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Abstract—High-precision positioning plays a pivotal role in
intelligent transportation systems by enabling reliable naviga-
tion, automated intersection management and high-precision
platooning for autonomous vehicles in large-scale, unfamiliar
environments. However, existing loosely or tightly coupled inte-
gration solutions of Global Navigation Satellite System (GNSS),
Inertial Navigation System (INS), and Visual System can be
challenged by the limited availability of GNSS signals, which will
affect their ability to consistently achieve robust high-precision
positioning in harsh environments. In this work, we propose
a multi-sensor (GNSS/INS/Vision) ultra-tightly coupled system
with GNSS carrier phase long coherent integration tracking
(MUT-LCI). At the signal processing level, MUT-LCI utilizes
the multi-sensor sensed dynamics to assist GNSS signal tracking
loops and realizes extended coherent integration periods up to
300 milliseconds, improving the availability of GNSS car-
rier phase observations in highly challenging environments
significantly. The data fusion of the GNSS RTK/INS/Vision is con-
ducted using a Multi-state Constraint Kalman Filter (MSCKF).
To evaluate the performance of the proposed MUT-LCI system,
we conducted experiments using an intelligent transportation
wheeled robot platform in harsh environments, including areas
covered by dense tree canopies and surrounded by tall buildings.
The results demonstrate that the proposed MUT-LCI system
achieves precise GNSS carrier phase signal tracking in highly
challenging environments, enabling continuous RTK fixed solu-
tions and providing reliable centimeter-level positioning accuracy.

Index Terms—GNSS signal tracking loop, GNSS car-
rier phase, ultra-tight integration, long coherent integration,
GNSS/INS/vision.

I. INTRODUCTION

NTELLIGENT Transportation Systems (ITS) rely on
Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure
(V2I) communication to enable applications such as
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automated intersection management and high-precision pla-
tooning. These applications require autonomous vehicles, such
as self-driving cars and smart delivery robots, to accurately
determine and share their positions within a global reference
coordinate framework [1], [2]. Moreover, achieving high-
precision and reliable absolute positioning within a unified
coordinate framework is crucial for autonomous vehicles to
navigate effectively in large-scale, unknown environments
[3], [4]. Global navigation satellite system (GNSS) is hence
necessary for its superiority to provide globally-referenced
centimeter level positioning (based on carrier phase observa-
tions) 24/7 [5]. However, the availability of GNSS precision
positioning remains challenging since the GNSS signals will
be frequently attenuated, reflected or blocked in harsh envi-
ronments [6], [7]. Complex signal degradation phenomena
lead to tracking errors in GNSS receivers, resulting in large
positioning errors [8]. As a result, the utilization of GNSS
receivers for autonomous vehicles or smart delivery robots is
hindered.

Centimeter level positioning relies on continuous and accu-
rate carrier phase observations, which are generated through
continuous tracking of the carrier phase signal by Phase-
Locked Loops (PLLs) within the GNSS receiver. PLL is the
most fragile part [9]. A tiny signal interference can cause
the PLL to lose lock, generating a gross error in the form
of undetected cycle slips. In order to provide continuous high
precision positioning in harsh environments, both the academic
and industrial sectors have proposed numerous solutions.

A large category of solutions focus on data processing,
which include high precision GNSS positioning algorithms
and integration navigation techniques combining GNSS and
other sensors.

Typical centimeter accurate GNSS positioning techniques
include Real-Time Kinematic (RTK), Precise Point Positioning
(PPP) and PPP-RTK. RTK positioning relies on the accu-
rate observations of a reference station to provide real-time
corrections [10]. It is the most widely used techniques in mass-
market applications. PPP can provide centimeter positioning
accuracy with un-differenced carrier phase observations, but it
suffers from extreme long convergence period, which is not
suitable for real-time dynamic scenarios [11]. PPP-RTK com-
bines the concepts of RTK and PPP with better performance
and flexibility [12]. The rapid development of different GNSS
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constellations promote the evolution of these techniques [13].
There are four major GNSS constellations: GPS, BDS, Galileo
and GLONASS, providing dozens of available satellites
with multiple frequencies [14]. The positioning performance
has been significantly enhanced by multi-GNSS positioning.
However, standalone multi-GNSS positioning techniques still
degrade or even become unavailable when dealing with carrier
phase observations in harsh environments [15]. Integrating
other sensors for navigation, such as inertial measurement
unit (IMU), camera, LiDAR, has become the trend. Related
research has been conducted extensively since decades.

The Inertial Navigation System (INS) stands out as
the prevalent dead-reckoning navigation system extensively
employed for the integration with GNSS [16], [17]. How-
ever, since INS error accumulates rapidly with time, the
GNSS/INS integration with mass-market grade IMUs still can-
not provide positioning service with satisfying accuracy and
reliability [18]. With the emergence and rapid development
of simultaneous localization and mapping (SLAM) technol-
ogy, other sensors are extensively studied, with cameras and
3D LiDAR being the most commonly used. A SLAM approach
simultaneously estimates the positions of the observed fea-
tures and the camera/LiDAR itself [19]. If GNSS is not
adopted, multi-sensor fusion SLAM approaches with loop-
closure detection can realize relative decimeter-level accuracy
in restricted areas, which meet the requirements of some
small-scale applications, such as sweeping robots. However,
navigation in open, large-scale environments may not fulfill the
conditions of loop-closure detection, the SLAM system will
thus tend to operate as a visual-inertial odometry (VIO), whose
error will also accumulate [20]. The hybridization of GNSS
and other sensors is required to deliver continuous, accurate
and robust absolute positioning.

Data-processing oriented GNSS/INS/Vision or LiDAR inte-
gration can be implemented in a loosely or tightly coupled
way. Loosely coupled (LC) integration combines the IMU and
other sensors’ measurements with the position and velocity
derived from GNSS [21], [22], [23]. As mentioned before,
standalone GNSS receivers produce positions with plenty of
gross errors in harsh environments. If not detected, these
“poisoned” positions can introduce errors of up to several
tens of meters into the system, severely compromising the
robustness of the systems.

Instead of using the GNSS receiver as a “black box”, tightly
coupled multi-sensor integration tend to use it as a “gray
box” by processing the raw GNSS observations: pseudo-range,
Doppler and carrier phase [24], [25]. Tightly coupled (TC)
GNSS/INS/Vision or LiDAR integration fuses the advantages
of both the high precision positioning and SLAM techniques,
greatly enhancing the accuracy and reliability. In a tightly
coupled integration solution, INS typically serves as the core
sensor, and the selection of high-precision algorithms (RTK,
PPP, PPP-RTK) and other sensors (camera, LiDAR) depends
on the specific application scenarios and prospective costs.
RTK-based multi-sensor integration first attracted attention due
to the maturity of RTK algorithms [26]. Subsequently, the PPP
and PPP-RTK based multi-sensor tightly coupled integration
techniques were extensively studied in recent years [27], [28].
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Related research demonstrates that the ambiguity fixing rate
of a high precision algorithm can be improved by multi-
sensor integration, resulting in augmented reliability [29].
A state-of-the-art TC GNSS/INS solution [30] explores the use
of consumer-grade inertial sensors for tightly coupled urban
carrier-phase differential GNSS, providing decimeter level
horizontal positioning accuracy. The most advanced study [31]
showcases the positioning outcomes of a PPP-RTK/INS/Vision
TC architecture, demonstrating decimeter level positioning
accuracy and only 68.3% of ambiguity fixing rate in typ-
ical urban canyons. Besides, the experiment’s challenging
scenarios do not encompass long-term satellite signal inter-
ference, such as persistent dense foliage. Another work [32]
demonstrates the performance of a PPP/INS/Vision/LiDAR
tightly coupled integration system under dense foliage around
4 minutes, and only sub-meter level accuracy is achieved.
Fundamentally, the LC or TC multi-sensor integration relies on
the strong dead-reckoning ability of other non-GNSS sensors
to compensate for adverse GNSS measuring conditions. The
potential of GNSS is not fully achieved, which prompts
researchers to dive into the design of GNSS receivers, improv-
ing the availability of GNSS observations through robust signal
processing.

Typical GNSS receivers adopt scalar tracking approach
where the signals of different channels are tracked inde-
pendently. Scalar tracking is simple but its performance is
suboptimal [33]. Vector tracking is proposed to improve the
tracking performance in harsh environments [34]. It adopts
a unified navigation to estimate the position, velocity and
time and to generate the signal replicas of each channel.
A RTK-based vector tracking PLL (RTK-VPLL) is pro-
posed in [35], which realizes the true vector tracking of
carrier phase, showing significant reliability improvement
in moderate-foliage environments. Nevertheless, standalone
GNSS tracking approaches always face the trade-off between
the dynamic stress endurance and thermal noise suppression.
The equivalent loop bandwidth should be as narrow as possible
to suppress the thermal noise, but it cannot be too narrow to
track the motions of the receiver.

As a result, ultra-tight integration is designed to overcome
the difficulty by aiding the line-of-sight (LOS) dynamics into
the tracking channels [36]. IMU is the most widely used
sensor in ultra-tight integration. Theoretical models regarding
the influence of varying grades of IMUs on the PLLs have
been established and validated with real data [37]. Ultra-
tight integration enables the tracking loops to realize long
coherent integration (LCI) period and narrow loop bandwidth
in dynamic scenarios, leading to superior performance in
weak signal tracking [38], multipath mitigation, short-term
signal blocking resistance, etc. The Ultra-tight GNSS/INS
integration solution in [39] realizes sub-meter level positioning
accuracy in dense forestry areas where traditional receiver
technology fails to track GNSS signals. Even indoor GNSS
signal tracking is possible when a high grade IMU and extreme
long coherent integration periods are adopted [40]. In order
to realize effective long coherent integration, another obstacle
which needs to be overcome is the navigation bit transition.
Mature solutions have been developed to address the problem.
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The work in [41] proposes a maximum-likelihood (ML) bit
estimation method to predict navigation bits in the context
of GNSS/INS ultra-tightly coupled integration. In addition,
Assisted-GNSS (A-GNSS) techniques can be employed to pro-
vide a stable navigation bit assistance stream [42]. For GNSS
signals with dedicated pilot components, such as GPS L5
and BDS B2a/B2b, long coherent integration can be directly
applied, as pilot channels are not modulated by navigation
bits [43].

However, similar with LC and TC GNSS/INS integration,
the rapid error accumulation of INS aggravates the system
performance significantly. GNSS/INS/Vision or LiDAR ultra-
tightly integration hence starts to elicit interest. Some initial
research attempts to explore the GNSS/INS/Vision or LiDAR
ultra-tightly integration architecture [44], [45], [46], showing
its superiority to a certain extent. The work in [44] proposes
an ultra-tightly coupled GNSS/INS/Vision architecture, which
adopts a fuzzy control strategy to switch between a Vision-
assisted GNSS/IMU ultra-tightly integrated Kalman Filter and
a combined navigation filter of Vision and INS. Another
ultra-tight integrated Vision aided-INS/GNSS system [45] uses
a federated fusion block to fuse the GNSS/INS estimator
and INS/Vision estimator. Both studies concentrate on low-
accuracy code and carrier frequency (Doppler) tracking within
a GNSS/INS/Vision ultra-tight integration framework, without
targeting high-precision carrier phase tracking. Besides, these
studies intend to exclude GNSS when the loop tracking quality
is poor, rather than enhancing it through GNSS/INS/Vision
ultra-tightly coupled integration. As a result, the potential
of multi-sensor ultra-tight integration is not fully exploited.
Moreover, existing multi-sensor ultra-tight integration studies
only demonstrate preliminary results without thorough perfor-
mance analysis. Merging the data processing of INS/Vision or
LiDAR with the signal processing involved in GNSS signal
tracking requires a deep understanding of both domains. There
are few exemplary studies despite its immense potential to
enhance GNSS signal tracking and high-precision positioning
for intelligent transportation applications.

This work proposes a multi-sensor (GNSS/INS/Vision)
ultra-tightly coupled integration system with GNSS car-
rier phase long coherent integration tracking (MUT-LCI) to
improve the GNSS precision positioning (RTK positioning)
availability radically. The GNSS/INS/Vision ultra-tightly cou-
pled integration is adopted to eliminate the dynamic stresses
endured by the receiver tracking loops. Therefore, the coherent
integration period in the PLL can be extended, leading to
excellent carrier phase tracking performance in challenging
environments. In order to expand the pull-in range of the
carrier phase discriminator, a four-quadrant discriminator is
used. The data fusion of the sensors is conducted using a
Multi-state Constraint Kalman Filter [47].

In contract to conventional LC or TC multi-sensor integra-
tion solutions, MUT-LCI uses the GNSS receiver as a “white
box”. It has the capability to enhance the signal processing of
the GNSS receiver, which is the deepest form of integration
navigation. It can provide robust high-precision positioning
solution for the navigation of autonomous vehicles and intel-
ligent robots in harsh, unknown and large-scale environments.

1985

Validation was conducted in an extremely challenging envi-
ronment characterized by a mixture of complex Line-of-Sight
(LOS), Non-Line-of-Sight (NLOS), signal blockages, and mul-
tipath effects in the GNSS signals. The original contributions
of this paper are listed as follows:

1) A multi-sensor (GNSS/INS/Vision) ultra-tightly coupled
integration system is proposed, which not only fuses
GNSS RTK, MEMS IMU, and monocular camera data
using a Multi-State Constraint Kalman Filter (MSCKF),
but also leverages the estimated dynamics to assist
GNSS carrier phase signal tracking. This enables the
ultra-tightly coupled integration of multiple heteroge-
neous sensors at the GNSS baseband signal processing
level.

2) Building upon the ultra-tightly coupled integration
framework, this study proposes a Long Coherent Inte-
gration (LCI) GNSS Phase-Locked Loop (PLL) utilizing
a four-quadrant phase discriminator. This design signifi-
cantly enhances the quality of carrier phase observations
by improving sensitivity and resistance to multipath
effects. Moreover, the proposed LCI tracking method
demonstrates a strong capability to maintain continuous
signal tracking even under frequent short-term signal
blockages — so long as their duration remains shorter
than the coherent integration interval.

3) The performance of the proposed system (MUT-LCI)
is comprehensively evaluated in challenging environ-
ments, including dense tree canopies and tall build-
ings. Test results indicate that a semi-tightly coupled
GNSS/INS/Vision system achieves only meter level
positioning accuracy under such conditions, whereas the
proposed MUT-LCI system supports a coherent integra-
tion time of 300 ms, enabling robust GNSS carrier phase
measurement and achieving centimeter level positioning
accuracy.

II. METHODOLOGY

In this section, we elaborate on the proposed multi-
sensor (GNSS/INS/Vision) ultra-tightly coupled integration
system with GNSS carrier phase long coherent integration
tracking. First, an overview of the system is presented.
Subsequently, the technical details are introduced, includ-
ing top-level GNSS RTK/INS/Vision data fusion, bottom-
level ultra-tight integration implementation, Long coherent
integration carrier phase tracking, VIO-assisted LCI loop
model and carrier phase error discrimination with cycle slip
mitigation.

A. System Overview

The GNSS/INS/Vision MUT-LCI architecture is composed
of GNSS baseband processing channels, a RTK positioning
algorithm, a visual-inertial odometry, a top-level Kalman filter
and an ultra-tight integration module. The overall diagram
is shown in Fig. 1. Baseband channels process the GNSS
signals. Each of them tracks the signal of a specific satellite,
generating corresponding pseudo-range, Doppler and carrier
phase observations.
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All the channels’ observations are sent to a RTK positioning
algorithm where the receiver’s position, velocity and time
are estimated. The information fusion is conducted at two
levels. One is the top data processing level where a Multi-
state Constraint Kalman Filter (MSCKF) is used to fuse the
IMU state propagation result, visual feature measurements and
GNSS RTK measurements, as shown in the MSCKF block in
Fig. 1. The other is the bottom signal processing level where
the Doppler caused by the satellite-receiver relative motion is
estimated and used to control the numerically controlled oscil-
lator (NCO) of the tracking loop, compensating for external
dynamic stresses, as shown in the ultra-tight integration block
in Fig. 1.

The structure is a semi-tightly coupled Kalman Filter-based
GNSS/INS/Vision ultra-tight integration, which is straight-
forward and has light processing load [48]. The top-level
GNSS/INS/Vision data integration is conducted in a semi-
tight way. A tightly coupled INS/Vision integration scheme
is employed to construct a Visual-Inertial Odometry (VIO)
module, whereas the RTK position measurements are inte-
grated through a loosely coupled approach. At the bottom
level of GNSS signal processing, the motions of the receiver
and satellites are estimated by the top-level integration module
and injected into the local PLLs, realizing multi-sensor ultra-
tightly coupled integration. The INS is selected to serve as
the bridge between the top- and bottom-level fusion modules,
owing to its ability to provide continuous, high-frequency
measurements across various environments. On one hand, the
IMU acts as the core sensor to propagate the navigation

Structure of multi-sensor (GNSS/INS/Vision) ultra-tightly coupled system with GNSS carrier phase long coherent integration tracking (MUT-LCI).

state and other sensors provide the measurements to update
the MSCKF. MSCKEF is essentially an optimized Extended
Kalman Filter (EKF) for real-time vision-aided navigation
[47]. The visual system supplies measurements to the MSCKEF,
forming a Visual-Inertial Odometry (VIO) system in conjunc-
tion with the INS. After feature tracking and triangulation,
the visual feature measurement model is established. Then
a left nullspace projection is carried out to establish the
constraints of multiple camera poses. Finally, the MSCKF
updates are conducted to generate the integrated navigation
output and calibrate the INS errors. Meanwhile, whenever a
GNSS RTK positioning result is received, the corresponding
measurement model will also be established and used to update
the EKF. On the other hand, the ultra-tight integration relies
on the high frequency IMU navigation states to estimate the
aiding information for tracking loops. The aiding information
ought to be extrapolated first due to the rapidly varying
dynamics. Then it will be injected into the tracking loop to
eliminate the dynamic stress. Ultra-tightly coupled integration
makes the tracking loop work under quasi-static conditions,
facilitating longer coherent integration periods. Long coherent
integration carrier phase tracking refers to the technique that
a PLL performs a coherent integration period longer than a
certain interval (usually 20 ms, the length of a navigation
bit). Increasing coherent integration time is the radical way
to enhance the signal to noise ratio (SNR), providing superior
performance in weak signal tracking, frequent short-term (less
than one coherent integration period) blockage resistance,
multipath mitigation, etc. In order to overcome the navigation
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bit transition problem during long coherent integration, an
external navigation bit resource is adopted. Besides, we use
a four-quadrant carrier phase discriminator, instead of a tra-
ditional Costas discriminator, to estimate the carrier phase
error. The four-quadrant carrier phase discriminator has the
widest tracking range (-, 7) and can eliminate half-cycle slips
compared to Costas discriminators (—m/2,7/2).

B. Top-Level GNSS RTK/INS/Vision Data Fusion

The top level fusion of RTK, INS and vision is con-
ducted with a multi-state constraint Kalman filter. It is an
optimized EKF which establishes the geometric constraints
of multiple camera poses that observe a common visual
feature. The tracking features can hence be removed from
the system state vector, resulting in significant processing
efficiency improvement. The MSCKEF is the optimal top level
integration technique for an ultra-tight integration architecture
because of its capability to process data in time and to provide
tracking loop aiding information with low time delay.

The IMU state of the ky;, epoch is described as:

XiMUk = [qk Pbk VT bT bT ] (1)

where q; is the IMU attitude, p,, and v,, denote the position
and velocity, bg and b, are the gyroscope and accelerometer
bias, respectively. The corresponding error-state is expressed
as:

X oo~ o 71 |
XIMU Kk = [ek Py, Vi, Dok ba,k] @)
The error model of the IMU state is expressed as:
Xiv = FXy + Gnyyy (3)

where nyyy is the system noise, F and G are constant matrices.

The MSCKF maintains a window where a specific number
of camera poses are augmented to the IMU state vector, which
is shown in Eq. (4):

a’ ol | )

where [q7p!] is the iy, augmented attitude and position of the
camera. The system covariance is expressed as:

P, = Plk Plkck
Pcy, Pc,

where P; and P, denotes the variance of the IMU and
augmented states, respectively, and P; ¢, is the covariance
matrix of the IMU and augmented states.

When a visual feature fails to maintain tracking or its
continuous tracking time exceed the length of the sliding
window, it will be utilized to update the EKF. The augmented
states will be used for the triangulation of the features. The
position of the j,, feature point in the i, image is denoted as:

P}, = hy (b, (b (R, po. Py RG.PY) . K) . O)  (6)

where the superscript p of p” denotes that the feature point
is projected in to the image coordmate h,(-) transforms the
features’ positions in the navigation frame (py) into the
camera frame (pf) R, and p,, are the attitude and position
of the IMU, which will be combined with the camera-IMU

[T T oT ...
X = [XIMU,k q., P,

&)
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extrinsics Rg,pf., to calculate the camera pose and position.
h,(-) and hy(-) denote the projection and distortion function
of the imaging process. K and ¢ are the camera intrinsics and
distortion parameters, respectively.

Given the nested projection model, the Jacobian of the
feature measurement respect to the state can be derived:
p
9Py, oh, oh, oh, o
==t
0x Ozy, Bpf/_ ox

Then a perturbation analysis with respect to the IMU state
and feature position is conducted, resulting in the measurement
model of the visual feature:

z, = HX+ Hff)/fj +n, )

A nullspace projection is carried out to remove the
matrix H; from the measurement model, decreasing the pro-
cessing load significantly, which is shown in Eq. (9):

=HX +n) (€))

Afterwards, the standard EKF update can be done, and a
QR decomposition is typically adopted to further increase the
computing efficiency.

Every time a RTK result arrives, the GNSS position update
is conducted. The predicted antenna position pf;, with respect
to the IMU position is described as:

Pirx =P + R, (10)

where the 12, is the lever arm between the GNSS antenna
and the IMU. Similarly, a perturbation analysis is conducted

to derive the GNSS position measurement model:
(1)

As the carrier phase observations offer significantly greater
accuracy than Doppler observations, only fixed RTK position-
ing results are incorporated into the EKF.

zrrx = Py + R} |1 [ am] 0+ ngrg

C. Bottom-Level Ultra-Tight Integration Implementation

An ultra-tightly coupled GNSS/INS/Vision integration algo-
rithm is established as the foundational component to enable
longer coherent integration durations. In this work, we propose
to use INS as the central axis to furnish ultra-tight loop aiding
information. Every time a new image or RTK positioning
result is received, the errors of the IMU will be calibrated,
maintaining continuous high precision positioning output. The
INS mechanism derives the velocity and position of the
IMU from the measured angular rate and specific force. The
discrete-time velocity update can be expressed as:

Vi = Vi +Avp, + Avg/cor,k (12)

where v} and v;_; denote the k; and k-1, IMU velocity
in navigation frame. Avg, is the velocity increment due to
the gravity and Coriolis force. Av” o/cork TEPrESENts the velocity
increment due to the specific force In the meantime, the
average acceleration of the IMU in n-frame is estimated:

a} = (AV]; + AVy/eors) /dt (13)
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where dt is the sampling period of the IMU. The position
is expressed as the quaternion from the navigation frame to
the Earth Centered, Earth Fixed (ECEF) frame [49], and the
update algorithm is shown in Eq. (14):

e(k) ek) e(k=1) o n(k=1)

D) = Degr=1) ® Dnk-1) @ i) (14

where q;) is the position quaternion of the &y epoch. g |,

and nggl) denote the rotation of ECEF-frame and n-frame
respectively. The quaternion multiplication is indicated as ®.
As the velocity has been updated, the height can be updated
by Eq. (15):

hy = b1 — Vpj—12A1 (15)

where the midway velocity v}, , = % (vi_, 4+ v) is updated
by interpolation. After lever arm compensation, the receiver
position, velocity and acceleration can be derived, denoted as
Py, V{;, and af;.

The ultra-tight integration aiding Doppler is composed of
two components, shown in Eq. (16):

fur = s(l) - fu

where f;i) and fy denote the Doppler induced by motions
of the i, satellite and receiver, respectively. Receiver motion
induced Doppler is expressed as:

(16)

(i) — IS U V‘;}

U /lc
where A, is the wavelength of the GNSS signals. Is y is the
unit vector in the LOS direction between the receiver and
iy, satellite in ECEF-frame, which can be denoted as:

(e
Py —Py

S,U = (e
5 e
L

a7)

(18)

where P(Si)‘e is the position of the i, satellite which is provided
by the RTK positioning algorithm.

Although the sampling frequency of an IMU varies from
dozens to hundreds of hertz, it is still not enough to compen-
sate for the rapid dynamic fluctuations endured by the tracking
loops, especially for the high dynamic robotic applications,
such as quadrotors. Therefore, a linear extrapolation of the
receiver motion induced Doppler is conducted. Assume the
sampling period of the IMU is denoted as Tys, and the accel-
eration remains constant during an IMU sampling interval.
Then the extrapolation is expressed as:

IS,U . 616
Ju Tns +1) = fu (kTns) — 0

Similarly, the Doppler due to the satellite motion is denoted

as:

t (19)

(0).e
o _ Isu- Vs
s 1
where V¢ denotes the satellite’s velocity. An extrapolation is
also conducted:

(20)

(i) (i)
‘ i k- k-1
§ Tp+ 1) = " GTp) + s 0 Tf“ ) 4

P

where Tp is the positioning period. The update rate of the
ultra-tight integration aiding Doppler (fyr) should be large
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enough to compensate for the loop dynamics effectively.
In our experiment, the ultra-tight aiding Doppler update rate
was set as 1000 Hz, which is equal to the update rate of the
code correlator to maximize the aiding performance. Still, the
ultra-tight aiding Doppler update rate can be adjusted based on
the specific dynamics of the robot and the computing power
of the processor. Whenever the aiding Doppler is updated, it
will be used to control the NCO of the local loop. As a result,
the local loop should only track the residuals of the dynamics,
which makes longer coherent integration periods and narrower
bandwidths possible.

D. Long Coherent Integration Carrier Phase Tracking

The coherent integration is also referred to as the predetec-
tion integration. This refers to the signal processing stage after
the Intermediate Frequency (IF) signal has been processed by
the carrier mixer and code correlator, but before the phase
discriminator. The GNSS IF signal is a complex signal with the
inphase (I) and quadrature (Q) component, which is denoted
as:

sy = c(OD() cos rt (fip + fa)t + 67) + nyrg
si% o = cCOD@ sin (27 (fir + fa) 1 + 6g) + nrr.g

where the c(f) is the pseudo-random code, and D(¢) is the
navigation bit. f;r and f; denote the intermediate frequency
and signal Doppler. ;o is the initial phase of the IF sig-
nal. n;r; and nyp o are the addictive white Gaussian noises.
After carrier and code stripping processes, the signal will be
integrated to suppress noise, gaining improved SNR. Assume
the coherent integration starts at fy, then the continuous-time
coherent integration signal is expressed as:

®;(n) = D(n)sinc (feTcoh) cos (¢.) + Reon,1
(DQ(”) = D(n)sinc (feTcoh) sin (¢e) + Heoh,Q

where the T, is the coherent integration period, f, and ¢, =
2nf, (to + L) + 6, denote the average frequency and phase
error during the integration period, respectively. The addictive
white Gaussian noise items are expressed as Ny and ngop .
The coherent integration interval cannot exceed the length of
a navigation bit (for example, 20 ms for GPS L1 signals)
without a prior knowledge of the bit polarity. Mature solutions
of this issue have been proposed and validated, including bit
prediction methods, Assisted GNSS (AGNSS), etc. Besides,
new GNSS signals, such as BDS B2a/b, Galileo ESa/b, are
modulated with dataless pilot components, which can realize
long coherent integration without external assistance. In this
work, we used an external navigation bit flow 5(n) to eliminate
the influence of bit transitions.

After bit synchronization, a short-term coherent integration
with a duration equal to that of a navigation bit is performed
in the first place. The corresponding discrete-time signal after
short-term coherent integration is expressed as:

1(n) = sinc (fonTpir) €08 (¢en) + Npirs
O(n) = sinc (f,.,Tgir) sin (Ge) + niro

where Ty, is the length of a navigation bit. np;;; and ng; o are
the noise items. Then the coherent integration of Ny successive

(22)

(23)

(24)
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Fig. 2. VIO-assisted LCI PLL model in Laplace domain.

bits will be carried out, generating the long coherent inte-
gration signal with an integration period of Ty¢; (= Np - Tgy),
which is denoted as:
Ny
Ici(k) =Y " DI(k = DN. + n] I [(k = DN, + n]

n=1

Ni
Queik) =Y DI(k= DN +nlQ[(k— DNL +n]  (25)

n=1

The noise of the coherent integration signal is modelled as
white Gaussian noise of zero mean and variance of o>. On one
hand, when N, times of integration periods are conducted,
the signal magnitude is scaled by N times, indicating an
N;2-fold increase in signal power. On the other hand, the
power of the white Gaussian noise only increases by N, times
during the process. As a result, the long coherent integration
improves the signal SNR by N, times, which enables accurate
and continuous tracking of extreme weak signals. Besides, as
shown in Eq. (23), the magnitude of the predetection signal is a
sinc function of the frequency error. The signal energy drops to
zero when the frequency error reaches 1/7,,, which indicates
that longer coherent integration periods result in a thinner and
steeper main peak of the sinc-squared characteristic. Hence,
the long coherent integration makes the LOS signal peak more
distinguishable from other signal peaks due to the multipath
effects, resulting in superior multipath mitigation performance.

E. VIO-Assisted LCI Loop Model

As previously described, the VIO provides ultra-tight aiding
information with enhanced robustness and accuracy, partic-
ularly in challenging environments. Compared to standalone
INS assistance, the VIO assistance enables more effective sup-
pression of dynamic stress within the PLL, thereby supporting
longer coherent integration durations. In this subsection, a
simplified mathematical model of the VIO-assisted LCI PLL
is established to analyze its tracking performance. The model
of the VIO-assisted LCI PLL in Laplace domain is shown
in Fig. 2. The upper part illustrates the VIO branch, and the
lower part is the LCI PLL branch. K, denotes the Kalman

1989

gain matrix. K; and K,, are the loop filter gain and NCO gain,
respectively. The NCO of the LCI PLL is modeled as 1/s,
which accepts control information from two resources: the
ultra-tight integration aiding information from the VIO branch
and the loop filter output from the local PLL branch. The two
resources control the NCO asynchronously. In the accumula-
tion stage of long coherent integration, only the VIO branch
provides the NCO control information. Hence, the line from
the K, to 1/s is dashed. Every time the LCI PLL completes a
closed-loop update, the dynamic residuals caused by the aiding
information errors are estimated by the loop discriminator
and used to control the NCO after filtering, which can be
regarded as a “reset” process [37]. Hence, this subsection
primarily analyzes the error divergence characteristics of the
aiding information during the accumulation stage of the long
coherent integration.

In Laplace domain, the VIO branch is modelled as a
Continuous-Time Kalman Filter, and the evolution of the
error covariance matrix is described by a Riccati differential

equation:

. P, - P,
Pt = lim -~ %!

Tyio—0

Tvio (20
where Ty is the update period of the Visual-Inertial Odom-
etry. However, even for general linear time-varying systems,
solving the Riccati equation in Eq. (26) is highly challenging
and may not yield a closed-form solution. Moreover, the
VIO system exhibits strong nonlinearity, further increasing
the complexity of solving the associated equations and pre-
venting a direct analytical expression of tracking errors under
VIO assistance. Therefore, an experimental analysis of the
MSCKF covariance matrix was conducted to analyze the
error divergence characteristics of the VIO branch. A set
of experimental data (including GNSS positioning, MEMS
IMU and monocular camera data) was collected along a
trajectory oriented in the north—south direction, then the data
was processed by the Top-level RTK/INS/Vision integration
algorithm introduced in Section II-B. Both GNSS/INS/Vision
(GNSS/VIO) and GNSS/INS integration modes are tested.
The error covariance matrices from the GNSS/INS/Vision
and GNSS/INS integration modes are analyzed, investigating
the VIO’s contribution to enhance the ultra-tight integration
performance. It is noted that this test is only conducted
on the top data processing level, and the covariance matrix
directly reflects the accuracy of the ultra-tight integration
aiding information from the VIO branch.

Ban et al. [37] has made a quantitative analysis of
GNSS/INS ultra-tight integration tracking loops, which indi-
cates that the initial velocity and attitude errors are major
factors that affect the tracking accuracy. Equation (17) also
indicates that the velocity of the vehicle effects the perfor-
mance of ultra-tight integration directly. As the experimental
trajectory is in the north-south direction, the north velocity and
yaw angle of the vehicle have the greatest influence on the
accuracy of the ultra-tight aiding Doppler, so their variances
are analyzed in detail.

Figure 3 shows the variances of the north velocity and yaw
angle. It is obvious that the variance of the GNSS/INS/Vision
integration is smaller than that of the GNSS/INS integration,
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which proves that the multi-sensor integration can improve the
positioning accuracy, thus generating ultra-tight aiding infor-
mation with improved accuracy. Another phenomenon worth
noting is that every time the GNSS measurement arrives, it will
be used to update the EKF, providing absolute corrections at
a frequency of, in this case, 1Hz. The error state estimation
is considered to be reset at each GNSS update epoch. As a
result, the variance curves exhibit sawtooth patterns. Between
two successive epochs, the divergence of the variance shows
the performance of the two dead reckoning systems: INS
and VIO.

In order to further investigate the divergence characteristics
of the INS and VIO within two successive GNSS update
epochs, based on the results shown in Fig. 3, sixty 1-second
samples were extracted. The variance after each GNSS cor-
rection was set to zero, and all samples were plotted together,
as illustrated in Fig. 4 and Fig. 5.

Figure 4 shows the divergence characteristics of the error
variance for the INS over 1-second intervals. In the absence
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of external correction information, pure INS exhibits rapid
divergence in both velocity and heading estimates, which is
why the GNSS/INS ultra-tight integration cannot fulfill the
precision requirements for long coherent integration carrier
phase tracking. On the contrary, as shown in Fig. 5, every
time a key frame arrives, the visual measurements will be
used to update the MSCKEF, correcting the INS errors. Visual
measurements, which capture both translational and rotational
motion, offer significant corrections to velocity and heading
errors. The strength of these corrections depends on environ-
mental textures, as well as the quantity and quality of tracked
feature points. As a result, the corrections exhibit a certain
degree of randomness. It is worth noting that the MSCKF
employs a delayed update mechanism, which may lead to
abrupt changes in the state variables, as the curves in Fig. 5
shows. The abrupt changes may introduce a disturbance to the
tracking loop, leading to a degradation in tracking stability.
Since the magnitude of the state correction is known, it can
be compensated for before the ultra-tight integration aiding
information is delivered to the phase-locked loop NCO. In
the proposed MUT-LCI system, the modification of the state
variables is obtained from the MSCKF output, and a corre-
sponding frequency step is applied to the aiding information
to compensate for the abrupt changes, thereby eliminating their
impact on the carrier tracking loop [50]. To sum up, compared
with pure INS assistance, the VIO-based ultra-tight integration
is able to provide PLL aiding information with better accuracy
and robustness, thus significantly improving the long coherent
integration carrier phase tracking performance.

F. Carrier Phase Error Discrimination With Cycle Slip
Mitigation
The predetection signal is sent to a discriminator to estimate

the carrier phase error. Typical arctangent discriminator (Atan)
used in Costas PLLs is denoted as:

( QLow )
QPatan = arctan | ——

Loco

27)

The Atan discriminator returns carrier phase error measure-
ments in the interval (—z/2,4n/2), and it is insensitive to
the presence of data modulation. However, the pullin range
(=m/2 to m/2) of the Atan discriminator is too narrow for harsh
environments. When an input phase error larger than n/2 is
received, the Atan discriminator cannot produce an accurate
estimate, which is likely to cause a cycle slip.

In this paper, a four-quadrant carrier phase discriminator
(Atan2) is adopted, which is expressed as:

Patan2 = atan2 (QLawa IL()L'()) (28)

Atan?2 is the optimal phase discriminator when navigation
data bit wipe-off is conducted. It has a pull-in range from
—7 to 7, permitting accurate tracking of the full four quadrant
range of the pre-detection signal. Therefore, the cycle slips
due to the narrow pull-in range of Atan discriminators can be
avoided.

Since the Atan2 discriminator estimate full four quad-
rant range of the long coherent integration signal, a signal
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abnormality indicator is proposed to control the extraction of
the carrier phase observations, which is expressed as:

‘pcs(k) = ‘Pata.nZ(k) - (palan2(k - 1)

Typically, monitoring the change rate of the carrier phase
observation is used to detect the signal abnormality. In this
work, the signal level indicator ¢, is adopted, which is more
straightforward and can rapidly response the signal alteration.
When ¢, exceeds a predefined threshold(sr, half a cycle), the
signal abnormality is determined as positive, which indicates
that a cycle slip is highly likely to have happened. The carrier
phase observation of this epoch will be determined as an error
and not be used in the RTK positioning.

(29)

III. EXPERIMENT SETUP

The experiment data were collected and processed on a
wheeled robot shown in Fig. 2. This platform serves as a versa-
tile testbed for intelligent transportation applications, including
autonomous vehicles and smart delivery robots. A NVIDIA
Xavier is used as the central processing unit which controls
the data collection. The collected multi-sensor data would be
processed with a software defined GNSS/INS/Vision ultra-
tightly coupled receiver (I2xSNR) developed by our I2Nav
Group.

The hardware connection is shown in Fig. 7 high pre-
cision position and orientation system (POS), Leador AlS,
was adopted as the ground truth system which is composed
of a multi-constellation multi-frequency GNSS receiver, a
navigation-grade IMU and a wheeled odometer(ODO). GNSS

1991

Fig. 8. The ground truth trajectory of the experiment, which is under dense
tree foliage.

signals were recorded by a GNSS signal record system,
Spirent GSS6450 [51], which down-converted the ratio fre-
quency signals into intermediate frequency using the built-in
oven-controlled crystal oscillator (OCXO). The GNSS signal
recording bandwidth was set as 30 MHz, and the IF signal
sampling rate was 30.69 MHz. The OCXO’s short term
stability is 100 ppm over 1 second. A monocular camera AVT
G192 was used to collect gray scale images. A MEMS IMU
ADIS16465 was adopted. All data was synchronized to GPS
time by a self-developed hardware module called INS-probe,
which integrates a GNSS receiver chip ublox-FOP [52] and
the ADIS16465. Apart from that, GNSS observations from a
Continuously Operating Reference Station (CORS) receiver,
the Panda PD318, were recorded for RTK positioning. The
baseline length is approximately 3 kilometers.

The test field was set at a highly challenging area for GNSS
positioning in Wuhan University, Hubei, China. The average
speed of the robot was around 1.2 m/s, and the maximum
acceleration and rotation rate were about 13 m/s? and 1 rad/s,
respectively. The trajectory is shown in Fig. 8 and the length
of the test was around 20 minutes. The entire road was
under dense foliage where the GNSS signals were significantly
interfered. The ground truth trajectory was obtained using a
post-processing RTK/INS/ODO integration software. Initially,
gross errors in the multi-constellation, multi-frequency RTK
positioning results were manually eliminated. Subsequently,
forward RTK/INS/ODO integration was performed, and the
resulting outputs were refined using a Rauch-Tung-Striebel
(RTS) smoother, ensuring a high-precision and reliable ground
truth trajectory. The satellite skyplot is shown in Fig. 9. Only
GPS L1 and BDS BII signals were processed, sparing the
enhancement from multi-constellation multi-frequency GNSS.
It is worth noting that although GPS L1 and BDS B1 signals
are selected as representatives for performance evaluation,
the proposed method is also applicable to other GNSS con-
stellations and frequency bands. Several snapshots of the
experiment environment are depicted in Fig. 10, including
the complete covering of tree canopies and building blockage.
The tree leaves would weaken the signal strength, and the tree
branches and trunks would frequently block the signals. GNSS
signals would be reflected by the building with abundant glass
windows, causing serious multipath. The performance of the
proposed MUT-LCI architecture will be evaluated thoroughly
in these typical scenarios.

Figure 11 shows the carrier-to-noise-density ratio (C/Ny)
measurements of three representative GPS and BDS satellites
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Fig. 10. Snapshots of the experiment environment, including dense tree
canopies (left) and buildings (right).

during the experiment. The C/N, measurements remained
relatively stable only during the initialization phase. Once the
wheeled robot entered the dense tree-covered avenue, signif-
icant fluctuations occurred due to severe signal attenuation,
frequent blockages, and multipath effects. According to [53],
the disturbances in GNSS signals under dense foliage include
signal strength attenuation and different patterns of multipath
effects, which is the reason why the C/N, measurements
fluctuate severely. In this scenario, maintaining reliable carrier
phase tracking is particularly difficult, posing a major chal-
lenge to high-precision positioning for autonomous vehicles,
such as self-driving cars and smart delivery robots.

IV. RESULTS AND DISCUSSION
A. MUT-LCI Tracking Performance Analysis

Longer integration periods correspond to better performance
of weak signal tracking and multipath resistance. Effective
long coherent integration requires accurate signal dynamic
compensation within the integration interval, which is con-
ducted by the ultra-tight integration.

We carried out the experiment to evaluate the influence of
different coherent integration periods in terms of signal energy
accumulation and tracking performance. Figure 12 shows the
PLL discriminator output of different coherent integration
time, including 20 ms/ 3 Hz, 100 ms/ 1 Hz and 300 ms/ 0.6 Hz.
Results from six representative satellites are presented, com-
prising three from the GPS and three from the BDS, and these
satellites span a range of elevation angles, from relatively high
(above 60°) to low (around 45°).
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Fig. 12. Discriminator output of 6 representative satellites. Extended coherent
integration periods showcase greater performance.

As the dynamic stress has been eliminated by the
GNSS/INS/Vision ultra-tight integration, and a relatively sta-
ble OCXO is utilized, effective coherent integration time
of 300 ms was achieved. A common pattern is clearly
demonstrated in each satellite that as the coherent integration
increases and the loop bandwidth decreases, the discriminated
carrier phase error decreases slightly, showing better tracking
performance. Moreover, the large phase jumps usually indicate
tracking errors and the happening of cycle slips. The 20 ms
of coherent integration period exhibits the most frequent large
phase jumps, followed by 100 ms, while the tracking outcome
of 300 ms demonstrates minimum occurrences of cycle slips.
It is noted that the BDS 8 satellite’s discriminator output of
the 20 ms integration period shows a period of continuous
large phase jumps, which indicates a loss of lock. On the
contrary, 100 and 300 ms of integration periods can track
the signal stably. Another phenomenon worthy of attention
is that the discriminator output noise of different satellites is
also different, which is due to the different elevation angles of
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Fig. 13. Short-term signal blockage analysis. (a) The energy of the long
coherent integration signals of BDS 26 and GPS 25 in the whole experiment.
(b) The energy of the long coherent integration signals of BDS 26 and
GPS 25 within a specific time segment when signal blockage occurred. (c)The
corresponding discriminator output of BDS 26 and GPS 25 in the segments
of (b).

these satellites. Satellites with higher elevation angels, such as
GPS 10, BDS 16, cause subtler dynamic stresses for the
tracking loops, and they are more unlikely to be blocked
by surrounding obstacles, so the noise of these satellites is
lower. Although the multi-sensor ultra-tight integration has
been adopted to eliminate the dynamic stress suffered by the
tracking loop, corresponding dynamic residuals should also
be tracked by it. Hence, satellites with lower elevation angles
cause higher discriminator output noise.

Figure 13 shows the results of an analysis aimed at under-
standing how long coherent integration enhances tracking
performance under frequent carrier phase signal blockages,
such as those caused by tree branches and trunks in this typical
scenario. Essentially, long coherent integration accumulates
the signal energy, increasing the signal SNR. Figure 13a shows
the signal energy of BDS 26 and GPS 25 of the entire experi-
ment. The signal energy is evaluated by calculating the squared
magnitude of the long coherent integration complex signal.
Theoretically, the signal of N times of integration length has
the energy scaled by N? without external interference, and the
white thermal noise only increases by N times, which thus
improves the signal SNR by N times. Since the processed IF
signal is a quantized digital signal, the estimate of the signal
energy is dimensionless. It is evident that the signal energy of
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Fig. 14. The discriminator output comparison between the GNSS/INS
and GNSS/INS/Vision ultra-tight integration of different coherent integration
periods.

long coherent integration is considerably higher than that of
short term integration periods.

Several time segments exhibiting signal blockage are chosen
from the Fig. 13a to meticulously analyze the impact of
various coherent integration periods. The predetection signal
energy of BDS 26 and GPS 25 within the selected analysis
period is shown in Fig. 13b, and the corresponding dis-
criminator output is shown in Fig. 13c. The occurrence of
signal abnormality is highlighted by the light pink background.
The results clearly show that a 300 ms integration period
is sufficient to accumulate adequate signal energy, resulting
in small phase discrimination errors. In contrast, the other
two integration periods fail to maintain stable signal tracking.
The corresponding phase discriminator output exhibits abrupt
changes, leading to cycle slips. In the time domain, extended
coherent integration time yields two benefits in addressing
signal interference. On one hand, long coherent integration
time increases the signal SNR, which improves the signal
tracking sensitivity incredibly. On the other hand, when the
signal is blocked for a very short term (dozens of milliseconds)
by a tree trunk or telegraph pole, etc., it is still likely to
cause cycle slips for short coherent integration periods. A
coherent integration period exceeding the duration of the
short blockage interval can still effectively accumulate energy,
thereby ensuring continuous and stable tracking of interfered
signals.

As mentioned before, the residual dynamic stresses remain-
ing after ultra-tight compensation are tracked by the long
coherent integration tracking loop. Therefore, the accuracy of
the ultra-tight aiding information determines the achievable
length of coherent integration. Figure 14 shows the results of
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a test which was conducted to examine the influence of ultra-
tight integration of GNSS/INS and GNSS/INS/Vision on the
performance of long coherent integration tracking. The results
include two representative satellites, GPS 25 and BDS 26.
It is clearly illustrated that the GNSS/INS/Vision integration
of the MUT-LCI architecture has the capability to provide the
aiding information accurate enough to support much longer
coherent integration time. When the integration period is
20 or 100 ms, the performances of the GNSS/INS and multi-
sensor ultra-tight integration are comparable. However, as the
integration period is 300 ms, the high dynamic residual errors
of GNSS/INS will accumulate within the integration interval,
causing serious loss of lock.

Since our research focuses on mitigating the dynamic stress
caused by receiver—satellite relative motion through multi-
sensor ultra-tightly coupled integration, an OCXO is adopted.
A multichannel cooperative loop [38] can be employed to
compensate for the receiver oscillator instability, enabling the
use of a lower-grade oscillator to achieve a coherent integration
time comparable to that of an OCXO. More details can be
found in our previous work in [38].

In this section, we assessed the performance of the MUT-
LCT architecture in signal tracking. The ultra-tight integration
of GNSS/INS/Vision is essential to provide accurate loop aid-
ing information, enabling the coherent integration periods long
enough to track GNSS signals in extreme harsh environments.

B. GNSS Carrier Phase Measuring Performance

The performance of the MUT-LCI architecture is assessed
at the carrier phase observation level, in which the errors of
the carrier phase measurements of the standalone GNSS, ultra-
tightly coupled GNSS/INS LCI and MUT-LCI are compared
to verify the superiority of the MUT-LCI tracking.

The carrier phase errors are derived by three times of
difference operations [54]. It is a transformed GNSS triple
difference method designed for the evaluation of GNSS obser-
vation errors. First, the satellite-receiver distance in the LOS
direction is calculated using the receiver’s position from the
ground truth system, and the difference between the carrier
phase observation and the absolute satellite-receiver range is
carried out. Second, a satellite with strong signal strength is
selected as the reference satellite, and the difference between
the first difference result of the reference satellite and that
of other satellites is conducted, eliminating the receiver clock
error term. Finally, the difference of the first two-step differ-
ence results over two successive epochs is computed. Since
the interval between two successive epochs is 1 second in
our experiment, the slow-varying error sources, including the
atmospheric delays, satellite clock errors, and the antenna
phase center errors, can be determined as ignorable after the
third difference. As a result, only the cycle slips and modulated
white noise are left, which are shown in Fig. 15.

The observations of the standalone GNSS were generated
by the commercial GNSS receiver module, ublox-FOP. The
GNSS/INS LCI 100 ms configuration refers to the ultra-tightly
coupled GNSS/INS integration system with a 100 ms coherent
integration time and a 1 Hz PLL bandwidth, which reflects the
most advanced performance the dual-sensor integration can
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Fig. 15. The carrier phase observation errors of standalone GNSS (ublox-
FI9P), GNSS/INS-LCI 100 ms and MUT-LCI 300 ms.

provide. More details can be found in our previous work in
[54]. Our proposed MUT-LCI architecture conducted a coher-
ent integration period of 300 ms. The loop bandwidth should
be as narrow as possible to suppress thermal noise, while
still wide enough to track residual dynamics, atmospheric
delays, clock drifts, and other variations. In the MUT-LCI
architecture employing a 300 ms coherent integration time,
the PLL bandwidth was set to 0.6 Hz.

Three representative BDS and GPS satellites’ results are
displayed. It is obvious that the standalone GNSS receiver
outputs carrier phase observations with extreme frequent cycle
slips. Ublox-F9P is a state-of-art multi-band GNSS receiver
aiming at delivering centimeter level accuracy for autonomous
mobile robots, etc. This indicates that a standalone receiver
is unable to track GNSS carrier signals accurately in extreme
harsh environments. On the contrary, the other two ultra-tightly
coupled LCI techniques present carrier phase observations
with satisfying accuracy. Besides, frequent half-cycle slips are
observed in the standalone GNSS carrier phase observations,
but the GNSS/INS-LCI 100 ms and MUT-LCI 300 ms seldom
produce half-cycle slips due to the adoption of the four-
quadrant carrier phase discriminator. The GNSS/INS-LCI 100
ms, however, still generates some cycle slips larger than a
half cycle, leading to the deterioration of positioning accuracy,
whereas the MUT-LCI exhibits minimal cycle slips.

In order to assess the continuity of the carrier phase
observations, we performed a missing data detection, and the
corresponding results are shown in Fig. 16. The missing data
detection was conducted by calculating the difference of two
successive carrier phase time stamps. As the carrier phase
output frequency was set as 1 Hz, the detection values of
more than 1 second would indicate the occurrence of data
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Fig. 16. The carrier phase missing data detection results of standalone GNSS
(ublox-F9P), GNSS/INS-LCI 100 ms and MUT-LCI 300 ms.

missing. The standalone GNSS exhibits the poorest carrier
phase continuity. It is noted that the three standalone GNSS
BDS satellites depicted exhibit periods of missing data ranging
from dozens to even hundreds of seconds. However, as the
y-axis was limited to below 5 seconds for clarity in the
demonstration, the corresponding curves of the standalone
GNSS BDS satellites are not seen in Fig. 16. The poor
availability of the standalone GNSS significantly limits high-
precision positioning capabilities, especially in challenging
environments. Although the GNSS/INS-LCI 100 ms enhances
carrier phase continuity to some extent, it still experiences
frequent data dropouts, resulting in degradation of positioning
performance. The MUT-LCI 300 ms, however, demonstrates
few data dropouts, indicating the best carrier phase avail-
ability and continuity. In summary, long coherent integration
tracking is capable of improving the carrier phase accuracy
and continuity radically. Multi-sensor ultra-tight integration
serves as the cornerstone, enabling the adequate extension of
coherent integration periods to ensure accurate and continuous
carrier phase measurements in extreme harsh environments.
The MUT-LCI 300 ms is capable of generating carrier phase
observations with the best accuracy and continuity, thereby
ensuring high performance for the RTK positioning algorithm.

C. Positioning Accuracy Evaluation

In this section, the positioning accuracy of the MUT-LCI
architecture is evaluated in detail. Both the RTK and overall
integrated navigation positioning results will be analyzed.

Following the experiment of the previous subsection, the
observations of the standalone GNSS receiver (u-blox F9P),
GNSS/INS-LCI 100 ms and MTU-LCI 300 ms are sent to the

1995

TABLE I

RTK POSITIONING ERROR STATISTICS OF THE STANDALONE
GNSS, GNSS/INS-LCI 100 Ms AND MUT-LCI 300 Ms

. Max RMS Cep95

Configuration (m) (m) (m)
Standalone GNSS 7.308 2.468 4.244

North GNSS/INS-LCI 100 ms | 0.564 0.176 0413
MUT-LCI 300 ms 0.145 0.030 0.066

Standalone GNSS 3.971 1.141 2.492

East GNSS/INS-LCI 100 ms | 0.897 0.228 0.591
MUT-LCI 300 ms 0.169 0.026 0.054
Standalone GNSS 25.628  7.359 13.276

Down GNSS/INS-LCI 100 ms | 2.729 0.664 1.818
MUT-LCI 300 ms 0.400 0.076 0.150

robot’s RTK positioning module for processing, comparing
the carrier phase performance of the three methods at the
RTK positioning level. The core of the RTK algorithm is
PLANSoft [55], a multi-constellation dual-frequency RTK
software developed by Position, Location And Navigation
(PLAN) Group, the university of Calgary. In this experiment,
the observations of GPS L1 and BDS BII were used in the
RTK algorithm, and the carrier phase ambiguity resolution
was turned on. The RTK baseline length is approximately
3 kilometers.

The overall RTK positioning errors in the north, east and
vertical directions are shown in Fig. 17. It is evident that the
RTK positioning errors of the standalone GNSS are remark-
ably larger than that of the other two techniques. The RTK
ambiguity fixing rates, measured since system initialization,
for these three configurations are 7.6%, 81.3% and 100.0%.
Although the GNSS/INS-LCI 100 ms provides high-precision
positioning results most of the time, there are two segments
during which the accuracy deteriorates. The MUT-LCI 300 ms
can maintain continuous and accurate carrier signal tracking,
thereby generating robust carrier phase observations, which
ensures the consistent fixing of the carrier phase ambiguity.

The statistics of the RTK positioning errors are shown
in Table. I. The Root Mean Square (RMS) values of the
positioning errors in the standalone GNSS, GNSS/INS-LCI
100 ms and MUT-LCI 300 ms are 2.468 m, 0.176 m and
0.03 m in the north direction, respectively; and the east RMS
values are 1.141 m, 0.228 m, 0.026 m, respectively. The
results of the Standalone GNSS solution were obtained by
processing the u-blox FOP observations in RTK mode using
PLANSOoft. However, due to the poor carrier phase availability
of the FOP receiver in harsh environments, the RTK algorithm
failed to produce fixed solutions, resulting in meter-level
positioning accuracy. The positioning of the GNSS/INS-LCI
100 ms is accurate to the decimeter level. The best positioning
outcome is provided by the MUT-LCI architecture with a
coherent integration period of 300 ms. Both the ambiguity
fixing rate and positioning error RMS demonstrate a solid
centimeter level accuracy. Moreover, the 95% circular error
probable (CEP 95) is evaluated. The CEP 95 values of the
standalone GNSS, GNSS/INS-LCI 100 ms and MUT-LCI
300 ms horizontal positioning errors are 4.496 m, 0.732 m
and 0.081 m. respectively. This indicates that the MUT-LCI
300 ms yields positioning results where 95% of the horizontal
errors are below 0.081 m, fulfilling the rigorous demands for
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Fig. 18. The three-dimensional RTK positioning errors of typical GNSS challenging scenarios, and the real scene is shown in the leftmost figure (a) Signal

blockage scenario (b) Severe multipath scenario.

high-precision robot navigation. Since only the satellites above
the horizon can be tracked by the GNSS receivers, the vertical
solution is less precise than the horizontal solution. The RMS
values of the vertical positioning errors of the standalone
GNSS, GNSS/INS-LCI and MUT-LCI are 7.359 m, 0.664
m and 0.076 m, respectively. The overall positioning error
analysis indicates that the proposed MUT-LCI architecture has
the capability to provide three-dimensional centimeter level
positioning solution in extreme harsh environments.

As mentioned earlier, there are two time segments where
the errors of the GNSS/INS-LCI 100 ms increases noticeably.
Pronounced drops and more severe fluctuations in C/Ny can
also be observed in these segments (shown in Fig. 11).
The real scenes from the camera data and corresponding
RTK positioning errors of the two segments are shown in
Fig. 18a and 18b in detail, respectively. In the first segment,
except for the dense foliage, the robot passed by a con-
crete wall which blocked the GNSS signals, disrupting the
continuity of carrier phase observations. Additionally, signal
blockages were frequently encountered due to the presence of
pedestrians in the vicinity, which is a common scenario for
autonomous vehicles. Such complex signal conditions made
the GNSS/INS-LCI 100 ms fail to track carrier phase signals

stably, causing frequent loss of lock and discontinuity of the
carrier phase observations, as depicted in the corresponding
time segments in Fig. 16. As a result, the GNSS/INS-LCI
100 ms could not resolve the carrier phase ambiguity, thereby
producing positioning errors of several decimeters. The MUT-
LCI 300 ms, however, demonstrated consistent centimeter
level positioning accuracy, showing the superior performance
in the resistance of signal blockages. The second segment is
a scenario that the robot passed a road where a heavy tree
canopy lied above and a tall building with abundant glass
windows stood on the right side. It is a typical complex scene
where the received GNSS signals are a combination of various
LOS, weakened and multipath components. As can be seen
in Fig. 11, the significant drop and more intense variations
of C/Ny measurements in this segment (532350-532550s)
indicates more severe multipath interference. Even in this
scenario, the MUT-LCI 300 ms could still track the carrier
signals accurately (shown in Fig. 12) and present robust carrier
phase observations without cycle slips (shown in Fig. 15).
Hence the corresponding positioning solution is centime-
ter accurate. The test results of the two typical scenarios
proves that the MUT-LCI has high performances in term
of blockage resistance and multipath mitigation, addressing
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TABLE I

ULTIMATE INTEGRATED POSITIONING ERROR STATISTICS
OF THE IC-GVINS AND MUT-LCI FUSION

Configuration Max (m) RMS (m) Cep95 (m)
North IC-GVINS . 3.264 1.462 2.451
MUT-LCI Fusion | 0.147 0.029 0.061
East IC-GVINS . 1.362 0.439 0.904
MUT-LCI Fusion | 0.111 0.025 0.051
Down IC-GVINS ‘ 2.516 1.582 2.061
MUT-LCI Fusion | 0.122 0.063 0.106

the poor availability of the high-precision GNSS in complex
environments.

As previously described, the MUT-LCI is a semi-tightly
coupled Kalman Filter-based ultra-tight integration architec-
ture. The result of the RTK positioning will be used in the
MSCKEF for the fusion with the IMU and camera data, gen-
erating the ultimate integrated navigation solution. In order to
evaluate the comprehensive performance of the MUT-LCI, the
ultimate integration navigation results of the MUT-LCI archi-
tecture are compared with that of another GNSS/INS/Vision
semi-tightly coupled solution: IC-GVINS [21], an open source,
real-time, INS-centric GNSS-Visual-Inertial navigation sys-
tem. The u-blox F9P raw observations were processed by
PLANSOoft, generating the corresponding GNSS positioning
results, which were then sent to the IC-GVINS system for
the fusion with IMU and camera data. In terms of data types,
this is consistent with the top-level data fusion algorithm used
in our proposed MUT-LCI system. The key difference lies in
our adoption of multi-sensor ultra-tightly coupled integration
and long coherent integration carrier phase tracking. Figure 19
shows the comparison results, demonstrating a huge precision
gap between the IC-GVINS and MUT-LCI system. Corre-
sponding positioning error statistics are shown in Table. II. The
RMS values of the north positioning errors in the IC-GVINS
and MUT-LCT are 1.462 m and 0.029 m, respectively, and the
east error RMS values are 0.439 m and 0.025 m, respectively.
Since the GNSS is the only source to provide the absolute
positioning constraint, its precision determines the absolute
precision of the ultimate navigation solution to a large extent.
The RMS values of the vertical positioning errors in the two
sets are 1.582 m and 0.063m, respectively. It is noted that the
curves of the vertical positioning errors vary slowly, which is
due to the lack of vertical dynamic stimulation for a wheeled
robot. As a result, the vertical positioning error curve of the
IC-GVINS stays below 0 all the time.

In this subsection, the positioning accuracy of the MUT-LCI
is evaluated in detail. The results indicate that the MUT-LCI
architecture has high performances in term of resisting the
GNSS signal blockage and mitigating the multipath effects,
and it is fully capable of providing robust centimeter-level
RTK positioning in harsh environments. Benefit from the
superiority of the RTK positioning, the ultimate integrated
navigation solution of the MUT-LCI shows a more robust
centimeter level precision.

It is important to note that due to the highly challenging test
environment, the ground truth system achieves sub-centimeter
accuracy in some segments but is limited to centimeter-
level accuracy in others. Consequently, the positioning error
statistics may not be entirely precise. However, based on the
positioning error statistics and RTK fixing rates, the MUT-
LCI demonstrates positioning accuracy comparable to that of
a high-precision POS system, typically at the centimeter level.

V. CONCLUSION

We have proposed an ultra-tightly coupled GNSS/INS/
Vision long coherent integration receiver architecture that
performs GNSS signal tracking, RTK positioning and multi-
sensor integration for the high precision positioning of
autonomous vehicles, such as self-driving cars and smart
delivery robots. Unlike the conventional loosely or tightly cou-
pled multi-sensor integration solutions, we turned the GNSS
receiver into a “white box”, and utilized the superior dead
reckoning ability of the visual-inertial navigation system to
assist the tracking of the carrier phases. In order to improve the
GNSS signal tracking performance radically, we implemented
the long coherent integration PLL on the basis of the deepest
level of multi-sensor integration. Besides, a four-quadrant
phase error discriminator was adopted to increase the discrimi-
nation range, mitigating the cycle slips due to the instantaneous
signal abnormality. The top-level RTK/INS/Vision integration
is conducted with a MSCKF, which has low processing load
and high accuracy.

We assessed the performance the of the proposed MUT-LCI
architecture based on an intelligent transportation wheeled
robot. Three different levels of tests were conducted, including
the signal tracking, carrier phase observation and positioning.
The MUT-LCI showed superior performances in terms of
weak signal tracking, signal blockage resistance and multipath
mitigation. The experimental results demonstrated that the
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MUT-LCI architecture possesses the ability to track carrier
signals accurately in extreme harsh environments, thereby
providing robust three-dimensional centimeter accurate
positioning.

Collectively, compared with other conventional multi-sensor
positioning techniques, the proposed MUT-LCI achieved the
best high-precision absolute positioning performance (contin-
uous centimeter-level accuracy) in challenging environments
under dense foliage and surrounded by buildings. Our work
significantly improves GNSS availability, demonstrating the
strong potential of GNSS to support high-precision position-
ing for autonomous vehicles in large-scale, unknown, and
challenging environments. This, in turn, enhances the safety,
efficiency, and autonomy of intelligent transportation systems.
Future work will incorporate oscillator instability compen-
sation techniques to enable lower-grade oscillators, such as
Temperature Compensated Crystal Oscillators (TCXOs), to
achieve satisfactory performance in long coherent integration
(LCI) carrier phase tracking. Moreover, the perception ability
of the camera will be utilized to sense the GNSS signal con-
ditions, thereby generating an environment-oriented adaptive
tracking strategy.
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