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Abstract—Reliable GNSS positioning in dense urban environ-
ments depends not only on positioning algorithms, but also
on deciding which satellite measurements should be trusted.
Buildings, vehicles, vegetation, and other urban structures can
block, reflect, or attenuate satellite signals, producing Non-
Line-of-Sight (NLOS), multipath-contaminated, and degraded
measurements. This survey reviews methodologies for identifying
these reception states before corrupted observations enter the
navigation solution. The review first examines receiver-side signal
evidence, showing how physical, tracking-level, and observable-
domain features reveal different signatures of NLOS and multi-
path propagation. It then synthesizes algorithmic detection meth-
ods that transform these features into reception-state decisions,
ranging from interpretable rule-based approaches to modern
learning-based classifiers. The survey next turns to environmental
awareness, separating 3D mapping modalities from the map-
based algorithms that use them for satellite-visibility determi-
nation. Finally, it reviews auxiliary sensors, including IMU,
camera, and LiDAR, as complementary sources of kinematic,
visual, and geometric evidence for online measurement screening.
Across these methodological families, we emphasize practical
design trade-offs involving accuracy, interpretability, hardware
burden, calibration, map dependence, computational cost, and
real-time deployability. The survey is intended for researchers
and engineers working on robust urban GNSS and multimodal
navigation, and spans receiver configurations ranging from
smartphones and mass-market automotive systems to sensor-rich
and multi-antenna platforms. By connecting signal processing,
classification algorithms, 3D mapping, visibility prediction, and
exteroceptive sensing under a unified measurement-screening
perspective, this survey provides a systems-level guide to robust
urban GNSS anomaly detection and highlights open challenges
in datasets, domain generalization, uncertainty modeling, edge
implementation, map freshness, and trustworthy learning.
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Fig. 1: GNSS reception scenarios in urban environments.

I. INTRODUCTION

Global Navigation Satellite Systems (GNSS) based posi-
tioning has become indispensable across a wide range of
modern applications, from everyday navigation services to
safety-critical systems such as autonomous vehicles and aerial
drones. While the technology has matured significantly in
open-sky environments, its performance remains highly vul-
nerable in urban areas. In particular, the urban canyon effect
caused by tall buildings and complex infrastructure poses a
major obstacle to reliable signal reception. Among the various
sources of GNSS error, multipath (MP) propagation and Non-
Line-of-Sight (NLOS) receptions have emerged as dominant
challenges that are difficult to predict and mitigate. This
section delves into the fundamental impact of multipath and
NLOS signals on GNSS performance, laying the groundwork
for understanding recent advances in detection and mitigation
techniques.

This survey focuses on the identification of GNSS re-
ception states—including line-of-sight, non-line-of-sight, and
multipath-contaminated reception—in urban environments be-
fore the corresponding measurements are accepted, excluded,
weighted, or corrected by the navigation solution. The re-
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viewed methods span pedestrian and smartphone navigation,
mass-market and autonomous vehicle platforms, and higher-
complexity receiver configurations such as multi-antenna and
sensor-rich systems. These platforms differ in their access
to raw signal information, auxiliary sensors, computational
resources, and calibrated hardware, and these receiver capabil-
ities directly influence the applicability and practical trade-offs
of the corresponding detection methods.

A. Impact of Multipath and NLOS on GNSS Accuracy

Tall buildings, reflective facades, vegetation, and dynamic
objects in urban environments can block, reflect, diffract, or
attenuate GNSS signals. These propagation effects directly
corrupt the code pseudorange and carrier-phase observables
used for positioning, making multipath and NLOS reception
among the dominant error sources in urban canyons [1[], [2]].
As illustrated in Fig. [IL GNSS reception can be grouped into
three principal tracked-signal conditions. In the Line-of-Sight
(LOS) case, the direct satellite-to-receiver path is available and
dominates the received signal. In the multipath case, the direct
path remains present, but one or more reflected components
arrive together with it. In the NLOS case, the direct path
is blocked and the receiver tracks an indirect reflected or
diffracted component. A geometrically blocked satellite may
also be completely unavailable when no indirect component is
strong enough to be acquired or tracked. Taking the direct-path
carrier phase as reference, these conditions can be represented
by the complex received-signal model

N
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where gy and 7y denote the amplitude and delay of the
direct component, g;, 7; and 6; denote the amplitude, delay,
and relative carrier phase of the ith reflected component,
respectively, N is the number of indirect paths, s(t) is the
transmitted signal waveform, and n(t) is additive noise [2[], [3]l.
Under nominal LOS reception, the first term dominates; under
multipath, direct and indirect components jointly contribute to
the tracked waveform; and under NLOS reception, the direct
component is absent or strongly suppressed.

The resulting measurement error is determined not only
by the excess propagation length, but also by how these
components interact within the receiver tracking loops. Let
T'.(-) denote the code autocorrelation function and define the
excess delay of the ith reflected component in chips as

Ti — To
T,

where T is the code-chip period. Around the direct-path code
delay, the complex correlator output can then be written as

A; = , ©)
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where € is the code-tracking error expressed in chips. The de-
layed and phase-shifted indirect components therefore deform
the nominal correlation response observed by the receiver [2].
Fig. [2]illustrates this effect for a representative single-reflection
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Fig. 2: Receiver-level illustration of multipath effects on GNSS
tracking: (a) code-domain DLL distortion and tracking-point
shift, and (b) carrier-domain prompt-phasor rotation.

case, highlighting both the displacement of the DLL dis-
criminator zero crossing and the rotation of the prompt-
correlator phasor. For a conventional noncoherent early—late
power Delay-Locked Loop (DLL) with early—late spacing d,
the early-minus-late power (EMLP) discriminator is

st -3~ (-2)

For an undistorted LOS signal, the discriminator zero crossing
coincides with the direct-path delay, corresponding to € = 0.
In the presence of multipath, the delayed reflected components
distort the composite correlation response and shift the stable
DLL tracking point to €yp, satisfying Dprr(émp) = 0. The
corresponding code pseudorange error is therefore

2 2
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where c is the speed of light. Thus, under multipath reception,
the pseudorange bias is fundamentally a tracking-point dis-
placement: depending on the relative delay, amplitude, and
carrier phase of the reflected components, interference can
shift the DLL equilibrium in either direction and produce
rapidly varying errors as the receiver or surrounding reflectors
move. The carrier-phase observable is affected by the same



direct-reflected signal superposition through the phase of
the complex prompt correlator. Taking the direct-path carrier
phase as the reference and evaluating the prompt correlator at
the DLL tracking point, the multipath-induced carrier-phase
perturbation is

Apnp = arg{Z(emp)} - (6)

Expressed as an equivalent range perturbation, this becomes

A
Adyp = §A¢MP» 7

where )\ is the carrier wavelength. Because both code and
carrier errors depend on the evolving multipath geometry,
their biases can vary rapidly with receiver or reflector motion,
degrading carrier-phase continuity, ambiguity resolution, and
high-precision positioning.

NLOS reception differs fundamentally from multipath con-
tamination. When the direct path is blocked, the receiver may
instead acquire and track a reflected or diffracted component
whose propagation path exceeds the unobstructed satellite—
receiver range. This introduces a positive excess propagation
delay and hence a positively biased pseudorange component
associated with the indirect path [4]. Its magnitude depends
strongly on the surrounding geometry, including the satellite
direction and the location of the obstructing or reflecting
surfaces. NLOS signals may also be attenuated or waveform-
distorted, further increasing measurement and tracking uncer-
tainty.

Unlike satellite-clock, orbital, and atmospheric errors, for
which established models and external corrections are avail-
able, multipath and NLOS effects are strongly coupled to
the receiver’s immediate propagation environment and can-
not generally be represented by a universal deterministic
correction [1]], [4]. Reliable urban GNSS therefore requires
estimating the reception state or measurement reliability so
that contaminated observations can be excluded, reweighted,
or corrected before they adversely affect the navigation so-
Iution. This motivates the signal-domain classifiers, 3D-map-
based visibility methods, and camera, light detection and
ranging (LiDAR), and IMU-aided approaches reviewed in the
following sections.

From this perspective, the survey considers the satellite-
specific tracked reception state

S € {LOS, Multipath, NLOS} )

as a latent state inferred from heterogeneous evidence: signal-
domain methods use receiver-internal measurements, map-
based methods predict geometric visibility, and auxiliary sen-
sors provide complementary spatial or kinematic information.
Here, LOS denotes nominal tracked reception, whereas Mul-
tipath and NLOS denote anomalous tracked states; complete
geometric blockage with no trackable component is treated
separately as signal unavailability. This state-based view un-
derpins the survey taxonomy.

B. Related Works and Identified Gaps

A wide range of reviews and overview works have addressed
GNSS positioning degradation in urban environments, with

particular attention to multipath and NLOS reception. We
consider this literature from two complementary perspectives:
the methodological scope covered by existing reviews and the
historical evolution of the underlying reception-state detection
and satellite-visibility paradigms. Existing review coverage
remains uneven across methodological domains: some works
emphasize receiver- and signal-level processing, whereas oth-
ers focus primarily on machine learning, environmental mod-
eling, or multisensor integration. Even broader reviews that
span several of these topics generally do not organize them
under a common per-satellite reception-state and visibility
framework, making cross-domain comparison difficult. Rep-
resentative receiver- and signal-oriented reviews discuss the
physical behavior of multipath and NLOS together with signal-
level indicators, tracking techniques, and mitigation strategies.
BreBler et al. [45] provide an early broad overview of GNSS
degradation in challenging environments, covering observable-
level indicators, environmental information, auxiliary sensing,
and outlier-detection concepts. From an integrity perspective,
Zhu et al. [56] review the challenges of reliable GNSS
positioning in urban environments, with particular attention to
propagation-induced errors and the limitations of conventional
integrity-monitoring assumptions. McGraw et al. [46] simi-
larly discuss multipath and NLOS in the context of receiver
processing, antenna techniques, robust positioning, sensor
aiding, and 3D-mapping-aided GNSS. Lau et al. [47] focus
more specifically on multipath in high-precision GNSS, while
Pereira et al. [48|] review correlation- and channel-estimation-
based multipath mitigation at the receiver level. These works
provide important physical and systems-level insight, but they
do not systematically connect receiver-domain evidence with
modern learning-based reception-state inference and real-time
environmental perception.

A second group focuses on machine learning and deep
learning in GNSS. Siemuri et al. [49] provide a broad sys-
tematic review of machine learning (ML) applications across
GNSS, whereas Xu et al. [50]] concentrate specifically on ML-
based multipath/NLOS mitigation and provide an associated
dataset and benchmark perspective. Mohanty and Gao [51]]
further survey classical and deep learning techniques across
GNSS signal analysis, positioning, anomaly detection, and
multisensor integration, while Boumaraf et al. [52]] provide
a recent systematic view of traditional, deep, and emerging
ML paradigms together with commonly used GNSS datasets
and deployment challenges. These studies provide extensive
coverage of data-driven inference, but do not systematically
integrate geometric visibility prediction, 3D environmental
representations, and onboard camera/LiDAR screening within
the same taxonomy.

A complementary body of work addresses environment-
aware and 3D-mapping-aided GNSS. Groves et al. [53] pro-
vide a foundational review and performance assessment of
3D-mapping-aided GNSS, demonstrating how building models
support satellite-visibility prediction and urban positioning.
Such work establishes the value of environmental geometry for
predicting LOS blockage but generally places less emphasis
on the evolution of the underlying mapping representations
themselves. In contrast, the present survey also traces the
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Fig. 3: Historical evolution of GNSS multipath/NLOS reception-state detection and satellite-visibility inference. Solid boxes
denote direct methods, while dashed boxes denote enabling developments.

progression of mapping modalities used for GNSS visibil-
ity determination, from conventional building models and
LiDAR- or photogrammetry-derived maps to crowdsourced
signal-based representations and more recent learned implicit
environmental models. This broader view connects advances
in environmental representation with the corresponding de-

velopment of visibility-prediction methods and signal-domain
classification.

Auxiliary-sensor reviews form an adjacent but distinct liter-
ature. Feriol et al. [54] review environmental-context detection
using GNSS and onboard vision, while broader multisensor
reviews such as Wei et al. [55] examine integration with



TABLE I: Comparison of representative reviews and overview works relevant to GNSS LOS/NLOS/multipath detection and

satellite-visibility determination.

. . Signal Classical/ Deep 3D Map / Aux. Sensors Datasets  Geometric

Review / Overview
Features Statistical/ML Learning Env. Modeling (Vision/LiDAR/IMU) & Metrics Visibility

BreBler et al. (2016) [45] v v - Partial Partial Partial Partial
McGraw et al. (2020) [46] v Partial - Partial Partial - Partial
Lau et al. (2021) [47] v - - - - - -
Pereira et al. (2025) [48| v Partial - - - - -
Siemuri et al. (2022) [49] Partial v v - - Partial -
Xu et al. (2024) [50] v v v - - v -
Mohanty and Gao (2024) [51] Partial v v - Partial Partial -
Boumaraf et al. (2026) [52] Partial v v - Partial v -
Groves et al. (2019) [53| Partial - - v - - v
Feriol et al. (2020) [54] Partial Partial - Partial v - Partial
Wei et al. (2025) [55] Partial Partial Partial - v - -
This survey v v v v v v v

Legend: v'= Substantial coverage;

Partial = Limited or adjacent coverage;

— = Not a main focus.

visual, LiDAR, and inertial sensing. McGraw et al. [40] also
discuss sensor aiding within a broader framework for robust
GNSS positioning. These sensors are typically treated as aids
for improving navigation robustness. In contrast, the present
survey emphasizes their role in reception-state verification:
cameras provide angular sky/occlusion information, LiDAR
supplies metric 3D geometry for blockage and reflected-path
reasoning, and IMUs provide kinematic and attitude consis-
tency information.

Taken together, the reviewed literature shows a progressive
broadening of the information used to determine GNSS recep-
tion state. Initial approaches relied mainly on receiver-internal
evidence, including tracking-loop behavior, antenna-domain
spatial signatures, and observable-level quality or consistency
measures. This receiver-centric view was later complemented
by external knowledge of the surrounding environment through
3D models, cameras, LiDAR, and inertial sensing, providing
geometric and kinematic cues that are largely independent of
the GNSS measurements themselves. More recent methods
increasingly exploit temporal and inter-satellite dependencies,
learned environmental representations, and multimodal combi-
nations of these complementary information sources. Figure
places representative developments from these methodologi-
cal families in their historical context, while distinguishing
methods that directly infer multipath, NLOS, or satellite vis-
ibility from foundational techniques that enabled subsequent
reception-state detection.

Dataset-oriented discussion remains comparatively sparse.
Xu et al. [50] provide a public dataset and benchmark-oriented
evaluation for ML-based multipath/NLOS mitigation, while
Boumaraf et al. [52] summarize datasets used across data-
driven GNSS research. Nevertheless, there remains no unified
benchmark that compares signal-level, map-based, camera-
based, and LiDAR-based reception-state methods under com-
mon labels, receiver configurations, and urban scenarios. Ac-
cordingly, the present survey treats datasets, labeling strategies,
and evaluation protocols as a distinct methodological compo-

nent, without claiming to introduce a new quantitative cross-
method benchmark.

Table [l summarizes the coverage of representative reviews
and overview works across seven methodological dimensions.
Overall, the literature demonstrates substantial progress within
and across individual methodological families, but no prior
review considered here systematically unifies receiver-domain
signal evidence, modern learning-based reception-state in-
ference, 3D-map-based visibility determination, and onboard
camera/LiDAR/IMU verification under a common per-satellite
reception-state framework while also treating datasets and la-
beling as a dedicated methodological problem. This motivates
the unified cross-domain synthesis developed in this survey.

C. Contributions and Survey Structure

Building on the gap identified above, this survey makes the
following contributions:

o It organizes GNSS reception-state classification around
three complementary information sources—receiver-side
signal evidence, 3D map-based environmental informa-
tion, and real-time auxiliary sensing—and situates the
principal methodological developments within their his-
torical evolution.

o It separately reviews the signal features used for
reception-state characterization and the algorithmic
paradigms used to classify them, including threshold-
based rules, classical machine learning, deep learning,
sequence models, and multimodal strategies.

e It reviews 3D mapping modalities for GNSS visibility
analysis, including static city models, LiDAR-derived
point clouds, vision-based reconstruction, neural implicit
maps, and crowdsourced signal-based mapping, with at-
tention to level of detail, map freshness, memory foot-
print, updateability, and real-time query cost.

o It synthesizes map-based visibility determination algo-
rithms, including geometric LOS screening, explicit ray
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Fig. 4: Organization and information flow of the survey. Receiver-side GNSS evidence, map-derived environmental information,
and auxiliary sensing provide complementary inputs for per-satellite reception-state inference and measurement handling. The
subsequent comparative synthesis evaluates their practical trade-offs and motivates the open research directions.

tracing, shadow matching, three-dimensional mapping-
aided (3DMA) ranging, and neural implicit visibility
inference.

o It examines real-time auxiliary-sensor anomaly detection
using IMU, camera, and LiDAR, emphasizing their role
in signal-reception state determination before measure-
ment integration.

o It compares practical design trade-offs across method
families and identifies open challenges in datasets, do-
main generalization, edge deployment, calibration, and
trustworthy learning-based detection.

The remainder of this article follows this cross-domain or-
ganization. Section [l and [[T]] review receiver-side evidence for
reception-state characterization, the algorithms that transform
this evidence into decisions, and the datasets and labeling
procedures used to develop and evaluate them. Section [[V] ex-
amines environmental representations and map-based satellite-
visibility inference, while Section M reviews real-time verifi-
cation using auxiliary sensing. Section [V]]then synthesizes the
practical trade-offs across these methodological families, and
Section [VII] outlines open research directions and concludes
the survey. Fig. ] summarizes this organization and the infor-

mation flow among the reviewed evidence sources.

II. GNSS SIGNAL FEATURES AND OBSERVABLES

While systematic errors such as atmospheric delays and re-
ceiver clock drift can be effectively mitigated using established
analytical models or differential corrections, NLOS and multi-
path interference are fundamentally governed by the localized
physical environment and the instantaneous geometric rela-
tionship between the satellites, the receiver, and surrounding
urban structures. Because these effects are highly localized
and spatially decorrelated, purely analytical models that ignore
the immediate physical environment are largely ineffective in
deep urban canyons. Consequently, modern GNSS navigation
engines increasingly rely on direct signal-based detection.
Rather than treating signal degradation as generic white noise,
these systems exploit the distinctive physical and statistical
signatures that structural reflections imprint upon the incoming
waveform.

To systematically categorize these distortion signatures, con-
temporary literature structures signal-based feature extraction
across three distinct stages of the receiver architecture: (i) the
antenna and electromagnetic (EM) domain, (ii) the tracking



and baseband domain, and (iii) the observables or data do-
main [50]], [57]]. Each of these processing depths offers unique
feature modalities, distinct hardware accessibility constraints,
and specific sensitivities to signal deformation. By examining
the GNSS signal across these disparate representation levels,
researchers have identified a vast taxonomy of degradation in-
dicators. These range from physical polarization reversals and
spatial arrival angles to complex distortions in the baseband
correlation peaks and statistical anomalies in the final pseu-
dorange measurements. The remainder of this section sequen-
tially examines how structural reflections encode themselves
within these three specific pipeline levels. By outlining the
characteristic features and data-access requirements of the EM,
baseband, and observable domains, this section establishes
the physical and phenomenological foundation necessary for
the algorithmic classification paradigms and machine learning
methodologies subsequently detailed in Section

To contextualize these degradation indicators, Fig. [ il-
lustrates the hierarchical distribution of GNSS classification
features across the sequential stages of the receiver pipeline.
The subsequent subsections systematically dissect the primary
feature families isolated within the antenna, baseband, and
observable domains. For each operational stage, this review
details the underlying physical interpretations, core mathemat-
ical formulations, specific hardware accessibility constraints,
and the inherent trade-offs these features present for robust
satellite visibility classification.

A. Antenna / EM Level

At the antenna and EM level, array-based processing ex-
ploits the spatial and polarization structure of the incident
radio-frequency wavefield across the antenna aperture to
support discrimination and separation of LOS and reflected
signal components. By sampling the same GNSS signal at
multiple spatially separated antenna elements, the receiver
gains access to inter-element phase relationships, direction-of-
arrival (DoA) information, spatial correlation properties and,
for polarization-sensitive architectures, polarization diversity.
It is important to note within this survey’s taxonomy that
while these spatial signatures provide the physical basis for
identifying and suppressing multipath and NLOS components,
the associated array processing may be implemented either at
the intermediate-frequency stage or after signal de-spreading
and correlation, depending on the receiver architecture [[15]],
[58], [59]. Consequently, these methods are classified here
based on their fundamental reliance on the physical aperture,
distinguishing them from the purely temporal, single-antenna
tracking loop architectures discussed in subsequent sections.

1) Direction of Arrival (DoA): Among array-based tech-
niques, DoA estimation exploits the spatial response of a
multi-element antenna aperture to incident GNSS wavefronts.
For a far-field component arriving from direction u, the
relative phase progression across the array is determined
by the element locations and the propagation direction. A
corresponding steering vector can be expressed as

e

e*JTrMu} g , 9)

a(u) = e i FTn

where r,,, denotes the position of the mth antenna element rel-
ative to a common array reference, A is the carrier wavelength,
and u is the incident-wave direction [58]]. When the expected
LOS steering vector is derived from satellite geometry, the
satellite direction must be expressed in the array frame,
requiring accurate array calibration and attitude knowledge.
The attitude may be provided by an inertial attitude solution
or a GNSS/IMU fusion estimator [[58]], [60]].

The discriminative value of the azimuth and elevation
components of DoA depends on both the array geometry and
the surrounding propagation environment. Rectangular GNSS
arrays characterize the spatial response jointly in elevation and
azimuth, and practical two-dimensional array configurations
have demonstrated multipath detection and filtering in both
angular planes [58]], [[61]. In street canyons dominated by
approximately vertical building facades, azimuthal deviations
can be particularly informative because specular reflections
may substantially alter the horizontal propagation direction.
Elevation remains complementary for ground, rooftop, sloped-
surface, and other reflection geometries.

LOS and reflected components generally arrive from differ-
ent directions and therefore induce distinct spatial signatures
across the antenna aperture. Early multi-antenna methods
exploited known array geometry for multipath detection [13]],
while subsequent approaches explicitly estimated multipath
arrival directions using high-resolution techniques such as
multiple signal classification (MUSIC) [14]. These spatial
differences can also be exploited through beamforming or
spatial filtering to enhance the expected LOS component and
suppress reflected energy. However, strong coherence between
LOS and reflected signals can hinder spatial separation, moti-
vating techniques such as spatial smoothing and polarization
diversity [58], [59].

2) Polarization Diversity: Polarization offers an additional
physical dimension for characterizing GNSS signal propaga-
tion conditions. GNSS signals are natively transmitted with
Right-Hand Circular Polarization (RHCP), whereas reflection
and diffraction can alter the polarization state, often intro-
ducing stronger Left-Hand Circular Polarization (LHCP) or
elliptical components depending on the propagation geom-
etry and reflecting surface [2]. This contrast between di-
rect and reflected propagation motivates polarization-sensitive
reception as an indicator of multipath and NLOS condi-
tions. Dual-polarized antenna systems enable simultaneous
observation of RHCP and LHCP signal components, allow-
ing polarization-dependent metrics—such as RHCP-LHCP
power imbalance or carrier-to-noise density ratio (C/Np)
differences—to be exploited for multipath and NLOS iden-
tification. Dual-polarization measurements have been used
directly to detect NLOS reception and severe multipath [17],
as well as within polarization-aware multipath mitigation
schemes [59]. More recent studies leverage features derived
from dual-polarized measurements within machine-learning
frameworks for reception-condition classification in urban
environments [18]].

3) Spatial Correlation: Spatial correlation, as captured by
the array covariance matrix, provides a powerful mechanism
for detecting and characterizing multipath and NLOS propa-
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gation at the antenna front end. Under nominal conditions, the
spatial data follow the covariance structure expected from the
dominant signal and receiver noise, whereas multipath intro-
duces spatially correlated contributions that cause departures
from this hypothesis. Statistical antenna-array detectors have
therefore exploited covariance-matrix structure and the disper-
sion of its eigenvalues to detect multipath without explicitly
estimating its direction of arrival [15]], [16]. Eigenstructure,
subspace-based, and sparse Bayesian analyses of the spatial
(and dual-polarized) data further exploit these deviations to
resolve indirect signal components, estimate their directions
and polarization characteristics, and enable spatial filtering or
beamforming strategies that suppress multipath while preserv-
ing the LOS contribution [59], [62].

The aforementioned features—DoA, polarization, and spa-
tial correlation—form the technical foundation for active
mitigation strategies within the spatial domain. More so-
phisticated array architectures leverage high-resolution DoA
estimation and beamforming—such as Delay-and-Sum or
Minimum-Power Distortionless Response (MPDR) with spa-
tial smoothing—to attenuate energy arriving from directions
inconsistent with the nominal LOS spatial signature. By incor-
porating polarization-diverse filtering and joint spatio-temporal
subspace or sparse processing, these systems can resolve and
suppress multipath components that are otherwise difficult
to separate in the time domain, thereby reducing code- and
carrier-tracking errors through processing integrated within or
after the initial tracking and correlation stages [58], [59], [|63]].

Despite their high physical discrimination performance,

antenna-level processing introduces significant implementation
overhead. The efficacy of spatial filtering depends heavily on
accurate array calibration, inter-element synchronization, and
stable geometry. Furthermore, the increased power consump-
tion, computational cost, and hardware form-factor associated
with multi-element apertures often conflict with the constraints
of mass-market mobile devices. Nevertheless, demonstrations
using relatively compact or low-cost multi-antenna and dual-
polarized configurations indicate increasing practical potential
for spatial and polarization discrimination in robust urban
navigation [|18]], [|64].

B. Tracking Level

At the tracking (baseband) level, signal classification ex-
ploits distortions in the code correlation function observed
by the DLL. Standard GNSS receivers estimate the signal
time-of-arrival by aligning a locally generated pseudorandom
noise (PRN) replica with the incoming signal through code
tracking, typically using prompt, early, and late correlator
outputs within conventional tracking-loop architectures [65].
For binary phase-shift keying (BPSK)-like spreading signals,
the corresponding code autocorrelation function (ACF) is
ideally symmetric about the correct code delay. The prompt
correlator is centered near the estimated peak, while the early
and late correlators are offset by a prescribed chip spacing.
In nominal LOS conditions, the ACF remains symmetric
around the prompt peak, resulting in approximately equal
energy in the early and late correlators. In contrast, multipath
propagation introduces delayed replicas of the transmitted
signal that superimpose with the direct component. Depending



on the relative delay, phase, and amplitude of the reflected
components, the resulting composite ACF may exhibit peak
broadening, shifts in the peak position, and skewness [60].
While a theoretically pure, single-ray NLOS signal merely
shifts and attenuates a symmetric ACF [66]], practical urban
NLOS conditions typically involve complex combinations of
multiple diffracted and reflected rays. This breaks the inherent
symmetry of the ideal ACF, often leading to the appearance
of multiple local maxima and severe imbalances between the
early and late correlator outputs [67]. A canonical metric
capturing this distortion is the normalized early—late slope
(often referred to as the symmetric ratio test), defined as

Tearty — Lo
A = early ldte’ (10)
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where Icarty, Date, and Iprompt denote the in-phase correlator
outputs at the early, late, and prompt code offsets, respec-
tively [68]]. Under ideal, multipath-free LOS conditions, the
BPSK ACF is symmetric around the prompt peak, yielding
approximately equal early and late correlator outputs and a
theoretical expected value of zero for A [66], [68]. Con-
versely, multipath conditions induce asymmetric correlation
peaks, producing significant non-zero deviations in A. To
prevent noise-induced false alarms, robust frameworks employ
dynamic statistical thresholds rather than static limits. Because
the theoretical variance of A fluctuates with instantaneous
parameters like C/Ny, signal degradation can be flagged
using a calibrated confidence envelope—typically £3 standard
deviations—corresponding to a nominal per-trial false-alarm
probability of 0.0027 under a Gaussian assumption [[68].
Beyond this basic formulation, a broader class of
multi-correlator and signal-quality-monitoring (SQM) met-
rics has been developed to capture ACF distortions more
comprehensively, progressing from early real-time multipath
monitoring to multi-correlator implementations [7]], [[8]]. These
include Ratio, Delta, and Double-Delta metrics, often eval-
vated with narrow- or high-resolution correlator configura-
tions, as well as area-based indicators such as the Nor-
malized Early—Prompt-Late Area (NEPLA), which exploit
multiple correlator samples or integrated correlation regions
to increase sensitivity to multipath [68]], [69]]. More recently,
multi-frequency correlation-domain detectors have exploited
the complementary response of different GNSS bands to
the same propagation conditions. For example, the multi-
frequency cross-product area (MF-CPA) detector combines
standard early—prompt-late in-phase and quadrature correlator
outputs across frequencies to reduce detection blind zones
that can occur in single-frequency correlator metrics [70].
While highly informative, these metrics require access to
correlator outputs at the tracking level and are influenced
by thermal noise, front-end bandwidth, correlator spacing,
and receiver-specific tracking architectures [68], [69]]. In par-
ticular, short-delay multipath may remain difficult to detect
when correlator spacings are symmetrically positioned around
a distorted peak—causing the distortion to cancel out in
the discriminator—or when bandwidth limitations inherently
smooth the ACF [68]]. Multi-frequency diversity provides one

recent means of reducing such single-frequency detection
ambiguities [70].

Tracking-level detection can also exploit information shared
across receiver channels rather than treating each DLL in-
dependently. In particular, vector-tracking-loop formulations
have been used to perform NLOS detection directly at the
baseband processing level by exploiting tracking information
shared across multiple satellite channels [9]. More sophisti-
cated tracking-level approaches explicitly model the received
correlation response as a superposition of direct and reflected
components. Consistent with the correlator-domain model in
(3), estimating the path amplitudes g;, relative delays A,
and phases 6; from multiple correlator samples [5]], [6]. By
fitting these parameters, Multipath Estimating Delay Lock
Loop (MEDLL) yields physically interpretable estimates of
the underlying multipath components, including their relative
delays and powers. More recently, data-driven estimators have
inferred such propagation parameters directly from sampled
correlation functions; for example, random-forest regression
has been used to estimate multipath amplitudes and relative
code delays and benchmarked against MEDLL [71].

Despite their strong interpretability and sensitivity to multi-
path, parametric correlation-domain estimators require access
to raw or multi-correlator outputs and can incur a substantial
computational burden as the number of estimated propaga-
tion paths increases [[71]. Detailed tracking outputs are also
often unavailable through mass-market receiver interfaces,
restricting many correlation-domain approaches to software-
defined receivers (SDRs), research platforms, and configurable
receiver hardware. Nevertheless, recent work demonstrates
that useful signal-degradation detection can be constructed
from standard early—prompt-late correlator outputs when these
are accessible [[70]. In parallel, data-driven approaches have
progressed from machine-learning classification using multi-
correlator information [10]] toward richer learned correlation-
domain representations. Correlation images or delay—time rep-
resentations formed from multiple correlator outputs have been
used with convolutional neural networks for direct multipath
detection [[11]], [12], [72]. Recent multimodal classification fur-
ther illustrates this complementarity: correlation-domain rep-
resentations are used to identify multipath distortion, whereas
observable-level information is subsequently used to distin-
guish LOS from NLOS signals [73]. Thus, whether utilizing
simple early—late asymmetries, parametric path estimation,
or learned correlation representations, tracking-level features
provide direct evidence of non-ideal signal propagation while
remaining complementary to the higher-level observables con-
sidered next.

C. Observables Level

At the observables level, GNSS receivers provide standard
measurement products, such as C'/Ny, pseudorange, carrier
phase, Doppler frequency, and derived geometrical quantities
that can be exploited for visibility assessment without requir-
ing access to raw baseband data. As these measurements are
widely accessible across receiver classes, observable-domain
features constitute one of the most widely used foundations
for LOS, NLOS, and multipath detection.



1) Carrier-to-Noise Ratio: Among observable-level fea-
tures, C'/Ny and its temporal variability are the most widely
used indicators of GNSS signal quality. The instantaneous
C/Ny is defined as the ratio between the received carrier
power C and the one-sided noise power spectral density Vg,
and is commonly expressed in dB-Hz as

C
C/Ny = 1010g10() . 11
No
To characterize signal fading and attenuation, the variability
of C'/Ny over a sliding window of N epochs is commonly
summarized by the windowed standard deviation
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where C/Np(i) denotes the instantaneous value at the i-th
epoch and C'/Nj is the mean over the same window.

Under open-sky LOS conditions, GNSS signals generally
exhibit high and stable C'/Ny levels. Conversely, multipath
and NLOS reception can produce attenuation and pronounced
temporal fluctuations, often accompanied by increased ranging
errors [74]-[76]. The sensitivity of signal-strength observables
to propagation effects was recognized early: SNR-based stud-
ies related multipath-induced power variations to code and
carrier errors and exploited them for mitigation [19], [20],
while Brunner et al. [[77] incorporated measured C'/ Ny into the
stochastic SIGMA-A model to adapt the uncertainty assigned
to diffraction-affected GPS observations. For multipath recep-
tion, the observed fluctuations arise from the time-varying
superposition of direct and reflected components. Relative
motion changes the path-dependent Doppler shifts and hence
their relative carrier phases, producing alternating constructive
and destructive interference. Consequently, the fluctuation rate
increases as the receiver—satellite—reflector geometry evolves
more rapidly [2]]. However, a clear separation is not always
guaranteed; LOS and NLOS C/N, distributions frequently
overlap, particularly in dense urban canyons where NLOS
signals may transiently exhibit LOS-like power levels or where
constructive multipath interference artificially boosts the ob-
served signal strength [4]], [74]], [78]], [79]]. Moreover, absolute
C'/Ny statistics are heavily influenced by hardware-specific
factors, including receiver design, antenna gain patterns, and
local environmental conditions [80]-[82]. Therefore, C/Ny
statistics are typically integrated with other observables within
threshold-based, machine-learning, or time-series classification
frameworks to ensure robust discrimination between LOS,
NLOS, and multipath conditions [74], [78], [83], [84].

2) Pseudorange Residuals and Double-Differencing:
While C'/Ny characterizes the power and fading of the re-
ceived signal, pseudorange residuals and double-differenced
(DD) observables provide direct measures of geometric range
inconsistency and serve as critical complementary indicators
of signal quality in GNSS processing. In over-determined
positioning solutions, residuals quantify the mismatch between
individual measurements and the estimated satellite—receiver
geometry. For a pseudorange observation p; and its predicted

value p; derived from a position solution, the residual is
defined as

Ti = pi — Pis (13)
and reflects unmodeled effects such as multipath and NLOS
biases [83[|-[85]]. This residual-consistency principle has also
been used directly for satellite screening: single-epoch least-
squares residuals can be compared across measurements
to identify NLOS and strongly multipath-contaminated sig-
nals [22]].

In relative or multi-receiver configurations, DD combina-
tions are commonly employed to suppress common-mode
errors. The double-differenced pseudorange between satellites
7 and j observed at receivers 1 and 2 is given by

AN = (pi1 — pi1) — (pi2 — pi2)- (14)

For sufficiently short baselines, this differencing strategy
largely cancels receiver and satellite clock biases and sup-
presses atmospheric errors common to the two receivers,
thereby isolating local, receiver-specific effects. As a result,
DD residuals are particularly sensitive to multipath and NLOS
contamination at the rover antenna [66], [83]. A related
receiver-only approach forms successive-time double differ-
ences of pseudorange and carrier-phase observations to con-
struct a channel-wise multipath test statistic without requiring
a precomputed receiver position [21].

However, the effectiveness of these residual-based features
depends critically on measurement redundancy and favorable
geometry. When a large fraction of satellites is affected by
NLOS—such as in deep urban canyons—standard consistency
checks and fault detection and exclusion (FDE) algorithms
become significantly less discriminative. When several NLOS
measurements are simultaneously present, their biases can
be partially absorbed into the estimated position and clock
states, reducing residual separability and weakening conven-
tional consistency checks [80], [84]]. Furthermore, conven-
tional between-satellite DD formulations require the selection
of a suitable reference or master satellite to anchor the differ-
ences [60]. Strategies that rely on simple C'/N, thresholds or
highest-elevation rules to select this reference degrade rapidly
in urban environments, because, as established previously,
signal strength does not reliably correspond to signal type
when strong specular reflections are present. Consequently,
pseudorange and DD residuals are most effective when suf-
ficient LOS observations remain to securely anchor both the
positioning solution and the reference satellite selection.

3) Code-Minus-Carrier Divergence: Another widely
used metric is the Code-Minus-Carrier (CMC) divergence,
which serves as a standard observable for isolating code
multipath, particularly at reference stations and in multi-
frequency setups [82]. The CMC observable compares the
code pseudorange p with the carrier-phase-based range \¢ and
is defined as:

CMC = p— \¢ 15)

where ¢ is the carrier phase in cycles and A is the wavelength.
Because code measurements are generally more susceptible to
multipath and noise than carrier-phase measurements, varia-
tions in the CMC observable provide a useful indicator of



code distortion. However, absolute CMC also contains the
carrier-phase ambiguity and ionospheric terms, which must
be removed or accounted for before the observable can be
interpreted in terms of code multipath. In urban and dynamic
scenarios, time-differenced CMC (ACMC) provides a more
practical alternative by cancelling the constant carrier-phase
ambiguity and emphasizing short-term variations associated
with multipath, thereby avoiding the long averaging inter-
vals otherwise required to estimate the ambiguity-related off-
set [|86].

However, the practical utility of absolute CMC in urban
environments is severely constrained by its dependence on
continuous phase tracking. The metric is highly sensitive to
cycle slips, and in urban environments, frequent signal block-
ages and loss-of-lock events render continuous CMC time
series fragmented and difficult to use reliably [86[, [87]. In
deep urban canyons, these frequent cycle slips induce repeated
resets and spurious ambiguity jumps, which mask actual signal
features and prevent the long-term convergence required for
effective mean-removal and multipath characterization [87].
Consequently, phase tracking discontinuities break the metric’s
consistency, necessitating robust slip detection, re-initialization
algorithms, or time-differencing strategies to distinguish true
code multipath distortions from ambiguity shifts [86], [87].

4) Pseudorange-Doppler Consistency: Doppler-based
consistency checks rely on the fundamental kinematic link
between the rate of change of the code pseudorange and the
observed Doppler frequency shift. Theoretically, under unob-
structed LOS conditions, the time derivative of the pseudor-
ange Ap/At should tightly align with the range rate deduced
from the Doppler measurement —\ fp. This relationship can
be expressed as:

Ap

At
where fp represents the measured Doppler frequency. Under
nominal LOS reception, the pseudorange change and Doppler-
derived range rate describe the same underlying range evolu-
tion and should therefore remain mutually consistent. Because
pseudorange and Doppler are estimated through distinct code-
and frequency/carrier-tracking processes, multipath and NLOS
propagation can perturb them differently, producing a non-zero
consistency error [24], [84]. Hsu [24] explicitly introduced
this pseudorange—Doppler consistency feature and combined it
with received signal strength within a support vector machine
(SVM) classifier to distinguish clean, multipath, and NLOS
measurements.

Despite its utility, the reliability of this metric depends
on accurate time alignment, sufficiently short differencing
intervals, and stable code and Doppler tracking. Rapid receiver
dynamics, tracking noise, or loss-of-lock events can increase
the apparent inconsistency independently of multipath. This
limitation is particularly relevant for consumer-grade receivers
and dense urban environments, where noisy Doppler observa-
tions, tracking instability, and frequent loss-of-lock events can
obscure the true Doppler-rate inconsistency and reduce the
reliability of the metric [83], [87].

5) Geometric and Satellite Ephemeris Indicators: Satel-
lite geometry parameters computed from ephemeris data,

+Afp = (16)

particularly elevation and azimuth angles, supply essential spa-
tial context for evaluating signal reception quality. Although
applying an elevation mask and weighting measurements by
satellite altitude are conventional receiver strategies, extensive
research illustrates their limitations in heavily built-up areas.
In deep urban canyons, signals from high-elevation satellites
can still be blocked and received only as NLOS reflections
off adjacent skyscrapers, while some low-elevation signals
may successfully propagate through street corridors to remain
LOS [4], 183].

As a result, relying solely on elevation-driven rules proves
inadequate. Empirical evaluations utilizing modern multi-
GNSS smartphone receivers have documented that satellite el-
evation alone does not uniquely determine either the reception
state or the resulting pseudorange error in urban settings [81]],
[82], [88]]. In such challenging conditions, observation weight-
ing models that rely on measured signal strength (C'/Ny) have
been shown to outperform purely elevation-based weighting in
evaluated urban scenarios [80], [88]]. Consequently, geometric
parameters are seldom deployed in isolation for modern signal
classification. Instead, contemporary data-driven and machine-
learning frameworks structurally fuse satellite azimuth and
elevation with a suite of signal-quality and other observable-
domain metrics to comprehensively identify multipath and
NLOS contamination [50], [83], [84].

6) Temporal and Multivariate Sequence Features:
Transitioning from epoch-specific evaluations, recent studies
increasingly emphasize the temporal evolution of GNSS ob-
servables. By framing signal metrics as continuous time series,
it becomes possible to detect short-lived obstructions, fad-
ing behaviors, and tracking stability trends that single-epoch
snapshots inherently obscure. Fundamental temporal features
map scalar variables—including C/Ny, Doppler shifts, and
pseudorange residuals—over a sliding observation window
comprising N epochs. The observation timescale is method
dependent, but representative implementations typically span
tens of seconds. Quan et al. [25] used a 16-s window for CNN-
based multipath detection, while Kubo et al. [[74] considered
a one-minute guard interval for continuous C'/Ny screening.
These durations reflect a trade-off between temporal context
and detection latency. Within this timeframe, signal degra-
dation is measured via statistical metrics such as variance,
amplitude range, and fluctuation intensity. These parameters
can capture sustained power loss and short-term fluctuations
associated with multipath and NLOS conditions. For example,
continuous monitoring shows that NLOS signals regularly
exhibit prolonged attenuation combined with severe, high-
frequency variations, even when absolute C'/N; values briefly
peak at LOS levels. Detection algorithms built on this premise
use temporal consistency constraints, routinely discarding
satellites that fail to hold elevation-appropriate C'/ Ny baselines
over a set duration [74)]. This progression also motivated
learned temporal representations: Quan et al. [25] applied
a convolutional neural network (CNN)-based framework to
detect carrier-phase multipath using C'/Ny and pseudorange-
multipath combinations over successive observations.

Beyond purely temporal statistics, observable-domain clas-
sifiers increasingly exploit multi-frequency feature sets.



Branched models can accommodate intermittently available
frequency channels, while factor-analysis-based schemes com-
press correlated multi-frequency signal-quality indicators be-
fore classification [89]], [90]. More sophisticated frameworks
treat these indicators as multivariate sequences, aggregating
measurements such as geometric angles, C'/Ny, CMC, and
residuals into joint epoch-wise feature vectors. Such models
assume that the synchronized behavior of multiple features
provides a more robust indicator of the propagation state
than independent metrics. Recent architectures are explicitly
designed to capture these complex cross-variable and tempo-
ral dynamics. Transformer-enhanced long short-term memory
(LSTM) models have combined geometric and observable
features for joint NLOS detection and observation-uncertainty
prediction [26]. At the cross-satellite level, graph-transformer
approaches construct a sky-satellite graph from the satellites
observed at each epoch and use multihead attention to learn
environment-aware relationships for visibility prediction [27]].
More recent multivariate architectures further combine tempo-
ral feature dynamics with spatial satellite relationships [91].

The formulation of these temporal features necessitates
careful design compromises. Widening the observation win-
dow grants the classifier deeper historical context—which mit-
igates transient noise—but simultaneously increases detection
latency and computational demands, potentially hindering real-
time receiver operations [90]], [91]]. Conversely, smaller win-
dows offer rapid responsiveness but leave statistical summaries
more vulnerable to receiver tracking jitter. Another core trade-
off exists between model transparency and predictive capacity.
While simple moving-average checks are highly interpretable
and straightforward to configure [74], deep multivariate se-
quence models map complex, non-linear relationships that
typically function as opaque black boxes. To improve inter-
pretability, Layer-wise Relevance Propagation (LRP) has been
applied to LSTM-based multipath models, revealing increased
feature relevance during introduced anomalous signal inter-
vals, while attention-based architectures provide insight into
learned cross-variable and spatial dependencies [91]], [92].

7) Multi-Antenna and Spatial Observables: Beyond
classical single-antenna observables, recent studies demon-
strate that multi-antenna GNSS arrays can be exploited at
the observable level to enhance multipath and NLOS detec-
tion. Unlike the antenna/EM-level methods discussed previ-
ously, the emphasis here is on consistency among tracked
carrier-phase observables across antennas rather than di-
rect processing of the incident wavefield or array manifold.
Both [93]] and [94] exploit antenna-array spatial diversity and
cross-antenna carrier-phase relationships to identify multipath-
contaminated observations, relying on the principle that true
LOS signals must satisfy rigid baseline geometry constraints,
whereas NLOS and multipath reflections typically violate
these spatial relationships. The work in [93]] approaches this
problem through a joint estimation framework designed specif-
ically for uncalibrated systems. This method treats attitude
determination, array calibration, and multipath mitigation as a
coupled problem, simultaneously estimating multipath states
and hardware biases within the filtering loop to maintain
robustness without prior calibration. Conversely, a detection-

and-exclusion strategy is adopted in [94]. Building on the
instantaneous attitude determination framework of [95]], this
scheme utilizes externally supplied attitude estimates to strictly
enforce baseline—geometry relationships. Instead of absorbing
multipath into a joint state estimator, satellite observations that
deviate from the expected carrier-phase differences are identi-
fied as geometric violations and excluded from the navigation
solution. A more recent extension integrates GNSS array
measurements with inertial sensing through an Unscented
Kalman Filter (UKF) on manifolds, enabling continuous at-
titude tracking and dynamic multipath detection via satellite-
subset-specific attitude inconsistency with the filter-derived
attitude estimate [60]. To preserve computational efficiency
in scenarios with a large number of visible satellites, a
random sample consensus (RANSAC)-based satellite-selection
strategy is employed to reject outliers before the update step.
Together, these approaches illustrate a shift toward ex-
ploiting spatial diversity not only at the EM level but also
through observable-domain consistency checks. While such
methods require multi-antenna hardware and increased system
complexity, they provide enhanced robustness for multipath
and NLOS detection in dense urban environments where a
substantial fraction of observations may be corrupted.

III. ALGORITHMIC DETECTION AND MULTIMODAL
DATASETS

Having established the physical features and distortion
signatures extracted across the GNSS receiver pipeline in
Section [II} this section turns to the computational challenge:
mapping these multidimensional feature spaces into reliable
LOS, NLOS, and multipath classifications. Translating raw
signal indicators into actionable visibility states relies on
a broad spectrum of computational paradigms. This section
first synthesizes these frameworks in § detailing the
field’s evolution from static statistical boundaries to highly
complex, data-driven deep neural networks. Subsequently,
§ addresses the fundamental challenge for learning-
based models: the acquisition of high-fidelity ground truth. We
review the prominent multimodal datasets and the retrospective
offline labeling pipelines required to train these signal-level
classifiers.

A. Algorithmic Approaches

The algorithmic literature has evolved from fixed statis-
tical decision rules toward increasingly flexible data-driven
classifiers. Threshold-based methods remain attractive because
of their transparency and negligible training requirements,
but their performance depends strongly on whether the as-
sumed signal statistics remain valid in the deployment en-
vironment [21f], [74]. Classical supervised learning relaxes
these fixed decision boundaries by learning nonlinear relation-
ships among multiple features; nevertheless, several studies
demonstrate that strong in-domain performance can deteriorate
substantially when the receiver, trajectory, or urban environ-
ment differs from the training data [23]], [84f], [90]. Recent
comparative work has also evaluated portfolios of supervised
learning models specifically for urban GNSS LOS/NLOS



TABLE II: Algorithmic taxonomy for GNSS LOS/NLOS and multipath discrimination across signal-processing domains.
The table summarizes the dominant computational paradigm, operating signal domain, representative evidence, and practical
constraints. Detailed numerical performance should be interpreted in the context of each study’s receiver hardware and dataset.

Signal Domain

Paradigm

Core Principle

Reported Finding

Main Constraint

Antenna / Spatial and
Electromagnetic Polarization Methods
Tracking / Correlation-Domain
Baseband ML / Deep Learning
Threshold / Statistical
Classical Machine
Learning
Sequence Models
Observables

Graph Models

Unsupervised /
Domain-Adaptive
Learning

Hybrid / Branched /
Ensemble Models

DoA, polarization, and spatial
signal characteristics are
exploited to distinguish direct
and reflected propagation.

Supervised ML and deep
models learn distortions
encoded in multi-correlator or
delay—Doppler
representations.

Hand-crafted rules on C'/No,
elevation angle,
pseudorange/code—carrier
consistency, and temporal
stability metrics.

Supervised classifiers, such as
SVM, decision trees, and
random forests, trained on
engineered signal-quality and
geometry features.

Sequence models exploit
temporal evolution in C'/Np,
Doppler, residuals, geometry,
or related observables.

Satellite measurements are
represented as graph nodes,
with spatial relationships
encoded through graph
connectivity; graph attention
or transformer mechanisms
aggregate information across
simultaneously observed
satellites.

Latent-space clustering and
domain adaptation reduce
dependence on manually
labeled target-domain
measurements.

Branched feature models,
bagging, boosting, or voting
combine complementary
feature groups or classifiers.

Multipath detection and
reception-state classification
have been demonstrated using
antenna-array spatial
processing and dual-polarized
measurements [18]], [61].

Correlation-domain methods
demonstrate strong multipath
and NLOS discrimination
from richer tracking-level
signal representations [12],
[67], [72].

Lightweight signal screening
without offline training [21]],
[74].

Supervised classifiers can
learn nonlinear
LOS/NLOS/MP decision
boundaries from engineered
observables, but performance
remains sensitive to the
training environment [23]],
[84]], [90].

Temporal models capture
transient NLOS and multipath
behavior that single-epoch
classifiers may miss [26]],
[96]].

Graph-based models improve
satellite-visibility
classification and
generalization by exploiting
cross-satellite spatial
relationships [27], [91].

Synthetic-to-real adaptation
has substantially improved
experimental multipath
detection when labeled real
data are scarce [97].

Such architectures improve
robustness against
single-feature failure and
intermittent measurement
loss [89]], [98]].

Requires specialized RF
hardware, antenna calibration,
and additional spatial
processing.

Requires access to
tracking-level correlator
outputs and representative
labeled or simulated training
data.

Fixed thresholds or statistical
assumptions can lose
discrimination across
changing receivers and
propagation environments.

Requires reliable labels;
limited robustness to
Cross-city or cross-scenario
domain shift.

Requires labeled sequences;
observation windows
introduce latency and
additional computation.

Requires graph construction
and increased model
complexity; performance
remains dataset- and
representation-dependent.

Performance depends on
learned representation quality
and the remaining mismatch
between source and target
domains.

More complex training,
hyperparameter tuning, and
deployment engineering.



classification [99]. Consequently, cross-environment general-
ization has become a central concern in GNSS reception-state
classification.

More recent architectures exploit dependencies that con-
ventional single-epoch classifiers neglect. Sequence models
incorporate temporal context to distinguish persistent propa-
gation effects from short-term measurement fluctuations [26],
[96], whereas graph-based methods explicitly model rela-
tionships among simultaneously observed satellites and can
incorporate their evolving spatial configuration [27], [91].
In parallel, unsupervised domain adaptation reduces reliance
on labeled measurements from every new environment by
transferring learned representations between source and target
domains [97]. Branched and ensemble architectures provide
another form of robustness by combining complementary
feature subsets or maintaining operation when some measure-
ments are intermittently unavailable [89]], [98].

Overall, increasing model flexibility generally improves the
ability to represent complex propagation-dependent decision
boundaries, but introduces greater dependence on represen-
tative training data, model complexity, and validation across
unseen conditions. No single algorithmic family is therefore
universally preferable. The principal remaining challenges
are cross-environment generalization, label efficiency, inter-
pretability, and real-time deployment under the computational
and data-access constraints of practical GNSS receivers.

B. Labeling Strategies and Multimodal Datasets

Datasets and labeling strategies are central to the develop-
ment and benchmarking of GNSS reception-state classifiers.
Unlike many standard machine-learning problems, relatively
few GNSS datasets provide native per-satellite LOS/NLOS or
multipath labels. Most widely used navigation datasets were
collected primarily for localization and sensor-fusion research;
reception-state labels must therefore be reconstructed by align-
ing raw GNSS measurements with accurate reference trajec-
tories and independent environmental information, such as 3D
city models, LiDAR geometry, or sky-view imagery [100].
Table summarizes representative resources according to
the information available for reception-state classification and
the way in which reference labels are obtained. Broadly,
these resources span four complementary regimes: multi-
modal datasets that support geometry- or perception-based
annotation, GNSS-centric datasets and prepared classification
benchmarks, raw-IF datasets that expose tracking-level signal
features, and controlled synthetic datasets in which propaga-
tion states are known by construction. These regimes trade off
label fidelity, receiver and scenario diversity, signal-domain
richness, and access to explicit propagation-state ground truth.

Navigation-Centric Multimodal Corpora: Datasets such
as UrbanLoco [101f], UrbanNav [102], SensNav [103]], and
M2DGR [104] are particularly valuable because their per-
ception sensors and accurate reference poses permit satellite
visibility to be inferred independently of the GNSS observ-
ables subsequently used for classification. The KLT dataset
further reduces the annotation burden by providing per-satellite
LOS/NLOS labels derived from fisheye imagery together with

the corresponding GNSS measurements [[105[]. Such geometry-
and perception-based supervision is attractive because it avoids
defining reception state from the same signal features used by
the classifier. Its accuracy nevertheless depends on pose syn-
chronization, sensor calibration, environmental-model com-
pleteness, and the treatment of dynamic or boundary occlu-
sions [100].

GNSS-Centric Datasets and Classification Benchmarks:
GNSS-centric resources emphasize measurement volume, re-
ceiver diversity, or directly prepared learning targets rather
than dense environmental sensing. Large collections such
as GSDC and WHU-Smartphone are therefore useful for
studying hardware variability and cross-device generaliza-
tion [106], [[107]], but an accurate reference trajectory alone
does not determine whether an individual satellite was received
through LOS, LOS with multipath, or NLOS propagation.
In the absence of independent environmental information,
reception-state supervision may consequently rely on residual-
or consistency-based proxies and should be regarded as weaker
ground truth. Datasets such as smartLoc [108] reduce this
burden by supplying reception-state indicators alongside the
raw GNSS measurements, whereas dedicated benchmarks such
as Xu et al. [50] provide prepared classification targets and
standardized evaluation tasks. These resources improve exper-
imental reproducibility, although the fidelity and independence
of the supplied labels remain important when interpreting
reported classifier performance.

Raw-IF and Tracking-Level Resources: A complemen-
tary class of datasets exposes the received signal below
the conventional measurement level. TEX-CUP [109] and
the SITU GNSS test dataset [[110] provide raw or digital
intermediate-frequency (IF) data together with navigation ref-
erence information, enabling analysis of correlator distortion,
tracking-loop behavior, carrier/code dynamics, frequency di-
versity, and antenna-dependent signatures that are unavailable
in standard Receiver Independent Exchange Format (RINEX)-
level datasets. More recently, CardiffNav [111] extends this
capability by combining multi-channel raw GNSS RF/in-phase
and quadrature (I/Q) recordings with synchronized LiDAR,
camera, inertial, and reference-navigation data across deliber-
ately challenging propagation environments. This richer sens-
ing context is particularly valuable for relating tracking-level
signal distortions to independently observed environmental
geometry. The principal limitation of these resources remains
labeling: native per-satellite LOS/NLOS/multipath truth is
generally unavailable, so geometry-, imagery-, or path-based
annotation is still required before the recordings can serve as
supervised reception-state benchmarks.

Controlled Propagation Datasets: Controlled synthetic
resources address the opposite problem. In datasets such as
MVRGD-MUE [112]], direct and reflected propagation paths
are generated explicitly, allowing reception states and multi-
path quantities to be assigned without the ambiguity inherent
in field annotation. Such data are especially useful for con-
trolled ablation studies and for distinguishing LOS, multipath,
and NLOS conditions that are difficult to label independently
in real measurements. Their limitation is the correspond-
ing simulation-to-reality gap: propagation geometry, material



properties, reflection models, antenna response, and receiver
tracking behavior cannot reproduce the full diversity of real
urban channels.

The literature strongly discourages relying on rudimentary
signal thresholds (e.g., static 35 dB-Hz limits), as these
hardware-dependent heuristics routinely misclassify strong re-
flections or mildly attenuated LOS signals [74]]. To ensure al-
gorithms learn propagation-related signal characteristics rather
than artifacts of the labeling procedure, researchers advocate
for a reproducible labeling pipeline:

1) Derive deterministic, geometry-based LOS/NLOS labels
using 3D ray-tracing or sky-masking when accurate
poses and perception data are available [[100].

2) Cross-check geometric labels against independent se-
mantic imagery and, where appropriate, strictly cor-
rected signal residuals as quality-control indicators to
identify map gaps, dynamic occlusions, or vegeta-
tion [26].

3) Exclude ambiguous epochs (e.g., satellites exactly on
building mask boundaries) to prevent injecting noisy
labels into the training corpus [26], [|100].

Within the dataset-construction pipeline, 3D maps and aux-
iliary sensors often function as offline annotation mechanisms
that generate the reference labels required to train signal-based
classifiers. In this role, they provide geometry- or perception-
derived supervision rather than serving directly as online
navigation sensors. However, the boundary between offline
annotation and online operation is increasingly narrowing: the
same 3D map, camera, and LiDAR mechanisms used to label
datasets can also be integrated into live navigation systems for
real-time satellite visibility prediction, measurement screening,
and multipath mitigation. The following sections therefore
examine how 3D map-based frameworks (Section and
auxiliary-sensor strategies (Section [V) are deployed beyond
dataset labeling as online GNSS anomaly-detection tools.

IV. 3D MAP-BASED VISIBILITY DETERMINATION

This section investigates the integration of 3D environmen-
tal models to deterministically predict GNSS satellite visibility
and identify NLOS and multipath conditions in urban canyons.
Accurate spatial representations of buildings, vegetation, and
infrastructure allow positioning engines to explicitly determine
whether the direct satellite path is blocked or geometrically
available and, with sufficiently detailed propagation models, to
evaluate candidate reflected paths. This paradigm, widely for-
malized as 3D-mapping-aided GNSS (3DMA GNSS), demon-
strably enhances localization accuracy. By isolating LOS sig-
nals from degraded receptions, 3DMA GNSS enables the
targeted exclusion, dynamic down-weighting, or explicit geo-
metric correction of erroneous measurements [[S3]], [[79]], [113]],
[114].

The algorithmic approaches discussed in Section [[II| primar-
ily infer signal propagation states directly from the received
waveform or measurement anomalies. In stark contrast, 3DMA
frameworks predict visibility states deterministically based on
the surrounding spatial geometry. Receivers subsequently fuse

these geometry-driven visibility priors with GNSS measure-
ments or signal-derived observables to mitigate multipath-
induced biases and fortify the overall positioning geometry.

To systematically navigate this domain, the remainder of
this section is partitioned into two distinct focal areas:

« 3D Mapping Modalities: We examine the acquisition,
representation, and continuous maintenance of the spatial
databases required for urban environmental awareness.

o Algorithmic Utilizations: We categorize the computa-
tional deployment of these maps, analyzing geometric
screening, shadow matching, ray-tracing, and neural oc-
clusion models. We evaluate their respective computa-
tional trade-offs and strategies for fusion with the signal-
based detection frameworks established in Section

A. 3D Mapping Modalities for GNSS Visibility Analysis

Map-based GNSS visibility determination requires an en-
vironmental representation from which satellite obstruction
or reflection geometry can be queried. The required rep-
resentation depends primarily on the intended propagation
model. Extruded building models are generally sufficient for
building-boundary prediction and shadow matching [114],
[115], whereas explicit multipath ray tracing benefits from
more detailed roof and facade geometry and, for physically
based reflection modeling, additional surface properties [[76].
Map completeness and temporal validity are equally important:
structures or occluders missing from the stored representa-
tion can produce discrepancies between predicted and actual
satellite visibility [100], [[116]. The principal environmental
representations used in this context are reviewed below.

1) Explicit Geometric Maps: The conventional founda-
tion of 3DMA GNSS is an explicit geometric representation of
the surrounding environment, ranging from extruded building
footprints and City Geography Markup Language (CityGML)
models to polygonal surface representations 53], [[117]], [118]].
Their principal advantage is direct geometric interpretability:
given a receiver candidate position and satellite direction,
building boundaries or surface intersections can be queried
explicitly to predict obstruction and, with sufficiently detailed
geometry, potential reflection paths. Early explicit-map studies
used virtual city and 3D GIS models to characterize urban
LOS and multipath propagation, while photogrammetric and
LiDAR-derived surface models were also used for satellite-
visibility prediction [29]-[31]]. The appropriate geometric fi-
delity depends on the visibility model; Level of Detail 1
(LoD1) building models provide a scalable representation for
building-boundary and LOS/NLOS screening, whereas explicit
multipath simulation generally requires richer facade and roof
geometry [76]. Large-scale products are increasingly reducing
the coverage limitation of such models; for example, the
GlobalBuildingAtlas provides billions of height-augmented
LoDI building instances at global scale [[119]. Nevertheless,
map completeness, height accuracy, and temporal freshness
directly affect visibility predictions.

Where greater local geometric fidelity is required, pre-
surveyed LiDAR point clouds or photogrammetric meshes can
represent facades, vegetation, and other structures omitted by



TABLE III: Representative datasets supporting GNSS LOS/NLOS and multipath reception-state classification in urban
environments.

Dataset Data Modalities Labeling Route Best Use Main Caveat

Navigation-centric multimodal datasets
Derivable from
synchronized
LiDAR/camera geometry
and reference pose

Reception-state labels must be
reconstructed from synchronized
environmental sensing and reference
pose.

Raw GNSS, LiDAR,
cameras, IMU,
reference GNSS/INS

Geometry-assisted LOS/NLOS

Weakeep| [0 classification in dense urban canyons

No native reception-state labels;
accuracy depends on
environmental-model quality and
pose/time alignment.

LOS/NLOS classification in
medium-to-harsh urban canyons and
tunnel transitions

Multi-grade raw GNSS, Derivable from reference
LiDAR, cameras, IMU, pose and synchronized
reference GNSS/INS LiDAR/camera context

UrbanNav [102]

Raw multi-GNSS,
reference GNSS/INS,
fisheye camera,
LiDAR, IMU

High-rate raw GNSS,
multiple IMUs, RGB

Provided per-satellite
LOS/NLOS labels from
fisheye-based
environmental labeling

Only GPS/BeiDou are labeled;
very-low-light imagery can reduce
labeling reliability.

Direct training and benchmarking of

LALE | [0 satellite-level LOS/NLOS classifiers

Derivable via sky-view

SensNav [[103]

and sky-fisheye
cameras (campus

projection in
camera-equipped campus

Temporal LOS/NLOS classification
with high-rate GNSS and sky-view
context

Sky-view imagery is not available for
all sequences; labels require
synchronized projection.

subset), reference
GNSS/INS

sequences

No native labels;
derivable from
sky-camera imagery and
synchronized reference

GNSS is low-rate and outdoor-limited;
ground-robot geometry differs from
road vehicles.

GNSS, multi-camera,
sky camera, LiDAR,
IMU, event/IR sensors

Vision-assisted LOS/NLOS labeling and

APID G | T multimodal reception-state classification

smartLoc [[108]]

GSDC [[106]

WHU-
Smartphone [107]

Xu et al.
Benchmark [50]]

TEX-CUP [109]

SJTU GNSS Test
Dataset [110]

CardiffNav [[111]

MVRGD-
MUE [112]

Raw u-blox GNSS,
NovAtel reference
GNSS/INS, vehicle
motion

Android raw GNSS

and smartphone IMU

Multiple Android

smartphones, low-cost

GNSS module,

reference GNSS/INS

Measurement-level

GNSS features across

four scenarios

Wideband

multi-frequency GNSS
IF, dual antennas, SDR

observables, stereo
cameras, IMUs,

reference GNSS/INS
Digital GNSS IF, raw

observables, dual
antennas, IMUs,
calibrated trajectory,
ephemerides

Multi-channel raw

GNSS RF/IQ, receiver

GNSS, 3D LiDAR,

RGB/stereo cameras,

IMU, reference
navigation

Simulated raw GNSS,

vehicle truth,
IMU/odometry, 3D

ray-traced propagation

pose in outdoor
sequences

GNSS-centric observable datasets and classification benchmarks

Provided LOS/NLOS
indicator sourced from
the NovAtel reference
receiver

Reference trajectories
provided; no native
per-satellite
reception-state labels

High-precision reference
trajectory provided; no
native per-satellite
reception-state labels

Provided
LOS/multipath/NLOS
benchmark targets across
four scenarios

Observable-level LOS/NLOS
classification from code, carrier,
Doppler, and C'/Ny

Weakly supervised reception-state
modeling across diverse smartphone
receivers

Receiver-diversity and cross-device
reception-state studies

Standardized evaluation of
learning-based multipath/NLOS
classification and mitigation

Raw-IF datasets for tracking-level reception-state classification

Reference trajectory
provided; no native
satellite-state labels

Reference trajectory
provided; no native
satellite-state labels

No native satellite-state
labels; derivable from
environmental sensing
and reference pose

Correlator-, loop-, frequency-, and
antenna-level reception-state analysis

Tracking- and observable-level
classification across blockage/MP
scenarios

Raw-signal and multimodal
LOS/NLOS/MP studies in canyon,
obstruction, and GNSS-denied
transitions

Controlled synthetic propagation datasets

LOS/LOS+MP/NLOS
states known from
simulated propagation
paths

Controlled classification with explicit
propagation/path truth

Receiver-derived labels; LOS does not
distinguish clean LOS from LOS+MP.

No environmental sensing or native
per-satellite reception-state labels.

High-precision reference data do not
provide direct propagation-state ground
truth.

Evaluation is confined to four
benchmark scenarios.

LOS/NLOS/LOS+MP truth requires
independent scene/path annotation.

Scenario classes are not per-satellite
LOS/NLOS ground truth.

RF-scene alignment and independent
geometry-based labeling are required.

Fidelity depends on geometry,
propagation, and receiver models.



(a) Image-derived sky view

17

(b) Sky-mask visibility screening

M Segmented sky
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Fig. 6: Illustration of image-derived GNSS visibility screening from georeferenced urban imagery. (a) A City of Amsterdam
Open Panorama image at Muntplein, Amsterdam, reprojected into a north-up hemispherical sky view. (b) The resulting
sky/occluder mask is queried with representative satellite directions to classify candidate direct-path visibility and blockage.
Imagery: Gemeente Amsterdam, Kernregistratie Panoramabeelden, CC BY 4.0; reprojected and processed by the authors.

coarse building models [120], [121]]. These representations
provide a richer basis for ray-intersection and reflection model-
ing, but increase acquisition, storage, preprocessing, and map-
maintenance requirements. Accordingly, explicit maps exhibit
a fundamental trade-off between geographic scalability and the
geometric detail available to the subsequent GNSS visibility
algorithm.

2) Image-Derived Sky Representations: For satellite-
visibility determination, a complete volumetric reconstruc-
tion is not always required. Early transport-oriented work
combined environmental imagery with predicted satellite tra-
jectories to estimate LOS/blocked satellite availability, with
subsequent extensions incorporating multipath effects in land-
mobile environments [28], [122]. Georeferenced panoramic
imagery or virtual views rendered from a 3D city model
can similarly be transformed into hemispherical sky repre-
sentations, expressing the surrounding scene directly in the
azimuth—elevation domain. Suzuki et al. [123] later demon-
strated virtual fisheye generation from photo-realistic city
models, while subsequent work exploited panoramic and
street-view imagery for local and large-scale GNSS visibility
mapping [124]-[126]. After sky/occluder segmentation, the
resulting angular mask can be queried directly using satellite
azimuth and elevation. Fig. [6] illustrates this process using a
real urban panorama and Global Positioning System (GPS)
satellite geometry. Satellite directions are projected onto the
segmented hemispherical mask, with sky projections treated
as candidate LOS and projections onto occluding structures
as direct-path blocked or candidate NLOS. These remain
geometry-derived visibility labels rather than radio frequency
(RF) ground truth, since sky-visible signals may still contain
multipath and blocked directions do not necessarily imply that

a reflected signal is being tracked. Such angular representa-
tions provide a compact and computationally efficient alter-
native to full 3D models for direct-path visibility prediction
and labeling, but discard scene depth and surface orientation
and therefore cannot reconstruct explicit reflection paths or
detailed multipath delays.

3) Neural Scene Representations: Neural scene repre-
sentations provide an alternative to explicitly storing building
surfaces or dense point clouds. Radiance-field methods such
as Neural Radiance Fields (NeRF) encode scene structure as a
continuous learned function [127], enabling visibility-related
quantities to be queried along arbitrary spatial rays. This repre-
sentation has recently been adapted directly to GNSS through
Neural City Maps, which learn urban structure from imagery
and use the resulting continuous field for satellite NLOS
prediction and shadow matching [37], [128]. Compared with
coarse building models, the learned field can represent scene
structures present in the training imagery without requiring an
explicit LoD1/LoD2 mesh. However, its reliability depends on
spatial coverage and quality of the training observations, and
poorly observed regions can produce uncertain or erroneous
visibility predictions. Neural representations therefore offer a
flexible continuous alternative to conventional maps, while
introducing additional training cost and reduced geometric
transparency.

4) Crowdsourced Signal-Based Mapping: A complemen-
tary paradigm inverts the conventional 3DMA relationship by
using GNSS reception itself to infer environmental structure,
as conceptually illustrated in Fig. [7]] Because transitions be-
tween LOS, NLOS, and blocked reception depend on satellite
direction and surrounding obstacles, repeated observations
from different locations and satellite geometries can reveal
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Fig. 7: Conceptual pipeline of crowdsourced signal-based mapping. In contrast to conventional 3DMA GNSS, which uses an
existing environmental model to predict satellite visibility, the inverted paradigm aggregates observed GNSS reception states
(e.g., LOS, NLOS, or blocked) from multiple users to infer or update the surrounding urban geometry.

building boundaries or sky-obstruction profiles. An early
demonstration of this inverse relationship used reductions in
GPS signal-to-noise ratio caused by building obstruction to re-
construct urban building geometry [32]]. Lines and Basiri [36],
for example, use crowdsourced GNSS signal patterns together
with known building footprints to estimate LoD1 building
heights without dedicated LiDAR or visual mapping sensors.
Subsequent work extends this concept from map construction
toward environmental monitoring. GNSS satellite visibility
has been used to estimate local sky boundaries [[129]], while
discrepancies between observed and map-predicted visibility
can reveal changes to existing building models [116]. More
recently, Jia et al. [130] estimate building height from the
transition of learned smartphone-GNSS LOS/NLOS probabil-
ities, further illustrating how signal-domain classification can
be converted into geometric map information.

Learning-based representations extend this inversion beyond
explicit building-height estimation. Zhao et al. [131] intro-
duced Satellitic Radiance Fields (SaRF), in which large-scale
crowdsourced GPS measurements train a differentiable volu-
metric representation of urban structure and radio propagation.
Such approaches provide a potential mechanism for inex-
pensive and frequently refreshed environmental mapping, but
their reliability depends on the spatial diversity and density of
contributed measurements, the accuracy of inferred reception
states, and sufficient satellite-view geometry. Crowdsourced
signal-derived maps are therefore best viewed as a comple-
mentary mechanism for constructing or updating conventional
environmental models rather than as guaranteed replacements
for surveyed geometry.

B. Map-Based Visibility Prediction and Detection

Building upon the environmental representations introduced
in the preceding review of 3D mapping modalities, this
subsection examines how 3D maps are computationally op-
erationalized for GNSS reception-state inference. A useful
distinction is between map-based prediction and consistency-
based detection. Signal- and observable-domain methods infer
reception states from effects already manifested in the received
signal or derived measurements. In contrast, map-based pre-
dictors infer the expected visibility or propagation state from
the receiver position, satellite geometry, and environmental
model, without requiring the current GNSS observation being
classified. Such predictions may be precomputed offline or
evaluated online at each navigation epoch [53], [132]. When
the map-derived expectation is subsequently compared or
fused with the actual GNSS observation, the spatial prior
becomes a source of reception-state consistency evidence.
Agreement supports the predicted state, whereas disagreement
may indicate anomalous reception, map incompleteness, dy-
namic occlusion, or receiver-pose uncertainty. Static maps are
particularly susceptible to unmodeled temporary obstacles and
environmental changes [100]], [116]], which motivates fusion
with the signal- and observable-domain detectors discussed in
§ [0

These methods produce different forms of spatial prior and
map—measurement consistency evidence. Because this survey
focuses on reception-state inference rather than downstream
coordinate estimation, we organize them into the functional
taxonomy shown in Fig. B} map-derived spatial predictors
generate binary visibility, propagation-path, or probabilistic
visibility information, whereas reception-state verifiers com-
bine such predictions with GNSS measurements to assess con-
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Fig. 8: Taxonomy of map-based algorithms for GNSS visibility analysis. Map-derived spatial predictors query an environmental
representation to generate expected visibility or propagation priors, whereas reception-state verifiers compare these priors with
GNSS observations to evaluate map—measurement consistency and provide evidence about anomalous reception states.

sistency and provide additional evidence about the reception
state.

1) Geometric LOS Screening: Geometric LOS screening
is the most direct form of map-based visibility prediction.
Given an assumed receiver position and satellite direction,
a ray is tested against the surrounding building geometry;
an unobstructed ray predicts direct-path visibility, whereas
an intersection predicts direct-path blockage [35]], [[114]. As
illustrated in Fig. 0] the same geometric relationship can
be represented either through explicit 3D intersection tests
or through a building-boundary (skymask) representation in
the azimuth—elevation domain. For repeated real-time queries,
building boundaries may be precomputed over a spatial grid
so that online visibility prediction reduces to comparing the
satellite elevation with the local skyline at the corresponding
azimuth. Alternative implementations further accelerate this
operation; for example, texture-based satellite visibility de-
tection performs ray marching on a 2D height-map texture
and was developed specifically as an efficient alternative
to conventional 3D ray tracing for mobile and automotive
platforms [133]]. The resulting prediction is primarily binary
and therefore highly interpretable, but its reliability remains
coupled to the assumed receiver position and the completeness
of the environmental model. Missing vegetation, temporary
structures, dynamic obstacles, or geometric errors near build-
ing boundaries can cause disagreement between predicted and
actual reception states [100], [113]]. Geometric screening there-
fore provides an efficient spatial prior for identifying likely
obstruction, while more detailed propagation or measurement-
consistency models are required when the indirect signal path
itself must be characterized.

2) Explicit 3D Ray-Tracing: Explicit 3D ray-tracing
mathematically simulates GNSS signal propagation by model-
ing geometric interactions between satellite transmissions and
the 3D urban environment. Given a sufficiently detailed city
model—incorporating wall geometries, roof topologies, and,
where required, surface material properties—the algorithm
evaluates both direct and indirect propagation routes. By
mapping these propagation paths to the receiver’s coordinates,
the algorithm can characterize the expected signal state: an
unobstructed direct path without significant indirect compo-

nents corresponds to clean LOS reception; when the direct path
is blocked but an indirect reflected or diffracted component
reaches the receiver, NLOS reception is predicted; and the
coexistence of multiple significant propagation components is
characterized as multipath [[76], [[134].

Unlike basic geometric screening, which outputs only binary
visibility masks, ray-tracing functions as a higher-fidelity
physical propagation simulator. It can predict critical prop-
agation metrics, including excess path delay (A7), relative
Doppler frequency shifts (A fy), phase rotations (A¢), and sig-
nal attenuation («) [[76]. By extracting these map-derived prop-
agation features, the ray-tracer supplies physically informed
spatial priors for downstream delay-based verification (3DMA
ranging) or for constructing detailed spatial fingerprints.

Historically, the computational burden of evaluating mul-
tiple reflections has limited the use of detailed ray-
tracing in real-time applications. However, recent acceleration
techniques—most notably pixel shader-based ray-tracing (PS-
BRT) [135]]—substantially reduce this burden. By projecting
testing rays through an omnidirectional camera model and
exploiting highly parallel Graphics Processing Unit (GPU)
processing, PSBRT reduces the computational growth from
exponential in conventional mirror-based implementations to
approximately linear with the maximum considered number
of reflections. This enables real-time-capable NLOS correc-
tion and environmental rendering on parallel GPU hardware,
including cellphone-embedded GPUs [[135].

Nevertheless, the fidelity of deterministic ray-tracing de-
pends strongly on the geometric accuracy and completeness of
the 3D map, the assumed electromagnetic properties of reflect-
ing surfaces, and the propagation mechanisms represented by
the model. Detailed roof and facade geometries also increase
mapping and computational requirements, while dynamic ob-
jects and unmodeled higher-order interactions can introduce
discrepancies between simulated and actual reception condi-
tions [114], [135]. Errors or omissions in the building model
can lead to incorrect visibility and propagation predictions
and may consequently degrade 3DMA GNSS positioning
performance [136]. Uncertainty in surface material properties
can likewise affect the predicted attenuation and phase of
reflected components, limiting the accuracy of ray-tracing-
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Fig. 9: Conceptual illustration of geometric GNSS visibility
screening. (a) Satellite-receiver rays are tested for intersec-
tions with a 3D urban model. (b) The same geometry defines
a sky mask, where projected satellite directions are classified
relative to the building skyline.

based multipath modeling and correction [137]. Thus, when
erroneous map-derived predictions are used for measurement
exclusion, weighting, or correction, the resulting position solu-
tion may be degraded rather than improved. Hybrid approaches
can partially mitigate these limitations by combining ray-
traced environmental information with independent consis-
tency checks; for example, Zidan et al. [138]] integrate ray-
tracing-derived information with consistency checking and a
decision-tree stage to identify and exclude multipath/NLOS-
affected GNSS measurements.

3) Shadow Matching: Introduced by Groves [33]], shadow
matching is fundamentally a 3DMA positioning technique:
satellite visibility predicted from a 3D city model is com-
pared with visibility evidence obtained from the receiver,
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and candidate positions are scored according to their consis-
tency. Subsequent implementations refine this scoring using
improved visibility models and signal-derived LOS/NLOS
information [[79]], [L13[], [L15]], [139]]. From the reception-state
perspective adopted in this survey, the same comparison can
be interpreted as a geometry-aware consistency test when the
receiver pose is sufficiently constrained. Agreement between
map-predicted and measurement-derived visibility supports
the corresponding reception hypothesis, whereas disagreement
flags an inconsistency requiring further interpretation. Impor-
tantly, such disagreement does not uniquely imply NLOS
reception: map incompleteness, pose uncertainty, dynamic
occluders, or measurement errors can produce the same out-
come. This distinction motivates probabilistic rather than rigid
binary scoring. Recent 3DMA frameworks use likelihood or
Bayesian formulations to accommodate uncertainty in Vvisi-
bility prediction and observed signal state [113]. Set-valued
shadow matching further represents building and shadow
regions using constrained zonotopes, reducing sensitivity to
spatial discretization and boundary uncertainty [140]. Neural
City Maps provide another extension by replacing discrete
building-only visibility predictions with learned continuous
scene representations for shadow prediction [37]], [[128]]. These
developments extend shadow matching toward increasingly
uncertainty-aware map—measurement consistency inference.

4) 3DMA Ranging: Range-based 3DMA GNSS uses the
environmental model together with pseudorange measure-
ments to evaluate the compatibility between map-predicted
reception conditions and the observed ranges [114], [141]],
[142]. Although these methods were developed primarily
for map-aided positioning and NLOS correction, their rang-
ing likelihoods can also be interpreted from a reception-
state perspective as pseudorange-consistency evidence. Geo-
metrical ranging methods explicitly estimate the additional
propagation distance associated with an NLOS path. Ray-
tracing approaches reconstruct candidate reflected paths and
their excess delays [114], whereas skymask-based methods
approximate the reflection geometry using building bound-
aries to reduce the computational burden [141]]. The resulting
map-predicted pseudorange can then be compared with the
receiver measurement: agreement supports the candidate prop-
agation hypothesis, whereas a large inconsistency may indicate
an incorrect reflection model, additional propagation effects,
map error, or measurement contamination. A complementary
family, commonly termed likelihood-based ranging (LBR),
avoids explicitly reconstructing the reflection path. Instead,
the pseudorange innovation is evaluated statistically according
to the map-predicted LOS/NLOS condition, providing a map-
conditioned range-consistency likelihood [113]], [[142]. Thus,
ranging-based 3DMA spans a continuum from explicit geo-
metric delay prediction to statistical, map-conditioned pseudo-
range modeling. In the context of this survey, its key contribu-
tion is the use of map-conditioned pseudorange information as
complementary evidence for reception-state inference, while
subsequent measurement correction, weighting, or exclusion
is regarded as downstream mitigation.

5) Neural-Field Visibility Prediction: Building on the
neural scene representations introduced in the preceding
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Fig. 10: Map—measurement consistency interpretation of shadow matching. Agreement between predicted visibility and GNSS
observations supports the LOS or blockage hypothesis, while disagreement indicates anomalous reception or uncertainty due
to reflections, multipath, dynamic occlusion, map errors, or receiver-pose errors.

mapping-modality review, satellite visibility is inferred by
querying the learned field along the satellite-directed ray rather
than through the explicit ray—polygon intersections used by
conventional 3D city models. Let x,. denote the receiver po-
sition and u, the unit vector toward satellite s. The candidate
propagation path is parameterized as

x(t) = %, + tug, t>0, a7

where ¢ denotes distance along the ray. Samples evaluated
along this path provide learned density- or occupancy-related
quantities that can be aggregated into a visibility feature
or soft LOS/NLOS score. For density-based neural fields,
the corresponding volumetric transmittance can be expressed
generically as [127]

T() = exp(— / o (x(s)) ds) ,

where o(x) denotes the learned field density. This ray-
integrated quantity represents the transmittance implied by the
accumulated learned density along the satellite direction and
can be mapped to a soft visibility prediction. This contrasts
with the hard LOS/NLOS decision produced by conventional
geometric ray casting. This formulation is the algorithmic
counterpart of the neural mapping representations introduced
earlier. Neural City Maps demonstrate the principle directly
for GNSS NLOS prediction and subsequently for shadow
matching [37], [128]].

By replacing discrete building boundaries with a continuous
learned scene field, these methods can represent environmental
structures present in the training imagery that may be absent
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from simplified building-only models and provide spatially
smooth visibility evidence near complex scene boundaries.
The resulting flexibility, however, introduces a different set
of dependencies. Prediction quality is governed by the spatial
coverage and fidelity of the training observations, and poorly
observed regions or learned scene uncertainty can propagate
directly into the satellite-visibility estimate [37]], [[128]]. Neural-
field visibility prediction should therefore be regarded as a
soft, learned spatial prior. Compared with explicit 3D maps,
it offers continuous querying and potentially richer scene
representation at the cost of offline scene learning, dependence
on training coverage, and reduced geometric transparency.

Overall, 3DMA visibility methods span complementary lev-
els of environmental reasoning. Geometric screening provides
efficient binary visibility priors, whereas explicit ray tracing
adds richer propagation-path information; shadow matching
and 3DMA ranging subsequently exploit map—measurement
consistency as reception-state evidence. Neural-field methods
extend this spectrum toward continuous, learned visibility pri-
ors. Nevertheless, all map-based approaches remain dependent
on the fidelity and temporal validity of their environmental
representation, motivating the use of auxiliary sensors that can
provide complementary information about the current receiver
dynamics and surrounding scene.

V. AUXILIARY SENSORS FOR URBAN NLOS AND
MULTIPATH DETECTION

While 3D city models provide map-derived spatial priors,
their static nature limits their ability to represent transient oc-
cluders and short-term environmental changes. Auxiliary sen-



sors provide complementary, time-varying information that can
be used to test the consistency of GNSS measurements against
receiver motion or the locally observed environment. Crucially,
while these sensors are standard components for downstream
navigation and state estimation, this review frames them
through a specific functional lens: as auxiliary sources of
evidence for GNSS reception-state verification. By providing
kinematic or geometric information that is structurally de-
coupled from the GNSS RF chain, these sensors enable the
navigation engine to assess whether GNSS measurements are
consistent with the expected receiver motion or surrounding
environment before they are fully incorporated into the navi-
gation solution. The following subsections detail how inertial,
visual, and laser-based data are utilized to refine signal-state
classification, shifting the focus from their traditional role
in coordinate estimation toward their complementary role in
GNSS anomaly detection and verification.

A. IMU-Aided Kinematic Consistency Checking

Inertial Measurement Units (IMUs) operate at high sam-
pling rates, typically tens to hundreds of hertz, and provide
continuous measurements of specific force and angular rate
and, over short intervals, support prediction of receiver motion
and attitude. Within the signal-classification taxonomy of this
survey, the IMU therefore acts primarily as a short-term
kinematic consistency checker. Unlike cameras or LiDAR,
it does not observe satellite blockage or reflecting surfaces;
instead, it provides an independent motion reference against
which GNSS measurements can be tested.

Early closely coupled GPS/INS work combined raw-GNSS
fault detection and exclusion with inertial integration to main-
tain navigation integrity in shadowed environments [38]. Sun
et al. [143]] exploit this principle in an IMU-aided multiple-
fault detection and exclusion scheme for urban GNSS/IMU
integration. Their pseudorange-comparison method combines
IMU data with GNSS pseudoranges in a sliding-window
framework to detect and exclude multiple simultaneous faulty
measurements. At the tracking level, Yan et al. [[144]] integrate
inertial navigation system (INS) aiding with vector tracking
and a multipath-error estimator to estimate and mitigate dy-
namic short-delay multipath in dense urban environments.
These approaches illustrate how inertial prediction can provide
additional temporal or kinematic constraints when GNSS mea-
surements become inconsistent with expected receiver motion.

In multi-antenna systems, IMU-based attitude tracking can
further assess whether the spatial phase geometry of received
signals is consistent with rigid-body antenna-array motion.
Ahmed et al. combine GNSS array measurements with IMU
data using a UKF, detecting inconsistent satellite combinations
affected by multipath [60]. The resulting method provides
an IMU-aided geometric consistency check for multipath and
NLOS detection.

B. Camera-Aided NLOS Detection

Upward-looking imaging sensors have a long history in
GNSS visibility analysis and NLOS mitigation. Early work
combined an omnidirectional infrared (IR) camera with a
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digital surface model to extract urban sky/building bound-
aries under satellite-blocked conditions [40]. This concept
was subsequently used explicitly to identify satellites without
direct visibility and exclude their measurements from urban
GPS positioning [41]]. In that framework, infrared contrast
between sky and surrounding buildings was exploited to
identify satellites without direct visibility and prevent their
measurements from contaminating the positioning solution.
Building on this principle, upward-pointing fisheye and om-
nidirectional cameras were subsequently used to estimate sky
and obstacle regions and project satellite directions into the
image for real-time visibility screening [42], [145], [146].
Within the taxonomy of this survey, the camera is not used for
visual odometry, visual simultaneous localization and mapping
(SLAM), or final pose estimation. Instead, it provides real-
time environment-derived evidence about whether the direct
satellite—receiver path is visually unobstructed. This informa-
tion is largely independent of GNSS signal-strength or residual
statistics, although reliable screening still requires camera cali-
bration, pose or orientation information, time synchronization,
and robust sky segmentation. Importantly, visual direct-path
availability does not imply multipath-free reception: a satellite
projected onto the visible sky may still be affected by reflected
components. Camera screening should therefore be interpreted
primarily as direct-path visibility evidence rather than as a
complete multipath classifier.

It is important to distinguish these real-time onboard meth-
ods from the panoramic reprojections, street-view visibility
grids, and image-derived sky representations reviewed in
Section Although these representations provide useful a
priori visibility information, they are generally constructed
from previously acquired environmental data and may there-
fore miss transient or recently changed occluders such as
buses, trucks, temporary scaffolding, pedestrians, or vegeta-
tion. Onboard upward-looking cameras instead observe the
local sky and surrounding occlusion geometry at the current
measurement epoch, providing time-varying environmental ev-
idence for satellite-visibility screening. The underlying image-
domain screening principle is nevertheless the same as that
illustrated in Fig. [6] Following intrinsic camera calibration
and extrinsic alignment between the GNSS antenna, camera,
and local navigation frames, the azimuth and elevation of
each tracked satellite are transformed into the camera frame
and projected onto the segmented sky-view image. Satellites
projected onto visible sky regions are treated as candidate
LOS measurements, whereas those projected onto buildings,
tree canopies, bridges, vehicles, or other occluding structures
are identified as direct-path blocked and therefore candidate
NLOS measurements. In the onboard case, however, the sky
mask is generated from imagery acquired at the current epoch,
allowing the same geometric visibility test to respond to short-
term changes in the local environment.

To systematically review this visual verification pipeline, the
remainder of this subsection is organized into three functional
components. First, we examine classical sky-mask construction
techniques based on deterministic image-processing. Second,
we explore the transition toward learning-based semantic sky
segmentation, including CNN-, Fully Convolutional Network



(FCN)-, and transformer-based approaches. Finally, we sum-
marize the geometric satellite projection step that converts
the resulting sky mask into per-satellite visibility evidence for
online screening or offline supervision.

1) Sky-Mask Construction: The foundational stage of
camera-based GNSS visibility analysis is the construction of a
binary mask separating open sky from surrounding occluding
structures. Early approaches relied on hand-crafted image-
processing rules, using visual appearance, local regions, or
skyline boundaries to distinguish sky from non-sky regions.
Representative implementations include superpixel-based seg-
mentation of fisheye imagery [42]], appearance- and clustering-
based sky-region extraction [146], and image-boundary ex-
traction within fisheye-based GNSS/INS screening frame-
works [145]. More refined deterministic pipelines incorporate
gradient information and energy-based optimization to recover
complex skyline contours from omnidirectional imagery [147].
These methods are generally interpretable and computationally
efficient, but their performance can be sensitive to illumination,
cloud and sky appearance, reflective surfaces, vegetation, and
fine occlusion boundaries. Such limitations motivated the
increasing use of learning-based segmentation.

2) Learning-Based Semantic Sky Segmentation:
Learning-based methods replace hand-crafted thresholds and
boundary rules with pixel-wise models trained to distinguish
sky from urban occluders under more diverse visual condi-
tions. General sky-segmentation studies highlight the sensitiv-
ity of this task to illumination and weather variation [148],
while recent fisheye-oriented work further addresses wide-
angle distortion and hemispherical imagery [149]]. Within
GNSS-specific visual screening, Lee et al. [150] introduced
CNN-based sky/building segmentation for sky-pointing fish-
eye imagery. Subsequent systems adopted dense fully con-
volutional segmentation; for example, the vision front end
of Sky-GVIO employs an FCN to generate sky/non-sky
masks for GNSS NLOS screening [151]. More recently,
Swin Transformer models have been applied to fisheye sky
segmentation before satellite visibility determination [105],
reflecting the broader transition toward attention-based vi-
sual representations. Deep segmentation is not required in
every implementation. Some recent sensor-fusion systems
retain lightweight classical processing when computational
efficiency is prioritized; Sky-GVINS, for example, evaluates
several segmentation strategies and adopts Otsu-based global
thresholding [152]. From the reception-state perspective, the
specific segmentation architecture is therefore secondary to
the resulting sky/occluder mask, which provides the geometric
support for subsequent satellite visibility screening.

3) Satellite Projection and NLOS Detection: Once the
sky mask is available, each tracked satellite must be geomet-
rically associated with a location in the image. As illustrated
previously in Fig. [6] the underlying operation is common
to both archived image-derived visibility maps and real-time
onboard cameras. GNSS ephemerides and an approximate
receiver state provide satellite azimuth and elevation, while
calibrated camera extrinsics and receiver attitude align these
directions with the camera frame [[145]. A calibrated fisheye
projection model then maps each satellite direction onto the
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segmented image [105]. A projection within the sky region
supports candidate LOS reception, whereas a projection onto
a building, vegetation, vehicle, bridge, or other occluding
region indicates direct-path blockage and therefore candidate
NLOS reception. For onboard cameras, this test is performed
using imagery acquired at the current epoch and can there-
fore capture transient occluders that are absent from stored
environmental representations. The resulting classification re-
mains geometric visibility evidence: a visually unobstructed
direction may still contain multipath. The same projection
process is also useful for offline supervision. Camera- and
INS-derived visibility labels have been used to train receiver-
side classification models from GNSS observables, allowing
the resulting detector to operate without a live camera during
deployment [90], [153]. Such labels should be treated as
geometry-derived supervision, since segmentation, calibration,
synchronization, attitude, and near-boundary errors can prop-
agate into the assigned reception state. Recent work has fur-
ther extended camera-aided GNSS toward direct multimodal
learning. Hu et al. [[154] jointly exploit fisheye-image features,
GNSS measurements, and satellite-position information within
a deep multimodal architecture for NLOS/multipath-aware
pseudorange correction in urban canyons.

Overall, camera-aided methods provide real-time angular
evidence of direct-path satellite visibility from the locally
observed scene. Their effectiveness depends primarily on reli-
able sky/occluder segmentation, camera calibration, receiver
attitude, and synchronization, while the absence of direct
depth information limits explicit reconstruction of blocking
and reflecting geometry.

C. LiDAR-Based GNSS Anomaly Detection

As discussed in Section LiDAR is widely used in
offline 3D mapping, where dense point clouds are converted
into geometric models for prior satellite-visibility analysis. In
the auxiliary-sensor taxonomy of this survey, however, the
emphasis is different: onboard LiDAR is treated as a real-time
exteroceptive sensor for GNSS reception-state verification.
An early precursor combined a laser scanner, GPS receiver,
and INS to identify multipath reflections and infer the line
of sight from the receiver toward the reflecting object [39].
By measuring the three-dimensional structure surrounding
the receiver, LIDAR provides viewpoint-specific information
about buildings, facades, vegetation, vehicles, and other oc-
cluding or reflecting objects that may not be represented
in static maps [155], [156]. Within the signal-classification
pipeline, LiDAR-based methods operate as geometry-driven
consistency checks. Local point-cloud geometry can be used
to test whether a satellite direction is compatible with direct
LOS propagation or is obstructed by the surrounding scene.
With additional surface reconstruction or signal-side informa-
tion, the same geometry can also support hypotheses about
reflected NLOS or multipath propagation [157]], [158]. This is
fundamentally different from the traditional use of LiDAR in
localization or SLAM: here, LiDAR is not reviewed primarily
as a pose-estimation sensor, but as a source of geometric
evidence for screening GNSS measurements before they are
trusted by the navigation backend.



A key distinction from the sky-mask camera methods re-
viewed above is the availability of metric three-dimensional
scene geometry. Camera sky masks primarily provide angular
direct-path visibility, whereas LiDAR additionally provides
depth and local surface geometry that can support the local-
ization of candidate blockers or reflecting surfaces [44]. The
reflected propagation path itself nevertheless remains inferred
from the environmental geometry and, where available, GNSS
measurements. The following discussion focuses on two core
components of this process: point-cloud scene construction
and visibility and reflected-path inference.

1) Point-Cloud Scene Construction: The first stage in
LiDAR-aided GNSS anomaly detection is the construction of
a local geometric representation around the receiver. A 3D
LiDAR produces a point cloud describing nearby facades,
road boundaries, poles, trees, vehicles, and other structures.
These raw points are commonly filtered, segmented, and
organized into structural representations such as building sur-
faces and top edges, reconstructed planes or facades, and
local or accumulated point-cloud maps [43], [156], [157].
This representation forms the LiDAR analogue of the camera
sky mask: it is the environmental surrogate against which
satellite visibility is evaluated, while additionally retaining
metric depth and three-dimensional geometry. Because Li-
DAR sensing is viewpoint-limited, point-cloud completeness
is a central practical issue. Urban facades may be partially
observed, rooftop edges may fall outside the vertical field of
view, and highly reflective or absorptive materials may produce
sparse or noisy returns. Early work addressed this limitation
by combining onboard 3D LiDAR measurements with coarse
building-height information, allowing the detected building top
edges to be extended in the skyplot for NLOS identification
and pseudorange correction [43]]. Later methods improved
this process by maintaining local sliding-window point-cloud
maps that update as the receiver moves [156f, reconstructing
facade surfaces from online LiDAR observations [157], or
accumulating richer point-cloud representations for integrated
LiDAR/IMU/GNSS processing [159].

Compared with static 3D city models, onboard LiDAR
provides two important advantages for anomaly detection.
First, it observes the current environment rather than relying
solely on potentially outdated map geometry. Second, it can
capture transient objects such as buses, trucks, parked vehicles,
and temporary roadside structures. Such objects may block
LOS signals or contribute to reflected paths even when the
pre-built map predicts open sky [155]]. Thus, LiDAR fills a
critical gap between purely static 3D-map visibility prediction
and purely signal-domain GNSS classification.

2) Visibility and Reflected-Path Inference: Once a local
point-cloud representation is available, the dominant detection
mechanism is geometric visibility testing. For each satellite,
the line from the receiver antenna toward the satellite direction
is evaluated against the LiDAR-derived scene. If this line of
sight remains unobstructed within the modeled environment,
the measurement is treated as a candidate LOS signal. If it
intersects a reconstructed surface, object, or occupied cell, the
direct path is classified as geometrically blocked; if a GNSS
signal from that satellite is nevertheless tracked, it becomes

24

a candidate NLOS reception [43[], [[157]. This point-cloud
visibility test is conceptually similar to 3D-map geometric
screening, but with one crucial difference: the occlusion model
is sensed onboard and can therefore reflect the current urban
state. Subsequent works extended this idea using denser point-
cloud representations, local sliding-window maps, improved
surface reconstruction, and real-time point-cloud updating
to support GNSS real-time kinematic (RTK) and integrated
GNSS/LiDAR/INS operation [156], [159]. More recent ap-
proaches also combine LiDAR-derived visibility evidence
with GNSS measurement consistency, rather than relying on
geometry alone; for example, LiDAR ray tracing has been
coupled with pseudorange-innovation information to improve
identification of NLOS measurements [[160].

While line-of-sight intersection directly tests for geometric
blockage, reflected propagation requires a higher-level geomet-
ric analysis. A blocked satellite may be received through an
NLOS reflection, while an otherwise visible satellite may also
contain reflected multipath components from nearby facades,
vehicles, or overhangs. LiDAR is valuable here because it pro-
vides metric 3D surface geometry that camera sky masks can-
not recover. Accordingly, LIDAR-based reflected-path analysis
serves as geometry-supported propagation inference. The re-
constructed surfaces provide candidate reflectors, their orienta-
tions, and geometrically feasible reflection locations, enabling
reflected propagation paths and the associated pseudorange
biases to be inferred for NLOS measurements [156], [[157],
[159]. These approaches primarily determine the reflection ge-
ometry from the sensed environment together with the known
satellite direction. More recent work further strengthens this
inference by incorporating GNSS-side directional evidence,
combining LiDAR geometry with Doppler-derived direction
information to better constrain the likely NLOS propagation
path [158].

LiDAR has also been combined with sky-pointing cam-
eras to exploit their complementary environmental informa-
tion [44]. In this approach, the fisheye camera provides wide-
field sky/non-sky visibility information for satellite screening,
while LiDAR supplies metric range and surface geometry that
can support localization of candidate reflectors and correction
of NLOS propagation errors. The modalities therefore address
complementary limitations: camera-based screening provides
direct angular visibility but limited depth information and re-
mains sensitive to illumination and visual conditions, whereas
LiDAR provides metric 3D geometry but is constrained by
range, reflectivity, sparsity, and field of view.

VI. COMPARATIVE INSIGHTS AND DESIGN TRADE-OFFS

The methods reviewed in this survey differ less in objective
than in evidence source. All ultimately aim to assess the
reception state, visibility, or viability of a GNSS measurement
before unreliable observations corrupt the navigation solution,
using RF observables, learned signal patterns, environmental
geometry, or auxiliary sensing. Since the preceding sections
detailed their operating principles, this section synthesizes
their deployment characteristics from a systems-engineering
perspective. The level of experimental evidence also varies
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substantially across the reviewed literature. Some studies
establish feasibility analytically or through simulation under
simplified propagation, calibration, or environmental assump-
tions, whereas others evaluate controlled experiments, real-
world static or kinematic data, or real-time implementations.
Reported performance should therefore be interpreted together
with the validation setting, receiver hardware, data access,
and assumptions of each study rather than compared directly
across different experimental regimes. Fig. [T1] provides a
qualitative design-space view, positioning the major method
families across hardware/deployment burden and data/prior
dependence. Several key observations follow.

First, as shown in the lower-left region of Fig. [T1] signal-
observable rules and classical machine learning on engi-
neered features remain attractive because they require no
additional exteroceptive infrastructure and operate on the
standard GNSS measurement stream. They are therefore well
suited to low-latency measurement screening, exclusion, or
reweighting. However, because observable-level indicators are
indirect proxies for the underlying propagation state, and their
distributions can overlap substantially across LOS, NLOS,
and multipath conditions. Their decisions are consequently
sensitive to the receiver, environment, and operating scenario.

Second, methods closer to the received waveform or spatial
aperture provide evidence more directly linked to propaga-
tion structure. Correlator-domain learning, antenna arrays, and
polarization-aware methods are more directly tied to propaga-
tion mechanisms than scalar observables. Their main limitation
is architectural access: they often require receiver-internal data,

software-defined radio architectures, calibrated RF hardware,
or multi-antenna installations.

Third, map-based priors and auxiliary sensors introduce
environmental awareness that GNSS-only observables cannot
provide. 3D maps support geometry-driven satellite-visibility
determination, while cameras provide real-time sky/occlusion
evidence and LiDAR supplies metric 3D structure for blockage
testing and reflected-path inference. These spatial sources do
not directly measure the RF propagation path; instead, they
constrain blockage and reflection hypotheses geometrically.
Distinguishing reflected NLOS reception or multipath contam-
ination can therefore benefit from combining this geometric
evidence with GNSS-domain observables.

Finally, no method family is universally dominant. Deploy-
ment choices depend on platform size, weight, power, cost,
receiver accessibility, map availability, and integrity require-
ments. Low-cost receivers favor signal-observable rules and
lightweight learning; mapped urban corridors benefit from
3D visibility determination; and autonomous platforms can
exploit existing camera or LiDAR payloads for local geometric
screening. For higher-integrity applications, multimodal fusion
can provide complementary or redundant evidence across inde-
pendent information sources, but it also introduces additional
requirements for uncertainty propagation, calibration, synchro-
nization, failure detection, and computational resources.

VII. CONCLUSION AND OPEN DIRECTIONS

This survey has synthesized the landscape of GNSS signal-
reception classification and satellite-visibility determination in



urban canyons across three main methodological categories:
(1) signal-domain reception-state inference, which includes
intrinsic RF, tracking-level, and observable-level features to-
gether with rule-based, statistical, and learning-based classi-
fiers; (ii) 3D map-aided visibility determination, which uses
environmental geometry to predict/detect satellite blockage
and measurement viability; and (iii) auxiliary-sensor spatial
screening, where cameras, LIDAR, and IMU provide real-time
occlusion, reflection-plausibility, and kinematic-consistency
evidence. The comparative analysis reveals that no single
category is universally dominant. Observable-level rules pro-
vide lightweight baseline screening, learning-based models
exploit nonlinear, temporal, and cross-satellite structure across
observable- and receiver-internal features, map-based priors
offer geometry-driven blockage determination, and auxiliary
sensors provide complementary geometric and kinematic ev-
idence about local occlusions, dynamic scene changes, and
measurement consistency. Taken together, these complemen-
tary capabilities motivate layered architectures that combine
multiple evidence streams to evaluate measurement viability
before corrupted observations enter the navigation engine.

Despite substantial progress in GNSS reception-state and
visibility inference, several challenges remain before these
methods can generalize reliably beyond specific datasets, re-
ceivers, and environments. Key directions concern transferable
learning, uncertainty-aware decisions, probabilistic modeling
of urban visibility, reliable benchmarking, and practical real-
time deployment:

« Domain Generalization and Label-Efficient Learning:
Data-driven detectors remain sensitive to changes in
receiver, environment, and operating conditions. Domain
adaptation and self-supervised or contrastive learning
have begun to reduce this dependence [97]], [161]], but
robust transfer across cities, receivers, constellations, and
mobility modes with little or no relabeling remains an
open challenge.

o Uncertainty-Aware Reception-State Inference: Hard
LOS/NLOS or multipath decisions provide limited in-
formation when propagation states overlap or observa-
tions are ambiguous. Recent uncertainty- and distribution-
aware approaches provide initial steps [26], [162],
[163]]; the broader challenge is to produce calibrated
measurement-level reliability that can directly support
weighting, exclusion, correction, and integrity monitor-
ing.

o Stochastic Geometry for Urban Visibility: Stochastic
geometry has begun to characterize satellite availability
and localizability from the spatial distribution of medium
Earth orbit (MEO)/low Earth orbit (LEO) constella-
tions [164], while complementary models characterize
LOS probability from statistical urban geometry [163],
[166]. A promising direction is to jointly model satellite
distributions and urban occluder/building distributions,
enabling analytical prediction of LOS availability, usable
satellite geometry, and ultimately positioning localizabil-
ity without requiring a deterministic 3D map for every
environment.
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« Benchmarking and Label Quality: Reception-state la-
bels derived from 3D maps, cameras, LiDAR, ray trac-
ing, or GNSS measurements do not always represent
identical physical conditions and can disagree in com-
plex scenes [100]. Future benchmarks should therefore
standardize state definitions and labeling uncertainty and
emphasize cross-city, cross-receiver, and cross-platform
evaluation rather than only within-dataset accuracy.

o Real-Time Deployment and Environmental Mainte-
nance: Richer methods increasingly require receiver-
internal data, learned models, environmental priors,
or auxiliary sensors, creating latency and integration
constraints. Practical systems should explore resource-
adaptive architectures that invoke expensive inference
only when lightweight GNSS screening is insufficient,
while map-based approaches additionally require mech-
anisms for detecting and updating stale environmental
information [116]], [167]].

Ultimately, robust urban GNSS should progress from hard
anomaly labels toward uncertainty-aware measurement-level
reliability assessment. The central objective is to determine,
with quantified confidence, whether each observation should
be trusted, reweighted, corrected, or excluded before it enters
the navigation solution.
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