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ABSTRACT

Safety-critical navigation applications require safe localization error characterization. This requirements extends toglobal
navigation satellite systems (GNSS), which are essential for on-board based navigation solutions for different transportation
applications. Existing integrity monitoring systems, such as satellite-based augmentation systems (SBAS) or advanced receiver
autonomous integrity monitoring (ARAIM), are only capable of providing a robust signal-in-space error description for civil
aviation. However, for land-based applications, the local GNSS error, in particular multipath error, due to harsh environments,
remains a critical challenge. In this work, an artificial intelligence (AI)-based GNSS code multipath error overbound model for
safe error distribution characterization is presented. Two main contributions are made: First, a quantile regression loss function
is designed to predict conservative quantiles based on a neural network, so that they are compatible for safety purposes. Second,
the quantiles are used to obtain a Gaussian overbound, which describes the underlying error with a parametric distribution that
ensures error bounding conditions. The proposed algorithm is first validated with a simple simulation example. Its use and
benefit for multipath error modeling is then evaluated with real GNSS data in railway application. Results suggest the capability
of this algorithm to reliably characterize multipath errors in challenging scenarios. The method and algorithm can be used
for robust multipath distribution characterization in combination with positioning and integrity monitoring algorithms, such as
horizontal-ARAIM for railway signaling.

I. INTRODUCTION

In the context of safety-critical transportation applications, it is essential to ensure that localization errors are properly character-
ized and bounded. In particular, GNSS are expected to serve as a fundamental component in the development of onboard-based
sensor localization solutions for both existing and emerging applications. One example is the use of satellite technology in
railway signaling and train control to reduce costs and to enhance the efficiency of railway transportation. For safety or liability
related operations, the satellite-based positioning is also required to meet certain integrity requirements, where an important
aspect is the safe localization error quantification and threat monitoring.

In civil aviation, augmentation systems are used to ensure navigation integrity. Examples are ground-based augmentation
system (GBAS), SBAS or aircraft-based augmentation system (ABAS). Those systems ensure safety by the provision of
rigorous error and threat models of satellite orbit and clock, troposphere or airborne multipath.

However, for applications in GNSS harsh environments, such as in urban or land scenarios, the local GNSS error behavior is
highly complex. In particular, multipath error is dependent on the local environment, antenna setup, receiver configuration and
user dynamics, which is constantly changing. Current GNSS approaches for error modeling based on Gaussian cumulative
distribution function (CDF) overbounding cannot be directly applied, since there is not a one model that serves all situations and
the sample error distribution is not directly observable during operation. The rigorous characterization of multipath in these



scenarios remains a critical challenge.

The literature proposes various strategies to address GNSS multipath for different applications. Different techniques have been
investigated to mitigate or correct the impact of multipath, including specific antennas design (Teunissen & Montenbruck, 2017)
and materials (Caizzone et al., 2023), advanced receiver correlators (Siebert et al., 2023), fault detection and exclusion (FDE)
mechanisms (Crespillo et al., 2022) or robust estimators (Crespillo et al., 2020). Other techniques that derived error models
for challenging GNSS scenarios are still to be proven rigorous and satisfying bounding conditions (Damy et al., 2016; Groves,
2011; Medina et al., 2018).

In recent years, Al have also demonstrated remarkable results in the GNSS domain. For instance, mitigation of multipath error
via Support-Vector Machines (Lee et al., 2023) or the detection of Non-line of sight using logistic regression (Garcia Crespillo
et al., 2023). In (No & Milner, 2021) and (Liu & Jiang, 2024) the authors proposed to use a single quantile estimation to
quantify the multipath error. However, none of these approaches appear flexible enough, since it makes strong assumption of
underlying Gaussian conditions, to account for the high complexity while also providing rigorous error descriptions.

In this work, we propose a methodology based on learning algorithms able to provide a conservative multipath error distribution
estimation via deep quantile regression (DQR) combined with CDF overbounding using multiple features derived from com-
mercial off-the-shelf (COTS) GNSS post-correlation observations. The approach is validated by both a simplified simulation
data example and by real GNSS data collected on a train.

This paper is organized as follows: Section II introduces a general method for the characterization of a target value distribution
based on conservative DQR combined with Gaussian overbounding. The application of the proposed method for the GNSS
code multipath error is presented in Section III and an exemplary validation with real GNSS railway data is shown in Section IV,
where the proposed model is used in an adapted Horizontal ARAIM algorithm for integrity monitoring. Conclusion are given
in Section V along with some possible future research topics.

II. LEARNING-BASED ROBUST ERROR MODELING

The following section presents an Al-based methodology for safe distribution modeling. The overall objective of the work is
to obtain a simple and safe characterization of an unknown distribution py, of the target variable ) in the case the distribution
itself is not directly observable. We propose utilizing Al to derive a safe description py,x based on selected features X" that
have been demonstrated to be valuable for describing ). The methodology involves two steps. First, a conditional distribution
is estimated via a neural network. Subsequently, Gaussian overbounding is applied to the model output, in order to obtain a
simple to use and safe parametric description.

An Al based algorithm relying on supervised-learning is applied to obtain a fine and robust description of the target ) via
quantile regression. A possible solution is DQR, providing fine and flexible characterization of the true but unknown probability
distribution function (PDF) py (y) through its CDF Fy by means of a set of discrete quantile levels 7 C (0, 1) estimated via
a neural network (NN). The quantile ¢, with probability-level 7 of random variable ) or the inverse of the CDF (iff strictly
monotonically increasing) is defined as:

Fjjl(r)=inf{y€R:T§Fy(y)}:qT, (1)

with: y
Fy) = [ py(oyar @
This methodology has been shown to be flexible as it does not rely on assumptions of the underlying distribution (Fakoor et al.,

2021). For safety related reasons an overbounding description F of the error is required. A CDF overbounding can be expressed
as (Rife & Gebre-Egziabher, 2007):

_ 1
Fy(y) < E(y), Yyl Ey(y) <5
3)
_ 1
Fy(y) =2 Fy), Yyl Fy(y) >3-
These conditions can be, using the curly-inequality notation of (Rife & Gebre-Egziabher, 2007), also expressed as:
py(y) < D(y)- )

Hence, we can formulate the goal of the work as:

Py (y) < Pyx(y) < Pob(y), Vyle < Fy(y) <1—¢, (5)
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is a Gaussian overbounding distribution parameterized by bias b and standard deviation o and € = 7 is the probability margin
not covered by the quantiles, which can be associated to the smallest quantile. Although not necessary, we will assume here for
simplicity that the selection of quantiles is performed in pair and symmetrically around 0.5 probability to comply with (5). A

neural network is applied for approximating the mapping function g (x; 8) = I\ |1)(:a:(T) between input features x € X C RY
of dimension H € Z and quantiles of the target value y € ) C R! by learning from training data. The model learns the

relationship ) | X = « between input and target value from experience, which is given in form of noisy observations of the

process to be modeled. Because of that, a sufficiently large amount of input-output pairs D = {(x,, yn)}fj:l with sample size
N, also denoted as dataset, must be used to ensure representativeness. A deep neural network or multilayer perceptron (MLP)
of depth L can be written as (Murphy, 2022):

y=9(x0) =gr(90-1(-.. (01(x))...)), (6)

where P v is an empirical distribution obtained via estimated quantiles ¢, of 7 probability level, po, (y) = \/2170 exp (

where g;(x, 0) is ["-layer function. The model parameters @ = {w, b}, with model weights w and bias b, are optimized during
the training or learning process with respect to an objective function [7(0) using a loss function £(x, y) to relate model output
¢ and target value y.

1. Conservative Deep Quantile Regression

The authors in (Koenker & Bassett, 1978) proposed the tilted 1-norm, quantile or pinball loss £2% for the estimation of
quantiles. It can be written as:

L) =¢ (r=1)-1{{ <0+ 7-1{¢>0}

=max(¢ - (1 — 1), ¢-7), 7
—_——— ~—
¢<0 ¢>0
y<y y>9

where ¢ = y— g-(x, 0) is the prediction error and 1 {¢ < 0} is the indicator function returning 1 iff (if and only if) the condition
is fulfilled, or 0 otherwise. In order to derive a safe multipath error characterization is not enough to estimate approximate
quantiles, which may result in upper or under estimating the true quantile. For that reason, we propose a penalty to the standard
quantile regression loss function with an underestimation loss, such that conservative error estimations become more favorable
than underestimation. The underbounding condition based on the quantile level 7 can be noted as equations:

1{y<g}, ifr<0.5,

u (:’;v Y 7') =<1 {O} , if 7 = 0.5, 8)
1{y > 9}, otherwise.

Combing Equation 7 and Equation 8 the underestimated quantile loss E/UQ,T can be written as:

lmin (¢,0)|, ifT <0.5,
Lup+(¢) =10, it 7=0.5, 9)
|max (¢,0)|, otherwise.

However, the magnitude of the extracted loss C'UP’T is dependent on T, since the error ( is scaled by 7. For this reason, we
propose to normalize the error by the inverse of the quantile in order to penalize each quantile-level equally, including the
median. The normalization factors for the left cop; and right cop side of the distribution are written as:

L itr<os,
[T =1
(M) =41 1y o5 (10)
2 |r—1) ’

0, otherwise,



and

0, if 7 < 0.5,
1
- — if 7= 0.5,
Cobe(T) =14 2 |7 (11
1
— otherwise.
7|

The conservative quantile loss LS can be expressed as:

L) = ¢ cona(T) 7 L{¢ > 0} + ¢ capa(7) - (= 1) - 1{C < 0}

(12)
= max(¢ - cop1(7) - 7, ¢+ Cobr(T) (7 — 1))
It can be directly incorporated into the standard quantile loss via:
£:(¢) = £24(¢) + aLS(Q) -

=max(¢- (1 4+ a-copi(7)) - (7 —1),¢- (1 4+ - cope(7)) - 7),

with the tunable hyperparameter « to scale the penalty of non conservative predictions. Figure 1 visualizes the standard quantile
loss, conservative penalty and the combination of both.

T T T T T T T T T T T T T T T T

-1 =0.2;——1 =0.5;
—h— ’7'3 = 09

-e- T, -9- T2, -A- T3
(r—=1) () 5 8 7%7’1+a;—977'2+%;+7'3+a7
| | | | | | | | | | . . . . . . . . .
—4 -2 0 2 4 —4 —2 0 2 4 —4 —2 0 2 4
(a) Standard quantile loss Prediction Error - C (¢) Combined quantile loss

(b) Underbound loss

Figure 1: Quantile loss, proposed underbound loss and the combination of both as a function of the prediction error ¢ for three different
quantile levels {71 = 0.2, 75 = 0.5, 73 = 0.9}.

The final cost or objective function J(8) for DQR to be optimized during the learning can be written as:

Dlrain T
1
J(0; Diain) = |'Du in| ZET(y_gT(X; 0)) + B - P(T, Duain) +’Y'wTwa (14)
M (xy) T

with the non crossing constraint penalty P = Zg“;/“)"" ZLT‘_l max (fr,(X) — fr,, (X) 4+ ,0) for preventing quantile inter-

sections with the minimum distance v and tunable hyperparameter y for the weight-decay (Fakoor et al., 2021).

2. Quantile based Gaussian Overbounding

Next, the predicted quantiles are overbounded with a Gaussian distribution in order to obtain a parametric error characterization.
This is done in two steps following the method in Blanch et al. (2019), using not empirical data but predicted quantiles instead.
The quantiles can also be interpreted as a direct representation of the histogram without the need to bin the empirical data into
a histogram, which avoids the introduction of discretization errors.
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First, an intermediate symmetric unimodal overbounding distribution Fy, is determined based on 7,. In detail, quantiles g, , are
determined in order to satisfy symmetry and unimodal constraints, with g, s, > ¢,. Next a Gaussian overbounding distribution
Fop is created, with parameters j1 = g, _ 5 i, and the bounding standard deviation is found with the half interval search (Blanch

et al., 2019). Hence, it can be written as:

F(y) < Fu(y) < Foo(y),

Yy < 0.

15)

This step is conducted separately for the left, using Taert = {7 € T : 7 < 0.5} with +¢,, and right, using Teurign =
{r €T :7 > 0.5} with —§,, side of the predicted distribution. The parameters of the final bound Fg,(y;b, o) are deter-

mined via the maximum operation:

Now we can write:

b = max(|es|, | right|),
o = maX(Jlefh Uright)'

Py (y) < Pob(y; b, o).

(16)

a7)

Figure 2 illustrates the bounding process of the true but unknown distribution F}, via predicted quantiles ¢, and the Gaussian

overbound F.
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Figure 2: CDF overbounding of true distribution F}, with Fi, based on predicted quantiles ¢, and intermediate symmetric and unimodal

3. Simulation based Verification

quantiles G .

In a first experiment, simulation data with a known distribution, generated using a Gaussian mixture model, is employed to
evaluate the capability of the methodology in estimating conservative quantiles. For the experiment the dataset is generated
by sampling from y(x) ~ Z?Zl mN(0, 0;(z) with weight vector 7w = [0.8,0.2]7 and standard deviation vector o = [—2x +
5, —4x + 10]T where z ~ U (1,2). A sample dataset Dy, of size 1 x 10° is used for training a neural network for 100 epochs.
In the experiment, two models are trained: one applying the proposed underbound penalty from (12) with a = 0.15 and one

without it.

Figure 3 shows the generated dataset in Figure 3a and experimental results in Figure 3b of the simulation based experiment.
In the zoomed window one can observe that predicted quantiles without an underbound loss ¢, (y|x), marked by the triangle,

are not able to safely describe neither the empirical F;

-1
ata

nor the true inverse cdf F~!, however predicted quantiles using an

underbound loss, marked by filled circle, are able to provide a safe estimation. For evaluation the conservative error €., is used,
which considers the sign of the prediction with respect to the quantile level with respect to the definition of conservatism. It is

given by:

Gr —qr, if 7 <0.5,
€con = < 0, if 7 = 0.5,
qr — (ij else.

(18)
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Figure 3: Multi-Gaussian simulation dataset with true and empirical distribution and predicted quantiles. Two experiments are made once
using the proposed underbound loss estimating §- . and once not using it estimating .

In both experiments the model predicts the quantile set 7 = {0.01,0.03,---,0.07,0.1,0.2,---0.4,0.45,0.5,0.55,0.6,0.7 - - -
0.9,0.93,0.95, - - - 0.99}, with « indicating whether the conservatism loss is used or not. Table 1 provides a statistical summary
of the simulation based experiments using the underbound penalty with a« = 0.15 and without using it. The first and second
row summarizes quantile predictions 75z = 7 \{7med } excluding the median, since no conservatism is defined for that quantile.
The results validate the use of the underbound loss to obtain a safe quantification of the conditional probability. In particular,
the prediction errors for quantiles 737 without the median, are larger as indicated by the mean. However, these predictions are
conservative, as indicated by the minimum error, which remains positive, meaning that all predictions are safe. Furthermore,
the use of the underbound loss does not affect the prediction quality for estimating the median, as the statistical values for 7y o
and 7y remain largely consistent.

Table 1: Statistical error summary of the multi-Gaussian simulation based experiment.

Mean Min Max Std.
T 0.1423 0.0826 0.2903  0.0456

Tﬁ 0.0116 ~ —0.0533  0.1077  0.0198
Tv,o —0.0035 —0.0074 —0.0021 0.0011

)

T —0.0053 —0.0073 —0.0019 0.0012

III. ROBUST GNSS MULTIPATH ERROR MODELING

The following section presents the application of the proposed methodology to model GNSS code multipath error. Figure 4
shows a schematic overview of the method for GNSS multipath error modeling. First, a model is trained offline using manually
selected features derived from historic GNSS data, which allows the incorporation of expert knowledge. After successful
training, the model can be deployed for real-time applications providing a multipath error bound modeled as a parametric
CDF-overbounded distribution.

In order to apply the deep quantile regression, it is essential to obtain suitable input features x, and the corresponding target
value, y, representing the observed error. In this work, the input features are selected based on GNSS observables, as follows:

* Carrier-to-noise ratio C'/N, [dB Hz|: is the signal strength observation of the tracked signal,

* Elevation angle 6 [deg]: of the tracked satellite on the local horizon,
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Figure 4: Scheme of proposed method for multipath error quantification
* Pre-normalized C/N, [—]: is normalized with respect to the elevation angle of the observed satellite using a fitted model,

* Change rate of AC'/N, [dB Hzs™!]: over time to capture the temporal evolution of the signal strength,
* Lock time ¢k [s]: of a tracked signal,

* Number of tracked signals Nggmais [#]: of different frequencies for the specific satellite,
* Pseudorange consistency PRC[m s~!]: is the difference of the pseudorange change rate and the change rate derived
from the Doppler observation fpeppler, being defined as PRC = %‘t’ — fpoppler - A (Lee et al., 2023),

* Permanent multipath error bound opyerm [m]: an elevation dependent error bound model for the description of the
multipath error caused by immediate environment of the permanent antenna installation (Kliman et al., 2024).

The target value y, describing the GNSS code multipath error, is modeled via the Code-Minus-Carrier linear combina-
tion (Braasch, 1994). This approach offers the advantage of obtaining a simple multipath observation, but it also has the
disadvantage of combining code and phase multipath with noise. Furthermore, the windowing size used for mean removal is
crucial for the quality of the multipath observation (Caamano et al., 2020; Roberto Matera et al., 2024).

IV. EXPERIMENTAL VALIDATION WITH RAILWAY GNSS MULTIPATH

For experimental validation estimating GNSS multipath error bounds a real scenario railway sensors dataset is used. The dataset
was collected in the context of the European research project Railgap.



1. Measurement Campaign

The data utilized for the training, testing, and evaluation of the methodology includes multi-frequency GPS and Galileo
observations collected with a Javad Delta-3 GNSS receiver equipped with a Antcom G8Ant-3A4TBI antenna in the vicinity of
Malaga, Spain. Figure 5 shows the train and GNSS antenna installation used for sensor data collection as well as the campaign
area. The complete dataset comprises six batches of data collected between February 2023 and February 2024, encompassing
approximately 1300 km.

(a) Plasser & Theurer draisine (b) GNSS antenna installation on a pole (¢) Campaign area

Figure 5: Train used for data collection, actual antenna installation and campaign area map in Mdlaga during EU project Railgap

For evaluation of the experiments a train run from Cartama to Alora recorded at 2023-05-17 between 09:38 to 09:58 is studied.

2. Network Architecture and Training Process

In accordance with Occam’s razor, the architectural design of the model is kept as simple as possible. A four-layer MLP with
hyperbolic tangent (Tanh) activation is selected, and batch normalization is applied. For regularization purposes, weight decay
and dropout with p = 0.25 are applied. The model parameters are optimized with the Adam optimizer during training for 200
epochs and the best model is selected based on the minimum test loss. For training we use a Nvidia RTX A4000 GPU with
12 GB equipped with Intel Xeon Core CPUs and 64GB RAM. For each GNSS constellation and frequency, a distinct model is
trained separately.

3. Robust Multipath Error Overbounding

After successful training the models performance is studied on the evaluation dataset. Figure 6 gives a qualitative impression of
the models prediction performance. Isolated multipath observations are plotted along with predicted quantiles for the evaluation
dataset for two exemplary GPS and Galileo satellites. One can observe that the trend of the isolated multipath error is well
characterized by predicted quantiles.

In a next step, the overall performance of the method is studied. Kfold cross validation (CV) Murphy, 2022, with k£ = 5, is
applied on the training/testing dataset, in order to obtain more reliable results. This consists of selecting k different combinations
of the training and testing datasets, in order to obtain more robust results. Furthermore, three different set of quantiles 77 with
71 =1x1073, T with 7y = 1 x 10~% and 73 with 7; = 1 x 10~° are studied, to investigate the impact of the probability margin
on the prediction quality. Figure 7 shows the folded cdf of multipath observations normalized with respect to the predicted error

overbound via § = sgn(y) - %:""O)

row), ¢r, —1x10-4+ (second row) and ¢, —1x10-5 (third row). For all shown experiments, the method is able to provide a safe
description for the training, testing and evaluation dataset within the prediction interval defined by 7; and 75, with M quantiles,
since the standard normal distribution is able to overbound all curves down to the specified prediction interval.

for GPS (first column) and Galileo (second column) estimating ¢, 1 x19-3 (first

Table 2 gives a quantitative summary of the maximum fault rate of the CV for selected confidence intervals (ko), with a fault
being defined as 1 {|y| > b+ ko}. It can be observed, that the models are able to provide a safe error description for all
confidence intervals up to the specified prediction interval, because the probability mass not covered by the confidence interval
is larger than the corresponding fault rate for all instances.

4. Preliminary Analysis via modified H-ARAIM

An exemplary application of the error model, with 71 = 1 x 10~%, is given in this section. The robustness of the proposed
method to provide a safe error description is investigated with a modified H-ARAIM algorithm similarly to Ro8I et al., 2023.
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Table 2: Maximum fault rate of K-Fold models in percent [%] per confidence interval (k - o) for GPS and Galileo evaluation dataset covered
by bob + k - oo using a = 0.15

Confidence GPS Galileo

Iterval [%] 2 2 1%107% 7 =1x107% 7 =1x10° 7 =1x10° r=1x10"% 7 =1x10"
68.27 (10) 11.6423 9.6480 2.1330 11.2017 8.9723 5.8804
95.45 (20) 0.7834 0.5968 0.0152 0.9084 0.5436 0.2469
99.73 (30) 0.0217 0.0065 0.0 0.0566 0.0249 0.045

99.80 (3.090) 0.0868 0.0043 0.0 0.0385 0.0136 0.0045

99.98 (3.710) 0.0 0.0 0.0 0.0068 0.0023 0.0

99.998 (4.260) 0.0 0.0 0.0 0.0 0.0 0.0

Precise products are applied to correct space and satellite based pseudorange errors as good as possible, such that the remaining
range can be attributed to the multipath effect. The modifications made to the baseline H-ARAIM algorithm are presented
in Appendix A. The horizontal position error (HPE) is calculated with respect to a post processed kinematic tightly-coupled
GNSS/INS solution.

Figure 8 summarizes the H-ARAIM results of the evaluation run in the Stanford plot and the corresponding position dilution of
precision (PDOP) versus horizontal protection level (HPL) plot. It can be seen that there is no misleading information obtained
for any of the epochs. The error model was able to provide a safe multipath error characterization for all scenarios within
the evaluation dataset. The large HPL values can be explained by a worse PDOP value, which indicates that the geometrical
constellation is the main driver, rather than the error model as shown in Figure 8c for the presented experiment.
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Figure 8: Modified H-ARAIM results of the evaluation dataset using the NN-based multipath error model. The Stanford diagram plots
estimated HPE versus HPL in a 2-d histogram.

V. CONCLUSION

In this paper, we present a learning-based GNSS code multipath error modeling approach that provides a robust error character-
ization via a CDF overbound for close-to-land or land-based navigation applications. In a two-step process, first, conservative
quantiles are estimated using deep quantile regression to create an empirical CDF overbound. Second, Gaussian overbounding
is used to obtain a simple parametric and safe error model. Simulation-based and real-scenario-based experiments suggests the
suitability of the approach to ensure safe error characterization. The proposed methodology can be applied to existing hardware
solutions or COTS GNSS receivers, since all features are based on post-correlation GNSS observations. The resulting error
model can be used for GNSS integrity monitoring systems, like SBAS, ARAIM or multi-sensor solutions for their adaptation
to railway or other land-based applications. The proposed method is not only applicable to the GNSS multipath problem, but it
may also be applied to other sensor error modeling problems that require a safe representation of the error, where the relationship
between the input and target value cannot be fully modeled. Future work will focus on the refinement of the model architecture
and the investigation of the effect quantile resolution.
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A. MODIFIED H-ARAIM IMPLEMENTATION

This section presents the adaptations made to the baseline H-ARAIM algorithm using the proposed multipath error model to
provide a robust error description for Section IV. A modified Horizontal Advanced Receiver Autonomous Integrity Monitoring
(H-ARAIM) system is used for uncertainty quantification of the GNSS pseudorange based position solution. ARAIM is
an integrity monitoring concept developed by (Working Group C (WGC) - ARAIM Technical Subgroup, 2016)) for civil
aviation, with possible extension to the railway and maritime sector. The ARAIM baseline algorithm exploits redundant GNSS
observations for multi-hypothesis solution separation, performing consistency checks for different fault modes (k) with respect
to an All-In-View solution (k = 0). In addition, precise products are used in this work to correct GNSS range errors as good
as possible, such that the remaining error is mostly due to the multipath and receiver noise error. In detail, satellite orbit and
clock, signal biases as well as atmospheric corrections are applied. A summary of residual errors and how they are modeled is
given by Table 3
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Table 3: GNSS pseudorange error magnitude, corrections and residual error model

Error Magnitude [m] Correction Residual Error model [m]
Orbit and Clock 2 {3 * sp3 and *.clk 13} oura =01
Tonosphere 30 (% Tonex file (3} OURE = RMS/onex
{2} {4} _ 1.001
Troposphere 6 VMF3 Oopo = 0.12 /5002001 +51m(0)7
User error - - Ouser — Ucmpn

{1} (Perea Diaz, 2019) {2} (Teunissen & Montenbruck, 2017)
3} (Montenbruck et al., 2017)  {*} (Landskron & Bohm, 2018)

In the following the most important steps how to incorporate the presented multipath error model are presented. H-ARAIM
uses a snapshot based weighted least square (WLS) solution for the All-In-View solution with respect to an a-priori solution:

ox = SOz, (19)

with reduced GNSS measurements z and the projection matrix S. It is defined for fault mode (k) as:
St — (HTW(’f)H) T HTW®, (20)
where H is the geometry matrix with respect to local coordinates and weight matrix W = EH\I}F' The covariance matrix of the

measurements for integrity purposes 3y is a diagonal matrix with elements given by:

s\ 2 2 2 2
YNt (Zv Z) = OURA,; + Oiropo,i + OUIRE, i + Ouser,i» (21)

with the residual error model for orbit and clock oyra, troposphere oyopo, ionosphere oyrg and local user error oyge;. The
variance for the coordinate component ¢ € {1, 2, 3} for east, north and up for the specific fault mode is given by:

—1
o2 — (HTW(’“)H) . (22)
q,q

Similarly, the worst case impact of the measurement bias b; = bnyom,; + buser,s 15 projected into the position domain via:

Nyat

ZIS(’” (23)

The threshold for solution separation for each subset is given by:

P T
Thg = Qfl ( FA,q ) . <eqT (S(k) _ S(O)) Yo (S(k) _ S(O)) eq) = Kra,q * Oss.q- (24)
’ 2 Nfault modes IVES, CONT

The test is successful if:
) — 20 < T, 4. (25)

Only if all tests are successful the protection level computation can be attempted. The authors of (Racelis & Joerger, 2022)
presented a new computational more efficient and tighter HPL equation, being defined as:

Nrtault modes
PHMT g Pfault, not monitored HPL — b © HPL — T b
DML () P o) gy (HPL b . s
L3 ) Nesmr ( PHMI Q( o0 + ;;1 Prae* Q 01(5) (26)

where p; is the exclusion factor, PHMIf us the horizontal integrity budget, Pfauit not monitored 1 the probability of the modes to

Qu) u>0

1 <0 is the modified tail probability of a standard normal distribution and sub index
u <

be not monitored and Q(u) = {

H denotes the horizontal coordinate component, e.g. ol({k) = (k) + UIE, )2 Table 4 lists used design parameters.



Parameter | Value

OUralSisa 0.1m
OUre|Sise 0.067 m
PFA,Hor 5 x 10_7/h
NgsNt 450
NEgs,cont 450
bnom 0.5m

Peonst,Gps 1 x 1078 /appr.

Peonst.GAL 1x 10_4/app1“-

P 1 x 10~° /appr.
FD|FDE mode FDE

Table 4: Modified ARAIM design parameters used for presented experiments
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