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sponding publications that use Android raw GNSS measurements have focused
on GNSS-only solutions. Furthermore, the top three participants of the Google
Smartphone Decimeter Challenge in 2021 and 2022 were either unsuccessful in
implementing an effective extended Kalman filter (EKF) using both GNSS and
inertial navigation sensors (INSs) or found no significant improvements to their
solutions arising from the use of non-GNSS sensors. This paper provides insight
into the challenges of effectively implementing a traditional GNSS/INS EKF for
smartphones and explores the reason behind the limited performance enhance-
ments compared with GNSS-only solutions under benign environments. This
work addresses these issues and provides solutions to alleviate these shortcom-
ings by describing an algorithm to successfully fuse inertial sensors with raw
GNSS measurements. The algorithm provides a robust solution by using not only
the code, Doppler, and carrier-phase measurements in the PVT computation, but
also the inertial sensors to assist in GNSS fault detection and exclusion (FDE)
and to improve solution accuracy and availability. The novelties of this paper
lie in the incorporation of a tightly coupled GNSS/INS EKF for sensor fusion,
single-differenced GNSS measurements to eliminate the effects of receiver clock
components, empirical modeling of GNSS and INS errors for statistical accu-
racy, utilization of both carrier-phase and Doppler measurements for accurate
benign and challenging environment operations, and the application of INS for
GNSS measurement FDE and navigation availability improvements.
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1 | INTRODUCTION

Smartphone devices are one of the most prevalent global navigation satellite sys-
tem (GNSS) platforms worldwide (European Global Navigation Satellite Systems
Agency, 2017). The location engine of these devices is used for a plethora of services
including, but not limited to, real-time navigation and geolocation determination.
However, unlike more expensive counterparts such as geodetic receivers, smart-
phone GNSS receivers have limited performance owing to their size, power, and
cost constraints. For example, Zhang et al. (2018), Gill et al. (2017), and Liu et al.
(2019) demonstrated that the carrier-to-noise density ratio (C/N,) of smartphone
measurements is 7.5-10 dB-Hz lower than that of corresponding measurements
from receivers equipped with high-grade hardware. Furthermore, in a study by
Paziewski et al. (2019), the C/N, values of Huawei P20 raw measurements were
9.4 dB-Hz lower than those of their Javad Alpha counterparts. Because of these
lower signal strengths, signal tracking may be more difficult and more prone to
multipath. These limitations present less of an issue in benign environments such
as open-sky and suburban conditions, but lead to greater issues in challenging sce-
narios such as deep urban canyons. These issues are due to potential attenuation or
outage of signals caused by interfering objects and increased effects of multipath
from high-rise buildings. Although high-end GNSS antennas may have polariza-
tion protection to mitigate the effects of multipath, it is unlikely that smartphone
antennas can support this.

To overcome these limitations, inertial navigation sensors (INSs) are often used
with GNSS receivers in a GNSS/INS extended Kalman filter (EKF). The INS can
assist the GNSS if signal availability issues arise and can capture the dynamics of
the receiver at a higher rate than GNSS measurements. Prior to 2016, smartphone
users were limited to a loosely coupled GNSS/INS EKF, where the GNSS positions
and velocities are fused with the INS. However, the introduction of raw GNSS mea-
surements on Android devices in 2016 made tightly coupled GNSS/INS EKF possi-
ble. Rather than relying on the GNSS position, velocity, and time (PVT) information
provided by the chipsets in National Marine Electronics Association format, which
was limited to three-dimensional (3D) position and horizontal velocity, it became
possible to access all of the raw measurements to perform customized postprocess-
ing. For example, the device attitudes could be estimated through the use of precise
3D velocity instead of time-differenced position estimates. Other advantages of raw
GNSS measurements include the implementation of a differential GNSS (DGNSS)
through the custom selection of reference stations (Enge et al., 1988), empirical
modeling of GNSS measurements (Lee et al., 2021; Lee et al., 2024), and GNSS mea-
surement fault detection and exclusion (FDE) (Lee et al., 2021; Lee et al., 2023a).

Although tight coupling of GNSS/INS is popular among most GNSS platforms
used for navigation, itsimplementation has been less popular in publications related
to smartphone research. For example, prior to 2024, none of the high-performing
Google Smartphone Decimeter Challenge (GSDC) participants used the INS in
their high-accuracy, high-precision PVT solutions (Suzuki, 2021, 2022; Dai, 2022;
Everett, 2022). The first- and second-place winners of the GSDC 2023/2024 did
announce at the Institute of Navigation GNSS+ 2024 conference that they used
the INS; however, Motooka (2024) used the traditional GNSS/INS EKF and fused it
with the post-processing kinematic solution for more smoothed results, and Suzuki
(2024) used the INS to constrain the velocities in his factor graph application. One
of the reasons why the INS-propagated solution was not considered as a significant
source of PVT accuracy improvements is likely because the GSDC 2022 and GSDC
2023/2024 data sets were collected from benign environments such as highway or
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suburban environments. The contribution of the GNSS/INS EKF toward a more
accurate and precise PVT solution primarily arises in challenging environments
with various dynamics such as speed and heading changes. Several other papers
have reported on a tightly coupled GNSS/INS EKF in smartphones (Yan et al., 2019;
Ding et al., 2022), but with a focus on improving the PVT through the GNSS/INS
EKF over single-point positioning in benign environments. These works provide
limited insight into the potential of smartphone INSs in challenging environments,
because a GNSS EKF would already provide decimeter-level accuracy in benign
environments (Suzuki, 2021, 2022).

Although the potential of smartphone INSs is expected to become clear in urban
canyon environments, it is difficult to simply use a traditional standalone tightly
coupled GNSS/INS EKF on Android devices. These difficulties are due to multiple
challenges with smartphone GNSS measurements such as clock discontinuities,
multipath, and carrier-phase cycle slips. For example, if the GNSS receiver clock
syncs with the smartphone network clock (Yun et al., 2023), the clock-drift-based
clock bias estimations would be incorrect. Therefore, we use single-differencing
with respect to reference satellites to remove receiver clock components, an effec-
tive approach demonstrated by Yun et al. (2024) in the GSDC 2023/2024. The
effects of multipath and cycle slips would also impact the state estimates and
measurement accuracies; thus, FDE is required to filter out affected GNSS mea-
surements. Furthermore, there are limited resources on accurate expected error
models for both GNSS measurements and INSs in smartphones. Especially in the
case of single-differenced GNSS measurements, simply adding the expected noise
covariances of each measurement would overestimate the noise owing to error cor-
relation. To obtain accurate absolute metrics required for sensor fusion, the GNSS
measurements must be modeled empirically instead of via popular theoretical
models. For accelerometers and gyroscopes, although datasheet specifications are
available, their statistics correspond to stationary lab environments and are thus
not representative of their performances inside moving vehicles that have inherent
vehicular noise added in their dynamics.

Considering advancements in smartphone system architecture, this paper
addresses the following question: What quantitative improvements in navigation
system performance are provided by the low-cost inertial sensors in smartphones?
While it is known that an inertial measurement unit (IMU) enhances state infor-
mation bandwidth beyond GNSS alone and enables attitude estimation, this study
examines the extent to which these low-cost inertial sensors improve position and
velocity performance in navigation. The term “nontraditional” refers to features
beyond textbook INS/GNSS integration, including methods for handling GNSS sig-
nal quality challenges in urban environments. To answer this question, we propose
a nontraditional single-differenced tightly coupled GNSS/INS EKF. In Section 2,
we provide a detailed explanation of the algorithm. Section 2.A. explains how the
GNSS measurements are preprocessed prior to being fed into the weighted least
squares (WLS) and EKF. Then, the preprocessed measurements are input into the
measurement update equation for single-differenced measurements, H, which
is similar to the equation proposed in a past report on a single-differenced EKF
(Lee et al., 2023a). Section 2.A also discusses how the GNSS measurements are
modeled to create the measurement matrix, R. Section 2.B describes how the IMUs
are utilized through the INS mechanization. Moreover, details regarding how the
IMU noise is modeled and how it forms the system noise matrix, S, are provided.
Finally, Section 2.C presents the GNSS/INS EKF, providing insight into the state
vectors and initialization, state transition matrix computation, GNSS measurement
FDE, and the fusion of carrier-phase position updates with Doppler/INS updates.
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In addition to describing the algorithms used, this paper utilizes various data
sets to validate the algorithm. As described in Section 3, these data sets include the
GSDC 2023 data as well as challenging urban canyon data collected in downtown
Denver, CO, USA. The GSDC 2023 data set is used because it is a well-known pub-
lic data set and it is expected that the carrier addition to the code/Doppler GNSS/
INS EKF would result in PVT improvements. However, GSDC 2023 data set was
collected in benign environments; thus, an additional data set was collected in an
urban canyon scenario to provide insight into the potential of INSs in challenging
environments, the scenario in which the additional inertial sensors add the most
value. In addition, although the GSDC data set provides only truth 3D position and
horizontal velocity, our custom data set provides truth 3D velocity as well, which
can be used to simulate perfect INS measurements. From this, we can gain insight
into how much PVT improvement can be obtained by using higher-quality INSs.
Detailed results are provided in Section 4, and Section 5 summarizes the finding
that the carrier-phase measurements can provide PVT improvements in benign
environments and that INSs are effective in both benign and challenging environ-
ments. These improvements arise because the INS enables GNSS measurement
FDE as well as more accurate state updates compared with GNSS-only solutions,
owing to its ability to capture vehicle dynamics when GNSS updates are not avail-
able because of lower GNSS measurement update rates, signal outages, or a lack of
high-quality measurements.

2 | METHODOLOGY

The proposed single-differenced tightly coupled GNSS/INS architecture illus-
trated in Figure 1 fuses GNSS observables (i.e., pseudorange, Doppler, carrier
phase, and C/N,) with measurements obtained from an IMU. The GNSS mea-
surements are first preprocessed using a DGNSS step and single-differenced to
remove the effects of atmospheric delays and the receiver clock. Although the
GNSS measurements are initially preprocessed with DGNSS corrections (using
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FIGURE 1

Overall proposed GNSS/INS filter architecture
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nearby reference stations), the state-space model in this paper explicitly refers
to single-differenced measurements between satellites only. Therefore, when we
mention “single-difference,” we specifically denote differences taken with respect
to a reference satellite, without involving reference stations. Note that applying
DGNSS corrections effectively results in measurements that resemble double
differences (for code and Doppler) or triple differences (for carrier phase) from
a classical positioning perspective. However, because the DGNSS is merely a pre-
processing step to remove atmospheric and receiver clock errors, the actual mea-
surement differencing defined in the state-space formulation remains strictly
satellite-based single-differencing. Additionally, if atmospheric corrections from
alternative sources or models are employed, the DGNSS step could potentially be
omitted entirely without altering the fundamental single-differencing framework
used in our model. The code/Doppler measurements are fed as inputs into the EKF,
while the carrier measurements are processed using least squares. The states esti-
mated from the EKF are time-propagated using the IMU through the INS mecha-
nization. The propagated states along with expected GNSS measurement noise are
used to carry out adaptive measurement-domain FDE. If valid carrier-phase mea-
surements are available for the next epoch, they are used to update the Doppler/
INS propagated position.

A | GNSS Measurement Processing

i | GNSS Measurement Preprocessing

For the GNSS measurements, we perform the DGNSS step with respect to nearby
monitoring stations. We employ this approach because it enables us to remove
most effects due to the ionosphere and troposphere prior to navigation processing.
If the stations are within 100 km from the user, the expected correction error is
0.22-0.67 m (Monteiro et al., 2005; Department of Transportation and Department
of Defense, 2021); thus, we can assume that there are no residual atmospheric
effects on the GNSS measurements. The stations selected are SLAC, VDCY, and
P222, which are the same stations selected by Everett et al. (2022). The observa-
tion data for the reference stations were retrieved from the National Oceanic and
Atmospheric Administration National Geodetic Survey database, and Broadcast
Merged (BRDM) ephemeris data were attained from the National Aeronautics
and Space Administration Crustal Dynamics Data Information System website. In
addition, the satellite clock bias and drift were corrected using the ephemeris file.

In the proposed approach, the GNSS measurements are single-differenced with
respect to a reference satellite. For example, if we write out the pseudorange expres-
sions for reference satellite p and another satellite g, then the single-difference
equations are as follows:

pp=Rp+c5t+Mp +€, 1)
pq:Rq+c5t+Mq +e, 2)
Appq :Aqu +Mpq +€pq 3)

where p is the pseudorange, R is the geometric range, &t is the receiver
clock bias, M represents the effects of multipath, c is the speed of light, ¢ is
the receiver noise, and A represents the single difference. We apply these equa-
tions for each frequency and constellation separately to avoid having to deal with
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inter-constellation and inter-frequency biases. For the reference satellite, the satel-
lite with the highest C/Nj, is selected from each frequency and constellation group.
We select the reference satellite based on the highest C/N, rather than the com-
monly used highest-elevation-angle criterion. Although both metrics perform sim-
ilarly in open-sky and suburban environments, the highest C/N, criterion is more
effective in urban canyons, where high-rise buildings and overpasses frequently
obstruct signals. In these challenging environments, signal quality indicators pro-
vide a more reliable basis for reference satellite selection than purely geometric
criteria. High-elevation satellites may experience rapid visibility fluctuations, and
selecting such satellites as references can introduce measurement anomalies, thus
degrading the quality of the single-differenced measurements. Another point of
concern is that a change in the reference satellite can affect the noise of the residu-
als. To address this, we apply empirically derived single-differenced measurement
noise models, which are described in detail in subsequent sections. Additionally,
single-differencing poses particular challenges for time-differenced carrier-phase
measurements. If a cycle slip occurs in the reference satellite, or if the reference sat-
ellite changes between epochs, the corresponding time-differenced measurements
become invalid for displacement computations. Whereas the reference satellite
may remain stable for an hour or longer under open-sky conditions, urban canyon
scenarios often trigger reference satellite changes within seconds. Consequently,
we utilize single-differenced time-differenced carrier-phase measurements only
when no cycle-slip alarms occur between epochs and when the reference satellite
remains unchanged.

As a result of differencing, the effects of the receiver clock are removed, and
we are left with only the terms for geometric range and range rate, the effects of
multipath, and uncorrelated measurement noise. We will account for the effects
of multipath in the anomaly detection phase of the algorithm, which is discussed
later in this paper. The single-differenced code, Doppler, and carrier phase are as
shown in Equations (4), (5), and (6):

Apyy = Aqu +epq 4)
A¢pq=Aqu+Mpq+Npql+epq (5)
VA, (k) =Ad,, (k) - Ag,, (k1) (6)

where N is the integer ambiguity and A is the wavelength. For the carrier phase,
we utilize the time-differenced measurements between epochs (k) and (k—1) to
estimate the change in position over time.

Because the relationship between the measurements and PVT solutions is non-
linear, using the measurements in an EKF or WLS requires linearization to obtain
the following form:

5sz :préxpers @)

6z¢ :H¢5x¢+e (8)

where ox o5 is the state update vector for the state vector X and 5x¢ is the
carrier-phase-derived displacement:

x=[a % x b, b,| ©)

aisa 3x1 attitude vector consisting of the 3-2-1 Euler angle sequence describing
the orientation of the vehicle body frame relative to the north-east-down (NED)
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frame. That is, the attitude states are (¢,0,w). The singularity that comes with
Euler angles does not present an issue in this case because we are considering auto-
motive applications, where 6 is close to zero. Converting the algorithm so that it
works with a direction cosine matrix or quaternion parametrization is straightfor-
ward. The 3x1 vector x represents the position of the vehicle in Earth-centered
Earth-fixed (ECEF) coordinates, and x is the velocity vector, also in ECEF
coordinates. b, and bg are the 3x1 accelerometer and gyroscope bias vectors,
respectively.

Finally, we can express the residuals in the following form for all
GNSS measurements:

oA
52, { ; Ag } (10)
5z, = VAP (11)

where 6z op and & z, are the difference between the observed and predicted
single-differenced pseudorange, Doppler, and time-differenced carrier-phase mea-
surements. These differences are subjected to code/Doppler FDE and carrier FDE,
as discussed later in the paper. The linearization yields the following code/Doppler
measurement matrix H o

va,l—vlT,1
vST,l—vlT’1

G= v,{l—vlT’1 (12)
VzT,z v}jz
_";];,m_‘ﬁT,m

o [0 0 G 0 0 13)

P10 G 0 0 0
H,=G (14)

where v is the line-of-sight (LOS) vector for each corresponding satellite and n is
the number of satellites used in each GNSS signal group of distinct frequency and
constellation. There is a total of m such groups, and v, is the LOS vector for the
highest-C/Nj, satellite of each group. We have zero columns to account for other
states estimated in the EKF, as further elaborated upon in Section 2.A.ii.C. For the
carrier phase, we use the WLS instead of EKF; hence, the measurement matrix
does not need to consider other states.

ii | GNSS Measurement Modeling

Multiple methods can be used to model the GNSS measurements. First, if we
ignore the single-differenced component, we can use the inverse elevation method
(Bischoff etal.,2005) or the theoretical expected tracking loop errors for a third-order
delay-locked loop and phase-locked loop (Pratap et al., 2010). However, because we
do not know the exact parameters for the smartphone GNSS tracking loop engine,
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there are limitations for their accuracy in modeling the measurements. Moreover,
although these methods may be effective for providing accurate inter-satellite rel-
ative metrics for a GNSS-only solution, they may misrepresent the actual expected
errors, leading to incorrect error covariances for the estimated states, sensor fusion,
and measurement FDE. Another source of expected GNSS measurement error is
the statistics provided directly by the chipsets. However, this approach requires
full reliance on models provided by chipset manufacturers, which may have been
developed under operational conditions significantly different from our target
environment. For example, although some devices provide accurate estimates of
GNSS measurement errors, others over- or underestimate them (Lee et al., 2024).

For the single-differenced measurements, we can simply estimate the errors of
each satellite measurement and add the variances of the two satellites. However,
common errors such as antenna and front-end noise will be canceled out during
the differencing, suggesting that the sum of variances would be an overestimation
of the expected errors. Therefore, to obtain accurate models, we must empirically
determine the single-differenced GNSS measurement errors. For the empirical
modeling, we leveraged the truth data from the GSDC. If we use the truth posi-
tions for the geometric range computation, the difference between the observed
pseudorange and carrier-phase-based measurements and their expected values
correspond to the measurement errors. We must typically consider the effects of
the ionosphere, troposphere, and receiver clock. However, we used a DGNSS step
to remove the effects of the atmosphere and used single-differencing to remove
the effects of the receiver clock. For Doppler values, as we do not have access to
3D truth velocity, we used the static segments for modeling. For this study, we
assumed that all Google Pixel 6 and 7 devices in the GSDC data set share the same
GNSS noise model properties, as they all use the same Broadcom BCM47765 GNSS
chipset and are likely to be set up in similar configurations inside the vehicles.

The residual data are modeled using similar machine learning (ML)-based
approaches outlined in previous publications (Lee et al., 2023b; Lee et al., 2024).
The model used is a regression tree with a minimum leaf size of 4. The features
consist of elevation-angle pairs and C/N, pairs for the single-differenced satel-
lites. For this study, azimuth and heading angles were ignored. The labels are the
single-differenced residuals. The models are trained for each constellation and fre-
quency band separately. The resulting residuals are used to construct the measure-
ment noise covariance matrix R. For simplicity, the diagonal elements of R are set
to the squared values of the single-differenced residual inferences. It is important
to note that these values do not represent standard deviations and thus may be
statistically misrepresentative. To ensure statistical consistency, inflation factors
are required to convert these residual-based inferences into proper standard devia-
tions, as discussed by Lee et al. (2023b), but this consideration is beyond the scope
of this paper. Additionally, because the measurements are single-differenced with
respect to a common reference satellite, a correlation between measurement errors
naturally exists. Therefore, the off-diagonal terms in R must also be considered. An
analysis of single-differenced Global Positioning System (GPS) L1 truth residuals
used during training, over a 1-min interval, revealed inter-satellite correlation coef-
ficients ranging from 0.1 to 0.7. For simplicity, we assume a uniform correlation
coefficient of 0.5 for all off-diagonal terms in this work.

It is important to acknowledge that empirical modeling has an inherent limita-
tion: it is most effective and reliable when applied to environments similar to those
used for training. For instance, an empirical model developed under open-sky
conditions would likely perform less effectively in urban canyons. Although the
model may accurately represent the GNSS receiver characteristics of a specific
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smartphone and vehicle used during testing, environmental features and resulting
signal noise characteristics can vary significantly between scenarios. Therefore, it
is crucial to utilize sufficiently large and representative training data sets to derive
accurate and robust models.

B | INS Processing

i | INS Mechanization

Without a loss of generality, we assume an automotive application in this paper.
This assumption allows us to use Euler angles for attitude parameterization. The
accelerometer provides the linear acceleration in the body frame, f, and the gyro-
scope provides the angular rate in the body frame, . The gyroscope can be used to
propagate the attitudes. The angular rates can be transformed from the body frame
to the NED frame through the direction cosine matrix derived from the attitude
angle estimates:

¢= (a)ysin¢ + a)zcosqﬁ)tane +o, (15)
0= coycosd) -, sing (16)
W= (a)ysin¢ + a)zcosqﬁ)secqb 17)

where o is the angular rate measured by the gyroscope and (¢, 0,y ) are the roll,
pitch, and yaw angles. Using the attitude angles, we can find the linear accelera-
tions experienced by the device. It should be noted that we are ignoring the trans-
port and Earth rates in these equations because they are considerably smaller than
the gyroscope noise and bias. When resolved in the body axes, the gravitational
acceleration vector, g, is given as follows:

—sin(0)
8, =—9.81] sin(¢) cos(0) (18)
cos(¢) cos(0)

Once again, assuming that the impact of the Earth rate and transport rate when
using low-cost IMUs is minimal allows us to ignore Coriolis acceleration terms in
the INS velocity channel equations. Thus, the equation for the velocity propagation
of our filter is as follows:

cos6 0 —Sin0—
Ry=| 0 1 0 (19)

1 0 0

R,=|0 cosp sing (20)
0 -—sing cosg
_cosv/ —siny 0

R, =|siny  cosy 0 (21)

0 0 1
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_—sin(Lat) 0 —cos(Lat)
R,=| O -1 0 (22)
cos(Lat) 0 —sin(Lat)
I cos(Lon) sin(Lon) 0
R, , =|—sin(Lon) cos(Lon) 0 (23)
0 0 1
¥pepr = R R R, Ry R, (f —8p ) (24)

This equation is a simpler form of the INS equations in the ECEF frame, which
is suitable for automotive applications.

ii | INS System Noise Modeling

The EKF assumes that, during system propagation in the absence of GNSS
measurements, the process noise matrix, Q, must enable correct modeling of the
state propagation errors. This approach allows the correct computation of covari-
ances corresponding to the propagated states. The main components to consider
are the INS random walk (resulting from the integration of wideband noise with
some assumed phase spectral density (PSD)) and bias instability. For small prop-
agation intervals, the process noise matrix has the simplified form shown below,
where its entries are the wideband noise PSD on the gyroscope (O'gym psp) and
accelerometer (o, ppg) OUtputs as well as the variances of the bias instability
(o2 crgym pias) (GTOVES, 2013). The variances are multiplied by the time prop-

accel bias’
agation step (7):

2
Ggyro PSD

Ugccel PSD
Q= 0 T (25)

2
O dccel bias

2
Ggyro bias

Note that this approach is an oversimplification of what is normally done.
However, one of the challenges that we address in this paper relates to determin-
ing reasonable numerical values for the entries of the process noise matrix. In
theory, one can look to the specification sheet for the IMU used. In the case of
low-cost IMUs, however, specification sheets are not very detailed or complete. For
example, in the specification sheets for Google Pixel 7’s inertial module LSM6DSV
by STMicro (2023), the gyroscope bias stability is simply provided as 1° per hour,
which is on par with tactical-grade IMUs (Gebre-Egziabher, 2009). Although this
may be an accurate representative value for specific operating temperatures and
environments, the statistics must be re-evaluated for a given set of operational con-
ditions. In addition to the sensor noise, the installation environment may contrib-
ute to elevating the IMU output errors. Mechanical vibrations and electronic noise
can potentially affect the output errors. In the empirical modeling approach pro-
posed here, we use data collected from the IMU in situ to generate the process noise
matrix Q. That is, we rely on the sensor outputs in situ, rather than specification
sheets, to determine the appropriate process noise matrix.
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We assume that the vehicle noise does not affect the stability of the IMU sen-
sors, such that the sensor bias stability can be easily determined by conducting a
static test for each sensor in the lab environment. In the case of noise, however, we
need data from the actual operational environment. In our case, we use the GSDC
data; thus, we truncate all of the stationary segments from all data sets, remove the
means of each segment, and perform an Allan variance analysis. Because we are
dealing with multiple discontinuous data sets, we cannot accurately compute the
bias stability, but a representative value of the noise PSD should be attainable. For
conservative sensor modeling, we assume that the axis with the greatest noise and
worst stability is representative of each axis. Additionally, we assume that the mag-
nitude of the vehicle engine noise does not change significantly while stationary
or moving. Furthermore, similar to the GNSS measurement modeling, all phones
with the same IMU models are considered to have the same noise properties.

C | EKF Architecture

i | State Vector and Initialization

Assuming that the vehicle starts from rest, the roll, ¢, and pitch angles, 0, can
be initialized by using the outputs of the accelerometers as follows:

_ _1 [ —gsingcosd \ _ _ _

¢ =tan (—ﬁgm oo 9) = atanz( Iy =1 ) (26)
_ _1( gsin0 \ _ 2 2

0 =tan (—gwse) = atanz(fx, f7+ 1 ) (27)

where g is the magnitude of gravitational acceleration (9.81 m/s?). These equations
assume that most of the linear acceleration arises from the gravity component;
thus, the angle estimates are accurate only when there is minimal acceleration on
the device. For the position, x, and velocity, x, initialization, the pseudorange and
Doppler measurements are processed one time using WLS. The corresponding
covariances are used to initialize the position and velocity portions of the state cova-
riance, Pj. The IMU biases are all set to 0, and all attitude covariances are set to 7.

ii | EKF Position and Covariance Update

The propagated error covariance, P, and Kalman gain, K, are computed
as follows:

P, =¢(P, )07 +Q (28)
-1
K =P HT(HP H" +R) (29)
where P, is the estimated error covariance matrix from the previous epoch.

Finally, the updated position, x;;, and error covariance matrices, P, are
as follows:

X} =X; +Kéz; (30)

P =(I-K. H, )P, (31)
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The new state estimate is used to update the attitude, position, velocity, acceler-
ometer, and gyroscope bias estimates.

iii | Time Update Equations

During time updates, the position, velocity, and attitudes, Cy, are propagated
using the accelerometer and gyroscope measurements, fand o, respectively. Even
though the nonlinear navigation equations can be used to update the states, these
equations must be linearized so that the state estimation covariance can be prop-
agated. Using a linearized set of the above equations, the system’s covariance is
updated using the system noise matrix Q.

For this propagation, we use the following state transition matrix, @:

I 0; 0; 0, Gz

Fae, I, Firg Cprg 0

o=l 0, Iz, I, 0, 0, (32)
03 03 03 I3 03
L 0, 0, 0, 0, I i
F = -(csf5)A] (33)
Fe =— 2yiebreebT (34)
3 r (Lat )re
eS b)|"eb

where Qf is the Earth’s rotation rate, 7 is the integration time of the GNSS mea-
surement, y§ is the gravity resolved for the ECEF frame, rf is the geocentric
radius about the latitude, Lat,, and rj is the ECEF position. As we are dealing
with a closed loop, the state estimate, x,, is set to zero.

iv | Anomaly Detection Through FDE

The GNSS innovation metrics are computed by taking the difference between
the observed GNSS measurements and expected measurements, as shown in
Equations (8) and (9). Because we assign the weighting for the GNSS measure-
ments assuming nominal conditions, any anomalies would negatively impact the
estimated states. Multiple anomaly detection schemes can be applied to remove
the anomalies, such as code-minus-carrier, geometry-free measurements, and
polynomial detrending (Lee et al., 2022). In our case, we added another anomaly
detection step that filters the innovation metrics. Multiple methods are available
for innovation testing. For example, if higher-quality inertial sensors are being
used, a method such as that discussed by Call et al. (2006) can be applied. This
method uses the receiver autonomous integrity monitoring approach of computing
the residuals after removing subsets of satellites. However, this method includes
the underlying assumption that the majority of satellites are fault-free, which is
not always the case in an urban canyon operating scenario. Therefore, we take a
simpler approach of filtering the innovation metrics using anomaly thresholds.
Unlike most papers (Ding et al., 2022; Yoder et al., 2023; Yun et al., 2024), which
use predetermined static thresholds, we employed a dynamic threshold to account
for problematic position and velocity estimates that can increase the magnitude of
innovation metrics, effectively reducing the probability of a false alarm.
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The accuracies of the expected geometric measurements are dependent on the
accuracy of the position and velocity estimates. Therefore, we use the covariance of
those states obtained from the EKF, o7,,07;; ,» and project them onto the direc-
tion of the LOS vectors corresponding to the single-differenced satellites i and j,
which are v and vJ, to estimate the errors of the geometric measurements. For
the time-differenced carrier phase, the difference between the position covariance
at the last GNSS epoch, 0;, and the position covariance of the INS-propagated
estimate at the current epoch, O';NS, are multiplied by the LOS vector combina-

tions instead. This approach effecltively maps the state errors to the LOS vectors,
which directly relates to the GNSS measurements. These covariances are added to
the expected noise of the single-differenced GNSS measurements (Gg,Gg,GiAjd))
obtained from R, in order to establish the standard deviation of the innovation

metrics, o,

Gg,innoz :ogz +W vl ol vi-vJ) (35)
i g2 R

Gg,inno _Gg +(v'=v/) o-VEL(VI -v) (36)
i 2 g2 D s S\

Ol pinnoe =g +(V' V) (O-XZNS_GX*)(VL_W) (37)

where o o2 Opo and o, p are the expected standard deviation of the singled-
differenced GNSS measurement error.

Finally, for the magnitude of the FDE threshold, we can find the probability of
false alarm and misdetection to determine the inflation factors (Lee et al., 2023b).
However, in this case, owing to the limited number of samples available for com-
puting the inflation factors corresponding to a typical confidence level of 107> or
better, we simply set the threshold to 3¢. Therefore, if the residual innovation, 6z,
exceeds the threshold, the measurement is rejected; in contrast, if the innovation is
equal to or below the threshold, it is accepted, as shown in Equation (38):

38
8z<3c?, , Accept (38)

inno’

o= {5z >302,,, Reject

v | Carrier-Phase Measurement Assistance

Carrier-phase measurements offer high-precision solutions but are suscepti-
ble to cycle slips when GNSS signals are suboptimal. The previous section out-
lined how GNSS anomalies can be detected and removed. Following the FDE,
the carrier-phase measurements must be fused with the code and Doppler mea-
surements. In the case of code, postprocessing kinematics (Everett et al., 2022),
and real-time kinematics (Takasu et al., 2013), the position updates are estimated
by propagating the last known position using the time-differenced carrier phase.
However, most GNSS/INS EKFs are set up so that the GNSS measurement inputs
provide instantaneous position and velocity at the corresponding epoch.

Therefore, instead of inserting the carrier-phase measurements directly into the
EKF as a measurement, we compute the carrier-phase-based displacement since
the last epoch using least squares. If the measurements have passed the Doppler/
INS FDE, the carrier phase is assumed to be valid, and we replace the Doppler/INS
propagated position estimate with the carrier-phased-based position estimate. If
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no carrier-phase measurements are available, the Doppler/INS position estimate is
used, similar to a traditional GNSS/INS EKF.

However, to replace the position estimate, we must update the corresponding
state covariance as well. This step can introduce two issues. First, the covariance
matrix may encounter a singularity issue. Therefore, we can assess whether the
entire updated covariance matrix is positive-definite. If it is not, we update the
new covariance with the nearest covariance that resolves this issue by comput-
ing the eigenvalues. Second, the carrier-phase measurements may not be an inde-
pendent source of information. In this case, we need to consider implementing a
conservative sensor fusion using covariance intersection (Lakshminarayan et al.,
2016). While this approach is generally conservative, it prevents divergence that
can result from the use of correlated information in a Kalman filter that has not
been explicitly accounted for.

If the Doppler/INS propagated covariance is P; and the covariance of the
carrier-phase propagated covariance is P,, we must find the a posteriori covariance
P_;, which is required to compute the inflated Kalman gain, K,,:

o" =argmin(oP ! +(1-w)P; )™ (39)
P, =(0"P +(1-0")P;1)! (40)
K,=(1-w")P,H"P;! (41)

The final inflated covariance, ITZ, for the EKF is as follows:

1
1-w

P2 = * 72 (42)

3 | DATA COLLECTION AND PROCESSING
A | Devices Considered

Multiple devices and drive scenarios are available for the GSDC 2023. However,
for the scope of this paper, we consider only the Google Pixel 6 and Pixel 7 devices
and their variants, because they all have Broadcom BCM47765 GNSS chipsets and
the STMicro LSM6DSV IMU. As mentioned above, we assume that all devices
are set up in the same manner in the vehicle and share the same sensor charac-
teristics. Consequently, we can apply the same noise models for these devices.
For the non-GSDC data, we used a Pixel 7 device as well, to keep the sensors

TABLE 1
Mechanical Sensor Characteristics for the LSM6DSV From the Datasheet (STMicroelectronics,
2023)

Parameter Value
Linear acceleration zero-g level offset accuracy 12 mg
Angular rate zero-rate level 1 dps
Acceleration noise density 60-100 ug/\/Hz
Accelerometer RMS noise 1.2-2.3 mg
Rate noise density 2.8 mdps/ \/Fz

Gyroscope RMS noise 60 mdps
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consistent. BCM47765 is an L1/L5 dual-frequency GNSS receiver that provides
code, carrier-phase, and Doppler measurements (Broadcom, Inc., 2025). The sensor
characteristics for the LSM6DSV are provided in Table 1. For the truth reference, a
NovAtel SPAN was used to collect the data, and the lever-arm compensation was
also considered (Fu et al., 2020).

B | Routes Used for GNSS Error Mode Training/
Construction

To obtain empirical models of the GNSS measurement and IMU noise, we need
training data sets. The GSDC 2023 data set has both training and testing data.
Training data have truth for device sensor model training, whereas testing data
can only be assessed using the Kaggle submission. As the collections consist of
multiple devices and Kaggle does not provide the statistics per device or scenario,
we focus on only the training data. The training data set has a total of 27 routes for
BCM47765 chipsets: 6 routes are around Los Angeles, USA, and 21 routes are from
the Bay Area, USA. For GNSS measurement modeling, we selected two data sets,
whose details and trajectories are provided in Table 2 and Figure 2, respectively.
The figure confirms that the modeling routes are mainly open-sky and along high-
ways. As all of the GSDC 2023 data set was obtained from open-sky and suburban
routes, the two routes are expected to be sufficient for deriving an accurate empiri-
cal GNSS measurement model. Open-sky data were selected for modeling, as fewer
GNSS signal anomalies were present in the collections. These two data sets were
excluded from the validation set to keep the training data and algorithm validation
data separate.

For IMU modeling, we used all 27 routes. To model the IMU, we considered only
static segments, because correctly removing the dynamics from IMU measurements

TABLE 2

Scenarios Used Only for Training the GNSS Data

These data were not used for algorithm validation.
2023-09-07-18-59-us-ca Pixel 7 Pro
2023-09-07-19-33-us-ca Pixel 6 Pro

62_2_2023-09-07-1B-59-us-ca_pixel7pro

37°44'N - -1

Latitude

37°42'N | =

1 km
rE
1mi Gty ol €o RENL Colboni, Suiciu o’ Lo d Koo, 36 , 4ERE Cumi
1 1 1 CooTezhnzke s Mt USTS EFM

122°12'W 122°10'W 122°08'W 122°06'W 122°04'W 122°02'W
Longitude

FIGURE 2 Training route used to model the GNSS measurements
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under kinematic environments is challenging with only the 1-Hz truth latitude,
longitude, and horizontal velocity provided by Google. For each segment, the sen-
sor measurement means were subtracted from the data to remove the effects of
gravity on the accelerometer and to mitigate the effects of sensor bias. All of the
resulting data were concatenated for statistical modeling. As the number of sam-
ples for static segments is limited, we used all available static segments for Allan
variance analysis.

C | Routes Used for Algorithm Validation

For algorithm validation, the 25 routes not employed in the GNSS model training
were used to ensure model data independence. These routes include open-sky and
suburban environments. As these environments are predominantly benign, the
expected benefit contributions of INS over GNSS-only EKF are limited. However,
our time-differenced carrier-phase measurement implementation is expected to
provide improved solutions, with the Doppler/INS FDE providing further benefits.

A second data collection was conducted specifically for this paper using the
Pixel 7 and a NovAtel SPAN CPT in downtown Denver, CO, USA, as shown in
Figure 3. As shown in the figure, the collection was obtained under deep urban
canyon conditions; thus, the quality of the GNSS measurements is expected to be
significantly worse than that of the GSDC 2023 data set. Therefore, if the imple-
mentation of the algorithm is correct, the positive effects of the INS are expected
to be far greater than those of the carrier-phase measurements. Additionally, if
the carrier-phase FDE is successful, the INS would provide significant benefits,
whereas the GNSS-only solution would have limited performance due to multiple
cycle slips and GNSS unavailability. Moreover, using this data set provides insight
into the extent to which the PVT solutions can be improved by using higher-grade
IMUs compared with IMUs provided in a smartphone. The GSDC data provide only

FIGURE 3 Data collection in downtown Denver, CO, USA, which is a deep urban canyon
environment, presenting a GNSS-challenged environment
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the truth position and horizontal velocity. However, if we have additional informa-
tion such as 3D velocity and all three attitude angles, truth linear accelerations
and angular rates can be computed. By replacing the raw IMU measurements with
values computed from the ground truth, we can simulate a nearly perfect IMU (at
least, relative to the ground truth). We employed the same empirical models origi-
nally developed for the GSDC 2023 data set. Because our current environment dif-
fers from the conditions in which the models were trained, their accuracy may be
limited. Nevertheless, because we are using an identical smartphone model, mea-
surements collected from inside a vehicle, and single-differenced measurements,
we still expect these empirical models to outperform conventional single-satellite
theoretical models.

4 | RESULTS

A | Residual Modeling

After the GNSS measurements were modeled using the two data sets, the models
were verified using the remaining GSDC BCM47765 data set. Using the truth data,
we can compute the errors of the observed and modeled measurements. Figure 4
shows the errors corresponding to the observed and modeled single-differenced
pseudorange, Doppler, and time-differenced carrier-phase measurement errors.
For visualization, the x-axis represents the mean of the two satellite C/N, values.
As expected, the errors are inversely proportional to the C/N,, and the L5 errors
are smaller than the L1 errors. In addition, the pseudorange (PR) errors are the
greatest, while the carrier-phase (CR) errors are the smallest. Furthermore, despite
the fact that the data used to train the model and the data used to validate it are
independent, the ML model-estimated errors are highly correlated with the actual
observed errors. This finding illustrates that the ML model successfully estimates
the expected measurement error.

8D CR Error [m]

40 50 35 40 45
CiMo [dB-Hz] CiNe [dB-Hz]

(a) (b)

FIGURE 4 Errors computed for the single-differenced pseudorange, Doppler, and carrier-
phase measurements using truth data

Both the observed innovation metrics and ML-estimated metrics are provided to visualize
how well the ML models the actual residuals. The C/N, shown here is the mean of the values
corresponding to each satellite.
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B |
Stability

Empirical Modeling of IMU Noise PSD and Bias

To empirically model the IMU sensors’ noise PSD and bias stability, we examined
two data sets. For the first data set, we collected 12 continuous hours of static data
using the Pixel 7 device inside a lab with minimal dynamics and vibrations. For the
second data set, we considered all of the Google Pixel 6 and 7 data from the GSDC
2023, removed all of the static segments, removed the mean of each segment to
eliminate the effects of bias and gravity, and concatenated the data together.

Figure 5 shows Allan deviation plots for both the accelerometer and gyroscope
corresponding to the lab collection and drive collection. For the bias stability, we
are interested only in the lab scenario, because the drive scenario consists of mul-
tiple static segments that have been merged together back-to-back. Unless the
data set is continuous, the computed bias stability may be misrepresentative of
the sensor characteristics. The bias stability and noise PSD of the accelerometer
and gyroscope are provided in Table 3 and Table 4, along with typical tactical- and
automotive-level performances (Gebre-Egziabher et al., 2009) and values provided
by the datasheet (STMicroelectronics, 2023). The datasheet does not provide a sta-
bility value, but instead states that the accuracies of the accelerometer and gyro-
scope measurements are typically within 12 mg and 1° per second. We can see that
under lab conditions, the noise PSD of the datasheet matches fairly well with the
observed values. However, under driving scenarios, the values must be inflated

Accelerometer Allan Deviation Plot

10°
Averaging time, r(seconds)

(@)

Alan Deiation | o)) (radis)

Gyroscope Allan Deviation Plot
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T
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FIGURE 5 Allan variance plots for the accelerometer (left) and gyroscope (right) for lab

conditions and drive conditions

Bias Stability
®
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1200 — 2400 x 10°

N/A
46 x 10=°

TABLE 3
Noise PSD and Bias Stability of the Accelerometer
Noise PSD
(gWHz)
Tactical 50 — 100 X 10>
Automotive 30 — 100 x 10~°
Datasheet 6—10x%x 107>
Lab 5% 1073
Drive 96 X 1073

N/A
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TABLE 4
Noise PSD and Bias Stability of the Gyroscope

Noise PSD Bias Stability
C/s/\Hz) C/h)
Tactical 0.5-10.7 0.1-10
Automotive 0.1 —0.05 180 — 360
Datasheet 2.8—60x1073 N/A
Lab 3%x1073 4.9
Drive 7 %1073 N/A

owing to noise from the vehicle’s engine and road irregularities. Consequently, if
we use the datasheet’s noise directly, the system noise of the EKF will be too small,
leading to smaller state covariance propagations, with the GNSS measurements
having a smaller impact on the system.

C | Anomaly Detection

For the scope of this paper and in general, as shown in the literature studies out-
lined earlier in this paper, GNSS measurements are modeled under benign fault-free
environments. Therefore, any addition of multipath effects or carrier-phase cycle
slips on the measurements would indicate that the models are underestimating
the potential errors. Therefore, we should remove any problematic measurements
using anomaly detection, or de-weight them. We attempt to perform the latter using
the proposed ML regression modeling scheme by inflating any estimated measure-
ment errors based on observed environment features. However, for the former, we
need an anomaly detection scheme for the innovation metrics.

Most papers use fixed thresholds and inflate those in order to capture non-noise
components. Assuming that the DGNSS step has been applied, the greatest expected
component would be the estimated position and velocity errors used to compute

* s dr resicual |

—dr noise 1

. . 5.
* sdprresidual
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C 2
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FIGURE 6 Innovation metrics for pseudorange and Doppler residuals

Each residual (blue) corresponds to each single-differenced satellite signals’ innovation metrics
(Equation (8)). Red and green lines indicate the innovation FDE thresholds (Equations (31) and
(32)). The red line represents the expected contribution of the position and velocity errors to
innovation, and the green line represents the expected contribution of measurement noise to the
innovation under fault-free conditions.
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the geometric range and rate values. Therefore, we use the novel dynamic anomaly
detection metric outlined in the previous section to remove unwanted measure-
ments. Figure 6 shows an example of the proposed dynamic anomaly detection
threshold. The threshold not only considers the expected noise of the measure-
ments (green contribution), but also the uncertainty of the estimated position and
velocity (red contribution). Therefore, we are able to reduce the instances of false
alarms resulting from incorrect position or velocity estimates, while still effectively
removing problematic measurements with unmodeled anomalies.

D | PVT Performance

Overall, the GSDC 2023 data set results shown in Figure 7 and Table 5 demon-
strate that the single-differenced least-square solution performed the worst, fol-
lowed by the code/Doppler EKF (GNSS EKF PR/Doppler (DR)) solution. This result
arises because the EKF better handles the noise than the least squares. However,
the accuracy of the velocity estimates is still limited. The accuracy is improved
by using the INS (GNSS/INS EKF PR/DR) or simply taking the time-differenced

] Empirical CDF
0.6
06
T8
(]
O
047
—Least Square
0.2 ~—GNSS EKF PRIDR i
) GN5S EKF PRIDRICR
—GNS5/INS EKF PRIDR
| —@NSS!INS EHF PR/IDRI/ICR

0 2 4 ] 8 10
Herizontal Error [m]

FIGURE 7 Cumulative distribution function (CDF) error plot of the least squares, GNSS-
only EKF, and GNSS/INS EKF

TABLE 5
Magnitude of the Position Error for Different Positioning Modes

Position Error (m) STD RMS 50% 95%
Least Square 2.9 5.4 4.1 11.4
GNSS EKF PR/DR 2.1 4.4 3.6 8.7
GNSS EKF PR/DR/CR 1.3 2.9 2.5 5.7
GNSS/INS EKF PR/DR 1.5 3.0 2.5 6.1
GNSS/INS EKF PR/DR/CR 1.1 2.7 2.4 4.8

NOTE: STD: standard deviation
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carrier phase (GNSS EKF PR/DR/CR) to determine the displacement. The best
solution is achieved when we have a carrier-phase solution for benign environ-
ments coupled with Doppler/INS for FDE and availability improvements (GNSS/
INS EKF PR/DR/CR).

E | Theoretical IMU Performance Improvements

The results for the urban canyon data set exhibit trends similar to those of the
GSDC 2023 data set, as shown in Figure 8, Figure 9, and Table 6. The GNSS EKF
PR/DR results show a slight improvement over least squares, and the carrier phase
is beneficial, especially for straight sections in a downtown environment. However,
the quality of the carrier-phase measurements degrades significantly in urban can-
yons, which is improved by the IMU. The best performance is achieved by leverag-
ing the fault-free carrier-phase measurements when available, while using the INS
for FDE and availability support. Furthermore, the truth IMU simulation shows
that there is room for even more PVT improvements from using a better IMU, but
the improvement is less than 7% for the root mean square (RMS) based on the
algorithm performance statistics shown in Table 6. This result arises because the
benefits of a better IMU would be especially pronounced during prolonged GNSS
outages (which is not the case for the GSDC data sets, but is the case for many
densely urban navigation efforts), where the accumulation of system noise errors
is significant compared with the GNSS measurement noise. Moreover, the results
suggest that the greatest limitation lies in the quality of the GNSS measurements
used for the velocity and attitude computation. Limited GNSS measurement qual-
ity would lead to worse state estimation errors, which is difficult to overcome by
simply removing system noise errors. Therefore, to further improve the PVT per-
formance, in addition to accurately modeling the lower-quality measurements,
anomalies such as cycle slips and multipath must be estimated and removed.

50 § — - i | o
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! N-+=-GNSS EKF PRIDR

40 GNSS EKF PR/IDR/CR |
— --GMNSS/INS EKF PR/IDR
.E. -—GNSS/INS EKF PR/IDR/CR
'5 -~GNSS/INS EKF PR/IDR/CR [truth INS)
=30
IT]
©
=
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=
=]
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FIGURE 8 Horizontal error plot for various position modes in an urban canyon
The simulated true INS is added to show the potential of a better IMU.
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FIGURE 9 Error CDF plot for the urban canyon scenario using different positioning
algorithms

g\?TBl}eizfofmance for GNSS/INS EKF Using the Pixel 7 INS and Theoretical Truth INS

Position Error (m) STD RMS 50% 95%
Least Square 11.8 15.6 6.1 32.5
GNSS EKF PR/DR 6.5 9.8 5.2 20.0
GNSS EKF PR/DR/CR 4.5 6.9 3.6 14.1
GNSS/INS EKF PR/DR 2.8 4.3 2.3 8.8
GNSS/INS EKF PR/DR/CR 2.7 4.2 2.2 8.5
GNSS/INS EKF PR/DR/CR (truth INS) 2.5 3.9 2.4 7.5

5 | CONCLUSION

This paper has outlined a robust single-differenced tightly coupled GNSS/INS
EKF algorithm for smartphones. The algorithm uses single-differencing to account
for smartphone clock discontinuities, leverages carrier-phase measurements for
high-accuracy, high-precision PVT in benign environments, and utilizes the INS
for GNSS FDE and PVT propagation during GNSS outages. Additionally, this work
quantified the improvement in overall navigation system performance gained by
utilizing the low-cost inertial sensors found in a smartphone. The proposed algo-
rithm uses single-differenced GNSS measurements to remove the effects of the
receiver clock to alleviate issues with smartphone clock discontinuity occurrences
and to reduce the effects of receiver clock bias and drift estimation errors on the
navigation solutions. Moreover, the single difference removes common noise terms
such as receiver thermal noise and overlapping atmospheric effects. To accurately
model the single-differenced GNSS measurements empirically, ML regression was
used. The GNSS measurement solutions were propagated using an INS; thus, the
INS-based system noises were empirically modeled as well using Allan deviation
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plots. The INS propagated solutions and their covariances were used to create
dynamic FDE bounds for the GNSS measurements in the following epoch, which
were then used to assess whether the measurement updates should be performed
using Doppler/INS or time-differenced carrier-phase measurements.

Overall, the time-differenced carrier-phase measurements provided compa-
rable or better PVT performance than the Doppler/INS in benign environments,
because the time-differenced carrier-phase noise is similar to or lower than the
Doppler/INS noise. Consequently, when there are no carrier-phase cycle slips or
multipath effects, the benefits of simple INS-based PVT propagation are minimal.
This is likely the reason why INS provided little added benefits for the GSDC 2023
data set processing. However, if we add the INS FDE algorithm, the performance
improves slightly owing to the mitigation of GNSS anomalies such as carrier-phase
cycle slips. In deep urban canyons, the benefits of INSs are far greater because
of degraded signal conditions. This trend suggests that IMUs in Android devices
are effective in improving PVT in challenging environments. Therefore, the pro-
posed single-differenced GNSS/INS EKF is effective for providing accurate, reliable
PVT information in both benign and challenging environments. In addition, when
we simulated a higher-quality IMU, the performance improvement was minimal,
indicating that the limiting factor of GNSS/INS PVT performance is the quality of
the GNSS measurements rather than the IMU. Therefore, to obtain further PVT
improvements, the GNSS measurements should be corrected rather than simply
excluded. Another area of improvement may be to fuse the GNSS solutions with
the INS solutions based on their covariances rather than switching between them
(Gattis et al., 2024).
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