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ABSTRACT

In this work, a new time-sequential positioning and fault
detection method is derived and analyzed for dual-
frequency, multi-constellation Advanced Receiver
Autonomous Integrity Monitoring (ARAIM). Unlike
conventional ‘snapshot” ARAIM, the time-sequential

approach exploits changes in satellite geometry at the cost
of higher computation and memory loads. From the
perspective of a user on earth, GNSS satellite motion is
small over less-than-ten-minute-long time intervals. But,
the accumulated geometry variations of redundant
satellites from multiple GNSS can be substantial. This
paper quantifies the potential performance benefit brought
by satellite motion to ARAIM. The first research
challenge is to define raw GNSS code and carrier error
models, which must account for measurement error
correlation over time. These models must also be
consistent with currently established ARAIM assumptions
on carrier-smoothed code. The second step is to use these
raw measurements in estimators and fault-detectors
capable of exploiting geometric diversity for positioning,
float carrier phase cycle ambiguity estimation, and
integrity risk evaluation. In this example implementation,
signals from multiple GNSS are arranged in a finite-
interval batch-type estimator, and sequentially processed
in a sliding window mechanism. We derive a compact,
computationally-efficient  carrier-smoothed-code-based
batch implementation. Fault detection is carried out using
a multiple hypothesis batch-solution separation algorithm.
Availability is analyzed worldwide for aircraft precision
approach navigation applications. Results show dramatic
performance improvements for batch ARAIM over
snapshot ARAIM, not only to achieve ‘localizer precision
vertical’ (LPV) requirements using depleted GPS and
Galileo constellations, but also to fulfill much more
stringent requirements including a ten meter vertical alert
limit.

INTRODUCTION

This paper describes the design, analysis, and evaluation
of a new time-sequential positioning and fault detection
method for Advanced Receiver Autonomous Integrity
Monitoring (ARAIM) using dual-frequency, multi-
constellation Global Navigation Satellite Systems
(GNSS). This approach differs from prior work on
‘snapshot’ (or instantaneous) ARAIM algorithms [1-3] in
that it exploits the geometric diversity from redundant
satellite  motion. Geometric  diversity provides
observability on constant biases [4], and is used in this
work to estimate floating (real valued) carrier phase cycle



ambiguities, thereby improving navigation accuracy and
integrity.

With the modernization of GPS, the full deployment of
GLONASS, and the emergence of Galileo and Beidou, an
increased number of redundant ranging signals becomes
available, which has recently drawn a renewed interest in
RAIM. RAIM exploits redundant measurements to
achieve self-contained fault detection at the user receiver
[5, 6]. In particular, RAIM can help alleviate
requirements on ground monitors. For example,
researchers in the European Union and in the United
States are investigating ARAIM for worldwide vertical
guidance of aircraft [1-3].

One of the primary tasks in RAIM is to evaluate integrity
risk, or equivalently, the protection levels (which are
probabilistic bounds on positioning errors). Integrity risk
is the probability of wundetected faults causing
unacceptably large positioning errors. Multiple research
efforts have recently been conducted to design optimal
estimators and detectors that minimize the integrity risk in
ARAIM, while meeting specified continuity and accuracy
criteria [7-10]. These methods have been employed in the
‘ARAIM Milestone 2 Report’ (reference [2]) to identify
the circumstances under which dual-frequency
GPS/Galileo could satisfy LPV-200 requirements
globally.  The ‘localizer precision vertical’ (LPV)
requirements are set to support vertical navigation during
approach operations down to 200-foot altitude above
ground. Reference [2] shows that worldwide coverage of
LPV-200 is achievable using optimal ‘snapshot” ARAIM
algorithms for a wide range of nominal measurement
error and fault parameters.

However, reference [2] also points out cases where
LPV200 is not achieved, for example, when nominal
constellations are depleted (i.e., one satellite per
constellation being removed or set unhealthy). In
addition, the alert limit (i.e., the limit on the acceptable
positioning error, which defines hazardous situations) is
35 meters for LPV-200, which is much larger than, for
example, the Category II precision approach alert limit
requirement of 10 meters [11]. Thus, given that the
methods used in [7-10] reach the best achievable
performance, and unless additional satellites from
GLONASS or Beidou are incorporated, ‘snapshot’
ARAIM algorithms cannot provide better than global
LPV-200 service.

In response, this work explores the potential benefit of
new integrity monitoring methods that exploit satellite
motion to ARAIM applications using dual-frequency
multi-constellation GNSS.

Unlike ‘snapshot” ARAIM algorithms, where carrier-
smoothed code (CSC) measurements from multiple

satellites are combined at one instant in time, position
estimates obtained, for example, from a batch estimator
(or finite-interval estimator [12]) are directly derived from
time-sequences of raw measurements. The batch is more
computation and memory expensive, but it gives the
means to exploit the geometric diversity provided by
satellite motion over short, five-to-ten-minute-long time
intervals.

In the next section of this paper, previous research efforts
are outlined, which specifically use geometric diversity
for carrier phase-based positioning. These prior
references have in common that they rely on large
changes in geometry from few ranging sources.
Conversely, in this paper, we exploit the combination of
small angular variations from many space vehicles (SV)
in multiple GNSS.

The third section of this paper addresses the key challenge
of measurement error modeling over time. Statistical
error models are derived for raw measurements, that are
consistent with assumptions made in ARAIM [1-3]. The
ARAIM error models given in [1] provide values of the
CSC measurement error standard deviations due to
satellite clock and orbit ephemeris, troposphere, multipath
and receiver noise. For each of these error sources, the
paper builds upon the work in [13] to model the time
correlation affecting raw code and carrier data. A
preliminary experimental data analysis is carried out to
validate the satellite clock and orbit ephemeris error
model.

These raw measurement error models are then used to
design batch-type estimator and detector. In this
implementation, a batch estimator is preferred over a
Kalman filter (KF) to avoid running banks of KF when
evaluating the integrity risk [14]. The batch-type
estimator can run sequentially using a sliding-window,
and can be formulated in a computationally-efficient
process using raw carrier and CSC measurements taken at
few, infrequent sample times within the fixed batch
interval. Fault detection is performed using a batch-type
multiple  hypothesis  solution separation (MHSS)
algorithm. The batch-MHSS approach is similar to
snapshot ARAIM, except that a time-sequence of
measurements is processed rather than a single set of CSC
data, and that the nominal bias due to signal deformation
(specified in [1, 2]) is treated differently.

The fifth section of this paper presents a step-by-step
analysis of the algorithm for an example location over 24
hours. The section first shows that the raw measurement
error models match the ARAIM assumptions on CSC. It
then evaluates and analyzes the impact of the batch
interval length, and shows that only few samples within
the batch period are needed to exploit satellite motion.



Finally, a performance analysis is carried out for aircraft
approach applications using ARAIM with dual-frequency
GPS and Galileo satellite measurements. The results
quantify the substantial reduction in integrity risk
achieved using batch ARAIM as compared to the baseline
snapshot ARAIM algorithm. Worldwide availability
maps show that, unlike snapshot ARAIM, batch ARAIM
meets LPV-200 requirements even using poorly
performing constellations (e.g., assuming depleted
constellations). Under conditions described in the paper,
batch ARAIM can even satisfy much more stringent
requirements, including a 10 meter alert limit.

BACKGROUND ON GEOMETRIC DIVERSITY

This work aims at exploiting changes in satellite geometry
to obtain fast and accurate estimates of carrier phase cycle
ambiguities [4]. The Integrity Beacon Landing System
(IBLS) devised in the early 1990’s [15], and
experimentally demonstrated in [16, 17], was an explicit
implementation of this principle for aircraft precision
approach and landing. GPS signal transmitters serving as
pseudo-satellites (‘pseudolites’) placed on the ground
along the airplane’s trajectory provided additional ranging
sources and a large geometry change as the receiver’s
downward-looking antenna flew over the installation. By
2000, Rabinowitz et al. designed a receiver capable of
tracking carrier-phase measurements from GPS and from
low earth orbiting (LEO) telecommunication constellation
GlobalStar [18]. Using GlobalStar satellites’ large range
variations, precise cycle ambiguity resolution and
positioning was achieved within 5 min. Another example
of LEO satellite-augmented GPS was analyzed in 2010
[13], where ranging signals from Iridium satellites were
combined with GPS to provide worldwide carrier phase
positioning and fault-detection using RAIM.

In each of the above references, geometric diversity was
provided by the fast relative angular motion between user
receiver and the few ranging sources (LEO SV or
pseudolites) in view during the five-to-ten minute long
mission duration. Conversely, in this work, we only
consider measurements from medium earth orbiting
(MEO) GNSS satellites, which are slowly moving from
the perspective of a user near the surface of the earth. It is
the multiplicity of ranging sources from several GNSS
constellations that is exploited here to achieve large
accumulated geometric diversity.

To illustrate this point, Fig. 1 (a) shows the angular
variation of GPS and Galileo satellites on azimuth-
elevation sky plots over a ten min period, for an example
location (at Chicago, IL), at an arbitrary start time. While
each individual satellite only exhibits small motion over
ten minutes, the accumulated motion of many satellites
provides the geometric diversity, which a key source of

observability for carrier phase cycle ambiguity estimation

[4].

In comparison, Fig. 1 (b) represents the geometry-
information used in the conventional ‘snapshot” ARAIM
algorithm [1-3]. In ‘snapshot” ARAIM, GPS and Galileo
raw code measurements are first individually smoothed
one-by-one using the carrier in a Hatch filter, which is a
geometry-free filtering process. CSC data are then
combined for snapshot positioning.

Both snapshot and batch estimation are represented in
Fig. 2. Let n be the number of satellites in view, and ¢

the number of samples, collected from filter initiation at
time-epoch 1 to current time ¢ . For snapshot estimation,
raw code measurements 'p,  for SV i (as indicated by

the left superscript) are smoothed using carrier data ¢y
sampled at times 1 to g (right subscripts). The resulting
carrier-smoothed code measurements ’ﬁq at time ¢ for
i=1,...;n, are then used, for example, in a weighted least
squares estimator [1], to determine the user’s position
Xgvsp at one instant in time. In contrast, the batch

estimator directly uses raw code and carrier signals from
all SVs at all times to simultancously estimate user

position x,,,., attime ¢ and floating cycle ambiguities.

The first key challenge in this work is that the ARAIM
measurement error models in [1] were only established

for CSC code ' p, » using large data collection campaigns
in [19, 20]. However, evaluating the batch ARAIM
performance requires raw measurement error models for
‘P, and 4 .
problem.

The next section addresses this

1
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Fig. 1 Example Azimuth-Elevation Sky Plot
(a) For ‘Batch’ ARAIM (10 min filtering period)
(b) For ‘Snapshot’ ARAIM (geometry-free filtering)
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Fig. 2 Overview of ‘Snapshot’ ARAIM Estimation
(top) vs. ‘Batch’ ARAIM (bottom)

RAW MEASUREMENT ERROR MODEL
DERIVATION

This section aims at deriving statistical error models over
time for raw measurements used in batch ARAIM. This
work builds upon prior work on measurement error time
correlation in [13], and aims at finding error models that
are consistent with CSC models experimentally validated
in [19, 20], and used in ARAIM [1-3].

The linearized ionospheric-error-free code and carrier
phase measurement equations for satellite i at time &
respectively are:

i

T i i i i i

Pr = X tT+ &+ Ept Eyp it Epypst bepy (1)
iy QT B i i i

G ="e X, +r,+ ' nt'e e+ EvpgiT Erng i 2

where
e, is the 3x1 line-of-sight vector in a local

reference frame (e.g., North-East-Down or
NED) for satellite i at time &

is the 3x1 user position vector in NED

T, is the receiver clock offset

&r,  isthe tropospheric error term

&y, isthe SV clock and orbit ephemeris error
'bsp,  is a nominal bias due to signal deformation
n is the carrier phase cycle ambiguity
(constant)

i :
Evpp i and Evpgi

respectively are code and carrier multipath
errors

i i
ERN.pk and ERNG

respectively are code and carrier receiver
noise terms

The following subsections describe the models assumed
for each individual source of error.

Tropospheric Delay

The tropospheric delay for SV i at time & is modeled as:
igT,k = icT,kaTD + icT,kAn h, (1 —exp(—hy, / h, )) (3)

where
b is the zenith tropospheric delay

An is the tropospheric refractivity error
h, is the tropospheric scale height

(h, =7000m)
h, is the aircraft height at time &

¢r, s the tropospheric zenith-to-slant mapping

coefficient:

iy = 1.001/ ,/0.002001+ (sin( ‘6, ))?

0, is the elevation angle for SV i at time &

The first term in (3) is the instantaneous error contribution
assumed in snapshot ARAIM [1, 2]. A second term is
added in (3) to account measurement error variations
caused by changes in aircraft altitude. This extra term is
the tropospheric error model used in the Local Area
Augmentation System (LAAS) [21]. It is also assumed

that the zenith tropospheric delay b,,, is zero-mean
normally distributed with variance &, . We use the
notation: by ~ N0, 03) and we assume:
o, =0.12m [1]. Also, we assume An~ N(0, o},),
with o,, =30 mm/km.

Satellite clock and orbit ephemeris error

The satellite clock and orbit ephemeris error equation for
satellite i attime k& is:

igE,IcZibE+igE(tk _Zo) +igRES,k “4)

where
‘b, is an unknown, constant bias



‘g, is an unknown, constant gradient
f is the first time-epoch of the batch interval
¢ represents any time k during the batch

interval, such that 1<k <gq, where ¢ is the
last epoch of the batch interval)
"€4pss  Tesidual errors not captured by bias + ramp

The first term in (4) captures the instantaneous
uncertainty in ‘s, ,. It is therefore set according to

ARAIM assumptions as: ‘b, ~N(0, o.,), Where

nominally, o,,,=1m [2].

It can easily be shown that a time-invariant bias ‘b,
affecting a sequence of data in Hatch filter causes an error
'b, to the resulting CSC ‘p,. But, the ARAIM error
model does not specify whether nominal SV clock and

orbit errors can be assumed constant. In response, the
second term in (4) is added, which is a ramp over time

with an unknown but constant gradient ‘g, , accounting

for linear variations from the initial value over (¢, —¢, ).
Reference [13] cites references [22-24] to make the
‘g, ~ N(0,(4.7-107* m/s)’).
Also, reference [13] gives evidence that periodic
variations of orbit errors are proportional to the MEO

GNSS orbital period, which is much larger than 10
minutes. This supports the linear model assumption.

following assumption:

To further validate equation (4), a preliminary
experimental data analysis is carried out. Similar to prior
work in [2, 23, 25], precise GPS satellite orbit and clock
estimates from the National Geospatial-Intelligence
Agency (NGA) are considered ‘truth’ reference data, and
are compared to broadcast ephemeris obtained from the
Crustal Dynamics Data Information System (CDDIS).
However, in contrast with [2, 23, 25], the focus is on the
validation of error model characteristics over time.

In this preliminary analysis, a limited set of data from
June 7, 2015 to June 20, 2015 is processed, for Block IIF
satellites including PRNs 1, 3, 6, 9, 26, 27, and 30. The
bias-plus-ramp model in equation (4) is fit to truth-minus-
broadcast data. Because NGA orbit data is only provided
every five minutes, the fit interval is selected to be 30-
minute long. This is larger than the example 10-minute
batch period assumed in the next sections of this paper,
but it will provide conservative results because residual
fitting errors are larger over 30 min than they would be
over 10 min.

Parameter distributions for ‘b, and ‘g, were established
and bounded in the cumulative distribution function

(CDF)-sense [26, 27]. The standard deviations of the
over-bounding Gaussian functions are provided in Table 1
for the clock error contribution, and for the three-
dimensional orbit errors. Orbit errors are expressed in a
local-level, satellite-fixed reference frame, in terms of the
in-track, cross-track and radial components [22]. Because
GPS satellites are at altitudes of about 20,000 km, user
receivers near the surface of the earth are affected by
ranging errors that are mostly due to the radial orbit and
clock components. Fortunately, radial and clock errors
are significantly smaller than in-track and cross-track
components, as shown in Table 1.

To get a conservative estimate of the error parameter
variance o, for ‘b, while taking into account the worst-

case geometry between SV and user receiver near earth
surface, we consider the following equation:

2 2 2 2 2 2
O-BE = O-BE,CLK + O-BE,R + 024 (O-BE,I + O-BE,C) (5)

where 0.24 is a multiplier accounting for the worst-case
projection of non-radial orbit error components [25], and

2 2 2 2 3
Osrcik» Osers» Oppy and op, . respectively are the
variances of the clock, orbit radial, in-track and cross-
track error components contributing to [bE. The same

can be done for the variance o, of ‘g, . It follows that

0,;=0.65m and o, =1.2-10" m/s, which are both
smaller than the assumptions made in the upcoming
availability analysis (we will assume: o, =1m and
0o =47-10" m/s). A larger set of data will be
analyzed in future work to further validate these numbers.

In addition, the distributions of residual errors ‘g, are
plotted for the clock and radial orbit components in Fig. 3
and 4, respectively. ‘g, , is obtained by removing the
best fit bias-plus-ramp model from the truth-minus-
broadcast data. The figures show that ‘e, is not

negligible as compared to other error sources affecting
carrier measurements. Since we do not know whether
these residual errors are due to errors in the NGA ‘truth’
data, we will account for them in the availability analysis,
assuming:

Eapsx ~ N0, (0.025 m)?) (6)

where the standard deviation of 0.025 m was obtained
using the same formula as in equation (5) but applied to

'€pps; Using the bounding standard deviations in the
rightmost column of Table 1. Future work will include a
detailed analysis of the time-characteristics of ‘&g,

which, for now, is modeled as white noise.



Table 1. Error Model Parameter Over-Bounding
Standard Deviations

Standard deviation of bounding
Gaussian function

bg 8E ERES
Clock 0.47 m 2.9-10° m/s 0.012m
Orbit 0.19m | 7.510°m/s | 0.02m
radial
Orbit 142m | 3210%m/s | 0.018m
in-track
Orbit

0.96 m 1.6-10* m/s 0.034 m

cross-track

Folded Cumulative Distribution Function

f| ===== sample CDF
overbounding Gaussian: Oop = 0.012m

-5
10 : : r : : : :
-0.04 -0.03 -0.02 -0.01 0 0.01 0.02 0.03 0.04

Residual Clock Error, ¢

RES,CLK (m)
Fig. 3 Folded CDF (Empirical and Bounding
Gaussian) for the SV Clock Error Component of the
Best-Fit Bias-Plus-Ramp Model

g === sample CDF
overbounding Gaussian: Oog = 0.02m

Folded Cumulative Distribution Function

5

-0.08 -0.06 -0.04 -0.02 0 0.02 0.04 0.06 0.08
Residual Orbit-Radial Error, ¢

T

10

RES,R (m)
Fig. 4 Folded CDF (Empirical and Bounding
Gaussian) for the Orbit-Radial Error Component of
the Best-Fit Bias-Plus-Ramp Model

Multipath Error

In this work, time-correlated raw code and carrier
measurement errors due to multipath reflections are
modeled as first order Gauss Markov Processes (GMP)

with time constant 7,,,. Using this model, reference [28]
provides an expression of the steady-state CSC multipath

error variance iofdpﬁ in terms of 7,,,, of the Hatch filter

MP >
(HF) smoothing time T7,, , of the HF sampling interval
T, , and of raw code and carrier error variances Gfﬁ,’ .
and o,,,, , respectively. ‘o, > is given by:
L at+aff-p ig2

P Qa-a-ap+p) M

_ 2a-D)'(1-p) i

Qa-la-ap+p)

(7

where a= T//F/TS and S =exp(—T /TMP)

In parallel, ARAIM uses an elevation-dependent model
for O'fﬂ,ﬁ [1]. For example, for GPS, the following

equation is given:
'Grps = Cr(0-13+0.53exp(~ 16, /10))  (8)

where
Cr is the ionosphere-free  measurement
combination multiplier:

Crr = \/(fL41 +fL45)/(fL21 _fL25)2

Ju1» fus respectively are L1 and L5 frequencies

‘0, is the elevation angle in degrees for SV i at

time &

(A similar model is given in [1] for Galileo.) Equation (8)
was established using experimental data collected and
analyzed in [19], using 7,,=100 s and Ty =0.5 s. And,
we assume, based on experimental data analysis in [13,
26], that ‘o;,, is 100 times smaller than ‘o, .
Equation (7) still contains two unknowns: iGAZ/,P’ , and

Typ

Fortunately, a second set of experimental data was
analyzed in [20], which provides a different value of the

CSC standard deviation ’IO'MP,;,,L}OS assuming 7, =30 s.

This second relationship provides the means to solve for
both unknowns in equation (7). It follows that:

[GMP,p,k :1'5iO-MP,ﬁ,k > iO_MP,q),k :O'OISiO-MP,ﬁ,k )



and T,,=80s (10)

Receiver Noise

The CSC receiver noise standard deviation assumed in
ARAIM [1] is given by:

G = Cr(0.15+0.43exp(~'6, /6.9)) (1)

Receiver noise is time-uncorrelated. We follow the same
approach as for multipath errors in equations (7) to (9),

which is simplified because 7,,, no longer needs to be
determined, and f=0. Raw code and carrier standard
deviations are thus expressed as:

[GRN’p,k :19.6"0'RN35’,( , iO'RN"p,k :0.196"0',‘,,\,,5,,{ (12)

Throughout this section, we made the assumption that the
error models are robust and accurate over the entire 10-
minute-long batch interval. References are cited in [13]
to support this assumption, but further experimental
validation will have to be carried out in future work. The
only source of error left unaddressed in equations (1) and

(2)is 'bg,, , which is dealt with in the next section.
BATCH ESTIMATOR AND DETECTOR DESIGN

In this section, the measurement error models derived
above are incorporated in a batch estimator and in a
batch-MHSS RAIM fault-detection algorithm that enables
integrity risk evaluation.

Batch Measurement Equation

For each SV i, code and carrier measurements from
times 1 to ¢ are respectively stacked in g x1 vectors 'p

and '¢. These vector are then arranged in a 2gnx1

batch measurement vector:
[(pT pT]T:[lq)T n(pT lpT in]T (13)

This vector can be then expressed in terms of state
variables, and of measurement error vectors as:

u
|:(pi| — G HN HERR 11 + VRNM,¢ + |:0qn><li| (14)
p G 0qn><n HERR s VRNM,p bSD

where

u is a 5gx1 vector of positions and GPS and
Galileo receiver clock offsets at all times

n isan nx1 vector of cycle ambiguities:

S iR is a 2(n+1)x1 vector of constant error
states.

0

is an axb matrix of zeros

axb

Vector u is constructed using the following equations:
T T T
u= [ul “k]r o W= [Xk Taps.k TGAL,k]T (15)

where 7,5, and 7., , are the receiver clock offsets for

GPS and Galileo respectively, assuming that the time-
offset between the two constellations is unknown.

The vector of constant cycle ambiguities is defined as:
n=[ - ] (16)
The vector of error states is given by:
e | (17)

where b, and g, are the nx1 vectors of constant clock
and orbit ephemeris biases and gradients for all n
satellites constructed following the exact same pattern as
n in equation (16). Error states s,,, are included in the

state vector, not because their estimated values are of
interest, but because state augmentation is a practical way
to incorporate measurement error dynamics.

The batch geometry matrix G and states coefficient
matrices H,, and H,,, are not explicitly expressed here
to limit the length of the paper. But a similar batch

realization incorporating code and carrier measurements
as well as similar error states can be found in [13, 29].

Vector [VITQNM## Vi, ,] accounts for receiver noise and

multipath affecting carrier phase and code signals. Its
covariance matrix is noted V. Matrix V is block
diagonal. Each block for carrier and code corresponds to
a satellite. Within each block, off-diagonal components
capture the time-correlation due to multipath error, which
is modeled as a first order GMP. A more detailed
description of how to construct V is given in [13, 29].

The gnx1 vector of nominal biases due to signal

deformation by, for all SVs at all times is arranged the
same way p is in equation (13).



The batch measurement equation (14), to which we add a
2gnx1 batch fault vector f, which will have to be

detected, can be rewritten in a standard form as:

z=Hx+v+f (18)
where
z is the batch measurement vector
H is the batch observation matrix,
X is the batch state vector
A is the batch measurement noise vector:

v~ N(0"

gnx1

b1, V)
Batch Estimator Design

The batch weighted least-squares (WLS) estimate for the
state of interest (e.g., for the vertical position coordinate,
which is of primary interest in aircraft approach
navigation) obtained using all available measurements is
also referred to as full-set solution. It is defined as:

X, =8z (19)

where s, is the 2gnx1 vector of batch WLS coefficients
(the same notations, with additional details, are used in
[30]). The full-set estimate error is noted &, :
&, =x—Xx,, where x is the true value of the state of

interest. ¢, is such that:
T 2 _ T
gy ~ Nlb, +sif, o2 =s!'Vs, ) (20)

where b, is the impact on state estimation of nominal

errors due to signal deformation (SD) by,. The ARAIM
error model in [1-2] does not specify whether SD biases
b, are constant over time, but it assumes that the

elements of by, can all be bounded by a maximum value

noted b, : b,,.=0.75m in[2]. We further assume that

ranging errors due to SD are different for all satellites, but
do not change sign (positive to negative or vice-versa)
during the batch time-interval. It follows that b, can be

bounded by:

nom

bO S|S(I)“Alrl><lbnom (21)

where | | is the element-wise absolute value operator,

and:

gx1 gx1 qul
A=[or., AT] , A, = 0?1 1, :
0, 1,
where
1 is an axb matrix of ones.

axb
Batch Detector Design

A multiple-hypothesis solution separation (MHSS) batch
RAIM method [1, 2, 14, 30, 31] is adopted for detection
of f. Let & be the number of fault hypotheses that need
to be monitored against (refer to [30] for details on how to
determine /4). A set of mutually exclusive, exhaustive

hypotheses H,, for i=0, ..., i, is considered. Under
H,, a number n, of measurements is simultaneously
impacted by the fault. The fault-free subset solution,
which excludes these 7, measurements, is written as:

% =s'z, where s, is the 2gnx1 vector of the subset
solution’s batch WLS coefficients with zeros for elements

corresponding to the #n, faulted measurements [30].

Under H, , the estimation error &, of X, is such that:
& ~N(b, +s'f, 67 =s]'Vs,) (22)

where b < |sf A

1.5 . (23)

nx1~"nom
The batch MHSS test statistics are then defined as:

A,

i

X, —X =s\z, fori=1, ..., h, (24)

A, is normally distributed with variance

O-ii = O—iz - O-g (25)

In snapshot ARAIM, hypotheses H, are defined by

satellites being faulted or not. Let us consider a fixed
subset of satellites being faulted. Batch ARAIM opens
the possibility for a sub-subset (within the subset of
faulted SV data) of measurements over time being fault-
free. When determining faults that need to be monitored
against in a batch, it is worth asking whether a larger
number of measurements being affected over time
necessarily causes a higher integrity risk. On the one
hand, more faulted measurements may increase the
estimation error, but, on the other hand, it may also
provide more opportunities for detection.



In this regard, it can first be reminded that the failure
mode slope, which is the ratio of the mean of ¢, over the

mean of A, /o,;,is shown in [30] to be equal to o,,. The

larger the failure mode slope o,,, the larger the integrity

risk [30-32]. It follows that the higher the number of
faulted measurements, the higher the fault-free subset

solution variance o, the higher o}, in equation (25),

and therefore the higher the integrity risk. This means
that a fault affecting the complete sequence of
measurements, from time epochs 1 to ¢, can always

cause a larger integrity risk than a fault affecting a subset
of these measurements. We therefore consider subset of
satellites being faulted from time 1 to ¢, but we do not

need to consider subset measurement-sequences from
some intermediary time k =1 to ¢q.

Reduced Batch Implementation

In this section, two additional parameters are defined. Let
T, be the batch period, i.e., the finite interval over which

measurements are processed: 7, determines the amount
of change in SV geometry (e.g., we will use 7, =10 min

in the next sections of the paper). Also, let 7 be the
sampling interval, i.e., the time between raw samples
within the batch (e.g., Ty =0.5 s). Batch equations (13) to
(25) assume that multi-GNSS measurements are
processed at regular T -intervals over T7,.  The

dimensions of the resulting batch matrices and vectors are
therefore very large, and matrix inversions, needed for

example to calculate s, in equation (19), are extremely
time consuming.

In response, we derive a reduced batch implementation,
illustrated in Fig. 5, based on raw carrier phase and CSC
measurements taken at few, infrequent sample times

during 7,. This algorithm exploits the same two

fundamental estimation principles as the full batch: (a)
raw code measurement errors due to multipath and
receiver noise are averaged out, in this case using CSC
obtained from Hatch filters (HF); (b) redundant satellite
motion is captured using raw carrier phase measurements
at few, temporally-separated sample times.

Let T,,, be the reduced batch sampling interval within

the batch period 7,. Because in this reduced batch
process, noise averaging is performed in separate HF’s,
Typs can be selected much larger than the raw

measurement sampling period Ty (Typs>> T ).

—
lpl,...q% Hatch ™ g 2
o5 b ? Filter | '5 S| Reduced 3
38 Batch A %kébg
Ss : Weighted | X 582
52 s Least > =4 5 g
TS o, Hatch [7/1 | Squares -
Prg=ppf He e Estimator €
4, ? Filter ;Pq —> 5

CSCandraw carrier atinfrequent
times (e.g., 3 times over 10 min)

Fig. 5 Reduced-Batch (RB) ARAIM Implementation

For example, in the ‘Batch ARAIM Availability Analysis’
Section, we use 7T, =10 min, and Tj,;=5 min. The
resulting number of sample times is reduced from
q =1200 for the full batch (for 7, =10 min, 7, =0.5 s)

down to g =3 for the reduced batch.

The reduced batch ARAIM MHSS method is the same as
the full batch process described in equations (13) to (25),
except for two main differences. First, equation (14)
becomes:

u
|:(i)} — G HN HERR n + VRNM,¢ +|:0qn><l:| (26)
p G anxn HERR s VRNM,E bSD

where
q is the number of sample times, which is
much smaller for the reduced batch than for
the full batch
N isa gnx1 vector of CSC measurements

Veuwy 18 @ gnxl vector of CSC receiver noise and

multipath error terms

Then, the covariance matrix V  of  vector
[V;NM% V,TQNMﬁ] is no longer block diagonal because
raw carrier measurements are correlated with CSC due to
Hatch filtering. Complete analytical expressions of the

correlation between CSC and raw carrier measurements
are given in Appendix. It is worth noting that the 5-

minute 7T,.-value used in the next sections of this paper
is very large as compared to the multipath correlation
time-constant (7,,, =80s) and to the HF smoothing time

constant (7, =100 s). It follows, as explained in
Appendix, that the expression of V can be simply and

accurately approximated using blocks of diagonal
matrices.



In summary, the reduced batch ARAIM MHSS method
presents the following characteristics.

e It is much more computation and memory
efficient than the full batch.

e [t provides equivalent availability performance to
the full batch.

e Since it is based on CSC, it only requires minor
modifications of existing snapshot ARAIM
algorithms.

The reduced batch implementation in Fig. 5 is used in
section ‘Batch ARAIM Availability Analysis’. From now
on, it is referred to as ‘batch ARAIM’. The raw-
measurement-based batch in equation (14) will be
referred to as the ‘full-batch’, and is used in the next
section to analyze raw measurement error models.

Integrity and Continuity Risk Evaluation

The integrity risk, or probability of hazardous misleading
information P,

. » 18 evaluated using the following upper-
bound [30]:

P <Pl 1601 >0 B, )Py,

h 27)
+ZP( le, |+ T, >(|H, )PH,.
i=1
where
l is the alert limit (AL) that defines hazardous
situations: in [2], the vertical AL is ¢=35m
P, is the prior probability of H, occurrence

H, is the fault-free hypothesis
H. for i=1,..., h are the fault hypotheses

corresponding to  faults on  subset

measurement ‘i’ (including single-satellite
and multi-satellite faults)

Under fault-free hypothesis H, , the detection threshold
T, is set based on an allocated continuity risk

i

requirement  Cp,, (specified in [2]) to limit the

probability of false alarms. T, can be defined as:

T, =Q"{ Creo/(2hPy,) }aA, (28)
where the function Q7'{} is the inverse tail probability

distribution of the two-tailed standard normal distribution.

The following section analyzes the probability
distributions of &,, &, and A, for batch versus snapshot
ARAIM, and for varying values of the batch period.

ANALYSIS OF MEASUREMENT ERROR MODELS
AND OF SNAPSHOT VS. BATCH APPROACHES

This section describes a step-by-step analysis to show
that, given 7, of about 10 minutes, estimation

performance improves substantially for batch ARAIM as
compared to snapshot ARAIM. The ‘full-batch’
described in equation (14) and based on raw
measurements is used in this section.

‘Frozen Geometry’ Analysis: Raw Versus CSC
Measurement Error Model Comparison

The comparison between snapshot ARAIM and full-batch
ARAIM in Fig. 1 and 2 highlights that the main
difference between the two approaches is the use of SV
motion. Assuming a constant, ‘frozen’ geometry should
therefore provide identical performance for both
implementations. This point is used to confirm that the
raw measurement error models in equations (1) to (12) are
consistent with ARAIM CSC models in [1, 2].

To do so, the transient response of the Hatch filter (HF)
must also be accounted for, because CSC error models in
[1, 2] are specified assuming that the HF has reached
steady-state. The steady-state CSC standard deviations
are expressed, for example in equation (5) for multipath
noise, in terms of o =7, /T; . In parallel, in Appendix
A of [29], the variance of the full-batch position estimate
assuming a frozen geometry is expressed in terms of the
number of samples ng (ng=T,/Ty). These two
expressions can be used to determine that equivalent

performance is expected when 7, =2T,,., ie., in this

case, when 7, =200 s.

In the following Figures 6 to 8, the means and standard
deviations that define the distributions of the random

variables of P, in equation (27) are evaluated over 24
hours, at an example Chicago location (25.5 deg N, -80.1
deg E), assuming dual-frequency measurements from
GPS and Galileo. Nominal simulation parameters are
further described in the next section. The means and
standard deviations for full-batch ARAIM are o, b,,
o,, b, ,and o, defined in equations (20) to (25). The
same quantities for snapshot ARAIM are respectively
noted o,, b,,
in all three figures.

o,, b,,and o,,. The legend is the same
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Fig. 6 Comparing Snapshot and Full-Batch ARAIM
to Show that Raw Measurement Error Models are
Consistent with ARAIM Assumptions on CSC in [1, 2]
(frozen geometry, 7= 200s).

Fig. 6 is established for 7, =200 s. Snapshot versus

full-batch results match closely, which confirms that the
raw measurement error models derived earlier are
consistent with ARAIM assumptions in [1, 2].

Impact of Satellite Motion

The estimation error means and standard deviations are
plotted in Fig. 7 assuming the same simulation parameters
as in Fig. 6, but the geometry is no longer frozen. Fig. 7
shows the substantial impact of satellite motion over

T, =200 s on estimation performance. It confirms that

bias observability using SV motion is a performance-
driving principle, together with noise averaging over
numerous samples. This effect is further accentuated in
Fig. 8, where the batch interval is increased from

T, =200 s to T, =600 s.

.
o o
T 1

Vertical Standard Deviation or Bias (m)

Time (hr)
Fig. 7 Impact of Satellite Motion:
all parameters identical to Fig. 6, but geometry is no
longer frozen (7= 200s).

Vertical Standard Deviation or Bias (m)

Time (hr)
Fig. 8 Impactof T :
all parameters identical to Fig. 7, except Tz = 600s.

The integrity risk Py, is plotted in Fig. 9 for the full-
batch ARAIM (T, =600 s, T, =0.5 s) and for reduced-
batch ARAIM (T, =600 s, T,,,=300 s), over 24

hours, at the example Chicago location. The dashed line
in Fig. 7 is the integrity risk requirement /,,,,, specified
in [2] to be: 7,,,=0.98-10"" for the vertical position
coordinate. Fig. 9 also assumes that the vertical alert limit
in equation (24) is ¢ =10 m, that prior probabilities of

satellite and constellation faults, noted P, in equation



(24), respectively are P, =10~ and P,

const = 1078 > and
that the continuity risk requirement in equation (28) is

Crup=3.9-10°.

Fig. 9 shows the dramatic P, -reduction obtained using
full-batch ARAIM as compared to snapshot ARAIM. In
Fig. 9, the fraction of time where the solid curves are
below the dashed line is the availability. In this case,
availability is 100% for full-batch ARAIM, and is much
lower for snapshot ARAIM (65%). In addition, Fig. 9
shows that full-batch ARAIM and reduced-batch ARAIM
have overlapping P, -curves, even though reduced-
batch ARAIM is much more computation and memory
efficient.

BATCH ARAIM AVAILABILITY ANALYSIS

This section evaluates the global availability of LPV-200
navigation requirements to support localizer precision
vertical aircraft approach operations down to 200 feet
above the ground, using ARAIM with dual-frequency
measurements from GPS and Galileo. Nominal
simulation parameters are defined in [2], and include:

e afive degree satellite elevation mask

e ARAIM CSC measurement error model

parameters in equations (1) to (10), and (21)

lrpo=0.98- 107,

Crrp=39-10°, /=35 m
e  prior probabilities of faults:

Psat = 1075 > P(‘r)nst = 1074
e reduced-batch period and sampling interval:

T, =10 min, T,,,=5 min

e navigation requirements:

e nominal constellations, comprising 24 GPS
satellites and 24 Galileo SVs [33]

These parameters are modified below to evaluate
performance sensitivity. In order to account for potential
satellite outages, depleted constellations of ‘24-1° GPS
satellites and ‘24-1° Galileo SVs [33] are considered as
well.  Additional requirements, including Effective
Monitor Threshold (EMT) and fault-free accuracy
requirements [2], are included in the simulation but not
discussed in this paper as they only have a minor impact
on overall availability.

Batch Vs. Snapshot ARAIM Availability Using
Depleted Constellations

Figures 10 and 11 display availability maps for a 10 deg x
10 deg latitude-longitude grid of locations, for depleted
‘24-1" GPS and ‘24-1’ Galileo constellations, for satellite
geometries simulated at regular 5 minute intervals over a
24 hour period. Availability is computed at each location

as the fraction of time where the Py, -bound meets 7.

———required F’HMI
4
10 ™| —— CSC: Snapshot ARAIM
--+- Reduced-Batch ARAIM (TB=6OOs, TRBS=300$)
—— Full-Batch ARAIM (TB=6008, TS=0.5S)
107 E
10°E 4

Integrity Risk

=

ally T )
!

10°¢ k

r r

0 5 10 15 20
Time (hr)

10°

Fig. 9 Integrity Risk Bound Obtained Using Snapshot
Vs. Batch ARAIM: all parameters identical to Fig. 8
(Tg= 600s, Trp=300s).

Fig. 10 Availability Map for Snapshot ARAIM
using depleted constellations, P.,,, = 10'4, £=35m
(coverage of 99.5% availability is 61%).

45°N

45° S

Fig. 11 Availability Map for Batch ARAIM
using depleted constellations, P.,,, = 10'4, £=35m
(coverage of 99.5% availability is 99.6%).



In the figures, availability is color-coded: white color
corresponds to a value of 100%, black represents 80%.
Constant availability contours are also displayed. The
gray areas in Fig. 10 indicate that snapshot ARAIM is
clearly outperformed by batch ARAIM in Fig. 11.

The worldwide availability metric given in the figure
captions is the weighted coverage of 99.5% availability:
coverage is defined as the percentage of grid point
locations exceeding 99.5% availability. The coverage
computation is weighted at each location by the cosine of
the location’s latitude, because grid point locations near
the equator represent larger areas than near the poles. Fig.
10 and 11 show that the coverage of 99.5% availability
increases from 61 % for snapshot ARAIM, to 99.6% for
batch ARAIM, assuming / =35 m.

This result was obtained using the ‘baseline’ snapshot
ARAIM algorithm described in [1-3]. Reference [2] also
provides an ‘optimized’ estimator, which, when evaluated
under the same assumptions as in Fig. 8, provides
coverage of 99.5% availability of 81%. Therefore, even
using an optimized estimator, coverage using snapshot
ARAIM is 19% lower than using batch ARAIM.

Batch Vs. Snapshot ARAIM Availability for a Ten
Meter Alert Limit

Figures 12 and 13 evaluate the potential of batch ARAIM
to meet requirements that are more stringent than
LPV200, including a tight alert limit: / = 10 m. One key
assumption to achieve high availability is that the prior
probability of constellation-wide faults must be reduced
to P =10". This assumption, also considered in

ARAIM [2], may be accomplished using the guidelines in
[34]. These guidelines exploit additional information
from the Air Navigation Service Provider (ANSP) ground
segment. In Fig. 12 and 13, availability maps assume
nominal 24-satellite GPS and Galileo constellations. The
same color code as in Fig. 10 and 11 is used. Again,
batch ARAIM in Fig. 13 provides a dramatic
improvement as compared to snapshot ARAIM in Fig. 12.

Worldwide coverage of 99.5% availability, and of 95%
availability (given in parentheses), for the above
configurations, for both nominal and depleted
constellations, are listed in Table 2. Table 2 quantifies the
global performance improvement brought by batch
ARAIM as compared to snapshot ARAIM. As mentioned
throughout the paper, this improvement comes at the cost
of higher computation and memory loads. It must also be
noted that, for aircraft navigation standards that are more
stringent than LPV200, and that include / = 10 m,
additional requirements are typically involved, e.g., on the
communication link between ANSP ground segment and
aircraft. Such considerations are beyond the scope of this

paper.

Fig. 12 Availability Map for Snapshot ARAIM
using nominal constellations, P, = 10‘8, (=10 m
(coverage of 99.5% availability is 0%).

45° N[
0

45° S|

Fig. 13 Availability Map for Batch ARAIM
using nominal constellations, P,,,, = 10'8, =10 m
(coverage of 99.5% availability is 80%).

Table 2. Coverage of 99.5% Availability
and Coverage of 95% Availability (in parentheses)

Snapshot Batch

ARAIM ARAIM
nominal constellations , 95.6% 100%
Pepne =107, /=35m (100%) (100%)
depleted constellations, 61% 99.6%
Peone =107, /=35m (99.4%) (100%)
nominal constellations, 0% 80%
Pepnse=10%, /=10 m (0%) (99.8%)
depleted constellations, 0% 29%
P =10%, /=10 m (0%) (61%)

While Table 2 suggests that a 10 meter alert limit may be
reachable wusing nominal constellations, additional
research is needed to demonstrate whether more stringent
precision approach requirements can be fulfilled.




CONCLUSION

In this paper, a new ARAIM integrity monitoring method
was devised, which exploits the motion of satellites from
multiple GNSS. Raw measurement error models over
time were established, which were shown to be consistent
with ‘snapshot” ARAIM assumptions on carrier-smoothed
code measurements in [1, 2]. These raw measurements
were then incorporated in batch-type estimation and
solution-separation fault-detection processes.

The impact of satellite motion on ‘batch ARAIM’ was
analyzed as a functions of batch period, and then
quantified globally in comparison with conventional
‘snapshot ARAIM’.  The proposed batch ARAIM
implementation is slightly more computation and memory
expensive than snapshot ARAIM. But, it can provide
dramatic performance improvements both when aiming to
achieve  LPV200 requirements using  depleted
constellations, and when trying to meet a much more
stringent 10 meter alert limit.

The next step of this research is to validate the raw
measurement error models over time using large amounts
of experimental data.
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APPENDIX: MEASUREMENT ERROR
CORRELATION IN REDUCED BATCH
IMPLEMENTATION

This appendix provides analytical expressions of the
correlation between CSC and raw carrier measurements.
These expressions are needed to express the measurement

. . . X7 T T .
noise covariance matrix V of vector [Vyy, Ve ;] in

equation (26).

Equations are provided assuming time-correlated raw
code and carrier phase noise modeled as first order Gauss-

Markov processes with a time constant 7}, :
& :ﬂgp,kfl Vi (A.1)
Epp = ,ng_] + Vi (A.2)

where v, and v,, are white random sequences, and:

B=e 'l (A.3)

These models are used to account for multipath (assuming
T,,»=80s) and receiver noise (assuming £ =0).

We can express the raw carrier phase measurement time
correlation as:

E {gqﬁ,k—l‘ggb,k }: E {8¢,k—1 (ﬂggb,k—l Vi )} = ﬁaqik—l (A4)

where E{} is the expected value operator, and where we
defined G;)k =E{¢,,64,1-  For the reduced batch

implementation, measurements are taken at infrequent
time intervals, much larger than the raw data sampling
period. Let us define the number K of raw samples in-
between two successive reduced-batch samples. K is
given by:

K =T,,/T, (A.5)

For example, for values used in performance analysis,
K =600. Over T,,,, equation (A.4) becomes:

E {g¢,k—/<g¢,k } =p 0, « (A.6)

For K =600, Ty, =0.5s and T,,, =80s, we can use the

following approximation: E{e,,  &,,}~0.

In addition, the HF CSC measurement equation is
expressed as:

1
g, =—¢
a

a-—1
okt T (gﬁ,k—l t&E5 — 5¢,k71) (A7)

where a=T,|T, (A.8)

Equation (A.7) is used to evaluate the correlation between
&5, and &, , which can be written as:

E {gﬁ,k%,k }
1 a-1
= E{|:; ok + 7 (gﬁ,k—l + ok ~E€pin ):|g¢”k}

- éE{gp,k%,k }+ a_E{ ﬁ,k—1‘9¢,k}
i TE{8¢,k8¢,k }_a_—l

E {5¢,k—1'9¢,k }

a-1 a-1 a-1
=0+——pEie-, &, (+——0°, ——— for,_
a /3 {p,kl ¢,kl} o bk a ﬂ ¢.k-1



Assuming that Elg,,&,,} ~ E{€;,,6,,,), which is

realistic because measurement noise correlation
characteristics do not change over one time step of

Ty =0.5 s, we obtain the following expression:

a-—1

m(%,k =Pos)  (A9)

E{gﬁ,kgz»,k }:

The carrier phase measurement variance O';‘k changes
over time: it is elevation-dependent and varies with
satellite motion. But it is constant over 7y =0.5 s, so
that equation (A.9) becomes:

Ele, 16, = 7@ ~1X1-B)or, (A.10)

1
Ca+(-a)p

where 1% (A11)

The same assumptions, and the same type of derivations
are used to establish the following results, which are

needed to populate V :
e iepf=1@=101- P07, (A12)

Ele, 6,0 i = 1@=D(B-DS02, « (A13)

One of the most challenging terms to obtain is the time-
correlation of CSC measurements over time. Time-
correlation is caused both by multipath and by the HF,
which keeps a finite memory of past measurements. A
full derivation is not provided here to limit the length of
the paper, but the following result was obtained:

E {gﬁ,kgﬁ,k—x }

1 (a—1)
=3y [gﬂyo-;,kk R (B-D'yo,, x| (A14)
a-1\" )
+ T O-ﬁ,k—l(
where we used the notations:
K1 g1 K-1-i i
Cx = Z(T) B (A.15)
i=0

ooy EE{eﬁ,kgﬁ,k} . O EE{gp,kgp’k} (A.16)
It is worth noting that when T,,>>T, ., and T,>> T, ,

which is the case in our performance analysis, the
correlation terms in equations (A.6) and (A.12) to (A.14)

cancel to zero. The only non-zero terms left in V are the
known quantities o, = E{¢,,&,,}, 02, =E{e;,65,},

and E{¢;,&,,} inequation (A.10).
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