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ABSTRACT

Safe positioning is a critical capability for automated driving systems (ADAS). This paper describes optimal
integration and filtering schemes of Inertial Measurement Units (IMU) and Global Navigation Satellite Systems
(GNSS) measurements to improve and quantify positioning integrity in urban canyons with poor satellite signals.
For a predefined integrity requirement, minimum achievable protection levels are quantified for realistic urban
navigation scenarios.

I. INTRODUCTION

With the emergence of automated driving system (ADS) technology, the era of autonomous vehicles is fast
approaching [1]. Unfortunately, it is still unclear whether driverless cars will be safe once they are released on the
mass market. A comparison of ADS with GNSS-based aircraft autopilot systems provides valuable insights [2].
However, aviation safety methods cannot directly be transferred to GNSS-based ground applications. The reason is
that aircraft integrity monitoring algorithms leverage satellite redundancy under open sky conditions, which is not
available in urban environments due to buildings and trees causing poor sky visibility. This paper describes optimal
integration and filtering schemes of Inertial Measurement Units (IMU) and Global Navigation Satellite Systems
(GNSS) to improve and, more importantly, quantify positioning integrity in urban canyons.

Highly automated vehicles rely on two key operational capabilities: enabling timely hazard sense and avoid
maneuvers in a changing environment, and keeping the vehicle moving along a desired trajectory. To achieve the
former, vision/radar/LiDAR based approaches can be used for the detection of road obstructions, lane markings, and
other road users. The latter, which this work addresses, requires a navigation system having a sub-decimeter level
accuracy. This can be achieved using augmented GNSS, for example using Precise Point Positioning (PPP) [3] or
Real Time Kinematic (RTK). These techniques rely on correction data provided by a reference station or network.
Unfortunately, GNSS signals can be degraded in urban environments; therefore, even when corrections are available,
they do not effectively guarantee that protection levels will be low enough to enable safe driving.

In recent years, different solutions have been proposed in terms of integrity monitoring in urban environments [4].
These include hybridization of GNSS with other sensors such as inertial sensors [5] and vision sensors with map
matching techniques [6], and measurement rejection-based Random Sample Consensus (RANSAC) methods [7]. In
this work, we focus on integration of GNSS and INS measurements to ensure integrity because inertial sensors are
already incorporated with GNSS receivers in most automotive navigation systems, therefore additional hardware or
software is not required.

INS and GNSS measurements can be integrated in different schemes (uncoupled, loosely-, tightly-, or ultra-
tightly coupled) through a Kalman filter (KF) for estimation and multiple-hypothesis solution separation (MHSS)
for detection [8]. In MHSS, under a given fault hypothesis, the detection test statistic is the difference between
the full-set solution using all sensor measurements and the subset fault-free solution that excludes all observations
associated with a hypothesized fault. Therefore, in MHSS, multiple estimators are needed to compute the full-set
and subset solutions. The number of these estimators corresponds to the number of hypotheses, which can reach tens



to hundreds when monitoring against single and dual-satellite orbit and clock faults in multi-constellation GNSS
[9]. In time-sequential implementations, this requires that banks of KFs be processed. Recent work [10] proposed a
method to reduce computation complexity of KF-based MHSS using suboptimal filters. In our previous work [11],
we derived a new time-sequential integrity monitoring technique using the innovation sequence of a single KF. Its
performance against worst-case satellite failures was also verified on a tightly coupled INS/GNSS system for aircraft
en route and approach operations.

In this work, we evaluate and compare the performance of MHSS-based versus innovation sequence-based integrity
monitors for automotive INS/GNSS systems, considering worst-case single-satellite faults. Unlike baseline Receiver
Autonomous Integrity Monitoring (RAIM) approaches relying on GNSS redundancy, we here investigate scenarios
where there is no satellite redundancy throughout most of the operation, i.e., where the number of satellites is
equal or lower than four, which is often the case in urban canyons. One of the challenges in such rapidly changing
environments is multipath modeling, especially the characterization of local effects, which can impact integrity
monitoring. To realistically model multipath effects, we use stochastic models obtained in our prior work [12].
These values were obtained from a data set collected on a vehicle traveling in an urban canyon and on a highway
with overpasses and road signs. Furthermore, to leverage ground vehicle dynamic constraints, including holonomic
(no displacement perpendicular to road surface) and non-holonomic (no lateral sliding) constraints, a novel reduced-
order INS mechanization is derived, and is incorporated in both the MHSS-based and innovation sequence-based
monitors. Covariance analyses show that even in the absence of satellite redundancy, the use of dynamic constraints
with a low cost automotive-grade inertial system can provide the means to ensure tight protection levels over
time-periods long enough to maneuver out of hazardous situations.

GNSS-based urban navigation is impacted by frequent satellite blockages caused by buildings and other
obstructions in the surrounding environment. In solution separation-based integrity monitoring, where there is a
Kalman filter for each satellite failure mode, this may require re-initialization and/or termination of some of the
subset filters. The re-initialization avoids carrying the effect of potential undetected faults (on the satellites previously
in view) on inertial bias states, which eliminates the integrity risk associated with the blocked satellites. However,
reinitialization causes a temporary period of poor detection capability until the filters converge again. This paper
proposes a novel sub-filter handling using “fading filters” that temporarily monitor prior faults associated with
blocked satellites. The proposed approach does not require filter re-initialization therefore eliminates INS memory
loss and attenuates potential jumps in protection levels due to weakened geometry.

For a predefined integrity risk requirement, this paper describes optimal integration and filtering techniques for
INS/GNSS and identifies the most effective fault monitoring method to achieve minimum protection levels under
poor satellite geometries. Therefore, the methodology here is foundational to determine and then meet integrity
specifications in urban navigation applications. For example, under ARAIM assumptions on prior satellite fault
probabilities and integrity risk requirement, the paper shows that sub-meter level protection levels are achievable
using low-cost IMUs tightly-coupled to differential GNSS when four satellites are visible. With three or fewer
satellites, depending on the duration of operation, INS-only coasting may provide tighter protection levels than
tightly coupled INS/GNSS. It should be noted that the results of this work are specific to automotive applications,
but the methods introduced here are also applicable to other applications using INS/GNSS for navigation.

II. REVIEW OF KALMAN FILTER INTEGRITY MONITORS
A. Innovation Sequence Monitor
A nominal INS/GNSS tightly-coupled mechanization can be done through a Kalman filter [5]. The Kalman filter

time update is
Xp=®Xp_ +T0g_1 (1)

where ® is the state transition matrix of the process model, Uy is the IMU measurement vector, I' is the IMU
input coefficient matrix, and Xj (m x 1) is the a priori estimate of x at time epoch k. In this work, x is a vector
containing position, velocity, attitude, and systematic IMU and GNSS measurement biases.

The measurement update gives the a posteriori estimate Xy as

X = Xi + Ly (21, — HpXp,) 2
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Fig. 1: Dynamic constraints acting on a ground vehicle

where Ly, and Hj, are the optimal Kalman gain and observation matrices at time epoch k.
The innovation sequence monitor utilizes Kalman filter innovation history. The innovation vector y at time epoch
k is defined as

Y = 2 — Hp X 3)

A cumulative test statistic ¢ at time epoch k is defined as the sum of squares of the normalized innovation vectors
over a certain period of time as

k
g =Y 8 “)
=1

where S; is the innovation vector covariance matrix at time epoch <.
The monitor simply checks whether the test statistic g is smaller than a pre-defined threshold 77 as

a 2 Tj, Q)

Let n be the number of measurements for each GNSS measurement update; under fault free conditions, the test
statistic g, at the k' GNSS measurement update is chi-square distributed with kn degrees of freedom. For a given
false alarm requirement Pga, the threshold 77 is determined from the inverse chi-square cumulative distribution
function. The innovation sequence monitor alarms for a fault if g, > T, ,f Under faulted conditions, gy is non-
centrally chi-square distributed with a non-centrality parameter \Z,

k
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which is used to evaluate the probability of missed detection.
One can upperbound the integrity risk for the innovation sequence monitor at any epoch as
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where Py, is prior fault probability for i‘" hypothesis, &y ~ N (uo, 0(0)2) is the estimation error for the state of
interest obtained from full-set solution, g is the test statistic i.e., sum of innovation norms, ¢ is the alert limit, and n
is the number of measurements at time epoch k. f; is the worst case measurement fault vector. The bound in (7) is
computed using the sequential failure mode slope (FMS) approach described in [11]. Note that the state of interest
can be extracted from the full state vector as € = T.x

B. Multiple Hypothesis Solution Separation Monitor

Under n single-satellite fault hypotheses, there are n solution separations

A (®)



where £; is the state estimate error, obtained from subset measurements using all satellites except satellite ¢ for
1=1,...,n.
A fault is detected if N
M A>T )

where T; is the detection threshold based on false alarm rate derived from a predefined continuity requirement to
limit the false alarm rate.
An integrity risk upper bound for a MHSS monitor at any time epoch was defined in [9] as:

vy -0 {PFA} o= (0
I, <20 L +Y 0 2N P (10)
"= o [ T £ o) i

where / is the alert limit, N is the number of hypotheses including single and multi-satellite faults, o) is the
standard deviation of subset solution using all measurements except the i, o(®) is the standard deviation of the

full set solution.

III. DYNAMIC CONSTRAINTS

The dynamic constraints on the ground vehicle may improve both the estimator and detector performance since
they provide additional observations on velocity and attitude in body frame (Fig. 1). This improves inertial bias
estimation. For example, restricted motion in the body lateral direction reduces the drift due to yaw gyroscope and
lateral accelerometer biases.

One of the well-known approaches to fuse these additional observations in Kalman filters is that performing zero
measurement updates in velocity- and attitude-level at INS sampling rate. This is a practical solution because it
does not require any change in INS mechanization and process models, or GNSS measurement model. However,
evaluating monitor performance using a Kalman filter at two different measurement update rates is cumbersome,
especially when computing the worst-case fault for innovation sequence monitor. Instead, in this paper we propose a
new approach that utilizes a reduced-order INS model, incorporated with both MHSS and IS monitors with minimal
computation. We present derivations of the reduced-order model in Appendix A.

IV. PERFORMANCE OF MHSS vS. IS MONITORS

Using (10) and (7) with the automative-grade IMU and DGPS settings in Table I and Table II, single satellite
fault integrity performances of MHSS vs IS are compared for a tightly-coupled INS/GPS integration scheme.

TABLE I: Different Quality IMU Specifications

Parameter | AUTO IND LTAC | HTAC NAV units
Gyro Bias Stability 17.5 38 0.15 0.1 0.01 deg/hr
Angular Random Walk | 0.97 0.6 0.5 0.06 | 0.0018 | deg/v/hr
Acceleration Bias Stability 0.31 0.11 0.05 0.2 0.01 mg
Velocity Random Walk 1.04 0.076 | 0.07 0.0293 | 0.0018 | m/s/v/hr

TABLE II: GPS Settings

Parameter GPS units
Pra 10=° -
Py, 105 -

V4 0.5, 1, 2, and 3 m
nsy 6, 5, and 4 -

In Fig. 2, integrity risks corresponding to varying alert limits are obtained. MHSS outperforms IS especially
for large alert limits. The integrity risk using the IS monitor approaches ngy x Py, = 6 x 107° because as time
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Fig. 2: The effect of horizontal alert limit on integrity risk when ngy = 6.

progresses, the number of degrees of freedom of the IS test statistic increases causing the IS detection threshold to
increase. In contrast, for MHSS, the threshold stays constant while cycle ambiguity estimation performance improves
over time, enabling a lower risk. However, depending on the integrity requirement and length of operation, the IS
performance may still be sufficient, and it can be used as a computationally cheaper alternative to MHSS. For
example, for a relatively looser alert limit of 3 m with good satellite visibility (e.g., ngy = 6), the integrity risk of
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the IS monitor remains lower than 10~7 for an hour, which maybe sufficient for some applications.
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Fig. 3: The effect of number of satellites in view (ngy = 6, ngy = 5, and ngy = 4 from left to right) on integrity

risk when ¢ =1 m.

The effect of the number of satellites in view on integrity performance is evaluated in Fig. 3. Even though
the MHSS outperforms the IS for strong satellite geometries (ngy > 5), its performance is similar to that of IS
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under poor visibility (ngy < 4). This should be taken into account when designing a monitor for urban navigation
application where the satellite visibility will be poor.

V. PERFORMANCE LEVERAGE FROM DYNAMIC CONSTRAINTS

The required alert limit in lateral direction for autonomous cars is very stringent (sub-meter level). The previous
section suggests that MHSS may provide better integrity, thereby smaller protection levels than IS monitor does at
the cost of higher computation. Therefore, this section focuses on performance of MHSS only and evaluates the
minimum achievable protection levels (PL).

A. Scenario Settings

The scenarios used in simulation are selected to reflect urban canyons, where there is no satellite redundancy
throughout most of the operation, i.e., where the number of satellites is equal to or lower than four, which is often the
case in urban canyons. To model multipath effects, we use stochastic models obtained from GNSS data collected
on a highway with overpasses and road signs. To leverage the dynamic constraints described earlier, including
holonomic (no displacement perpendicular to road surface) and non-holonomic (no lateral sliding) constraints, the
reduced-order INS mechanization is incorporated in the MHSS monitor.

In simulations, we assume a differential GPS representative of typical PPP accuracy. The simulation scenario
is described in Fig. 4. Prior to entering an urban canyon with low sky visibility and high multipath conditions,

Fig. 4: A vehicle with a well initialized INS, is penetrating an urban canyon with a speed of 26 mph. The required
cross-track protection level (PL) is 1m.

the INS/GPS Kalman filter is at steady state. That is, the INS error states have been initialized using GPS under
good visibility (ngy > 6) and low multipath. The 1o steady-state error values for attitude (roll ¢, pitch 8, yaw ),
accelerometer (b,) and gyroscope (by) biases are shown in Table III:

TABLE III: Steady-state errors of INS/GPS with ngy = 6

State | AUTO | IND LTAC HTAC NAV units
é 0.41 0.11 0.05 0.022 0.0011 deg
0 0.41 0.1 0.049 0.022 0.0011 deg

ba, 0.17 0.11 0.05 0.2 0.01 milli-g

ba,, 0.17 0.11 0.05 0.2 0.01 milli-g

ba, | 0.156 | 0.046 0.034 0.048 0.0027 milli-g

bg, | 0.004 | 0.0078 | 1.4x 1074 | 2.8 x 107 | 2.7 x 1076 | deg/s

bg, | 0.004 | 0.0078 | 1.4x107% | 2.8x 1075 | 2.7x 1076 | deg/s
bg. | 0.005 0.01 | 1.4x107* | 28 x107° | 2.8 x 1076 | deg/s

With an automative grade IMU, we assume a yaw angle 1) that is initialized to the half accuracy of pitch 6 and
roll ¢ angles, that is oy, = 0.82 which is usually achieved using maneuvers, magnetometer-aid, or gyro-compassing
techniques. In simulations, it is assumed that once the vehicle enters the urban canyon, the sky visibility and multipath



condition degrade. In the covariance analysis, for low multipath conditions, for code and carrier phase multipath
and thermal noise 80 cm and 1.2 cm 1o error values are used with a 100 s correlation time constant, respectively.
For high multipath, these values are 130 cm on code and 3.3 cm on carrier phase with a shorter correlation time
constant of approximately 60 s.

As in the previous section in Table II, the following values are assumed: Py, = 10> for single satellite faults,
and Ppg = 1076.

B. Covariance Analysis Results

Integrity risk for a geometry with satellite redundancy (ngy > 5) is shown in Fig. 5. It can be seen that regardless
of the quality of inertial the integrity risk levels off around similar values. This suggests that the contribution of
inertial sensors are minor when there is GPS satellite redundancy. Furthermore, with the dynamic constraints, the
integrity risk is smaller than 107 for ngy > 5.

L5 INS/GPS (6 SV) L5 INS/GPS (5 SV)
= AUTO
NAV r
10761 free 11076
5 a
e
2
B 1077 ;1077 ]
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—
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Fig. 5: MHSS Integrity risk when there is GPS redundancy: with and without ground vehicle dynamic constraints

As seen in the left hand side of Fig. 6, in the absence of measurement redundancy, that is ngy < 4, using an
INS and using one of high grade (navigation versus automotive) has a major impact on integrity performance. For
ngy = 4, the integrity risk without the dynamic constraints exceeds the prior fault probability 3 x 10~° whereas for
example using an automative-grade IMU with the dynamic constraints it stays below 4 x 1077,

The right hand side of Fig. 6 shows the integrity risk with poor sky visibility (nsy = 3). In this case, since there
is no GPS observability, 1o position error grows unboundedly over time and integrity risk approaches to 1; the
fault-free HMI probability increases and gradually becomes the biggest contributor to integrity risk (Fig. 8). This
can be seen from the figure: the integrity risk (without the dynamic constraints) reaches 1. However, with dynamic
constraints, the system has sufficient observability on the position states and achieves bounding the integrity risk
that approaches the prior fault probability 2 x 107°.

Since the integrity risk results for ngy = 3 are unsatisfactory (i.e. larger than 10~7) even with the dynamic
constraints, we also investigate INS-only coasting performance to cover temporary low visibility condition during
urban canyon navigation. This would eliminate the integrity risk associated with GPS fault modes. Fig. 8 shows 1o
position error and integrity risk values over time. Note that the fault-free integrity risk here is computed using an
alert limit of 1 m. The alert limit is too tight to be achieved with this inertial-only configuration, for example when
using a low tactical grade inertial, the integrity risk level of I, < 1077 is guaranteed for up to 12 s.
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Fig. 6: MHSS Integrity risk when there is no GPS redundancy (left) and there is no GPS observability (right): with
and without ground vehicle dynamic constraints
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Fig. 7: Contributions of fault-free and faulty components of integrity risk

C. Protection Levels

The results so far suggest that 1m protection levels are too tight to be achieved with any configuration of
INS/GPS when ngy = 3. This section will identify the requirements and will determine the protection levels that
can be realistically achieved in different sky visibilities. We performed an iterative analysis to find protection levels
with different integrity risk requirements (107, 1075, 10=°), the results of which is presented in Fig. 9.

Table. 10 summarizes the simulation results. It should be noted that for cases: tightly-coupled IMU/GPS with
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ngy = 3 and IMU-only, the protection levels are not bounded over time since there is not enough redundancy and
observability on the position states. Therefore, the last two rows of the table show the protection levels after 30 s
of low visibility condition, which is indicated by the star symbol next to the PL value.

VI. SATELLITE OUTAGE HANDLING IN MHSS USING BANK OF KALMAN FILTERS

For simplicity in the covariance analyses in previous sections, the satellite in and out cases during operation
were not considered. However, urban GNSS-based navigation is impacted by frequent satellite blockages caused by
buildings and other obstructions in the surrounding environment. In solution separation-based integrity monitoring,
where there is one sub-filter for each satellite failure mode, satellite outages are problematic. When a satellite ¢
goes out of sight, all subfilters will still be affected by past-time measurements from satellite ¢ except the ones that
exclude all signals over time from satellite 7. These past-time measurements, if faulted, will impact the subfilter
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Fig. 10: Protection levels for automative-grade IMU with dynamic constraints. (* PL after 30 s.)

inertial bias estimates. Unless fault modes associated with satellite ¢ are monitored indefinitely, all subfilters must
be re-initialized to ensure that they are free of potential past-time faults from satellite ¢. The re-initialization leads
to temporary poor estimates and therefore causes low detection capability until the filters converge again.

This paper addresses the above problems by introducing a new sub-filter handling approach using “fading filters”
that temporarily monitor prior faults associated with previously in-sight satellites. The proposed approach eliminates
INS memory loss and attenuates potential drops in detection capability of the monitor due to weakened geometry.
It also minimizes the number of sub-filters.

A. Detection and Exclusion

Fig. 11 describes an MHSS filter handling structure when a fault detected and excluded for an example 3-satellite-
in-view scenario. In the figure, the main filter (red) generates the navigation solution x(°) by using all-in-view satellite
measurements, whereas the sub-filters (black) produces state estimates x(*) using all measurements except from the
i satellite subset. The sub-filters here are used for obtaining the solution separations. When a fault is detected on
a satellite, as a part of the exclusion process, the fault-free sub-filter associated with this fault mode will become
the new main filter. Since the rest of the sub-filters will contain the fault, they should be re-initialized. However, in
this case protection levels will be high until the restarted filters converge again. One way to address this problem is
to keep additional back-up filters (blue) that use “two-out” measurement combinations. They can then replace the
relevant sub-filters in the event of exclusion [9] [10].

Unlike in Fig. 11, for systems using a higher number of measurements (i.e., n > 3) and using back-up filters,
some of these back-up filters will be corrupted by faulty measurement. To clear the effect of the fault, these filters
should be directly re-initialized. This is the only option because due to computational limitations we only keep up to
two-out sub-filter combinations. However, the re-initialization on back-up filter level does not impact the protection
level unless another exclusion event occurs before the filters converge, which is very unlikely considering satellite
fault statistics.

B. Sub-filter Handling for a New Satellite

When a new satellite comes in sight, its measurements can be added into each one of the filters including main,
sub-, and back-up filters. In addition, a new sub-filter must branch out of the main filter which monitors the fault
mode associated with the new satellite. Similarly, back-up filters for new two-out combinations are branched out
from the sub-filters which in case of following satellite outages or exclusions, will rise into the sub-filter level.

In Fig. 12, satellite 4 comes in-sight into the 3-satellite bank of filters at ¢;. As seen in the figure, after ¢; the
main filter labeled (0) remains the same. For the new fault mode, a new sub-filter branches out from the main
filter branch without using the new satellite measurements. A similar process is applied to each one of the sub-filter
branches to create the new backup filters. One can notice that the addition of a new satellite does not require filter
initialization, therefore it does not cause any sudden increase in protection levels.

C. Fading Filters for Handling a Satellite Set

For clarity of exposition, let us consider a case when there are no events of FDE and new satellite coming in
sight. The total number of filters ny is a function of number of satellites n and can be expressed as:
n?+n+2

nf:C(n,O)+C(n,1)+C(n,2):f (11)
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Fig. 11: MHSS fault detection and exclusion scheme. The red line stands for the main filter that utilizes all
measurements. The black lines are called sub-filters using all measurement except the one in the parentheses.
The red lines are called “back-up” filters which uses all measurements except the two indicated in parentheses. A
fault is detected and excluded at ¢;, where some of the backup filters become subfilter, and the one that has been
using the faulty satellite measurements (2,3) is re-initialized.
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Fig. 12: MHSS new satellite handling. When satellite 4 comes in sight at ¢1, a new sub-filter labeled (4) branches
out from the main filter (0). This is the one excluding measurements from satellite 4. Also, new backup filters (1,4),
(2,4), and (3,4) branch out from the sub-filters (1), (2), and (3), respectively.

where C' is the combination operator. Unfortunately, when a satellite sets or is blocked, sub-filter handling is much
more complicated than that in FDE and the new satellite events, and Equation (11) becomes invalid. This section
explains what that is and proposes an approach to minimize the number of filters used at any single time epoch
while preventing potential jumps in protection levels.

When a satellite sets, all filters that have been using its measurements are corrupted if the satellite was faulted.
One conservative approach to address this issue would be to apply the same filter handling as when a fault is



detected and excluded: 1) replace all subfilters with the backup filters 2) initialize new backup filters 3) immediately
stop monitoring the fault mode associated with the previously in-sight satellite. As mentioned earlier this will lead
temporary transient filters at the backup filter level. Unlike the exclusion event, a satellite setting is a frequent event
especially when driving through areas. Therefore, in case of another immediately succeeding set (or blockage) when
the backup filters need to be replaced with the sub-filters, the protection levels will drastically increase due to the
unconverged filters.

Another approach would be to: 1) continue running all filters as they are, including the sub-filter for the satellite
that went out of view because it was setting and 2) stop monitoring the out-of-view satellite fault mode when
sufficiently long time has passed after the setting satellite (that is, when the setting satellite’s effect on the filters
has become negligible). Unfortunately the sufficiently long time” does not guarantee that the filters are completely
free of the effect of a potential prior fault on the setting satellite. For example in INS/GNSS, undetected prior faults
might have altered the inertial bias estimates such as gyro bias, which will not manifest itself in the position level
unless the vehicle maneuvers. That is, the impact of a fault on the filters is not only dependent on time but also on
how the vehicle maneuvers over time.

To address these points, we propose a fading filter approach where when satellite ¢ sets, we do the followings:

« Re-initialize backup filters that has used satellite <.

o Continue monitoring prior fault mode ¢ until the re-initialized back up filters converge.

o Once they converge, replace the main filter with sub-filter (i), replace the rest of the subfilters with the
corresponding backup filters that have never used 1.

The nominal scenario for the proposed satellite outage handling is shown in Fig. 13. In the figure, at ¢; satellite
3 sets, which is followed by a fading period (t; < ¢t < t5) where the number of filters are one more than it was
before the setting of satellite 3.

FADING

3 is out PERIOD (1,2,3) is converged
(0) 3
(3) b 5 : (3)
(2) p—— :
— |
(1.3) ‘ ‘ (1,3)
(2,3): : E (2,3)
[— ———— —_—(1,2,3)

Fig. 13: Fading filter approach for a single satellite outage. Horizontal dashed lines represent transient filters whereas
the solid lines indicate that the filter is at steady-state. The fading filters are shown with pale colors meaning that
they will be dumped at the end of the fading period. During the fading period, under the prior fault hypothesis (3)
branch (0) will be faulty and branch (3) will be fault-free, therefore it can be monitored by using solution separation
és — €. Regardless of the prior fault hypothesis, the existing fault hypotheses can be monitored by looking at their
separation from the master filter.

If there is another satellite setting before the backup filter converges, instead of immediately re-initializing other
back up filters, the proposed method queues the reinitialization process for each satellite set. This prevents the
number of filters at any single epoch from growing unboundedly as multiple satellites set. An example queuing
during the two successive satellite sets is illustrated in Fig. 14. To generalize, regardless of the frequency of the



satellite setting, the maximum number of simultaneous filters throughout an operation is bounded with the following
formula:

ny=C(n,0)+C(n,1)+C(n,2) +C(n—1,2) =n* —n+2 (12)

where n is the maximum number of satellites in view at any single time epoch. Notice that the only difference
between (11) and (12) are the fourth term in (12), which takes satellite outage handling into account. This additional
term eliminates jumps in protection level with the cost of additional filters. However, the proposed queuing fading
filter approach here minimizes the number of the additional filters and establishes a safe approach to clear the
memory of the estimator (or INS) from undetected prior faults impacting previously visible satellites.
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Fig. 14: Queuing in fading filter approach in the event of immediate successive satellite outages. For the simplicity,
this example is only for demonstrating how re-initialization queuing over a bank of Kalman filters (starting with 3
satellites), therefore notice the filters (1,2,3) and (1,2,3)* are theoretically the same and (1,2,3)* is useless in this
specific scenario; however, for larger number of satellites they will be different and both of them will be useful.

VII. CONCLUSION

The key findings of the analysis in this paper are the followings. The use of dynamic constraints with a low
cost inertial sensor can provide the means to ensure tight protection levels. With aviation integrity and continuity
requirements, sub-meter level protection levels are achievable using a tightly coupled INS/GNSS system when
four or more satellites are visible. With three or fewer satellites, it is demonstrated that, depending on duration of
the operation, INS-only coasting may provide tighter protection levels than tightly coupled INS/GNSS. In urban
canyons, there are often too few GNSS signals to get a position fix using GNSS alone. In such situations, tightly
coupled implementations are desirable because they make use of these few GNSS signals to limit the drift of the
INS. However, the analysis results show that these few GNSS signals may not provide a significant contribution to
preserving integrity (e.g., as compared to coasting using INS only). In low sky visibility condition, using a loosely
coupled INS/GNSS configuration might be considered to reduce the integrity risk. It should be noted that the results
obtained in the analysis are very sensitive to the prior fault and false alarm probabilities, therefore needs to be
refined for other application specific requirements.



APPENDIX A
DERIVATION OF REDUCED-ORDER INS DYNAMICS

The INS kinematic model for error states is given as [13]:

57 0 1 0 or(™ 0 0 7 150
oo | = |0 =20 MREEC| oo™ | 4+ TR0 LS (b>1 13
sE™] o o K* JE™ 0 Qup') "% (13
N e’ M u
Fy X Gy
Where,
1 0 —sin(Es)
Qe = |0 —cos(Ey) cos(Es)sin(FEy) (14)
0 —sin(Fy) cos(Eq)cos(Eq)
BQ;El * . HPRNT *
N w™ 0 0 I
* w1 OQp! n)T RN
K= 10 s 0% +| 0 w!™ 0 | |55 (15)
0 0 s - 0 0 ™ ] |amy
‘?EB; e 9Es
and s is defined as,
s = |wpy — RN (16)
For ground vehicles, we can assume no side-slip or vertical jump off the ground:
o =0l = 60" = 5u{” = 0 (17)

where vgb) and véb) are the lateral and vertical velocity in the body frame (B).
Using the transformation matrix from navigation (N) to body (B) frame, velocity vector can be transformed as:

v® =BRNy() (18)

where the transformation matrix is represented in terms of Euler angles, ¢, 6, and .
Let B* be the nominal body frame, then perturbation form of the rotation matrix will be:

PRY =PR" PRN = (I+6E,)"R" (19)

where 0E is the skew symmetric matrix of attitude deviation vector JE = [d¢ d6 J9]T and B'RN is the nominal
rotation matrix.
Substituting these into (18):

v 4 50 = (14 6E, ) PRN (0™ + sv™) (20)

Removing the nominal parts gives a linear equation as:

v®" 4 5u® BRYy(™ L BFRNGu(™) 4GB, FRN ™ 4 E, FRY50 ™ 1)

Taking out the nominal and second order terms gives:
sv ) =FRY5v(™ + 6E, PR ™) (22)
=BRN50(™ —B RNy GE (23)

Extracting the second and third column of (23) and equating to zero as in (17) gives an additional measurement
equation coming from the non-holonomic constraint as:

0 = (T "RY)60(™ — (T5; *RY0 ) )oE (24)



where

010
T3 = {0 0 J (25)
A Gaussian white noise source ¢ = [(2 (3|7 with zero mean and variance are usually added to (24) as
0= (T "RY)6v™ — (TP R )6E + ¢ (26)

where the strength of the noise can be chosen to reflect the extent of the expected constraint violations.

Eq. (26) can be used as a measurement model from virtual observation of non-holonomic constraint in Kalman
Filter. However, it should be updated at the INS rate, not the GPS observation rate, which will make the sequential
KF worst-case fault algorithm complex. Instead, we obtained a reduced-order INS model using the constraint.

To generalize the constraint problem, Eq. (26) can be written in terms of full state vector x € R™ as:

Dx =¢ 27

where D € R*™ and ¢ € R¢ where c is the number of constraints, for example ¢ = 2 and D has zero columns
corresponding to states except dv(™ and SE for the specific ground vehicle constraint problem.
Let INS process model be
x=Fx+Guu+ G,w (28)

where 1 € RS is the gyroscope and accelerometer measurements and w € R® contains white and driving noise on
the gyroscope and accelerometer measurements.

The nominal rotation matrix from body frame to navigation frame can be written in its matrix component form
as follows:

. Ri1 Ry Ri3
BRN=|Ry Ry Ry (29)
R31 Rz Rs;
The constraint equation (26) can be rewritten as:
R3; 5,03(11) + Ry (5’02(n) + Ryp 611 (n) _ 0F, U3(b)* + 5E3 V1 ®) — Cg (30)
R3; 51}3(n) + Ry3 502(11) + Ry3 011 (n) _ 0F, ’Ul(b)* + 0F, ’I)g(b)* =(3 31

Solving the two constraint equations for dv,(™) and dv3(™ gives:

(n) _ —R32(3+R33G —RioR33 6v1 ™ + Ry3 Ry 0v1 ™) — Ryp 6 Ep vy ()"
5’[)2 = D +
! . . (32)
Ry 0E1 12" + Ry3 6Fy 3" — Ry36E53 v,
D,
(n) _ Ro2C3 — Ro3 (2 + Riz Ro3 6y (") — Ri3 Ry 6v1 ™ + Ryp § By v, ()"
6’[)3 = D +
- . . (33)
—Ry» 0E; ’Ug(b) — Ry 0E; ’Ug(b) + Ry 0 E5 ’Ul(b)
D,
Where,
Dy =Ry R33 — Ry3R3» (34)
Re-writing elements of matrix F,, from equation (11) in their component form we get,
(n)
wiel
o0~ [ol &

(n)

wieg



£ = |, ® (36)

Using coefficients of states from equations (30) and (31) which would account for the effect of applied constraint,
and removing the rows in F,,, G,, G, and w corresponding to 61);") and 5'0:(3"), the reduced order kinematic
model becomes

ot (™) 0 Fp, Fy)[ox™ 0 0 of (®)
61)‘1(”) =10 F22 F23 (5’()1(“) + Gu21 0 |f$ (b)] (37)
SEM 0 0 K*||sE™ 0 Qg Wit
—_— —
e T/ G u
Where,
1
Rz Rp—Riz Ry
F12 — 13 %Dl 12 £33 (38)
Ri» Rys—Ri3 Ry
0 0 0
F; = 7R33D1111(b) 00 (39)
Ban® 0 0
o 72%(:2) (Ri2R»3 — Ri3R») + ng;) (Ri2R33 — Ri3R3) (40)
2 = D,
* * 2R3 WE:.)U (b)*+2R WE:)U ®* * * * *
Fa = |Riafy™® — Rys " (") — Z a1 on e Ris " — Ry 550 Ry £, 0 — Ry %)
41)
Gu, = [Ri1 Ra Ry (42)
and
Gy, = -Gy, 43)

The two states of velocity errors in which directions constraint is applied, are removed from the error state kinematic

model, thus reducing the model. The process noise model is additionally augmented to account for the addition of
constraint process noise ¢. Thus process noise model from equation (47) becomes G,,,. Where,

Gy, = [Gwr Gd (44)
- O 0 -
Ry _ Ry
Dl Dl
_ Ry Ry
D1 D,
G¢ = | 2Rnwl)+ Ry wil))  —2(Rnw(l)+ Rnw(l)) (45)
D1 Dl
0 0
0 0
L 0 0 |




and

w
W, = 46
M (6)
Thus the INS process model reduces to
x, =F, x + G, 0+ Gy, W, a7
DISCLAIMER

The opinions expressed in this paper are those of authors, and do not represent those of any other organization
including Amazon Prime Air and Hexagon Positioning Intelligence.
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