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Abstract: Owing to the developments of satellite-based and network-based real-time satellite precise
products, the Precise Point Positioning (PPP) technique has been applied far and wide, especially
since the PPP-B2b service was provided by the third-generation BeiDou Navigation Satellite System
(BDS-3). However, satellite outages during dynamic application lead to significant degradation
of the accuracy and continuity of PPP. A generally used method is integrating PPP with Inertial
Measurement Units (IMUs) to enhance positioning performance. Previous works on this topic are
usually based on IMU data at a high sampling rate and are mostly implemented in post-processing
mode. This paper will carry out a compressive assessment of the impacts of different types of precise
satellite products (real-time products from the CAS, DLR, GFZ, WHU, and the final one from GFZ),
Doppler observations, and different sampling rates of IMU data on the performance of the tightly
coupled integration of the BDS-3 B11/B2b and the Inertial Navigation System (INS). Results based
on a group of on-board experimental data illustrate that (1) the positioning accuracy with products
supplied by the CAS and WHU are roughly consistent with those using the final products; (2) the
Doppler observations can effectively improve the accuracies of velocity, attitude, and vertical position
at the initial epochs and during the reconvergence periods, but have invisible influences on the
overall positioning, velocity, and attitude determination; and (3) the impact of IMU data interval
on the performance of PPP/INS tightly coupled integration is insignificant when there are enough
available satellites. However, the divergent speed of position is visibly affected by the IMU sampling
rate during satellite outage periods.

Keywords: the third-generation BeiDou navigation satellite system (BDS-3); robust Kalman filter;
real-time satellite precise products; Doppler observation; IMU data rate

1. Introduction

The emerging applications such as autonomous driving and smart cities present an
increasingly urgent demand for high-precision and high-frequency spatial-temporal data
information in real time. The Precise Point Positioning (PPP) technique [1,2], which requires
only a single receiver, can accomplish centimeter-level positioning worldwide with the
advantages of flexibility and effective cost. Currently, PPP based on multi-constellation
Global Navigation Satellite System (GNSS) observations has emerged as a powerful plat-
form for offering high-accuracy location services because of the merits of global coverage
and all-weather as well as non-accumulative positioning error [3]. Meanwhile, the per-
formance of PPP relies heavily on the accuracy of satellite orbit and clock products [4].
The International GNSS Service (IGS) Analysis Centers (ACs) supply these products to
users, which can be divided into three types, namely ultra-rapid products, rapid products,
and final products. Due to the latencies of rapid and final products, they are inapplicable
for real-time applications. Although ultra-rapid products are capable of accomplishing
real-time positioning, their positioning performance is poor [5,6]. To meet the increasing
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requirement for real-time high-precision positioning and applications, IGS established the
Real-Time Pilot Project (RTPP), and the Real-Time Service (RTS) was officially operated
in 2013. Based on the NTRIP (Networked Transport of RTCM via Internet Protocol), the
real-time orbit and clock products in the form of State Space Representation (SSR) are
supplied worldwide by way of the Internet [7,8]. At present, there are several ACs that
provide real-time product streams, for instance, BKG (Bundesamt fiir Kartographie und
Geodisie), DLR (Deutsches zentrum fiir Luft- und Raumfahrt), the CNES (National Centre
for Space Studies), the ESA (European Space Agency), GFZ (GeoForschungsZentrum),
WHU (Wuhan University), GMV (GMV Aerospace and Defense), and the CAS (Chinese
Academy of Sciences). In recent years, the qualities of GNSS real-time and post-precise
products have been validated by numerous scholars [9,10]. The accuracy of real-time
satellite orbit and clock products of GPS, Galileo, GLONASS, and BDS-2 from the CNES
has been evaluated in [11]. The experiment results show that the GPS products can provide
the PPP solutions within 15 cm, where the orbit errors are 5 cm and the clock errors are
0.3 ns. In contrast, GPS products are the highest accuracy among the four systems. Similar
conclusions can also be found in [12]. In [13], the accuracies of SSR products supplied
by the ACs including the IGS, BKG, DLR, GFZ, the ESA, GMYV, the CNES, and the CAS
were assessed. Numerical results suggested that the PPP solutions based on the real-time
products required practically the identical convergence time (about 20-30 min) as those
utilizing final products to obtain the same positioning accuracy grade (10-15 cm). Some
scholars also analyzed the positioning performance based on final precision products [14].
The multi-GNSS precise satellite orbit and clock products supplied by ACs of the ESA, GFZ,
WHU, and the CODE (Center for Orbit Determination in Europe) were studied. Relevant
outcomes proved that distinctions among ACs’ precise products were slighter. Therein,
precise products from GFZ perform with higher accuracy around the Europe area, and the
products from the CODE are more accurate around the China region.

The above research evaluated the accuracy of satellite orbits and clocks and their
impacts on positioning in the field of accuracy and convergence time of PPP. Extensive
works have shown that the PPP depending on real-time SSR corrections has the potential
to be applied in many fields. However, there are challenging environments (tunnels, urban
canyons, and viaducts, for instance) around where satellites” signals will be blocked. Such
conditions make it hard to obtain continuous and reliable positioning results by using GNSS
measurements only. To overcome the drawbacks of GNSS, the Inertial Navigation System
(INS), which can maintain a stand-alone solution by using the measurements of carrier
motion from the Inertial Measurement Unit (IMU), is employed. The IMU data, which
will not be affected by the surrounding environments, can cover the shortage of the GNSS
during signal-outage environments. Currently, the GNSS/INS tightly coupled integration
(TCI), directly integrating GNSS observations with the INS-predicted values, can work well
during GNSS satellite partial-outage periods [15-17]. In recent decades, many works have
been conducted on PPP/INS TCI, and it can provide decimeter positioning accuracy even
when GNSS signals are partially or entirely interrupted [18-20]. Since the technology of the
Micro-Electro-Mechanical-System (MEMS) sensor has made significant advances, various
studies were conducted to investigate the integration with PPP and MEMS INS [21-25]. The
works in [21] showed that the PPP/MEMS INS TCI could provide decimeter positioning
accuracies. The study of integrating GPS PPP with a MEMS-based inertial system in [22]
inferred that decimeter-level positioning accuracy can still be attained despite the GPS
signal having outages of 30 s. A new approach that the multi-GNSS PPP and MEMS
IMUs are integrated tightly at the observation level is proposed in [23]. The corresponding
results illustrated that the multi-GNSS and INS could heighten the performance of PPP
in the fields of precision and convergence time. These listed works mainly verified the
performances of PPP/INS integration in the post-processing mode. In [26], an integration
algorithm of GPS + Galileo PPP and a MEMS-based INS was applied in real-time mode.
The real-time products from the CNES are saved beforehand, which are utilized to make the
simulation of real-time situations. The outcomes reveal that the positioning accuracy can
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maintain centimeter grade under open sky environments, and the positioning accuracy can
maintain decimeter level when there are 10 to 60 s of GNSS outages. The consumer-level
IMUs are currently widely used in many practical applications, such as unmanned aerial
vehicle (UAV) navigation and vehicle-borne navigation [27-29]. The work in [29] presents
a real-time loose integration between single-frequency PPP and a low-cost consumer-
grade INS. The outcomes indicate that the positioning results could maintain lane-level
accuracy by this real-time PPP/INS system despite passing bridges or overpasses on the
road. However, the impact of real-time products from different ACs on PPP/INS tight
integration has not yet been investigated. In addition, the observation of Doppler is widely
used in GNSS velocity determination [30,31], and Doppler observations are often used
in the TCI models [32-34], but their influence on TCI performance is rarely analyzed. To
improve the PPP/INS solutions in complex environments, the Robust Kalman Filter (RKF)
is introduced [34-37]. A adaptive Robust Kalman Filter for a MEMS/GNSS integrated
system is designed in [37], and a vehicular experiment shows that this algorithm could
constructively suppress the error divergence.

However, the above works are based on the high rate of IMU data. Although the high
sampling rate of IMUs can provide more positioning solutions in detail, it also imposes
a certain burden on data storage that does not meet the application requirements of the
consumer-level market in real time. Applications such as pedestrian navigation demand
real-time, continuous, and accurate positioning with low-cost sensors, small data storage,
and non-time-consuming operation. The aim of this work is to analyze the impacts of the
data-related factors such as IMU data rate, Doppler observation, real-time SSR products,
and robust algorithm on real-time PPP/INS tight coupled integration. Therefore, this
contribution makes a comprehensive evaluation through a set of low-cost vehicle-borne
BDS-3/IMU data collected in complex environments. In addition, since the B2b signals
have been publicly broadcast, the BeiDou 3 navigation services have new signal selection,
and B2b signals are the same accuracy as other signals in terms of position, velocity, and
timing [38,39]. In this work, we utilized the combination of B1I and B2b. The conclusions
of this contribution will be conducive to the selection of data and processing strategies in
practical applications, so as to obtain more efficient and accurate navigation results.

2. Methods

In this subsection, the methods of undifferenced uncombined BDS-3 PPP/INS tight
integration and the Robust Kalman Filter are described in detail.

2.1. Observation Models

The measurement model can be expressed as
2k = Hixe + 17, 7k ~ N(O, Ry) 1)

where zj refers to the measurement error vector at epoch k; xj indicates the state parameter
vector; Hy, is the design matrix; 74 stands for the observation noise vector; and Ry represents
the corresponding covariance matrix.

The measurement error vector is formed by making the difference between BDS-3
measurements Mgnss and the INS-predicted measurements M;ns [40]

Zx = Mgnss — Mins

Pl [1P° = Pins = Apinsi| +clt = #) + by — b5 + I 4 T3 + AGP o
= |Li| = | |P°—Pins — Bpinsg| +cltr = t°) + A)N; = I+ T3 + ASL;
. .S
bj 0% — vy — Aving| + ety — 1) + ASD,;

where original GNSS observations at frequency j including pseudo-range, carrier phase,
and Doppler are represented as P, L, and D; p® and v° denote the satellite position and
velocity provided by precise orbit products; p;y¢ and v;;¢ are the position and velocity
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at the IMU sensor center calculated by INS; ¢, and #° represent the clock residual error of
receiver and satellite; I} j and T refer to the ionospheric and the tropospheric delay on the
signal path; b, ; and b;‘ indicate Differential Code Biases (DCB) for receivers and satellites;
N; denotes the integer ambiguity; A; stands for the wavelength of carrier phase; c refers to
the velocity of light; -’ represents a variation; and AdP;, AJL;, and ASD; refer to the sum of
other error modifications, which can be obtained from appropriate error correction models
for these three types of observations. Because the GNSS receiver observing center does not
coincide with the IMU sensor’s center, Apyns,; and Avjyg; are used to describe the lever
arm for position and velocity, which can be written as

(AP1N5,1> — < CiCy1? > 3)
AvNs) Ca[(w!, x)CPIb + CP (1P x )]

where 1 represents the lever arm surveyed in b-frame, which is generally measured before
the experiment and utilized to calibrate the inconsistency between the GNSS receiver
observing center and IMU sensor’s center; C;, is the conversion matrix from the navigation
frame (n-frame) to the earth frame (e-frame); C;/ denotes the conversion matrix between
n-frame and body frame (b-frame); wj, indicates the angular rotation rates of n-frame
relative to the inertial frame (i-frame) projected in n-frame; and w!, represents the angular
speed in b-frame.

For the TCI model, the related state parameters used in our work can be written as

X = [0ping, 0Vns, O, 6ba, Obg, 854, 85g, Oty, Oty, Odper, Sdchy, (5N1,5N2,5Ir]T 4)

where dpjyg, 607yg, and ¥ are the error vectors of position, velocity, and attitude in the
n-frame, respectively; db, and Js, represent the bias error and scale factor error of the
accelerometers; and by and s, represent the corresponding errors of the gyroscopes. The
rest of the state parameters are the elements related to GNSS, including receiver clock
error &t, receiver clock drift error 8t, wet zenith delay error ddyet, receiver DCB error ddcb,
ambiguity errors 6N; and 6N, on frequencies L1 and L2, as well as ionospheric error 6.

Subsequently, Hy can be obtained by making an error perturbation operation on the
innovation vector in Equation (2) around the initial state parameters provided by the INS,
which indicates the designed coefficient matrix. For dual-frequency observations (f; and
f2), the corresponding Hj can be expressed as

Hp, Hins,p  Hgnss,p1
Hp, Hins,p  Hgnss,p2
Hp, Hins,.  Hgnss,L1
He= || = : : 5
k Hip, Hins,.  Hgnss,L2 ©)
Hp, Hinsp  Hgnss,p
Hp, Hins,p Hgnss,p
Hinsp = Hins 1 = [Ac1 0 AC (Cf;lbx) 00 0 o} ®)

Hinsp = [ADIC1 AC; Hyy 0 —ACC(I'x) 0 —AC;Hdiag(«})| ()

Henss,pt = [Hi 0 My Hip 0 0 —E| 8)
Hensspo = [Hi 0 My Hie 0 0 —vE] )
Hensspn=[Hi 0 My 0 E 0 E] (10)
Hensso=[H1 0 Myt 0 0 E 7E] (11)
Hgnss,p1 = Hgnsspp =0 Hi 0 0 0 0 0] (12)

Hy =[1,--- 1] (13)
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Hyy = AD’lcz(Cfllbx) — ACS {(w?n X +w! X )Hy + CP (l” x wfb) x] (14)

where A represents the direction cosine matrix of the satellite-receiver; C; stands for the
transition matrix to transform position corrections between e-frame and n-frame; D! refers
to the transition matrix to convert the lever arm from the n-frame to e-frame; E denotes
the identity matrix; My, represents the mapped function of the tropospheric wet delay;
a = f2/(f} — f7)and B = f2/(f? — f3) are the coefficient for the ionosphere-free combi-
nation; and y = f7/ f? indicates the conversion coefficient of ionospheric delay.

A prior constraint should be applied on the slant ionospheric delay in the undiffer-
enced uncombined PPP/INS TCI model [41]. In this case, the corresponding measurement
error vector z;, and the designed coefficient matrix H 1, are described as

z;, = 40.28 - STEC/ f? — Iins (15)

H,=[00000000000O0O0O0 I (16)

In addition, the prior variance matrix of observation Ry can be written as
Rk = diug(Rpl sz RLl RL2 RD1 RD2 R[l) (17)

where the a priori variance of pseudo-range, carrier phase, and Doppler are decided by the
satellite elevation-dependent weight function [41,42]

00, SA > 11/6

2 __
- {002/(2sin(E)),SA < /6

(18)

where SA and 07 are satellite elevation angle and the corresponding prior variance. The ini-
tial prior covariance of code, phase, and Doppler are set to 0.3 m, 0.003 m, and 0.1 m/s [23].

2.2. State Models
The state function of PPP/INS tight integration is shown below:

Xk = P —1Xk—1 + pk—1, k-1 ~ N(0,Qx_1) (19)

where ®; ;_; denotes the state transition matrix determined by the dynamics model of
the state vectors mentioned above; y;_1 represents the state noise vector with the a priori
variance Qy_1. For describing the dynamic variations of position, velocity, and attitude, the
so-called PSI angle model [43] is adopted as

op° = —w. X p° + 6v°
65" = f X+ Cof’ — (wf, + wf,) x 00 + 3¢ 20)
P =—wi X - CZ(Swf»’b

where Jp©, v, and ¢ indicate the position, velocity, and attitude error in the computing
frame (c-frame), respectively. In the PSI angle model, there exists a rotation vector () to
describe the orientation difference between the platform frame (p-frame) and the c-frame.
On the basis of this, INS error analysis can be performed: w¢, denotes the angular rotation
rate projection in c-frame of the c-frame to e-frame; Jg° indicates the gravity error in c-frame;
wj, stands for the angular rate projection in c-frame of e-frame relative to i-frame; “x”
represents the cross-product; f° is the specific force from accelerometers; CZ) refers to the
attitude direction cosine matrix between b-frame and p-frame; and wa’b and &f’ are the
sensor errors of accelerometers and gyroscopes. Additionally, the residuals of IMU sensor
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errors are decided by the first-order Gauss—Markov function [43], and the discrete-time
mode is described by

5bk o exp(—At/Tb)ébk,l wb,k
{55]{] o [exp(—At/Ts)ésk_J T L‘)S,k] (21)

where T, and T are the correlation time of IMU sensor errors (bias and scale factor error);
At is the time internal; and wy, x and w; j are the corresponding driving white noise.

For the parameters related to BDS-3, the models established by Brown and Hwang are
applied to define the driving noise of the receiver clock offsets and the clock drift [44]:

Oty = Oty 1 + Ol 1 A+ @ty iy, ~ N(0,054¢%h0At ) 22)

St =0bja+w, @ o~ N(o, 2Ac2h27r2At> (23)

17 Ttk

where A is the experiential amplification factor; hg and h; represent the instability of the
BDS-3 receiver crystal oscillator; and At denotes the sampling interval. Meanwhile, the
random walk process is utilized to describe the dynamic noise of the zenith delay residual
in the wet component, the receiver hardware time delays, and the ionospheric delays,
which are adopted as

5dwet/k = 5dwet,k71 + wdwet,kfl’wdwet,kfl ~ N(O’ qiwetAt) (24)
dcby o = ddcby g1 + Wacp, ;s Wack,,_, ~ N (0, ‘lﬁcht) (25)
0L =0l g T Wiy W1y~ N(O’ aIzr,k—l) (26)

where the Power Spectral Density (PSD) ¢,  is utilized to represent the dynamic noise of
zenith wet delay; g, , denotes the dynamic noise of receiver DCB; and O-IZr/k—l stands for the
prior noise variance of ionospheric delay. The changes in ambiguities adopt the random
constant model. Then, the transition matrix ® y_; together with the a priori variance Qy_4
can be achieved.

2.3. Robust Kalman Filter

In this contribution, the RKF is adopted. Under the Extended Kalman Filter
(EKF) [45,46], the observation update proceeding can be represented as

X = X1 + Ki(zp — Hixpp—1) (27)

Py = (I — KeHy) Pg1 (I — KeHy) T+ KeRpKF (28)
—1

Ki = Pek 1 H{ (HiPek 1 HY + Ry 29)

where Py indicates the posterior covariance matrix of the state parameters x;; K denotes
the Kalman gain matrix.

Nevertheless, the EKF has difficulty dealing with the observation with gross errors
during the actual applications. Therefore, an RKF is utilized to eliminate the effect of
measurement outliers on parameter estimation. For the low-quality or gross observations,
the variance of measurement is adjusted by the robust factor:

R =a 'Ry (30)
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where R; refers to the modified measurement covariance matrix; a indicates the robust
factor, which can be obtained by the IGG-III model as [46]

1,19 < ko
ko (ki—|5; ~

ai =1 o (3 ko < Bl < Ky (31)
0,|5j|2k1

where ky and k; stand for the empirical constants with the values of kj setting to 1.0-1.5
and that of k; setting to 2.5-8.0; the standardized residual is adopted as |7;| = |v;|/0%,; and
0y, is the variance of v;. The observation residuals vector and corresponding variance can
be obtained by

Vk = Zy — Hi Xy (32)

Py = Ry + Hy P H (33)

where symbols are the same as those mentioned above. As shown in the above functions,
the value of the robust factor is set to 1 when |7;| is lower than ko, which represents that
observations are of good quality. On the other hand, the residuals will be regarded as gross
errors when |7;| is higher than k;, and the weight of gross observation takes the value of
zero. Nevertheless, a pimping value is adopted to avoid a singular equivalent variance
matrix in the actual data processing. Then, the fresh formula of the Kalman gain can be
expressed as

~ —\ 1
Ki = Pex 1 HY (HePex 1 HY + Ry (34)

Finally, the state parameters as well as the corresponding covariance matrix can be
determined as
X = X1+ Ki(zk — Hgxip-1) (35)

P = (1 - kka) Pex1 (1 - Kka) "L RERKT (36)

3. Experiments and Data Processing Schemes

To investigate the performance of the BDS PPP/INS TCI, a set of vehicle-borne ex-
periments was arranged in Beijing on 23 December 2021. Figure 1 displays the detailed
trajectory of the experiments. The main purpose of this work is to make a comprehen-
sive evaluation of data-related factors on PPP/INS tight integration. Hence, the test was
conducted on (1) the impact of real-time orbit and clock products from different ACs on
the BDS TCIL; (2) the impact of Doppler observation on the BDS TCI; (3) the impacts of
the IMU sampling rate on the TCI results. As a comparison, the solutions based on GPS
data are also presented. In these tests, the dual-frequency BDS (B11/B2b) and GPS (L1/L12)
measurements were collected by a NovAtel GNSS receiver with a sampling rate of 1 Hz.
The accelerations and angular rotations were provided by a low-cost IMU INS616 at 100 Hz.
The relevant parameters of the IMU sensor are presented in Table 1. Figure 2 displays the
number of available satellites and the PDOP values for BDS-3 and GPS. It is noticeable that
the observational conditions are poor during 368,732 s-371,500 s, where frequent signal
partial and complete outages happen.

Table 1. Details of consumer-grade IMU sensor.

Parameters Values
Gyroscope bias (° /1) 2
Accelerometer bias (mGal) 40
Angular random walk (°/ Vh) 0.15

Velocity random walk (1m/s/ V) 0.05
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Figure 1. Trajectory of the vehicle test.
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Figure 2. Number of available satellites and the corresponding PDOP.

The real-time product streams from four ACs (the CAS, DLR, GFZ, and WHU) were
received. During the experiment, these data streams were decoded in real time and
stored in files. As a reference, the final precision products from GFZ were also used. The
raw observations were also processed in two distinct modes, namely TCI with Doppler
observations (TCI-dmode0) and TCI without Doppler observations (TCI-domdel). We
selected four periods of reconvergence, as pointed by black arrows in Figure 2, to further
analyze the influence of Doppler observations during reconvergence periods. In addition,
the raw 100 Hz IMU data were re-sampled to 50 Hz and 10 Hz, respectively. Then, the
same TCI mode was adopted to process the BDS-3/GPS data and these IMU data with
different sampling rates to investigate further the impacts of IMU sampling rate on the
performance of positioning, velocity, and attitude determination. The specific differences
between different schemes are shown in Table 2. The RTK/INS tight integration solutions
calculated by Inertial Explorer (IE) software were adopted as reference values for the
above schemes.
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Table 2. Specific differences between different schemes.
Schemes EKF RKF Final Products Real-Time With Doppler Without IMU Data Rate
Products Doppler

PPP - - N4 - - - -

TCI Vv - Vv - Vv - 100 Hz
TCI-RKF - Vv Vv - Vv - 100 Hz
RT-CAS Vv - CAS Vv - 100 Hz
RT-WHU - Vv - WHU Vv - 100 Hz
RT-GFZ - Vv - GFZ Vv - 100 Hz
RT-DLR - Vv - DLR Vv - 100 Hz

TCI-dmode0 - Vv Vv - Vv - 100 Hz
TCI-dmodel - Vv 4 - - Vv 100 Hz
TCI-100 Hz - Vv Vv - Vv - 100 Hz
TCI-50 Hz - Vv V4 - Vv - 50 Hz
TCI-10 Hz - Vv Vv - Vv - 10 Hz

4. Discussions

The impacts of real-time SSR products, robust algorithm, Doppler observation, and
IMU data rate on real-time PPP/INS tightly coupled integration are presented in this
section in detail.

4.1. Impacts of SSR Products and Robust Algorithm on PPP/INS Integration

This section shows the impacts of satellite SSR products and robust algorithm on
BDS-3-based positioning accuracy. Figure 3 displays the position differences of BDS-3/GPS
PPP, PPP/INS TCI, and the TCI-RKF based on final precise products in comparison with
the reference values. The position accuracies under Root Mean Square (RMS) values are
present in Tables 3 and 4. The results reveal that the solutions of PPP/INS TCI outperform
the solution of PPP. Compared with TCI, the results of TCI with the RKF are slightly
improved. The BDS-3 PPP RMSs are 0.882 m, 1.361 m, and 1.311 m in the east, north, and
up orientations, while the BDS-3 TCI position RMSs are 0.432 m, 0.464 m, and 0.838 m,
with the enhancement percentages of 51.0%, 65.9%, and 36.1%, respectively. For the BDS-3
TCI-RKE, the corresponding RMSs are 0.406 m, 0.419 m, and 0.782 m, which have slight
improvement compared to BDS-3 TCI, with a gain of 6.0%, 9.7%, and 5.6% in the three
directions. Similarly, the position results of GPS TCI are 0.316 m, 0.396 m, and 0.769 m,
which can provide about 46.1%, 26.5%, and 21.8% position improvements to GPS PPP.
These modifications from the GPS TCI-RKF are 53.9%, 65.9%, and 36.1%.
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Figure 3. Position differences of PPP, PPP/INS TCI, and TCI-RKEF: (a) position differences of BDS-3

PPP, TCI, and TCI-RKEF; (b) position differences of GPS PPP, TCI, and TCI-RKF.
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Table 3. Position RMS of BDS-3 PPP and PPP/INS TCI with different products.

BDS-3
Mode PPP TCI
. . Final
Final Final RT-CAS RT-WHU RT-GFZ RT-DLR
-Robust
East (m) 0.882 0.432 0.406 0.383 0.464 0.572 1.576
North (m) 1.361 0.464 0.419 0.476 0.433 0.407 0.766
Up (m) 1.311 0.838 0.782 0.790 0.861 0.908 1.414

Table 4. Position RMS of GPS PPP and PPP/INS TCI with different products.

GPS
Mode PPP TCI
. . Final
Final Final RT-CAS RT-WHU RT-GFZ RIT-DLR
-Robust

East (m) 0.586 0.316 0.305 0.385 0.334 0.408 0.320
North (m) 0.539 0.396 0.372 0.450 0.443 0.477 0.646
Up (m) 0.984 0.769 0.758 0.889 0.938 1.01 1.387

Afterward, we further analyzed the BDS-3/GPS PPP/INS TCI position solutions
using real-time SSR products from the CAS, DLR, GFZ, and WHU. The time series of these
position differences are displayed in Figure 4, and the related RMS statistics are listed in
Tables 3 and 4. Accordingly, the BDS-3 TCI solutions when applying real-time products
from the CAS and WHU were mainly at the equal accuracy grade as those using the final
products. The differences among the positions calculated based on the CAS, WHU, and
final products are 0.058 m, 0.057 m, and 0.079 m in light of the RMSs in the east, north, and
up components. It can be observed that the position solution applied to the CAS real-time
products succeeds with the highest accuracy (0.383 m, 0.476 m, and 0.790 m) in comparison
with the results that adopt the other three real-time products. Visibly, the results of DLR
product-based solutions have the worst position accuracy, which are 1.576 m, 0.766 m, and
1.414 m in the three directions. This is because the DLR real-time products do not provide
the orbit and clock corrections of BDS-3 IGSO, which leads to the total number of available
satellites being 2-3 fewer than that of other schemes and results in a higher PDOP value (as
shown in Figure 5). For the GPS TCI results, the position errors calculated by applying the
real-time products from the four ACs were poorer than those of the final precision products,
most notably in the vertical component.
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n L L L

oL

East(m)

-25

368,500

n L
369,500 370,500 371,500 368,500 369,500 370,500 371,500
25

0}

North(m)

-25

L
368,500

L L L L i s
369,500 370,500 371,500 368,500 369,500 370,500 371,500
5.0

Up(m)

-25
-5.0

L
368,500

L L L h s
369,500 370,500 371,500 368,500 369,500 370,500 371,500
Time(s) Time(s)

(@) (b)

Figure 4. Position differences of BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI (b) with different
orbit and clock products.
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Figure 5. Satellite numbers and PDOP values with DLR products.

The Cumulative Distribution Functions (CDFs) of BDS-3/GPS TCI position errors are
displayed in Figure 6. The CDFs of BDS-3 TCI positioning errors calculated by different
orbit and clock products also prove that the position solutions using the CAS and WHU
products are roughly the same as those taking advantage of the final products. The results
with using the products of GFZ and DLR are worse, especially in the east and vertical
directions. Moreover, it is visible from the CDF of GPS TCI that the position errors of
the final precision products were better than those of the real-time products from the
four ACs.

ToF R et T T s S
= {
Sost A RT-DLR RT-GFZ RT-DLR RT-GFZ]
o RT-CAS  Final RT-CAS Final
0 bt s P il ) ) X L ) ; L
1.0 1.5 2.0 25 3.0
East(m)
1.0F T T ]
25 3.0
North(m) .
10E T T L S— T — -
= e
= eeniIRRRR L
gost ‘M:‘_“_,,,.,M' - 4
0 X ) ) ) ) \
0 0.5 1.0 15 2.0 25 3.0 25 3.0
Up(m)
(a)

Figure 6. Position error CDF of BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI (b) with different
orbit and clock products.

4.2. Impacts of Doppler Observation on PPP/INS Integration

Data processing was carried out in two modes: BDS-3/GPS TCI-dmode0O (with
Doppler) and BDS-3/GPS TCI-dmodel (without Doppler) to analyze the impact of Doppler
observation on positioning, velocity, and attitude determination of PPP/INS tight inte-
gration. Table 5 lists the corresponding RMSs of position, velocity, and attitude of the
BDS-3/GPS TCI. Based on statistics, the horizontal and vertical position accuracy of BDS-
TCI-dmode0 and BDS-TCI-dmodel are similar, and the discrepancies are within 1 cm. The
accuracies of velocity and attitude in modes of dmode0 and dmodel are virtually unani-
mous. Here, the differences in velocity RMS are less than 1 cm/s, and these in attitude are
less than 0.01°. Similar results are also found in the GPS TCI-based schemes. Accordingly,
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it can be seen that the impact of Doppler observation on the overall positioning, velocity,
and attitude determination is invisible.

Table 5. RMS of position, velocity, and attitude of BDS-3/GPS TCI in modes of dmode0 and dmodel.

Mod Position (m) Velocity (cm/s) Attitude (°)
ode

East North Up East North Up Roll Pitch Heading
BDS-TCI-dmode0 ! 0.406 0.419 0.782 1.88 2.04 3.16 0.276 1.319 0.502
BDS-TCI-dmodel 2 0.408 0.419 0.788 1.90 2.17 3.16 0.276 1.321 0.503
GPS-TCI-dmode0 ! 0.305 0.372 0.758 1.69 2.04 3.06 0.275 1.314 0.506
GPS-TCI-dmodel 2 0.301 0.387 0.759 1.72 2.46 3.06 0.276 1.318 0.505

1 TCI-dmode0 indicates TCI with Doppler; 2 TCI-dmodel indicates TCI without Doppler.

According to Equations (5) and (7), Doppler observations could provide enhancements
for the estimation of position, velocity, and attitude. Therefore, the impacts of Doppler
observations on the initial convergence speed of position, velocity, and attitude (the first
100 s) were further analyzed.

Figure 7 displays the position offsets of BDS-3/GPS TCI-dmode0 and TCI-dmodel
in the east, north, and up components. The average position errors are also presented in
Table 6. It is noticeable that the vertical position offsets on the initial epochs have been
improved with the assistance of Doppler observations in both BDS-3 TCI and GPS TCIL
Following the statistics, the average position error is upgraded from 0.744 m and 0.777 m in
BDS-3 TCI-dmodel to 0.286 m and 0.650 m in BDS-3 TCI-dmode0, with an improvement of
61.6% and 16.3% in the east and north directions. For the GPS TCI solution, there are 63.2%
enhancements in the up direction. In addition, the max position errors of the BDS-3/GPS
TCI in modes of dmode0 and dmodel are present in Figure 8. It becomes apparent that
Doppler observation has a significant effect on the position results, especially in the east
component. The improvement from Doppler observations of BDS-3 and GPS are 68.8% and
68.4% in the east direction.

0 ' BDS-dmodel | GPS-dmodel BDS-dmode0 ¢
’g -TM___ ———
-1
<
L | \V§/ .
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North(m)
: o

Ui(m)
)
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Time(s)

Figure 7. Position offsets of the BDS-3/GPS TCI in modes of dmode0 (with Doppler) and dmodel
(without Doppler).



Remote Sens. 2022, 14, 6395

13 of 23

Table 6. Average errors of position, velocity, and attitude of BDS-3/GPS TCI with and without
Doppler observation in initial 100 s.

Mod Position (m) Velocity (cm/s) Attitude (°)
ode

East North Up East North Up Roll Pitch Heading
BDS-TCI-dmode0 ! 0.286 0.650 0.966 4.15 6.11 1.09 0.364 1.869 6.626
BDS-TCI-dmodel 2 0.744 0.777 0.904 18.01 11.04 2.65 0.619 1.835 12.667
GPS-TCI-dmode0 ! 0.192 0.499 0.275 4.45 5.96 1.46 0.384 1.851 6.837
GPS-TCI-dmodel 2 0.419 0.496 0.748 27.49 11.60 4.44 0.761 1.834 13.861

! TCI-dmode0 indicates TCI with Doppler; 2 TCI-dmodel indicates TCI without Doppler.

25 1 1 1
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Figure 8. The max position errors of the BDS-3/GPS TCI in modes of dmode0 (with Doppler) and
dmodel (without Doppler).

Shown in Figure 9 are the velocity offsets sequences of BDS-3/GPS TCI-dmode0 and
TCI-dmodel in the east, north, and up components, and the velocity errors on average are
presented in Table 6. The results show that the velocity offsets on the initial epochs have
been significantly improved with the assistance of Doppler observations in both BDS-3 TCI
and GPS TCI. According to the statistic in Table 6, the average velocity errors are improved
from 18.01 cm/s, 11.04 cm/s, and 2.65 cm/s in BDS-3 TCI-dmodel to 4.15 cm/s, 6.11 cm/s,
and 1.06 cm/s in BDS-3 TCI-dmode0, with improvements of 76.9%, 44.8%, and 60.0% in
the east, north, and up directions. With regards to the GPS TCI case, the enhancements
from TCI-dmode0 are 83.8% and 48.9%, and 67.1% in east, north, and up components by
comparison with the results from TCI-dmodel. Visibly, the initial convergence time is
shortened in the PPP/INS TCI with Doppler observations. Moreover, Figure 10 presents the
max velocity errors of the BDS-3/GPS TCI in modes of dmode0 and dmodel, respectively.
It is noticeable that the max velocity errors of both BDS-3 TCI and GPS TCI in dmode0
decrease significantly compared to the results in dmodel. The max velocity errors of the
BDS-3 TCI-dmodel decrease from 77.5 cm/s, 102.4 cm/s, and 20.3 cm/s in the east, north,
and vertical directions to 31.2 cm/s, 33.9 cm/s, and 7.1 cm/s, with improvements of 59.7%,
66.9%, and 65.0%, respectively. Similarly, the max velocity errors of GPS TCI-dmodel
are improved from 152.7 cm/s, 114.8 cm/s, and 28.1 cm/s to 36.7 cm/s, 30.3 cm/s, and
11.5 cm/s, respectively, with an enhancement of approximately 75.9%, 73.6%, and 59.1% in
the three directions, respectively.
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Figure 9. Velocity offsets of the BDS-3/GPS TCI in modes of dmode0 (with Doppler) and dmodel

(without Doppler).
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Figure 10. The max velocity errors of the BDS-3/GPS TCI in modes of dmode0 (with Doppler) and
dmodel (without Doppler).

Figure 11 presents the offsets of roll, pitch, and heading angles from BDS-3/GPS TCI in
modes of dmode( and dmodel, and the related average errors are exhibited in Table 6. It is
noteworthy that the attitude errors of roll and heading calculated by the dmode0 mode show
visible enhancements on the initial epochs compared to those of dmodel. Following the
statistics presented in Table 6, the average errors of roll and heading are 0.619° and 12.667°
in BDS TCI-dmodel. While applying Doppler observations, the corresponding errors are
upgraded to 0.364° and 6.636°. For the GPS-based solutions, Doppler observations bring
49.5% and 50.7% enhancements in roll and heading. Additionally, the maximum errors of
pitch, roll, and heading of these modes are presented in Figure 12, which illustrates the
accuracy upgradation in pitch. It is also significant that the maximum error of heading is
much larger than that of roll and pitch, which is due to that the gyro has weak observability
in the vertical axis.
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Figure 11. Attitude offsets of the BDS-3/GPS TCI in modes of dmode0 (with Doppler) and dmodel
(without Doppler).
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Figure 12. The max attitude errors of the BDS-3/GPS TCI in modes of dmode0 (with Doppler) and
dmodel (without Doppler).

The initial convergence time of position, velocity, and attitude are further evaluated.
Figure 13 displays the average and max convergence time of the BDS-3/GPS TCI in modes
of dmode0 (with Doppler) and dmodel (without Doppler). In this study, the velocity and
attitude convergence time is defined as the time required to keep the error less than the
average errors of dmode0 in each component (as shown in Table 6). The convergence time
of position is defined as the time required to keep the horizontal error stabilized. The max
and average convergence times among each component are displayed. Apparently, the
initial convergence time of position, velocity, and attitude are shortened in the PPP/INS TCI
with Doppler observations, and such improvements are more evident in the convergence of
velocity and attitude. For the results of BDS-TCI, there are 53.2% and 68.2% enhancements
in the average convergence time of velocity and attitude. With the assistance of Doppler
observations, the convergence of velocity and attitude components can be achieved in
less than 50 s and 20 s. A relatively stable position accuracy can be reached within 100 s.
Accordingly, it can be concluded that Doppler observations have positive influences on the
initial convergence speed of velocity and attitude.
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Figure 13. Average and max convergence time of the BDS-3 TCI (left) and GPS TCI (right) in modes
of dmode0 (with Doppler) and dmodel (without Doppler) during initial convergence.

Moreover, we further analyze the influence of Doppler observations on BDS-3 TCI
during reconvergence periods (as pointed by black arrows in Figure 2). The position,
velocity, and attitude error during the initial 20 s are evaluated. Figure 14 shows the
average error of position, velocity, and attitude during these reconvergence periods. The
results display that the improvements of average position errors from TCI-dmode0 are
46.5%, 8.1%, and 67.1% in the east, north, and up by comparison with the results from TCI-
dmodel. As for average velocity errors, there are 52.7%, 29.2%, and 50.6% enhancements
in the three directions. Meanwhile, the improvement in heading is 24.7%, while there
are no significant improvements in roll and pitch. The effect of Doppler observations on
attitude error during reconvergence is less conspicuous, which is because the divergence of
attitude error is smaller than the velocity and position during the short outages of satellite
signals. According to Equation (20), the attitude error diverges with the first power of time,
while the velocity and position diverge with the quadratic and cubic of time. However,
it is noticeable that Doppler observations have visible improvements to the position and
velocity errors during the reconvergence period.

I Bos-TCi-dmodeo [ BDS-TCI-dmodel
T

' 0,839

1.0

Position

0.333 0.276

B
05k 1
2
s 0.178 0.204 0.222

East North Up
5.0 I . T
z
> £
.E o5 2.344 2.441 2.409 .
- 1.728
= 1.109
-
East North Up
2 T T T
1.476 1.471

0.594

Attitude
Error(°)
T

0.307  0.303

Roll Pitch Heading

Figure 14. Average errors of the BDS-3 TCI in modes of dmode0 (with Doppler) and dmodel (without
Doppler) during reconvergence.
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4.3. Impacts of IMU Data Interval on PPP/INS Integration

The position differences of BDS-3/GPS PPP/INS tight integration calculated by three
types of rates (100 Hz, 50 Hz, and 10 Hz) of IMU data are shown in Figure 15. The position
accuracies in terms of RMS values are listed in Tables 7 and 8. Significantly, the position
RMSs using 100 Hz IMU data are 0.406 m, 0.419 m, and 0.782 m in the east, north, and
vertical components. While using IMU measurements at 50 Hz, the position accuracy
has no significant differences by comparison with the solutions at 100 Hz. However, the
position RMSs have degradations of 0.192 m, 0.062 m, and 0.052 m when reducing the IMU
data sampling rate to 10 Hz. A similar conclusion can also be obtained from the GPS-based
solutions. The CDF of BDS-3/GPS TCI position error by using three types of IMU data
is given in Figure 16, which proves that the position accuracy is not associated with the
IMU data rate. This is because the absolute positioning accuracy of PPP/INS TCI mainly

depends on PPP.
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Figure 15. Position differences of BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI (b) by using three

types of IMU data (100 Hz, 50 Hz, and 10 Hz).
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Figure 16. Position error CDF of BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI (b) by using three

types of IMU data (100 Hz, 50 Hz, and 10 Hz).
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Table 7. RMS of BDS-3 PPP and TCI position, velocity, and attitude.

Mod Position (m) Velocity (cm/s) Attitude (°)
ode
East North Up East North Up Roll Pitch Heading
pPPP 0.882 1.361 1.311
TCI-100 HZ 0.406 0.419 0.782 1.88 2.04 3.16 0.276 1.319 0.502
TCI-50 HZ 0.438 0.415 0.791 217 2.28 3.29 0.275 1.324 0.504
TCI-10 HZ 0.598 0.481 0.834 3.38 3.38 427 0.278 1.443 0.528
Table 8. RMS of GPS PPP and TCI position, velocity, and attitude.
Mod Position (m) Velocity (cm/s) Attitude (°)
ode
East North Up East North Up Roll Pitch Heading
PPP 0.586 0.539 0.984
TCI-100 HZ 0.305 0372 0.758 1.69 2.04 3.06 0275 1.314 0.506
TCI-50 HZ 0.309 0.388 0.773 2.01 2.31 3.21 0.275 1.319 0.508
TCI-10 HZ 0.349 0.476 0.774 3.33 3.45 4.22 0.277 1.436 0.529
In addition, we also investigated the performance of velocity and attitude determi-
nation using IMU data at different sampling rates. Figures 17 and 18 present the velocity
and attitude errors in the time sequence, respectively. The related RMSs are shown in
Tables 7 and 8. Significantly, the accuracies of velocity are degraded by using IMU data at a
lower rate (50 Hz and 10 Hz). According to the statistics, the velocity accuracies at 10 Hz
are the lowest. The velocity RMSs of BDS-3 TCI are 3.38 cm/s, 3.38 cm/s, and 4.27 cm/'s
in the east, north, and up components, and those of GPS TCI are 3.33 cm/s, 3.45 cm/s,
and 4.22 cm/s. The accuracies of attitude do not show a visible distinction between the
solutions based on the IMU data at 100 Hz and 50 Hz, but the accuracy degradation is
significant while using 10 Hz IMU data. To display the impact of the IMU sampling rate
on velocity and attitude results more clearly, the CDFs of BDS-3/GPS TCI velocity and
attitude errors are given in Figures 19 and 20. It can be found that the accuracy of both
velocity and attitude are significantly decreased when using the IMU data rate at 10 Hz.
0.30 0.30 . .
= 045L, BD DS TCI-50HZ h :{ ~ 015 GPS TCI-S0HZ
g E ¥ UL VI A e e ol
£ 0 Wﬂ”wm““w Seiaepesisteesssc s T ﬁﬂ&ﬂbww&“@%wvww PR R AR
S 015 ¢ ‘\J‘m _l S -0.15 _l
-0.30 L L -0.30 L L f
368,500 369,500 370,500 371,500 368,500 369,500 370,500 371,500
0.4 i i 0.4 , , .
g o | g ey b ]
z N 20 ﬂfvmfﬂm‘;*% M”“ s sifbodal *L%mvvﬁj z i 20 VipaisEidatiiiy Jﬁi}%‘“”ﬂ ol srnress
~ -0.4 1 1 “ .0:4 F' L L 1
368,500 369,500 370,500 371,500 368,500 369,500 370,500 371,500
0.50 i : 0.50 . . :
2 025¢ Gl » i ~ 025f
= LA Aassiifiadife s Lnlon camaloandh o o | L 2 il J\m T VT
§'<0.250 I Y r\?’“"' '\{rJWVN“IW V“'U‘""'\"l ity |./ o %_o 250 /V—mwubﬂgﬂrm%% V 4 wzwﬁanﬁwmfjﬂwmﬂN’m" /v..:
-0.50 . . 050 . . .
368,500 369,500 370,500 371,500 368,500 369,500 370,500 371,500
Time(s) Time(s)
() (b)

Figure 17. Velocity differences of BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI (b) by using three
types of IMU data (100 Hz, 50 Hz, and 10 Hz).

To further investigate the performance of PPP/INS tightly coupled integration in
complex conditions, we simulated two 30 s partial satellite signal outages at 368,500 s and
370,500 s. It should be noted that only three satellites were available at the time of the
partial outage period. Simultaneously, IMU data with different sampling rates (100 Hz,
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50 Hz, and 10 Hz) were processed to further explore the impacts of IMU sampling rates on
PPP/INS TCI under challenging GNSS environments. The corresponding position results
are given in Figure 21. It is noticeable that the position drifts of PPP/INS TCI diverge along
with outage time. The BDS-3 TCI position RMS values, while using 100 Hz IMU data, are
degraded to 0.875 m, 2.258 m, and 5.210 m in the east, north, and vertical directions, while
partial outage time lasts to 30 s. While using 50 Hz IMU data, the position drifts after a
30 s outage are 0.839 m, 2.185 m, and 5.140 m in three directions. The position drifts are
slightly restrained while using IMU data at 50 Hz. The position drifts using 10 Hz IMU
data are 0.689 m, 1.877 m, and 4.796 m in the three directions. Similar results can also be
found in the results of GPS-based solutions. This shows that the IMU sampling rate affects
position offsets of PPP/INS TCI when there are partial satellite outages. In general, for
this consumer-grade IMU (INS616), it is equivalent to reducing IMU sensor cumulative
errors (white noise and unmodeled errors) by reducing INS mechanization frequency while

downsampling the IMU data rate.
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Figure 18. Attitude differences of BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI (b) by using three
types of IMU data (100 Hz, 50 Hz, and 10 Hz).
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Figure 19. Velocity error CDF of BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI (b) by using three

types of IMU data (100 Hz, 50 Hz, and 10 Hz).
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types of IMU data (100 Hz, 50 Hz, and 10 Hz).
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Figure 21. RMSs of position drifts computed by BDS PPP/INS TCI (a) and GPS PPP/INS TCI
(b) using three types of IMU data with different sampling rates in the GNSS outage simulation test.
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Moreover, this set of vehicle-borne data was collected in complex urban environments,
and there were frequent signal outages happening during the experiment. To further
investigate the effect of IMU data rate on TCI during complete satellite signal outage, we
analyzed the position drifts over these complete outage periods. Specifically, two sets of
15 s complete satellite signal outages were analyzed as examples. BDS-3/GPS TCI position
drifts calculated by three types of IMU data (100 Hz, 50 Hz, and 10 Hz) during the complete
outages are given in Figure 22. The BDS-3 TCI position drifts while using 100 Hz IMU
data are 0.555 m, 0.832 m, and 1.281 m in the east, north, and vertical directions while
complete outage time lasts to 15 s. With reducing the IMU sampling rate, the position drifts
are increased. Among the results calculated from different IMU rate data, the maximum
position drifts using 50 Hz IMU data are 0.713 m, 0.949 m, and 1.302 m, and those using
10 Hz IMU data are 1.305 m, 1.338 m, and 1.375 m, respectively. It is also notable that the
position drifts using different IMU data are more distinct in the east and north directions
than in the vertical direction. The position error divergence over complete outages is not
consistent with the result during partial satellite signal outages. The reasons may be as
follows. According to Equation (21), the bias and scale factor error are described as the
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first-order Gauss-Markov process. When there are GNSS signals, the first part can be offset
by IMU error compensation. The rest is the white noise, which can become a random walk
process after integration. The state uncertainty of the random walk process increases with
time. Thus, with the decreasing of the IMU sampling rate, the INS mechanization frequency
is reduced, and so are the cumulative errors. However, when GNSS signals are completely
out, x;_1 of the first part maintains the previous value with GNSS signals. The error of the
first part is smaller at a smaller time interval when the IMU data rate is higher.

1.5 . . 1.0
W BDS-10Hz NN BDS-50Hz I BDS-100Hz

T T
[N GPS-10Hz NN GPS-50Hz NN GPS-100Hz

North(m)
North(m)

Up(m)

Time(s) Time(s)

(@) (b)

Figure 22. RMSs of position drifts computed by BDS-3 PPP/INS TCI (a) and GPS PPP/INS TCI
(b) using three types of IMU data with different sampling rates in the GNSS complete outage.

5. Conclusions

This paper implemented the tightly coupled integration of BDS-3 PPP and low-cost
INS through the RKF algorithm. The corresponding mathematical models were described,
and the performance was assessed through a land vehicular field trial. The results are
evaluated from the perspectives of (1) the impacts of real-time orbit and clock products
from different ACs (the CAS, DLR, GFZ, and WHU) on PPP/INS integration; (2) the impact
of the robust algorithm on PPP/INS integration; (3) the impacts of Doppler observation on
PPP/INS integration; and (4) the impacts of IMU data interval on PPP/INS integration.

According to the statistical results, the position results are slightly improved while
adopting the RKF algorithm. The accuracy of orbit and clock products from different ACs
is different, and it presents a direct impact on the solutions of PPP/INS integration. In
the case of the BDS-based solutions, those with products from the CAS and WHU ACs
are with higher accuracy, which is almost at the equal accuracy standard in comparison
with those using the final products. However, the results of using GFZ and DLR products
are poorer. Similar conclusions can also be found in the GPS-based solutions. In addition,
Doppler observations present insignificant influence on the performance of the overall
positioning, velocity, and attitude, whereas the accuracy of velocity and attitude in the initial
convergence period is significantly improved with the assistance of Doppler observations,
as well as the accuracy of position and velocity during reconvergence periods. Meanwhile,
the impacts of IMU data interval on the performance of PPP/INS tight integration are
inconspicuous when the satellite signals are available for PPP. However, the position drifts
diverge together with the accumulative outage period, and the speed of such divergent
processes are affected by the IMU sampling rate.
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