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Abstract In 2017, the new generation Satellite-Based Augmentation System (SBAS) test-bed was initiated
by Australia and New Zealand, which supports the dual-frequency multi-constellation (DFMC) positioning
with both GPS and Galileo signals. This new SBAS DFMC service allows the elimination of the first-order
term of the ionospheric delays, and extends the service area to the entire footprint of the geostationary
satellite. In addition to the satellite clock and orbital corrections, the integrity information is also broad-
cast by the SBAS satellite to users, so that protection levels can be computed to bound the positioning
errors with a pre-defined probability of hazardous misleading information. Different from the aeronautical
applications, the ground-based applications for road transport may suffer from new problems in differ-
ent measurement environments, e.g., complicated multipath behaviours and frequent filter re-initialisations
during positioning in urban areas. A new weighting model allowing different impacts of the elevation an-
gles, the signal-to-noise-ratios and the smoothing time after re-initialisations is proposed and compared
with the traditional elevation-dependent weighting model. The model is applied to the carrier-smoothed
code measurements in different environments, i.e., the open-sky scenario, the suburban scenario and the
urban scenario. It is found that the new weighting model effectively de-weights the large residuals in the
suburban and the urban scenarios, where the mean values and the standard deviations of the overbounding
excess-mass cumulative density function can be significantly reduced for the combined weighted noise and
multipath. Using 1 Hz GNSS observations measured in these three measurement environments, the hor-
izontal positioning errors (HPEs) and the horizontal protection levels (HPLs) are computed for different
filter smoothing windows. Applying the new weighting model, significant reduction can be observed in the
mean HPLs in the suburban and urban scenarios. Among them, the reduction in the HPLs have reached
about 35-40% in the suburban scenario. The mean absolute HPEs are also reduced by about 10% in the
urban scenario. However, when under the open-sky scenario, the traditional elevation-dependent weighting
model is sufficient for the positioning and integrity monitoring using the SBAS DFMC service.
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1 Introduction

The satellite-based augmentation system (SBAS) is a widely-used GNSS-augmented service, which improves
the accuracy, availability and reliability of the positioning service by broadcasting precise satellite-related
corrections, integrity information, and extra ranging signals from geostationary (GEO) satellites to users
in real time. During the last decades, different SBAS were put into usage and are continuously providing
wide-area or regional augmentation to the user positioning. Examples are the Wide Area Augmentation
System (WAAS) of the USA, the European Geostationary Navigation Overlay Service (EGNOS), the
Multi-functional Satellite Augmentation System (MSAS) of Japan, and the GPS Aided Geo Augmented
Navigation (GAGAN) system operated by India. These SBASs were mainly developed for aviation, and
hence fulfil the corresponding aviation requirements (RTCA 2016). An overview can be found in Choy et al.
(2017).

Making use of the raw GNSS measurements collected from a ground reference network, the traditional
SBAS service transmits satellite-related corrections, integrity information, and extra ranging signals via
the L1 frequency at 1575.42 MHz to users, supporting the single-frequency single-constellation positioning
service (RTCA 2016). The service area is in such a way limited by the ionospheric corrections broadcast
to the users, or in other words, limited by the ground network processing the ionospheric delays. The
positioning accuracy is also sensitive to the accuracy of the ionospheric corrections. Studies were performed
to investigate different variants of the ionospheric corrections and their impacts on the accuracy and integrity
of the SBAS L1 service (Grunwald et al. 2016). Making use of two frequencies instead, the first-order term of
the ionospheric delays, which occupies about 99% of the total ionospheric effect (Hoque and Jakowski 2012),
can be eliminated by forming the ionosphere-free (IF) linear combination. Without needing to broadcast
the ionospheric corrections, the service area of the SBAS is extended to the entire footprint of the GEO
satellite.

Moving to the next generation of SBAS by many existing systems like WAAS and EGNOS, a second
frequency, i.e., the L5 frequency at 1176.45 MHz, is utilised for signal transmission from the SBAS satellites.
The new service tends to support dual-frequency multi-constellation (DFMC) positioning service, which
does not only allow the removal of the first-order ionospheric delays and extend the service area as mentioned
before, but is also better suitable for the safety-of-life applications due to be stronger interference resistance
of the L5 signals with other signals (Choy et al. 2017). The inclusion of other GNSSs in addition to GPS,
at the same time, allows for an increasing number of usable satellites and thus improved measurement
geometry and positioning precision. In early 2017, a two-year SBAS test-bed was initiated by Australia and
New Zealand, and operated as a test phase for a fully operational second-generation SBAS service in the
near future by the Geoscience Australia (GA) and the Land Information New Zealand (LINZ), and managed
by the FrontierSI. The test-bed was running in collaboration with the industrial partners such as the GMV
providing the master station and the server, the Lockheed Martin Space Systems Company which hosts
the master station and supports the system integration and the uplink system, and the Inmarsat providing
the navigation payload on the GEO satellite of the test-bed, i.e., the Inmarsat-4F1 with a pseudo-random
noise (PRN) of 122 (FrontierSI 2017). In addition to the L1 service, the GEO satellite transmits SBAS
DFMC corrections and integrity information through L5 to support the user positioning with GPS L1/L5
and Galileo E1/E5a measurements. Furthermore, precise point positioning (PPP) corrections are also sent
to users via L1 and L5 to support the PPP service using dual-frequency GPS and GPS/Galileo signals,
respectively. Due to the limited number of the GPS IIF satellites transmitting L5 signals at the moment,
the GPS L2 signals were used instead to supply a better geometry and positioning precision within the
test-bed before 2019, and now switched to L1/L5. With an increasing number of the GPS IIF and even III
satellites launched in the next ten years, and with the better signal precision of the L5 code measurements
(Nadarajah et al. 2016), improved behaviours can be expected in the future.

The integrity monitoring (IM) is a vital part of the SBAS positioning service, as it is originally designed
for aviation as a safety-related application. IM improves the reliability of the positioning by ensuring that its
errors are within the protection levels under a pre-defined probability of hazardous misleading information
(PHMI). Warnings are sent to the users within the maximum allowable elapsed time, referred to as time-
to-alert, when the protection level exceeds the alert limit and a positioning failure is recognized. In IM
the positioning results are considered available when the protection level is lower than the alert limit.
Making use of the DFMC GNSS signals, the Receiver Autonomous Integrity Monitoring (RAIM) algorithm
designed to provide horizontal guidance for aeronautical operations (Lee 1986; Parkinson and Axelrad 1988)
was extended to an advanced RAIM (ARAIM) algorithm, which is applied for positioning with vertical
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guidance in addition. The algorithms of the ARAIM, including the fault detection and exclusion (FDE)
procedures and the computation of protection levels, were extensively studied in the last ten years using
DFMC data (Blanch et al. 2012, 2013; ARAIM 2016). El-Mowafy (2017) shows improvement of ARAIM
using triple-frequency data. The algorithms were also applied in ground-based applications using PPP and
real-time kinematic (RTK) positioning integrated with inertial measurement unit (IMU) and odometers
(El-Mowafy and Kubo 2017, 2018; Gunning et al. 2018).

The integrity and accuracy of the SBAS L1 service and the planned SBAS DFMC service were studied
for WAAS and EGNOS over the last ten years. Grunwald et al. (2016) performed the accuracy and integrity
analysis of the EGNOS SBAS L1 service having different calculation variants dealing with the ionospheric
corrections. Wanner et al. (2008) presented analysis verifying the WAAS vertical accuracy under different
ionosphere conditions. Walter et al. (2010a,b) demonstrated reduced protection levels, higher availability
and improved coverage for the possible dual-frequency WAAS. The minimum operational performance
standard (MOPS) of the SBAS L5 service augmenting GPS and/or Galileo in dual-frequency mode is
strictly defined in EUROCAE (2019) for aeronautical applications.

SBAS was originally developed for aviation with good satellite visibility and simple multipath conditions.
However, the positioning and IM for ground-based applications in road transport, which involve a large
sector of the massive users, face new problems like different and more complicated multipath environments.
In urban areas, large code multipath could exist under relatively high elevation angles, and subsequent cycle
slips in phase measurements may lead to frequent re-initialisations of the carrier-phase smoothing filter.
This could make the traditional elevation-dependent weighting model insufficient for applications in such
environments. Already from 20 years ago, the signal-to-noise-ratios (SNRs) were utilised to calculate the
variance of the GPS observations (Hartinger and Brunner 1999; Wieser and Brunner 2000). Considering
both the influences of the elevation angles and the SNRs, another model was developed by Tay and Marais
(2013) for GPS pseudorange observations in urban canyons. Vehicles in road transport and pedestrian
navigation are potential users of this technology.

In this contribution, based on the carrier-smoothed code measurements used for the SBAS DFMC
service, a new weighting model aiming at improving results is developed allowing impacts of the elevation
angles, the SNRs and the smoothing time in different measurement environments, i.e., the open-sky scenario,
the suburban scenario and the urban scenario. Based on the weighting effects optimised for the combined
noise and multipath in these environments, the overbounding excess-mass cumulative distribution functions
(CDFs) are searched for the weighted noise and multipath. Applying both the new model and the traditional
elevation-dependent weighting model, the horizontal positioning errors (HPEs) and horizontal protection
levels (HPLs) are computed and compared using real data collected in different environments and for
different smoothing windows in the filter. The integrity performance is afterwards evaluated using the two
models and compared based on the HPEs, HPLs and an assumed horizontal alert limit (HAL). Different from
Wang et al. (2020) that utilises the elevation angles and the SNRs to weight the double-differenced GPS
L1 and L2 code and phase observations in the RTK positioning, in this contribution, the filter smoothing
time is introduced, and its impact is adjusted along with the impacts of the elevation angles and the
SNRs to weight the IF carrier-smoothed code observations for the DFMC SBAS positioning under different
measurement scenarios. The algorithm for integrity monitoring is modified at the receiver-end based on
the new standards EUROCAE (2019), and overbounding excess-mass CDFs (EMCs) are searched for the
combined weighted noise and multipath for both the GPS and Galileo satellites.

The paper starts with the signal analysis, which includes the proposal of the new weighting model,
the search of the model coefficients for different smoothing windows and environments, and presents the
overbounding EMCs for the combined weighted noise and multipath. The observation model for the SBAS
DFMC positioning is then described, followed by the procedure of FDE and the principles of computing the
HPLs. The real data and the SBAS message broadcast via L5 within the SBAS test-bed are then utilised to
compute the SBAS DFMC HPEs and HPLs. The scenario is adapted for different environments, smoothing
windows and weighting functions, followed by a comparison of the results. The conclusion is given at the
end.

2 Signal analysis

In the SBAS DFMC processing using dual-frequency GPS signals on L1/L2, and Galileo signals on E1/E5a,
a filter is utilised to perform the IF code-carrier smoothing. The IF carrier-smoothed code observations
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from satellite s at ti, denoted by p̃sIF (ti), can be computed with a Hatch filter as (Hatch 1982):

p̃sIF (ti) =
1

n
psIF (ti) +

n− 1

n

(
p̃sIF (ti−1) + φsIF (ti)− φsIF (ti−1)

) {
n = i, ∀ i < N

n = N, ∀i ≥ N
(1)

where the IF linear combination of the raw phase and code observations from satellite s are represented
by psIF and φsIF , respectively. The terms n and N denote the number of the smoothing epochs since ini-
tialisation, and a pre-defined smoothing window, respectively. After reaching the N-th epoch, n is equal to
N . For quality control, a rough code outlier detection is performed comparing the IF raw code observation
psIF (ti) and the projected observation psproj(ti) = p̃sIF (ti−1) +

(
φsIF (ti)−φsIF (ti−1)

)
. Code outliers would be

identified and the code observation is excluded when the difference between psIF (ti) and psproj(ti) exceeds
10 m (EUROCAE 2019). The filter is re-initialised whenever a cycle slip is detected in the phase obser-
vations, or when a gap of unavailable and unusable observations is experienced longer than a pre-defined
time interval, here e.g. 6 s as the time-to-alert for the localizer performance with vertical guidance (LPV)
approach in aviation. In this contribution, a sliding time window observing N epochs of data is used when
the number of smoothing epochs reaches N . Eq. 1 can thus be reformulated as (Le and Teunissen 2008):

p̃sIF (ti) = φsIF (ti) +
1

n

i∑
j=i−n+1

psIF (tj)−
1

n

i∑
j=i−n+1

φsIF (tj),

{
n = i, ∀ i < N

n = N, ∀i ≥ N
(2)

To show the effects of the carrier-smoothing, the geometric distance, the tropospheric delays, and the
receiver and satellite clock errors are removed first from p̃sIF by subtracting the IF phase observations φsIF .
To eliminate the ambiguities and the major part of the hardware biases, a mean value is then removed
from the residuals as follows:

∆p̃s(ti) = ∆p̃sIF (ti) = p̃sIF (ti)− φsIF (ti)−

ca∑
k=c1

(
p̃sIF (tk)− φsIF (tk)

)
ca − c1 + 1

(3)

where c1 and ca denote the starting and the ending epochs of the time period with constant ambiguity,
respectively. Ignoring the small noise and multipath of the phase observations, the term ∆p̃s consists mainly
of the noise and multipath in the smoothed code observations. It is worth noting that by using Eq. 3, the
mean multipath effects in the smoothed observations are also removed. Here as an approximation, they are
assumed to be small and are not further considered in the data analysis. In this contribution, ∆p̃s larger
than 10 m is considered to experience very large multipath or non-line-of-sight (NLOS) errors. They are
excluded as outliers from the signal analysis, as it is assumed that the outlier detection procedure would
exclude these large outliers in the data pre-processing phase. For simplification, the subscript IF in ∆p̃sIF
will be dropped in the remainder of the paper, i.e., ∆p̃sIF will be denoted as ∆p̃s, likewise for ∆ps in the
next paragraph.

For reason of comparison, the raw IF code residuals are also computed by subtracting the raw IF
phase measurements φsIF from the raw code observations psIF . The mean values are then removed from the
residuals afterwards, approximating the raw code noise and multipath with:

∆ps(ti) = ∆psIF (ti) = psIF (ti)− φsIF (ti)−

ca∑
k=c1

(
psIF (tk)− φsIF (tk)

)
ca − c1 + 1

(4)

The combined noise and multipath in the raw and smoothed IF code observations, i.e., the terms ∆ps

(Eq. 4) and ∆p̃s (Eq. 3) are shown in the top panels of Figure 1, as an example, for the GPS satellite G27.
The data of the static station FTDN in Sydney under the open-sky scenario (panel a), and those collected
from a moving vehicle in the urban areas of Sydney on April 24, 2018 were used for the plots. Compared to
the open-sky scenario, the smoothed measurements in the urban scenario experienced more re-initialisations
due to the subsequent cycle slips and data gaps. Low SNRs frequently appear during the experiment, and
large smoothed residuals are often observed at the beginning of the frequent re-initialisations.
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(a) Open-sky scenario
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(b) Urban scenario

Fig. 1 Combined noise and multipath in the raw (∆ps) and carrier-smoothed (∆p̃s) IF code observations (top), as well
as the corresponding elevation angles (middle) and SNRs on L1 (bottom). The data of G27 from the static station FTDN
in Sydney under the open-sky scenario (a), and the data collected from a moving vehicle in the urban scenario of Sydney
(b) on April 24, 2018 were used. GPST denotes the GPS time.

2.1 Weighting model

Traditionally, the elevation-dependent weighting function is used to weight the combined noise and multi-
path during the position estimation process through the least-squares adjustment (Euler and Goad 1991;
Malkin Z 2008; Teunissen and de Bakker 2012; El-Mowafy 2015). In urban areas, however, the elevation-
dependent modelling may not be sufficient to describe the variation of the multipath anymore. Large
multipath may still appear at relatively high elevation angles, and the smoothed code observations are fac-
ing an increasing number of the filter re-initialisations in urban areas due to the cycle slips and data gaps
(Figure 1b). As will be shown later in this section, the amplitude of the smoothed noise and the multipath is
strongly correlated with the smoothing time after each re-initialisation. Compared to the open-sky scenario,
the percentage of the time epochs with low SNRs and short smoothing time has significantly increased in
the urban scenario.

Figure 2 shows the relationships between ∆p̃s (Eq. 3) and the elevation angles θs (panel a), and the
smoothing epochs n (panel b) in different measurement environments for the smoothing window N = 900.
In Figure 2, using all available GPS and Galileo satellites, the data collected from the static station UWA0
on September 13, 2018 was used for the plots in the top panels for the open-sky scenario. For the middle and
bottom panels, the situations in the suburban and urban scenarios are illustrated using data collected from
moving vehicles in different time periods from April to June 2018 in Wollongong and Sydney, Australia. Here
the suburban scenario is characterised by a medium-level of satellite visibility and environment complexity,
whereas the urban scenario is characterised by a relatively low satellite visibility and high environment
complexity. Note that the measurements in the Central Business District (CBD) with the highest density
are not included in this study. From Figure 2a it can be observed that the strength of the correlation
between the elevation angles and the combined noise and multipath generally decreases with the increasing
complexity of the measurement environments. In the urban scenario, i.e., the bottom panel of Figure 2a,
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(a) ∆p̃s ∼Elevation (b) ∆p̃s ∼ n

Fig. 2 Relationships between the ∆p̃s and: (a) the elevation angles and (b) the number of the smoothing epochs n (with
n < N) for N = 900. The data collected from all usable satellites in the open-sky scenario (top), in the suburban scenario
(middle) and in the urban scenario (bottom) were used for the plots. The data of all available GPS and Galileo satellites
from the station UWA0 on September 13, 2018 were used for the open-sky scenario, and data collected from moving vehicles
in different time periods from April to June, 2018 were used for the suburban and urban scenarios

large multipath effects are also observable at relatively high elevation angles. The corresponding correlation
coefficient varies from -0.24 in the open-sky scenario to -0.16 in the urban scenario. Figure 2b shows the
correlation between the smoothing time n and the ∆p̃s. Among all the measurements, samples with n < 50
have increased from below 0.1% in the open-sky scenario to above 40% in the urban scenario. With the
increasing multipath and number of the filter re-initialisations from the open-sky to the urban scenarios,
increasing strength of the correlation can be observed between ∆p̃s and the smoothing epochs n from the top
to the bottom panels. The corresponding correlation coefficient, which is calculated as the sample Pearson
correlation coefficient, varies from -0.05 in the open-sky scenario to -0.17 in the urban scenario. A pure
elevation-dependent weighting model is thus not sufficient for ground-based applications in complicated
environments using the SBAS DFMC service. Considering the smoothing time is essential to deliver a
better weighting function.

It should be noted that in aviation, the DFMC SBAS only makes use of the well smoothed observations,
i.e., with n = N . For ground-based applications under complicated measurement environment, however,
the observations with n < N occupies a large amount of data. Sacrificing these data would lead to worse
measurement geometry under already limited satellite visibility. For example, Figure 3 shows the percent-
ages of the data that would be lost when not using data with smoothing epochs smaller than or equal to
a pre-defined number of epochs M , where M is smaller than the smoothing window N . As a result, this
study proposed to use these data, but appropriately de-weight them as discussed later in this section.

As mentioned before, the SNR is also a factor correlated with the noise and multipath. As the SNRs
within the smoothing time may significantly change, the average SNRs, denoted as S̄sk (k = u, v), is calcu-
lated with the mean signal variance based on a SNR-dependent weighting function, where u and v refer to
the first and the second frequency used to form the IF combination:

σ2
0,k,raw ×

(
1 +mk × 10−0.1×S̄s

k(ti)
)

=
σ2

0,k,raw

n
×

i∑
j=i−n+1

(
1 +mk × 10−0.1×Ss

k(tj)
)

(5)

where mk is a coefficient varying with the frequency k, and σ0,k,raw refers to the standard deviation of the
raw observations on frequency k at a SNR of ∞. The SNR-related weighting model is derived based on the
SIGMA-ε model (Wieser and Brunner 2000) using the form V + C × 10−0.1×SNR, where V and C are the
model-selected coefficients. The S̄sk can thus be obtained with:

S̄sk(ti) = −10× log10

(
1

n
×

i∑
j=i−n+1

10−0.1×Ss
k(tj)

)
(6)
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Fig. 3 Percentages of the data loss when excluding data having smoothing epochs smaller than or equal to M (M < N).
N is set to 900 epochs for this plot
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Fig. 4 Raw SNRs on the two frequencies and the corresponding differences with respect to the elevation angles in (a) the
open-sky scenario, (b) the suburban scenario and (c) the urban scenario.

where log10(·) is the base 10 logarithm of the element in (·). Note that the smoothed observations with S̄sk
(k = u, v) lower than 12 dBHz, which is identified as the minimum possible signal strength in RINEX 3.03
(2015), are not used in the data analysis and processing.

Compared to the GPS L1C and Galileo E1C signals, the GPS L2W and Galileo E5aQ signals, which are
used for the second frequency in this study, experience different levels of SNRs. The top panels of Figure 4
show the raw SNRs of GPS L1C, L2W, and Galileo E1C, E5aQ signals in different measurement scenarios,
and the bottom panels illustrate the differences between the SNRs for the two frequencies of the GPS
and the Galileo signals. Due to the different minimum received power of these signals (Zhou et al. 2019),
the SNRs on L2W are generally lower than those on L1C for GPS satellites, while the SNRs on E5aQ
are generally higher than those on E1C for Galileo. From Figure 4 it can also be observed that the SNRs
increase smoothly with the elevation angles under the open-sky scenario, while larger randomness can be
observed in the suburban and urban scenarios. This suggests again that the elevation-dependent weighting
model might not be enough for the complicated measurement environments experienced in the suburban
and urban scenarios, and the SNR-related weighting coefficients may need to be investigated separately for
different constellations and tracking channels.

It is assumed that the variance of the combined noise and multipath for the smoothed code measurements
from satellite s can be formulated as:

σ2
s =

σ2
0

ws
(7)

where σ0 is the zenith-referenced standard deviation for the combined noise and multipath in the IF
smoothed observations, and if related to the SNRs and the number of the smoothing epochs n, it is assumed



8 K. Wang et al.

at a SNR of ∞ and at n = N . The first variant of the tested weighting models at ti, denoted as wsA, is only
related to the elevation angles θs at ti (in degrees), and is given as (Euler and Goad 1991):

wsA
(
θs(ti)

)
=

1(
1 + α× exp

(
− θs(ti)

10◦

))2
(8)

where exp(·) represents the natural exponential function. Here by setting the selected parameter α in Eq. 8,
the impact of the elevation angles is allowed to vary in different environments according to their conditions.
Note that in this study the exponential from of the elevation-dependent weighting function is used as in
EUROCAE (2019). Setting the coefficient α to zero would disable the elevation-dependent weighting.

In addition to the elevation angles, the second variant of the weighting model, denoted as wsB , consid-
ers the elevation angles (θs), the average SNRs (S̄sk) within the smoothing time, and the number of the
smoothing epochs n. Assuming that wsA

(
θs(ti−n+1)

)
≈ · · · ≈ wsA

(
θs(ti)

)
, and the signal standard deviations

σ0,k,raw are equal on both frequencies, the term σ2
s can be formulated as:

σ2
s =

σ2
0

wsB
(9)

with the weighting model wsB at ti given as (Appendix A):

wsB
(
θs(ti), S̄

s
k(ti), n

)
≈ wsA

(
θs(ti)

)
× wsB1(n)× wsB2

(
S̄sk(ti)

)
(10)

with

wsB1(n) =
1

1 + N−n
n

(11)

wsB2

(
S̄sk(ti)

)
=

1

1 +
f4
u

f4
u+f4

v
×mu × 10−0.1×S̄s

u(ti) +
f4
v

f4
u+f4

v
×mv × 10−0.1×S̄s

v(ti)
(12)

where fu and fv are the two frequencies used to form the IF combination. As the combined noise and
multipath does not behave like the Gaussian white noise, and the phase noise and multipath also play
a role in the smoothed observations, a parameter β is added before the term (N − n)/n to adjust the
smoothing impact in general on the weighting model. The wsB1(n) is re-formulated as:

wsB1(n) =
1

1 + β × N−n
n

By varying the parameters α, mk and β, the proposed weighting model wsB allows a varying impact of
the elevation angles, the average SNRs and the smoothing time. The impact of these factors could also be
set to zeros, when α, mk and β are set to zeros. In general, a high elevation angle, a large SNR, and a long
smoothing time would lead to a large weight (wsB) and thus a small variance, i.e., good precision. It can be
observed that when n = N , the term 1 + β × (N − n)/n equals to 1 and no further de-weighting is applied
with respect to the carrier-smoothing.

2.2 Weighting coefficients

If the weighting function and the σ2
0 could perfectly describe the variance σ2

s in Eq. 7, the combined weighted
and normalised noise and multipath, denoted by ∆p̃sv0, is expected to follow a standard normal distribution
N (0, 1):

∆p̃sv0 =
∆p̃s

σs
=
∆p̃s ×

√
ws

σ0
=
∆p̃sv
σ0
∼ N (0, 1) (13)

where ∆p̃sv represents the combined weighted noise and multipath. All usable satellites s at time ti, with
i varying from the first to the last processing epochs, can be taken into consideration. With appropriate
parameters chosen for the weighting model, the empirical CDF of ∆p̃sv0 is expected to possibly match the
formal CDF, i.e., here the CDF of a standard normal distribution.
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To evaluate the suitability of the weighting model, the mean shift in ∆p̃sv0 between the empirical and
formal CDFs, denoted here as ∆x̄, is proposed to be used here as:

∆x̄ = mean

{∣∣∣∆xLj ∣∣∣
j=1,··· ,Nb−1

,
∣∣∣∆xRj ∣∣∣

j=Nb,··· ,2

}
(14)

with the shifts in ∆p̃sv0 between the left- and right-folded empirical and formal CDFs, denoted as ∆xLj and

∆xRj respectively, computed as:

∆xLj = C−1
fL

(
CeL(∆p̃sv0,j)

)
−∆p̃sv0,j (15)

∆xRj = C−1
fR

(
CeR(∆p̃sv0,j)

)
−∆p̃sv0,j (16)

where ∆p̃sv0,j denotes the j-th value of the ∆p̃sv0 used for the analysis. CeL(·) and CeR(·) represents the left-

and right-folded empirical CDFs of ∆p̃sv0 evaluated at the value contained in (·), respectively. C−1
fL (·) and

C−1
fR(·) is the inverse function of the left- and right-folded formal CDF of the standard normal distribution

at the value in (·), respectively. With Nb denoting the number of samples, j varies from 1 to Nb − 1 for the
left-folded CDF, and downwards from Nb to 2 for the right-folded CDF. The last and the first element is
not taken into consideration for the left- and the right-folded CDF, respectively, to avoid an inverse CDF
of ∞; the mean(·) computes the mean value out of all the elements contained in (·).

Figure 5 shows the empirical and formal CDFs using data collected from Galileo satellites in the kine-
matic environment, i.e., from a moving vehicle over several different time periods in the urban areas of
Sydney, Australia, in April, 2018. The smoothing window N is set to 900 epochs. The term ∆xLj in Eq. 15
can, e.g., be explained by the differences in the x-values between the blue and the red lines for a certain
y-value, i.e., CeL(∆p̃sv0,j). Here the shifts in the x-values are used instead of those in the y-values, so that
large tails could have stronger influence on the ∆x̄, and an easier search of the overbounding CDFs for the
weighted noise and multipath can be enabled in the next sub-section. To obtain the best match between
the blue and the red lines, i.e., the minimum ∆x̄ (Eq. 14), the σ0 is empirically searched for wsA from
0.05 m to 0.5 m with a step of 0.01 m, and α is searched from 0 to 10 with a step of 1. As wsB requires a
5-dimensional search, a search algorithm with shrinking space is performed. To speed up the computational
load, the coefficients of wsB are searched with relatively large steps in the first round, and in the second
round with smaller steps near the potential coefficient combinations delivering low ∆x̄, here tested for the
30 lowest ∆x̄. As wsB provides a larger degree of freedom than wsA during the empirical search, to enable
an efficient search of the overbounding CDF in the next sub-section, the coefficient combinations delivering
|p̃sv0| exceeding 40 and 25 are not considered for wsB anymore in the first and the second rounds, respectively.
The boundaries of the search areas for the first round, i.e., 0.5 m for σ0, 10 for α, 60 dBHz for m̃u and
m̃v, and 0.5 for β are set based on experiences, considering also the computational efficiency. This will be
discussed later with Tables 1 and 2. As shown in Figure 5, the minimum ∆x̄ is reduced from 0.270 applying
wsA to 0.133 applying wsB . The large tails in Figure 5a (extending to above 35 and below -20) are reduced
by considering the impact of the SNRs and the smoothing time.

The parameters in the weighting models vary with the measurement environments. Table 1 lists the
minimal ∆x̄ obtained using GPS L1C and L2W signals for different smoothing windows in the open-
sky scenario, the suburban scenario and the urban scenario. The corresponding weighting coefficients for
computing the minimal ∆x̄ are also shown in the table. The outlier rate describes the percentages of the
measurements screened out due to the low S̄sk below 12 dBHz and the large residuals ∆p̃s above 10 m.
m̃k is given in dBHz with m̃k = 10 × log10(mk). Recall that α, mk and β reflect the influences of the
elevation angles, the smoothed SNRs and the smoothing time on the weighting model, respectively. In
aviation, a smoothing time of 100 s is used according to EUROCAE (2019). For ground-based applications,
a longer smoothing time is applicable to further reduce biases caused by, e.g., large multipath. In this study,
smoothing windows of 360 s, 600 s and 900 s are tested for this purpose.

Having a look at the statistics applying wsA (Table 1) for the GPS satellites, an increasing σ0 can be
observed with the increasing environment complexity. In the urban scenario, the residuals become less
dependent on the elevation angles compared to those in the open-sky and the suburban scenarios. While
the ∆x̄ are the same applying wsA and wsB in the open-sky scenario, obvious reduction of ∆x̄ can be observed
in the suburban and urban scenarios applying wsB , which indicate a better match between the empirical
and the formal CDFs of ∆p̃sv0 (see Figure 5). Compared to the open-sky scenario applying wsB , where an
elevation-dependent weighting model seems to be sufficient, larger impacts of the smoothing time and the
SNRs need to be considered in wsB for the suburban and urban scenarios. To be noted is that after applying
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Fig. 5 Formal and empirical CDFs of the ∆p̃sv0 (Eq. 13) applying the weighting functions (a) wsA and (b) wsB . Data
observed from all available Galileo satellites for the experiments in the urban areas of Sydney were used with a smoothing
window N of 900 epochs. The x-axes are scaled to -10 and 10 for the purpose of visualisation

Table 1 Parameters and statistics applying the weighting functions wsA and wsB for GPS satellites under different mea-
surement scenarios. Note that m̃u and m̃v are given in dBHz with m̃u = 10 × log10(mu) and m̃v = 10 × log10(mv)

Scenario N Outlier wsA wsB

σ0 [m] α ∆x̄ σ0 [m] α m̃u m̃v β ∆x̄

[dBHz] [dBHz]

Open-sky 360 0% 0.22 5 0.052 0.22 5 -∞ -∞ 0.0 0.052
scenario 600 0% 0.18 6 0.062 0.18 6 -∞ -∞ 0.0 0.062

900 0% 0.17 4 0.058 0.17 4 -∞ -∞ 0.0 0.058

Suburban 360 2.5% 0.24 4 0.161 0.20 2 36 18 0.05 0.144
scenario 600 2.5% 0.24 3 0.169 0.18 2 36 10 0.05 0.144

900 2.5% 0.22 4 0.173 0.16 2 36 14 0.05 0.141

Urban 360 2.8% 0.36 3 0.349 0.18 0 24 28 0.25 0.298
scenario 600 2.9% 0.36 3 0.359 0.17 0 26 26 0.2 0.305

900 3.1% 0.38 2 0.365 0.15 0 20 28 0.15 0.313

wsB , the large σ0 (in the zenith direction at a SNR of ∞), e.g., in the urban scenario is strongly reduced.
The large multipath in such environment is better described by the more comprehensive weighting model
wsB , and is less absorbed by the σ0. From Table 1 it can also be observed that the boundary values set for
coefficient search are not exceeded.

The situation for the Galileo signals is a bit different. Table 2 shows the statistics applying wsA and wsB
using the Galileo E1C and E5aQ signals. It can be observed that the wsA, depending only on the elevation
angles, becomes more effective in the urban scenario compared to the case of GPS. This leads to similar
σ0 under different environments, and larger α in the urban scenario, which indicates large residuals at low
elevation angles. Considering the fact that α has not reached the limit of 10 in case of a smoothing time of
360 s in the urban scenario, and the α for other scenarios and for the GPS satellites does not differ much
for different smoothing windows, a larger α above 10 is not further attempted in this study. Similar as for
the GPS satellites, applying wsB for Galileo satellites can also lead to reduction in ∆x̄, which is a result of
increasing the impact of the SNRs and the smoothing time. Note that ∆x̄ is insensitive to the smoothing
time in the open-sky scenario, since only a small proportion of the data occupies small n there. As such,
search with a higher β above 0.5 is not further attempted here.

In general, applying wsB is able to better match the formal and the empirical CDFs of ∆p̃sv0, and the
improvement increases with the increasing measurement complexity. Compared to the open-sky scenario
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Table 2 Parameters and statistics applying the weighting functions wsA and wsB for Galileo satellites under different
measurement scenarios. Note that m̃u and m̃v are given in dBHz with m̃u = 10 × log10(mu) and m̃v = 10 × log10(mv)

Scenario N Outlier wsA wsB

σ0 [m] α ∆x̄ σ0 [m] α m̃u m̃v β ∆x̄

[dBHz] [dBHz]

Open-sky 360 0% 0.18 5 0.032 0.13 1 32 54 0.30 0.028
scenario 600 0% 0.15 5 0.038 0.14 3 -∞ 46 0.50 0.036

900 0% 0.12 6 0.050 0.10 1 34 52 0.50 0.043

Suburban 360 0.003% 0.21 2 0.189 0.19 0 22 36 0.05 0.169
scenario 600 0.003% 0.18 3 0.192 0.16 0 -∞ 38 0.05 0.166

900 0.003% 0.16 4 0.197 0.13 1 20 36 0.05 0.163

Urban 360 0.4% 0.20 9 0.262 0.04 0 56 58 0.05 0.158
scenario 600 0.4% 0.19 10 0.264 0.06 0 50 56 0.05 0.152

900 0.4% 0.17 10 0.270 0.04 0 54 54 0.05 0.133

where similar ∆x̄ are delivered by both weighting functions, considering the impacts of both the SNRs and
the smoothing time shows to be important for the processing in the suburban and urban scenarios.

2.3 Overbounding CDF

In the positioning process and integrity monitoring, the measurement errors are expected to follow a zero-
mean Gaussian normal distribution. The distribution of the empirical errors, however, could be non-zero-
mean, unsymmetric and multimodal. To monitor the integrity, an overbounding normal distribution that
conservatively covers all the errors is thus required. In this section, the focus is on the overbounding CDFs
for the combined weighted noise and multipath ∆p̃sv (Eq. 13). The scenario varies for different smoothing
windows from 360 to 900 epochs, and for different measurement environments, i.e., from the open-sky to
the urban scenarios.

As introduced in Rife et al. (2004, 2006), the paired overbounding CDF contains the empirical CDF
in envelope-like left and right CDFs, which share the same overbounding standard deviation σob and have
opposite overbounding mean values mob. Different from the DeCleene’s overbounding method (DeCleene
2000) that uses a single CDF as the overbounding function, the paired overbounding function does not
restrict the shape of the empirical distribution, and guarantees the observation-to-position conservatism of
the overbounding characteristics. As a generalisation of the paired overbounding function, the excess-mass
CDF (EMC) (Rife et al. 2004) allows a total mass of the overbounding functions larger than 1 and thus
releases the strict requirements in the paired overbounding. The left and right EMCs, denoted as GL and
GR, can be formulated as:

GL(x) =

∫ x

−∞
(1 + ε)N (−mob, σob)dx ≥ Ga(x) (17)

GR(x) =

∫ x

−∞
(1 + ε)N (mob, σob)dx− ε ≤ Ga(x) (18)

where the N (mob, σob) stands for the normal distribution with the mean value of mob and the standard
deviation of σob. The term ε represents the excess mass, which will be considered later by computing the
protection levels.

Examples are given in Figure 6 for ∆p̃sv of Galileo satellites in the urban scenario with a smoothing
window of 360 epochs. The weighting functions wsA and wsB with the parameters given in Table 2 were
applied to form the ∆p̃sv. The overbounding mean value mob and the overbounding standard deviation σob
were searched in loops. The mob was incremented from 0 to 3 m with a step of 0.01 m, and for each mob,
the σob was incremented from 0 to 3 m with a step of 0.01 m. The loop stops when the criteria in Eqs. 17
and 18 are fulfilled. To increase the computational efficiency, the excess mass is set in this contribution to
0.05 and not searched for a range of values. As shown in Figure 6, the empirical CDFs (the blue lines) are
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Fig. 6 EMC overbounding functions for ∆p̃sv of Galileo satellites applying the weighting functions: (a) wsA and (b) wsB in
the urban scenario with a smoothing window N of 360 epochs. Note that the x-scales of the sub-figures are different

Table 3 The overbounding mean valuesmob and standard deviations σob for∆p̃sv of GPS satellites in different measurement
environments

Scenario mob [m] σob [m]

N=360 N=600 N=900 N=360 N=600 N=900

wsA

Open-sky scenario 0.08 0.07 0.12 0.33 0.27 0.30

Suburban scenario 1.29 1.44 1.37 1.28 1.34 1.27

Urban scenario 2.11 2.11 2.12 2.06 2.06 2.09

wsB

Open-sky scenario 0.08 0.07 0.12 0.33 0.27 0.30

Suburban scenario 0.29 0.24 0.21 0.49 0.42 0.37

Urban scenario 0.82 0.74 0.69 0.82 0.75 0.69

enclosed within the left (red) and right (green) overbounding CDFs. Applying the weighting function wsB
significantly reduces the mob and σob from metres to below 1 dm due to the de-weighting of the large tails.

The overbounding mean values and standard deviations are given in Table 3 for the GPS satellites
and in Table 4 for the Galileo satellites. A significant reduction can be observed in both the mob and σob
applying wsB for the suburban and urban scenarios, while the values in the open-sky scenario applying wsB
do not change for GPS and reduced by centimetres for Galileo. As the majority of the observations are from
GPS, this suggests that an elevation-dependent weighting model could already be enough for the open-sky
scenario, while considering the impacts of the SNRs and the smoothing time is important for de-weighting
the large tails and reducing the parameters in EMCs for applications in the suburban and urban scenarios.
It is noted that the analysis is performed using 1 Hz data in this study. For data with higher sampling rate,
the same length of the smoothing window in time would imply more smoothing epochs, and thus smaller
smoothed noise and multipath. The overbounding standard deviations and mean values generated for 1 Hz
data are thus expected to bound the better smoothed measurement residuals when using the proposed
weighting model.

3 Observation model

For the SBAS DFMC positioning service using GPS and Galileo, the expectation of the observed-minus-
computed (O-C) terms of the carrier-smoothed IF code measurements y can be formulated with the following
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Table 4 The overbounding mean values mob and standard deviations σob for ∆p̃sv of Galileo satellites in different mea-
surement environments

Scenario mob [m] σob [m]

N=360 N=600 N=900 N=360 N=600 N=900

wsA

Open-sky scenario 0.03 0.05 0.07 0.23 0.22 0.20

Suburban scenario 1.51 1.55 1.56 1.37 1.35 1.33

Urban scenario 1.46 1.43 1.43 1.30 1.26 1.26

wsB

Open-sky scenario 0.02 0.01 0.02 0.17 0.17 0.13

Suburban scenario 0.31 0.23 0.18 0.48 0.38 0.31

Urban scenario 0.05 0.06 0.05 0.08 0.10 0.08

observation equations:

E(y) = [G, eG, eE ]︸ ︷︷ ︸
A

·

∆rtG
tE

 (19)

where the design matrix A is constructed with the geometry matrix G, and the vectors eG and eE . G =
[u1, · · · , ul]T contains the 3-dimensional north-east-up satellite-to-receiver unit vectors us for s = 1, · · · , l,
with l denoting the number of satellites. The vectors eG and eE contains the element 1 when the corre-
sponding observation is from a GPS and a Galileo satellite, respectively. Other elements in eG and eE are
set to zeros. The terms ∆r, tG and tE are the 3-dimensional receiver positioning increments, and the GPS
and the Galileo receiver clock offsets. E(·) is the expectation operator. With the help of the broadcast SBAS
messages, the orbital and satellite clock corrections are applied to the orbits and clocks computed using
the broadcast ephemeris. The approximate receiver coordinates, the corrected satellite orbits and clocks,
the relativistic effects, the corrections of the phase centre offsets (PCOs) and the phase centre variations
(PCVs) are then used to compute the modelled ranges. The group delays are to be considered depending
on the system and the frequencies used. The modelled ranges are next subtracted from the smoothed IF
code observations p̃sIF to form the O-C term y in Eq. 19.

The variance-covariance matrix of the O-C terms is assumed to be a diagonal matrix, such that:

Qy = diag(σ2
a,1, · · · , σ2

a,l) (20)

where diag(·) forms a diagonal matrix with the diagonal elements contained in (·). The variance element
σ2
a,s for satellite s consists of four parts as follows:

σ2
a,s =

(σsob)
2

ws
+ (σsτ )2 + (σsι )

2 + (σsDFC)2 (21)

where σsob is the overbounding standard deviation of the corresponding constellation that includes satellite
s. σsτ is the standard deviation of the tropospheric residuals that are not modelled and corrected in the
O-C terms, which can be approximated for satellite s as (EUROCAE 2019):

σsτ = 0.12× 1.001√
0.002001 + sin2(θs × π

180◦ )
(22)

The term σsι denotes the standard deviation of the remaining ionospheric residuals after removing the
first-order ionospheric delays through the IF linear combination. Its form follows as (EUROCAE 2019):

σsι =
40

261 + (θs)2
+ 0.018 (23)

The last term σsDFC stands for the standard deviation of the SBAS orbital and clock corrections mapped
into the observation direction. It is calculated as described in EUROCAE (2019) based on the dual-frequency
range error (DFRE) indicator broadcast by the SBAS satellite, the relative geometry between the user and
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the satellite, the variance-covariance matrix of the SBAS corrections and the corresponding scale factor, as
well as the degradation parameters of the SBAS corrections with time.

Based on the observation equation (Eq. 19) and the variance-covariance matrix of the observations
(Eq. 20), the rover positioning increments and the receiver clock errors can be computed with the least-
squares adjustment as:

∆x̂ = [∆r̂, t̂G, t̂E ]T = (ATQ−1
y A)−1ATQ−1

y︸ ︷︷ ︸
S

y (24)

with its variance-covariance matrix Qx̂ expressed as:

Qx̂ = (ATQ−1
y A)−1 (25)

In this study, as we focus on land applications, we evaluate the horizontal positioning errors (HPEs)
in the direction along the semi-major axis of the horizontal error ellipse Qx̂H

following EUROCAE (2019),
which corresponds to the north and east variance-covariance components in Qx̂. Using the first eigenvector
of Qx̂H

, denoted as EH , the horizontal positioning increment ∆x̂H can be computed as follows:

∆x̂H = [ETH , 0, 0, 0] ·∆x̂ (26)

4 Protection level

In the ground-based applications, IM is important to ensure that the positioning errors are bounded by cer-
tain protection levels with a pre-defined PHMI. Following similar procedure of the SBAS DFMC positioning
given in EUROCAE (2019), before computing the protection levels, the FDE procedure is performed using
the χ2 statistic:

χ2 = yT · (Q−1
y −Q−1

y ·A ·Qx̂ ·AT ·Q−1
y ) · y (27)

The χ2 statistic is then compared with the test threshold Tχ2 , expressed as:

Tχ2 = Q−1
χ2
f

(1− PFA) (28)

where PFA is the probability of false alert, and Q−1
χ2
f

is the inverse CDF of the χ2-distribution with the

degrees of freedom f . In case that the test statistic value χ2 (Eq. 27) is larger than the test threshold Tχ2 ,
the observation corresponding to the largest value of êi/σêi (i = 1, · · · , l) is excluded and the computation is
repeated with the remaining observations until the test passes. σêi is the standard deviation of the residuals
derived from the variance-covariance matrix of the residuals Qê:

Qê = Qy −A ·Qx̂ ·AT (29)

In correspondence with the outlier detection criterion set during signal analysis in Section 2, any obser-
vations with residuals larger than 10 m are assumed to experience very large multipath or NLOS errors.
They are excluded before the FDE procedure.

After the FDE procedure, the protection levels are computed in the direction along the semi-major axis
of the horizontal error ellipse as follows:

PLH = KH ·
√
ETH ·Qx̂H

· EH + |ETH · SH | ·Mob (30)

where

Mob = [M1
ob, · · · ,M

l
ob]

T (31)

Ms
ob =

ms
ob√
ws

(32)

and ms
ob is the overbounding mean value of the corresponding constellation that includes satellite s. SH

is constructed by the first two rows of the projector matrix S (Eq. 24) that performs the transformation
from the observation-domain to the position-domain. KH can be computed based on the horizontal PHMI
(PHMIHOR) and the excess mass ε of the corresponding scenario (Rife et al. 2004):

KH = Q−1
( PHMIHOR

2× (1 + ε)n

)
(33)

where Q−1(·) is the inverse function of the right-folded CDF of a standard normal distribution. Note that
PHMIHOR in road transport is application-dependent.
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Fig. 7 (a) The SBAS DFMC HPEs and HPLs and (b) the contributions of different noise and errors to the HPLs under
the open-sky scenario. The weighting function wsA was applied with the smoothing window N = 900

5 Test results

In this section, the SBAS DFMC HPEs and HPLs are computed using 1 Hz GPS and Galileo data collected
in different measurement environments. Recall that the weighting coefficients are obtained from Tables 1
and 2, and the overbounding standard deviations and mean values were obtained from Tables 3 and 4. As
an example, Figure 7a shows the HPEs (blue dots) and HPLs (red dots) in the open-sky scenario. The data
was collected from the static station UWA0 located in the University of Western Australia on September
14, 2018. The smoothing window is set to be 900 epochs, and the PHMIHOR is set to 10−5 (El-Mowafy
and Kubo 2018). The weighting model wsA was used for the plots with the corresponding parameters given
in Tables 1 and 3. The data collected during the period 00:03:00 to 23:59:59 in GPS time (GPST) on
September 14, 2018 was processed.

As shown in Figure 7a, under the open-sky scenario for the smoothing window of 900 epochs, the mean
absolute HPEs amounts to about 0.2 m. The HPLs are mostly within 8 m, and bound the absolute HPEs
during the entire processing time period. Having a look at the contributions of different error sources on the
HPLs in Figure 7b, it can be observed that the σsDFC , i.e., the standard deviations of the SBAS orbital and
clock corrections in the signal direction plays the dominant role affecting the HPL values in the open-sky
scenario. Note that the contributions of different error sources are calculated using Eqs. 30 considering only
the variances or the biases listed in the legend.

Applying the weighting function wsB for the open-sky scenario, as shown in the top panels of Figure 8a
and b, no significant differences can be observed in the HPLs. For the suburban and urban scenarios, data
collected from a moving vehicle in Wollongong on June 1, 2018, and in Sydney on April 19, 2018 are used
for plots in the middle and bottom panels, respectively. It can be observed that the HPLs increase with
the complexity of the measurement environments. This is caused by the increased multipath effects, the
increased overbounding standard deviation and mean values (mapped into the slant direction), and the
decreased satellite visibility as shown in Figure 8c. The average satellite number used for the processing
is reduced from about 13.5 in the open-sky scenario to about 9.9 in the urban scenario. Compared to the
case applying wsA (blue dots in Figure 8a), the mean HPLs are reduced by about 40% and 14% applying
wsB (green dots) in the suburban and urban scenarios, respectively. The reduction is also clearly visible in
the histograms shown in Figure 8b.

The mean absolute HPEs and the mean HPLs are given in Table 5 for different measurement envi-
ronments applying the weighting functions wsA and wsB . Note that time epochs with the number of GPS
satellites lower than 4 or with the number of all satellites (from both GPS and Galileo) lower than 5 were
not considered in the data processing. While similar mean HPLs are observed for the open-sky scenario
applying both weighting functions, the mean HPLs are significantly reduced when applying wsB in the sub-
urban and urban scenarios. Among them, as shown in Table 5, the reduction of the mean HPLs amounts
to about 35-40% in the suburban scenario. In the urban scenario, the mean absolute HPEs are also ob-
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Fig. 8 (a) The HPLs, (b) the histograms for the HPLs and (c) the number of satellites used for the processing, in the
open-sky scenario (top), in the suburban scenario (middle), and in the urban scenario (bottom). The smoothing window is
900 epochs

served to be reduced by about 10%. It is remarked that, the overall much higher HPLs than the HPEs
are partially caused by the bounding variances of the satellite orbit and clock errors, which are computed
based on the integrity information broadcast in the SBAS message according to the ED-259 standards for
aviation (EUROCAE 2019). Before releasing the ED-259 standards, a mean HPL above 5 m, for exam-
ple, was also calculated in Barrios et al. (2018) for static station in the open-sky scenario. The increasing
HPLs in the suburban and urban scenarios are mainly caused by the poorer satellite visibility and the
larger overbounding variances (Eq. 21) and mean values (Eq. 32) for the noise and multipath in the slant
direction.

The integrity performance applying the two weighting models is evaluated as shown in Figure 9 in form
of the Stanford ESA integrity diagram (Tossaint et al. 2006) assuming a horizontal alert limit (HAL) of
10 m and with the PHMIHOR equal to 10−5 as an example. The smoothing window is set to 900 epochs.
The statistics are given using time epochs that have valid positioning results and HPLs, applying both
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Table 5 Mean absolute HPEs and the mean HPLs under different measurement scenarios. The values applying wsA and
wsB , and the percentage of improvement applying wsB compared to the case applying wsA, are separated by ‘/’, respectively

N Mean abs. HPE [m] Mean HPL [m] & improvement

& improvement PHMIHOR = 10−5 PHMIHOR = 10−6 PHMIHOR = 10−7

Open-sky scenario

360 0.22/0.22/0.1% 4.93/4.94/-0.1% 5.42/5.42/-0.1% 5.86/5.87/-0.1%

600 0.21/0.21/0.0% 4.90/4.86/0.7% 5.37/5.34/0.7% 5.82/5.78/0.6%

900 0.20/0.20/-0.0% 4.98/4.94/0.9% 5.46/5.42/0.8% 5.90/5.86/0.7%

Suburban scenario

360 0.38/0.37/1.7% 11.9/7.6/36.1% 12.8/8.3/35.1% 13.6/8.9/34.3%

600 0.38/0.37/1.0% 12.3/7.4/39.7% 13.2/8.1/38.6% 14.0/8.7/37.7%

900 0.37/0.37/0.3% 12.3/7.4/39.9% 13.2/8.1/38.7% 13.9/8.7/37.8%

Urban scenario

360 1.45/1.30/10.0% 23.8/20.3/14.9% 25.5/21.9/14.4% 27.1/23.3/14.0%

600 1.45/1.33/8.7% 23.6/19.8/16.3% 25.3/21.3/15.8% 26.9/22.7/15.5%

900 1.46/1.31/10.3% 23.5/20.2/14.1% 25.2/21.7/13.7% 26.7/23.2/13.3%
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Fig. 9 The Stanford ESA diagrams for the cases applying the wsA (magenta dots) and wsB (green dots) in (a) the open-sky
scenario, (b) the suburban scenario and (c) the urban scenario showing the percentage of agreement in each category. The
HAL, the PHMIHOR and the N are set to 10 m, 10−5 and 900 epochs, respectively, for the plots. The x- and the y-axis
are scaled to 20 m for purpose of visualisation. MI and HMI stand for the Misleading information and the Hazardously
Misleading Information, respectively. A and B refer to Model A and B, respectively

models. MI stands for the Misleading Information with either HPL<HPE<HAL or HAL<HPL<HPE, and
HMI denotes the Hazardously Misleading Information having HPL<HAL<HPE. The system is unavailable
when HAL<HPL, and normal operation implies HPE<HPL<HAL. For purpose of visualisation the x- and
the y-axis are scaled to 20 m. While no significant differences are observed from the figure applying both
weighting models in the open-sky scenario, applying wsB (green dots) has improved the probability of the
normal operation from about 35% to 90% in the suburban scenario, and from 0% to about 20% in the
urban scenario. This is consistent with the significant reduction of the mean HPLs in the suburban and
urban scenarios shown in Table 5.

Since the integrity risk is application-dependent, more details of the integrity performance with respect
to other possible values of PHMIHOR and smoothing windows are given in Table 6. The values applying
wsA and wsB are separated by ‘/’, and the values are given for PHMIHOR of 10−5, 10−6 and 10−7. Results
support the previous findings. While the integrity performance are similar applying both weighting models
in the open-sky scenario, significant improvements can be observed applying wsB in the suburban and urban
scenarios for all the tested smoothing windows and PHMIHOR, especially for the suburban scenario. Note
that the results are used only to demonstrate the differences between the two weighting models, but are
not attempted to verify the corresponding PHMIHOR.
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Table 6 Integrity performance applying wsA and wsB for different measurement scenarios, smoothing windows and
PHMIHOR. The values applying wsA and wsB are separated by ‘/’

Normal Operations [%] MI [%] HMI [%] System unavailable [%]

HPE<HPL<HAL HPL<HPE<HAL HAL<HPL<HPE HPL<HAL<HPE HAL<HPL
PPPPPPPN

PHMI
10−5 10−6 10−7 10−5 10−6 10−7 10−5 10−6 10−7 10−5 10−6 10−7 10−5 10−6 10−7

Open-sky scenario

360 99.8/99.8 99.5/99.5 99.4/99.4 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0.2/0.2 0.5/0.5 0.6/0.6

600 99.8/99.8 99.5/99.5 99.4/99.4 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0.2/0.2 0.5/0.5 0.6/0.6

900 99.8/99.8 99.5/99.5 99.4/99.4 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0.2/0.2 0.5/0.5 0.6/0.6

Suburban scenario

360 38/89 27/85 9/79 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 62/11 73/15 91/21

600 33/91 19/86 2/81 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 67/9 81/14 98/19

900 34/92 19/86 1/81 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 66/8 81/14 99/19

Urban scenario

360 0/20 0/16 0/12 0/0 0/0 0/0 0.05/0 0.05/0 0.05/0 0/0 0/0 0/0 100/82 100/84 100/88

600 0/22 0/17 0/14 0/0 0/0 0/0 0.05/0 0.05/0 0.05/0 0/0 0/0 0/0 100/78 100/83 100/86

900 0/20 0/16 0/12 0/0 0/0 0/0 0.05/0 0.05/0 0.05/0 0/0 0/0 0/0 100/80 100/84 100/88

6 Conclusion

The second-generation SBAS test-bed was initiated in 2017 in Australia and New Zealand. The SBAS
DFMC message broadcast from the GEO satellite supports the positioning service based on dual-frequency
GPS and Galileo signals. Having the SBAS DFMC positioning and IM procedures strictly defined for
aeronautical applications (ED-259, EUROCAE 2019), the different and more complicated measurement
environments on the ground require a detailed study of the weighting models for the combined noise and
multipath effects different from that applied for aviation. It is shown that in the urban environment,
e.g., the large multipath effects may not necessarily only occur at low elevation angles, and the frequent
filter re-initialisations due to cycle slips and data gaps also lead to large residuals within short filtering
smoothing time. A simple elevation-dependent weighting function might thus not be enough to describe
the combined noise and multipath behaviours in complicated measurement environments. Therefore, a new
weighting model considering not only the elevation angles, but also the SNRs and the smoothing time is
proposed and investigated for different smoothing windows and different environments, i.e., the open-sky,
the suburban and the urban scenarios. By varying the coefficients of the new weighting model, different
impacts of these influence factors can be taken into consideration in the positioning process.

Making use of the real data collected in different environments for the signal analysis, the effects of the
traditional elevation-dependent weighting model and the proposed new weighting model were compared.
It was found that the elevation-dependent weighting model is sufficient for the open-sky scenario, while in
the suburban and urban scenarios, the new weighting model considering the SNRs and the smoothing time
can lead to a better match of the empirical distribution for the combined weighted and normalised noise
and multipath to the standard normal distribution. Applying the new weighting model, the overbounding
mean values and standard deviations of the EMCs are significantly reduced in the suburban and urban
scenarios, while similar results were obtained applying both weighting models in the open-sky scenario. In
the challenging urban environment, the weighting model related to the SNRs and the smoothing time is
suggested to be used for the DFMC SBAS positioning and integrity monitoring. For GPS measurements,
the SNR coefficients m̃k could range from 20 to 30 dBHz, and the smoothing coefficient β could range from
0.15 to 0.25. For Galileo measurements, the SNR coefficients m̃k could range from 50 to 60 dBHz, and the
smoothing coefficient β could be set to 0.05.

Using 1 Hz real data for the SBAS DFMC positioning, applying the new weighting model in the suburban
and urban scenarios is found to be able to significantly reduce the mean HPLs in the suburban and urban
scenarios, leading to improvement in the IM availability. Improvements in the mean absolute HPEs are also
observed in the urban scenario. In contrast, the results in the open-sky scenario are similar applying both
models. This, again, supports our recommendation to use the elevation-dependent model in the open-sky
scenario, and the new weighting model for ground-based applications in the suburban and urban scenarios.
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A Derivation of ws
B

Assuming that the signal standard deviations σ0,k,raw are equal on both frequencies, and considering only the SNRs in
the weighting model, the variance of the IF slant raw observations can be formulated as:
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Considering the elevation angles in addition, σ2
s,raw can be expanded to
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Based on Eq. A.2, the variance of the smoothed observations can be derived with:
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where it is assumed that wsA
(
θs(ti−n+1)

)
≈ · · · ≈ wsA

(
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)
. Based on Eq. A.3, the weighting model wsB at ti can be

approximated as shown in Eq. 13:
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