in this article such that comparative results and fawS sample, leading to unreliable estimation. As noted already
comparisons can be obtained. The SPAWC benchmark utilizashe Introduction, there are Bayesian ltering or other model-
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Positioning error [m]
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