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Abstract

In this paper, a three-dimensional vision-aided method is proposed to improve
global navigation satellite system (GNSS) real-time kinematic (RTK) position-
ing. To mitigate the impact of reflected non-line-of-sight (NLOS) reception, a
sky-pointing camera with a deep neural network was employed to exclude these
measurements. However, NLOS exclusion results in distorted satellite geometry.
To fill this gap, complementarity between the low-lying visual landmarks and the
healthy but high-elevation satellite measurements was explored to improve the
geometric constraints. Specifically, inertial measurement units, visual landmarks
captured by a forward-looking camera, and healthy GNSS measurements were
tightly integrated via sliding window optimization to estimate the GNSS-RTK
float solution. The integer ambiguities and the fixed GNSS-RTK solution were
then resolved. The effectiveness of the proposed method was verified using several

challenging data sets collected in urban canyons in Hong Kong.
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1 | INTRODUCTION

Accurate and globally-referenced positioning is one of the crucial components
of autonomous navigation systems, including autonomous driving (Geiger et al.,
2013), unmanned aerial vehicles (Cho et al., 2011; Zhang et al., 2011), and unmanned
ground vehicles (T. Liu et al., 2021). During the past several decades, there has been
an extensive exploration of these approaches using onboard local sensors, such as
cameras, inertial measurement units (IMUs), or light detection and ranging (lidar).
Lidar-based simultaneous localization and mapping (SLAM) (Cadena et al., 2016)
has attracted much attention due to its superior robustness and accuracy, for exam-
ple, the lidar odometry and mapping (LOAM) pipeline (Zhang & Singh, 2017) as
well as variants of LOAM (Shan & Englot, 2018; Wang et al., 2021), and its integra-
tion with IMU (Li, et al., 2021; Qin et al., 2020; Shan et al., 2020; Ye et al., 2019) to
enhance its robustness in challenging environments. However, the high cost of the
three-dimensional (3D) lidar sensor is one of the major problems preventing its full
deployment in autonomous systems. Moreover, lidar odometry-based positioning
is subjected to inevitable drift in long-term operations, even with the assistance
of IMU. In contrast to lidar-based positioning solutions, the visual/inertial system
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(VINS) is a complementary and cost-effective method for robotics navigation appli-
cations. The VINS exhibits several advantages, including size, power assumption,
weight, and availability. Many state-of-the-art VINS pipelines have been developed
in the past several decades, including filtering-based methods such as Multi-state
Constraint Kalman Filter (MSCKF), robust visual inertial odometry (ROVIO)
(Bloesch et al., 2015), and Openvins (Geneva et al., 2020). Other research direc-
tions include optimization-based VINS pipelines such as the Open Keyframe-based
Visual-Inertial SLAM (OKVIS) (Leutenegger et al., 2015), VINS-Mono (Qin et al.,
2018), and ORB-SLAM3 (Campos et al., 2021). However, the VINS shares a similar
drawback with lidar, namely, that the estimation state is subject to drift over time.
Moreover, results from previous studies (Bai et al., 2020a; Bai et al., 2020c) revealed
that the urban canyon scenarios introduce additional challenges to the VINS due
to excessive movement of objects in the surroundings, unstable illumination, and
even stronger motion blur, all of which would enhance drift. To mitigate this prob-
lem, some studies (Gong et al., 2020; X. Li et al., 2021) proposed a method to inte-
grate the globally-referenced global navigation satellite system (GNSS) single point
positioning (SPP) with VINS in a loosely (Gong et al., 2020; Li et al., 2021; Qin
et al., 2019) or even a tightly coupled manner (Cao et al., 2022). In each of these
cases, the absolute positioning accuracy will depend highly on the GNSS solution.
Unfortunately, the accuracy of GNSS readings based on data from a single receiver
is limited to several meters because of atmospheric and receiver clock errors (Enge,
1994). According to one evaluation of the urbanLoco data set (Wen et al., 2020),
and an overall absolute mean error of 4.5 meters is obtained with tightly coupled
integration of visual/inertial/GNSS in urban scenarios. This cannot satisfy the nav-
igation requirements of a typical autonomous system.

1.1 | Problems Using GNSS-Real-Time Kinematic
Positioning (RTK) in Urban Canyons

Fortunately, GNSS real-time kinematic (GNSS-RTK) positioning (Counselman
& Gourevitch, 1981) introduces a significantly higher degree of absolute posi-
tioning accuracy with the assistance of carrier-phase measurements and correc-
tions from the reference station. Centimeter-level accuracy can be achieved in
open areas using GNSS-RTK positioning. Therefore, the combination of the VINS
and GNSS-RTK may be a promising solution to achieve globally-referenced and
locally-accurate positioning. GNSS-RTK positioning typically involves two steps:
(1) the float solution is estimated based on the double-differenced (DD) GNSS
carrier-phase and pseudorange measurements (Enge, 1994); (2) the integer ambi-
guity is subsequently resolved via integer least-squares algorithms (e.g., LAMBDA)
(Teunissen, 2000) based on the derived float solution. Centimeter-level position-
ing accuracy can be achieved in an open area when the fixed solution is achieved.
Unfortunately, the accuracy of GNSS-RTK positioning is significantly degraded
in urban canyons due to the non-line-of-sight (NLOS) reception caused by GNSS
signal reflection, blockage from surrounding buildings, and even dynamic objects
(Wen, et al. 2019a), for example, double-decker buses. Theoretically, the signifi-
cantly degraded GNSS-RTK positioning accuracy observed in urban canyons is
induced by two major problems.

(1) Problem 1: According to our previous findings (Wen et al., 2019b), most of
the GNSS signals received in highly urbanized areas are NLOS receptions.
These typically emerge under conditions in which direct light-of-sight (LOS)
signal transmission is blocked and reflected signals from the same satellite
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are received. In this case, the accuracy of the float solution estimation based
on DD carrier-phase and pseudorange measurements is severely degraded.

(2) Problem 2: The number of available satellites may be limited in urban
canyons due to signal blockage caused by surrounding buildings. In these
situations, the geometry of the satellite distribution is distorted, which would
cause a large ambiguity dilution of precision (ADOP) (Teunissen, 1997). The
ADOP can be calculated based on the covariance of the integer ambiguity.
Mathematically, a smaller ADOP could lead to an increased rate of ambiguity
resolution. A similar phenomenon describing poor LOS satellite geometry was
described by Marais et al. (2014; 2015). As a result, it may be difficult to obtain
a fixed solution due to the poor satellite geometry with larger ambiguity in the
searching space.

In summary, the poor quality of the GNSS measurements and the satellite geom-
etry distributions are the major problems limiting the performance of GNSS-RTK
positioning systems.

1.2 | Related Work on NLOS Mitigation for GNSSs

Numerous scientific endeavors have attempted to eliminate these two bottle-
necks. One method was proposed by Li et al. (2017) to integrate a high-cost IMU
with GNSS-RTK positioning to enhance the robustness against the impact of outlier
measurements (e.g., NLOS reception). Similarly, potential GNSS NLOS measure-
ments were also partially excluded based on a GNSS measurement residual-based
consistency check (Hsu et al., 2017). However, these enhancements are limited by
the cost of the employed IMU sensor and the percentage contributions of the GNSS
outlier measurements. Similar work by T. Li et al. (2019) went one step further
by integrating the GNSS-RTK/visual/inertial based on an Extended Kalman Filter
(EKF) estimator together with a similar outlier rejection scheme based on the
residual. Sub-meter positioning accuracy was achieved using the evaluated data
sets. However, the GNSS NLOS exclusion (Li et al., 2019; Li et al., 2017) can only
partially exclude these signals and can even aggravate the problem of degraded sat-
ellite geometry distribution. Considering that the GNSS measurements are highly
environmentally-dependent and time-correlated, we recently proposed exchang-
ing a filtering-based estimator with a factor graph optimization (FGO)-based
GNSS-RTK positioning method (Wen & Hsu, 2021). This method permitted us to
explore the time correlation between multiple epoch measurements while simul-
taneously enhancing the robustness against the GNSS outlier measurements.
However, the performance of this method was dependent on the percentage of the
GNSS outlier measurements involved in the factor graph. In a recent study, Fan
et al. (2019), employed multiple antennas to enhance the robustness of GNSS-RTK
against interference from outlier measurements. However, this method relied
on expensive geodetic antennas. In another recent study, Furukawa et al. (2020)
improved GNSS-RTK positioning in urban canyons by excluding polluted GNSS
signals with the assistance of 3D building models and a pre-defined initial guess of
the position of the GNSS receiver. An increased fixed rate was obtained after select-
ing healthy line-of-sight (LOS) measurements. Recently, Niu et al. (2021) explored
the loosely-coupled integration of visual-inertial odometry and GNSS-RTK posi-
tioning based on signals from smartphones. However, the performance of this
integrated system remains limited in urban areas because of the GNSS NLOS recep-
tions. Similarly, Ng and Hsu (2021) proposed the use of multiple hypothesis-based
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3D building models to aid GNSS-RTK positioning and improve the accuracy of the
geodetic level GNSS receivers. However, the NLOS satellite exclusion relies on the
availability of accurate 3D building models and a good initial guess of the GNSS
receiver position. In particular, an initial guess of the receiver position is required
in each epoch. This initial guess is typically based on GNSS single point positioning
using pseudorange measurements which are not accurate in urban canyons.

Additional research was performed that focused on reconstructing (Wen, 2020)
or sensing (Suzuki & Kubo, 2013; Wen et al., 2019b) the surrounding environmen-
tal features in real-time to improve GNSS positioning. In our previous work (Wen
et al., 2018; Wen et al., 2019a; Wen et al., 2019b), we proposed methods to promote
continuous improvements in the GNSS positioning in urban canyons using onboard
3D lidar sensors and excluding (Wen et al., 2019a) or correcting (Wen, 2020; Wen
et al., 2019b) potential NLOS measurements. However, we found that the perfor-
mance of NLOS detection based on these methods was limited by the field of view
(FOV) of the applied 3D lidar sensor. Moreover, 3D lidar was still too expensive
for low-cost autonomous system applications. Instead of relying on the expensive
3D lidar sensor, we proposed a method to detect the GNSS NLOS in dense urban
canyons using a skyward-pointing fish-eye camera that resulted in improved GNSS
SPP (Bai et al., 2020b). These methods contributed to the alleviation of the adverse
impacts of GNSS NLOS receptions and would thus improve GNSS-RTK position-
ing in urban canyons. However, this can lead to a secondary problem, i.e., the geo-
metric distributions can be significantly degraded due to the exclusion of NLOS
receptions from satellites at low elevation angles. In other words, only the satellites
with high elevation angles can survive the NLOS exclusion. In contrast, to GNSS,
the visual features from a forward-looking camera are mainly detected from the
low-lying environmental structures with low elevation angles with respect to vehi-
cles, for example, trees, roadside pillars, and poles. Inspired by the observed com-
plementarity of the low-lying visual landmarks and the healthy but high-elevation
satellite measurements, we proposed to employ 3D vision to assist with GNSS-RTK
positioning in urban canyons.

1.3 | Related Work on GNSS-Visual Initialization

Given the fact that the raw measurements from the visual and the GNSS are
in different frames, efficient and reliable initialization of the GNSS-visual will be
of great significance. The raw visual measurement is located in the body frame
of the camera. By contrast, the raw GNSS measurement is in the global frame,
i.e., the Earth-centered Earth fixed (ECEF) frame. Therefore, the objective of the
initialization was to estimate the extrinsic parameters linking the camera body
and the ECEF frames at the time that the system starts. Qin et al. (2019) pro-
posed a loosely-coupled integration of the GNSS and the VINS using factor graph
optimization. Of particular note, the extrinsic parameters connecting the VINS
local frame and the GNSS global frame are estimated iteratively based on the
observation from the GNSS and VINS. However, the initialization can only be
achieved in a batch optimization mode which does not apply to a real-time appli-
cation. A similar initialization strategy was described by Niu et al. (2021). As an
extension, Liu et al. (2021) proposed to conduct experiments on the GNSS-visual
initialization using the raw GNSS pseudorange and Doppler measurements.
However, initialization in this case relied heavily on the accuracy of the pseu-
dorange measurements. In addition, the high-accuracy carrier-phase measure-
ments were not exploited. The carrier-phase measurements differ from the GNSS
pseudorange measurements and can provide high-accuracy motion constraints
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between multiple epochs of state once their unknown integer ambiguities have
been removed. Thus, this paper proposed a carrier-phase ambiguity-free algo-
rithm that can reliably initialize the extrinsic parameters connecting the VINS
local frame and the GNSS global frame, by exploiting the GNSS pseudorange,
Doppler, and carrier-phase measurements.

1.4 | Contributions of This Paper

A demonstration of the complementarity is shown in Figure 1. To the best of our
knowledge, this is the first effort directed at solving the major problem of GNSS-RTK
positioning for autonomous systems via a deep exploration of the complementarity
between GNSS satellite measurements and visual landmarks in urban canyons.

The key contributions of this paper are as follows:

(1) We plan to address the problem of poor geometry resulting from the exclusion
of GNSS NLOS receptions by employing low-lying visual landmarks to
improve the geometric constraints of GNSS-RTK. To achieve this, a tightly
coupled fusion estimator was proposed that would integrate measurements
from IMU pre-integration, low-lying visual landmarks reprojection, healthy
but high-elevation GNSS DD pseudorange, and carrier-phase measurements
together with the Doppler frequency measurements via a factor graph-based
sliding window optimization method. This will facilitate the exploration of
the time-correlation of GNSS measurements between multiple epochs. With
assistance from low-lying visual constraints, the ADOP was significantly
decreased (i.e., better geometric constraints for GNSS-RTK). The estimated
state of the system was then employed as the float solution for the ambiguity
resolution of GNSS-RTK, which could be used to achieve a fixed solution. It
is notable that the integration of the visual measurements also contributes to
a more accurate float position estimate and is also significant for achieving
a fixed solution.

(2) The proposed estimator involves multiple data sources with different
observation models that could induce additional non-linearity. As a result,
the performance of the estimator relies heavily on the initial guess of the
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FIGURE 1 Demonstration of the strong complementarity between the low-lying visual
landmarks and healthy but high-elevation satellite measurements
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system state. Thus, a carrier-phase ambiguity-free algorithm was proposed
that would permit careful initialization of the extrinsic parameters between
the VINS local frame and the GNSS global frame as well as the integer
ambiguity of the DD carrier-phase measurements.

(3) We will verify the proposed method through several challenging data sets
collected in urban canyons of Hong Kong using low-cost automobile-level
GNSS receivers together with an automobile visual/inertial sensor suite.

The remaining sections of this paper are organized as follows: Section 2 includes
an overview of the proposed method. GNSS measurement modeling is discussed
in Section 3. Tightly-coupled integration of GNSS-RTK/visual/inertial systems is
presented in Section 4 followed by an interpretation of the system initialization
in Section 5. Several real-life experiments conducted to evaluate the effectiveness
of the proposed method are presented in Section 6. Finally, the conclusions and
future work will be discussed in Section 7.

2 | SYSTEM OVERVIEW AND NOTATIONS
2.1 | System Overview

An overview of the proposed method is shown in Figure 2. The system consists
of two parts:

(1) GNSS NLOS outlier removal. The real-time environmental understanding
aided by a sky-pointing fish-eye camera and its application in GNSS NLOS
exclusion is shown in the light blue shaded boxes in Figure 2. The outcomes
presented in this section include satellite visibility, line-of-sight (LOS), or
NLOS receptions. This was based on our previous work and improved by using
the U-net (Ronneberger et al., 2015) to separate the sky from the non-sky area.
Additionally, the high-cost 3D lidar sensor to aid in correcting the detected
NLOS delay was not employed in this study. Instead, the NLOS measurements

Rover Reference Station
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GNss|  GNSs
Data Data
ot Measurement
Camera Modeling
. Images & Mask Image Mask I
DNN basgd < 4 Image _ ask Image) NLO§ LOS/NLOS
Segmentation Transformation Detection Measurements
Heading T
MU Acc, _ Velocity Set LOS
Gyro Pre- Integration >l b= o Position Set GNSS-VI Measurements GNSS NLOS
’ — . e » VI Initialization > ce o < :
" mtegration Initialization Exclusion
MU — GNSS
CorrespondenceT Factors xtrinsic Paras. Factors
Feature : Factor Graph Ambigui
'———> : » Feature Tracking — S > S N
Images Detection Features Visual Optimization |FloatSolution| Resolution Pose
Factors Estimation
Our prior works (Bai et al., 2020b, Wen & Hsu, 2021) 15t contribution of this paper 2" contribution of this paper

FIGURE 2 Overview of the proposed method DNN and VI denote deep neural networks and
visual/inertial, respectively. Acc and Gyro denote the accelerometer and gyroscope measurements,
respectively.
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(2)

2.2

would be directly excluded from signals received from the satellites based
on the segmented image. An illustration of the sky-view image is shown in
Figure 2(a) with a sky view that includes the building roofs, trees, and in
some cases even the roofs of surrounding moving vehicles. The segmented
sky view image prepared using U-net is shown in Figure 2(b), with white and
black pixels denoting the sky and non-sky areas, respectively. Subsequently,
the satellites can be projected on the segmented image, based on their
elevation, azimuth angles, and the heading (provided by the high-frequency
pose estimation from IMU, which will be discussed in Section 4) from north
of the earth of the sky-pointing camera. GNSS NLOS measurements can
then be detected (Figure 2[c]); only healthy LOS measurements are utilized
(Figure 2[d]). Additional details regarding GNSS NLOS detection via the sky-
pointing camera can be found in our earlier work (Bai et al., 2020Db).
Improving the geometry with visual landmark measurements. The
tightly coupled fusion estimator generated by integrating the measurements
from IMU pre-integration, low-lying visual landmarks reprojection from
the forward-looking camera, and healthy (high elevation angle) GNSS LOS
measurements from a factor graph-based sliding window optimization are
shown in the lavender-shaded boxes in Figure 2. The outcomes presented in
this section include the improved pose estimation of the system. A concept
illustration of the proposed geometric improvement is shown in Figure 1.
When the vehicle starts moving from the left side of Figure 1 which denotes
an open-sky and GNSS-friendly scenario, all the GNSS measurements are
LOS and a fixed solution can be obtained by GNSS-RTK with centimeter-
level accuracy. The surroundings are mainly composed of low-lying trees
which can provide low-lying visual features that will further smooth the
state estimation. When the vehicle has traveled to the right side of Figure 1
which includes a GNSS-challenging urban canyon scenario, the GNSS NLOS
reception would be detected (the red satellite icon in Figure 1). Fortunately,
the low-lying blue visual landmarks and the remaining few LOS satellites (the
green satellite icon in Figure 1) are highly complementary, thus providing
the main inspiration for this study.

| Frame Definitions

Because these multiple data sources arise from different spatial frames, it will be
important to define the associated coordinates. The following frames are defined
as described by Liu et al. (2021) and will provide a reference for the remaining
sections of this paper.

(1

(2)

Earth-centred, earth-fixed (ECEF) frames (Enge, 1994). This refers
to a global frame typically used to define the position of the satellites and
associated measurements. (-)"F has been adopted to denote the variable
represented in the ECEF frame.

East, north, and up (ENU) frames (Enge, 1994): This refers to another
commonly used global frame of GNSS with the x, y and Zz axis of ENU frame
pointing to the east, north, and up directions, respectively. (-)*“ has been
adopted to denote the variable represented in the ENU frame.
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(3) Local world frames (Liu et al., 2021): This refers to a local world frame of
pose estimation from local sensors (such as visual and inertial). This is the
reference frame of the VINS in this study. (-)"* has been adopted to denote
the variable represented in the local world frame.

(4) Sensor frames: The sensor frame is fixed on the sensor body. In this paper,
sensor frames include the IMU frame, the camera frame, and the GNSS receiver
frame, which are denoted as (-)?, (-)¢ and (-)', respectively. Similar to the work
describing VINS-Mono (Qin et al., 2018), the IMU frame was selected as the
target frame for state estimation in this study.

2.3 | Notations

In this paper, matrices are denoted in uppercase with bold letters. Vectors are
denoted in lowercase with bold letters. Variable scalars are denoted with itali-
cized letters. Constant scalars are denoted as lowercase letters. To ensure that the
proposed pipeline has been presented clearly, the following major notations are
defined here and used consistently in the remaining sections of this paper.

a) The pseudorange measurement received from a satellite s at a given GNSS
epoch r, is expressed as prSt. The subscripts r and ¢ denote the GNSS receiver
and the time index, respectively. The superscript s denotes the index of the
satellite at the given epoch 7,.

b) The Doppler measurement received from satellite s at a given epoch r, is
expressed as drst .

¢) The carrier-phase measurement received from a satellite s at a given epoch r,
is expressed as wfl .

d) Let RE denote the rotation matrix that rotates a vector in the frame {A} to
frame {B}, and the q3 is its quaternion form. A similar definition is applied to
the definition of translation, e.g., pﬁ denotes the translation from the frame
{A} to frame {B}. The transformation between both frames is expressed as
TS =[RE,pE].

e) The position of the satellite s at a given epoch r, is expressed as
pf[VE S = (pfrf s p:‘f]j’s, p:ff’s )T. The “T” denotes the transpose operator.

f) The velocity of the satellite s at a given epoch r, is expressed as
VWE,s — (vWE,s WE,s’ vWE,s )T .
L /S 5 5 4

g) The position of the GNSS receiver at a given epoch r, is expressed as
WE _ (n\WE ,WE ,WE\T
P, =Py Py Prg)

h) The velocity of the GNSS receiver at a given epoch r, is expressed as
VWE = (YWE WE WE)T
1 ToX " Ty T 1R

,V

i) The clock bias of the GNSS receiver at a given epoch r, is expressed as 8:’j , with
t

the unit in meters. The variable j denotes the associated satellite systems, such

as GPS and BeiDou satellite systems. The receiver clock bias drift is expressed as

" . Note that all the satellite systems share the same clock bias drift.
J) The clock bias of satellite s at epoch r, is expressed as &7 . The satellite clock
bias is expressed as Sj .
oy . . _ T
k) Thepositionof thebase(reference)stationisexpressedas p, =(p, ., P, » D) -
Thevariables p’ =~ and y denote the pseudorange and range measurements
of carrier-phase from satellite s received by the reference station at epoch r,.
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The subscript “e” denotes the reference station.

1) The extrinsic parameter between the camera and IMU sensor frame is
expressed as T? =[R2, p?].

The extrinsic parameter between the GNSS receiver and IMU sensor frame is
expressed as p’.

2.4 | GNSS Measurement Modeling

In this Section, the modeling of the GNSS measurements will be described,
including the DD pseudorange and carrier-phase measurements together with the
Doppler measurements.

2.4.1 | DD pseudorange/carrier-phase measurements modeling

In terms of the measurements from the GNSS receiver, each pseudorange mea-
surement, p?, can be expressed as shown in Equation (1) (Takasu & Yasuda, 2009):

S _ s rjo_ss s s s
pn_rrt+c(6r, 813)+I;;+Trt+8r[ €8]

where rs represents the geometric range between the satellite and the GNSS
receiver. I > denotes the ionospheric delay distance; T® represents the tropospheric
delay dlstance and gS represents the errors caused by the multipath effects, NLOS
receptions, receiver noise, and antenna phase-related noise. Due to the potential
clock-related and atmosphere-related errors involved in the generation of raw
pseudorange measurements, the accuracy of the conventional pseudorange-based
SPP (Rycroft, 1997) is limited to several meters. Similarly, the carrier-phase mea-
surement, y/rS[ , is expressed as shown in Equation (2) (Takasu & Yasuda, 2009):

A =rttey (6;‘1' =83) I3 + T3 + 4B} +dy; +c} ()

with BY =y, o~y +N;

where B refers to the carrier-phase bias, the variable /"t represents the car-
rier Wavelength of the satellite system j, and the varlable dy/s represents the
carrier-phase correction terms, including antenna phase offsets and variations,
station displacement by earth tides, phase windup effect, and the relativity correc-
tion on the satellite clock. A detailed formulation of the carrier-phase corrections
can be found in Takasu and Yasuda (2009). The variable v,  represents the ini-
tial phase of the receiver local oscillator. Similarly, v, is the initial phase of the
transmitted navigation signal from the satellite. The variable N’ represents the
carrier-phase integer ambiguity which is expected to be an 1nteger value. €* rep-
resents the errors caused by the multipath effects, NLOS receptions, receiver n01se
and antenna delay.

To improve the GNSS positioning accuracy, the DD method was adopted in
GNSS-RTK positioning to remove systematic errors including atmospheric and
clock-related errors. The illustration in Figure 3 presents the DD operation. Given
the pseudorange and carrier-phase measurements received from a satellite s and a
master satellite w, the DD pseudorange measurement (o3, ) can be expressed as
follows in Equation (3):
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Satellite w (Master) Satellite s

pg,rrt' w;:)rt ps ws
rEr T
o

A

(1) Single difference: C-D
(2) Single difference: A-B
B (3) Double difference: (A-B)-(C-D)

el
—
R —
- J

(a) GNSS Receiver (b) Reference Station

FIGURE 3 Demonstration of the double-difference (DD) technique (a) GNSS receiver
installed in the autonomous system, and (b) Reference station installed in open sky area with
geodetic level GNSS receiver.

Php, =(Prf —pj,,[)—(p:t” —p;”,t) (3)

The variables pW and p’ represent the pseudorange measurements received
by the reference station denoted by the subscript “e”

Generally, the satellite with the highest elevatlon angle tends to encounter the
fewest multipath and NLOS errors. Therefore, the satellite w with the highest eleva-
tion angle is selected as the master satellite. By stacking Equations (1) through (3),
the following formula can be obtained as shown in Equation (4):

s —ps_ps | [pw_pw s
pDD,V,_(rr, re,r) (rr[ re,r)+8DDr “4)

t

where ¢ oD, , denotes the noise related to the DD pseudorange measurements. After
applying the DD process to the pseudorange measurements, the derived p3, .1 will
be free of the clock bias and atmospheric effects (Takasu & Yasuda, 2009), based on
the premise that the GNSS measurements received from the user-end receiver and
the station receiver share the same atmospheric error.

Similarly, the DD carrier-phase measurement (i $ DD ) of satellite s is expressed

as indicated in Equation (5) (Takasu & Yasuda, 2009):

Vaos =(Vi i)~ (vi v Q

The variables 7~ and ', represent the carrier-phase measurements received
by the reference stﬁtlon Slmllarly, the clock bias and atmospheric effects are
waived from v, . By stacking Equations (2) through (5), the following formula
can be obtained as shown in Equation (6):

s __ (S _ S (W _ w s s
),jy/DD’rl—(rrl re,r[) (rr[ re,r[)+}“NDDr+€DD,rt (6)

where €3 D1 is the noise related to the DD carrier-phase measurements and N3

is the DD 1nteger ambiguity to be estimated.
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2.4.2 | Doppler measurements modeling

In terms of the measurements from the GNSS receiver, each Doppler measure-
ment, d’, is expressed as indicated in Equation (7) (Takasu & Yasuda, 2009):
t

drSt :%(ez (vaE’S —vﬁVE)+ c(SZ’j —82 ))+gfl (7)
J

t t

where ¢? refers to the noise related to the received Doppler measurement and eS
represents the LOS vector connecting the GNSS receiver and the satellite s which can
be calculated as indicated in Equation (8):

T
WE,s WE
e =| Ln B (®)
L | | WWEs _ WWE
S

where the operator ||*|| is employed to obtain the norm of the associated vector.
Because it encodes the motion difference between the satellite and the GNSS
receiver, the Doppler measurement is employed to constrain the relative motion of
the GNSS receiver between two consecutive epochs. The Doppler measurements
are incorporated into the factor graph in Section 4.

2.5 | GNSS-RTK Positioning By Weighted Least Square
Estimation

2.5.1 | Float solution estimation

Given S +1 satellite measurements at a given epoch r,, the DD pseudorange and

carrier-phase measurements can be structured as p,, , =| pgD L p})D s pgl‘) . IT
>t ot ot 2t

and ypp, :[l//gD,rt ,l//ll)D,rt,...,l//g;rt]T, respectively. The DD integer ambi-
guities related to the S DD measurements can be structured as N

DD,r,
[NO D1 N})D i LN ngr] . The linearized DD observations can be expressed as
indicated in Equatlon (9)
-1 WE
\VDD,rl _ A‘j Grl IS><S p'} n E';DD,r[ (9)
Pop, G, 0 ||Npp, €pp,r,

t

The vectors &, " and ep;, . represent the stacked noise related to the S DD
carrier-phase and pseudorange measurements, respectively, while p and the
Npp. , represent the states to be estimated. G, represents the geometrlc matrix
related to the GNSS receiver position and the received S satellites which be
expressed as indicated in Equation (10):

WE,0 g
r "
WE,0 g
r r
d _
Gé = (10)
WE,S-1 WE
p//FS —p}
t t
WE,S-1 WE
P, -P ”

where the size of the geometric matrix G¢ is S x3. Therefore, the float solution of

[prE Npp, " T can be calculated 1terat1vely via weighted least-square estimations

as Indicated in Equation (11):
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WE
[p’r } (M, TW, M, )M, TW, P’DD’}

Ppp,r,

[;L G, ISXS]
With ./\/tr " (11)
G, 0

where W, represents the weighting matrix related to &, r and €, " that can
be calculated based on the satellite elevation angle and the signal-to-noise ratio
(SNR) (Herrera, et al. 2015). After solving Equation (11), it is not guaranteed that
the estimated ambiguity in N, " will be an integer value due to the noise associ-
ated with the DD measurements. As a result, the accuracy of the estimated pWE is
usually within 1 meter in a sparsely-populated area. Because the DD arnb1gu1ty in
Npp,, should be an integer value, it should be resolved to obtain a fixed solution
for GNSS-RTK, thereby achieving centimeter-level positioning accuracy that will
be explained in the sub-section to follow.

2.5.2 | Integer ambiguity resolution

Assuming the covariance matrix Q, associated with the estimated N, . and
't
p'* is denoted as indicated in Equation (12):
Q, Q
Q =| » (12)
! an an

where Q= anT are the float covariance matrices, and the subscripts p and n
represent the position and DD ambiguity, respectively. Meanwhile, Q can be esti-
mated as indicated in Equation (13):

2726, TWYG, +G TW’G, A'G TWY |
U A
Q, = (13)
! AW G wY
A A A
W‘o and W' denote the covariance matrices associated with the DD
carrier-phase and pseudorange measurements. Therefore, the integer ambiguity res-
olution problem may be solved by finding a set of integer DD ambiguities denoted
byNDD, and associated fixed position denoted by pWE based on the float posi-
tion solution [prE N, I” and associated covariance Q, . The LAMBDA algo-
t

rithm (Teunissen, 2003) can be adopted as an efficient solution to this problem. As
described in a previous study, (Teunissen, 2003), the first step will be to decorrelate
the ambiguities through a z-transform (Teunissen, 2003) Z =Z™N,,, toobtain a

near-diagonal form of the covariance matrix Q,, as shown in Equatlon (14):

Qilit =z anz (14)

Subsequently, the optimal candidate (z,) of the integer set in z space can be found
by minimizing the following weighted square norm as shown in Equation (15):

2 (15)

arg min ||Z — Zt ||
Zyez5-1 Q;,:,

The search for the minimization is performed by testing the potential grid points
inside the known integer candidates. During the searching process, multiple candi-
dates will be found within the ellipsoid. The candidate that leads to the minimum
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square norm is selected as the optimal integer solution (denoted Z,). Then, Z, is
transformed back to obtain the fixed positioning solution f)WE Upon validation by

the simple ratio-test (Teunissen, 2003), the fixed solution (pWE) can be expressed
as indicated in Equation (16):

pV[VE _pWE Q,.Q, 71(NDDJ[ _NDDJ:) (16)

Thus, both the fixed solution and integer ambiguity can be estimated using
this method. In an open-sky area, the fixed solution can be achieved with
centimeter-level accuracy (Takasu & Yasuda, 2009).

2.5.3 | Effects of GNSS NLOS reception on GNSS-RTK
positioning

In contrast to open-sky conditions, numerous NLOS receptions are introduced
in an urban canyon environment with dense and tall building structures. A typical
urban canyon with 12 satellites, six of which transmit NLOS receptions (red
circles) is shown in Figure 2(c). For this model, we assume that the first m satellites
transmit NLOS measurements with certain bias in pseudorange and carrier-

_ 0 1 m-1 T
phase measurements denoted by Pop.br, = [pDD’b,rl Popbr > Phpby, ,0,...,0]" and

- - T ; ;
Vop.b,r = [y/gD)b‘r[ ,l//éD‘ br ...,y/]’)”D,lb‘r[ ,0,...,0]T, respectively. The subscript b
represents the bias. Therefore, the consequent bias in the float solution can be esti-
mated as shown in Equation (17):

Ap* Vop,b
=MW M )M, TW, o (17)
ANDD,r[ t t t t t pDD,b,r‘,

Note that this formula is based on the premise that the positioning error caused
by the GNSS NLOS can only exert only a minor impact on the geometric matrix
M., as the satellites are about 20,000 kilometers away from Earth (Zampieri et al.,
2020) As a result, the accuracy of the float solution estimated from Equation (11)
is degraded with bias terms ApWE and AN, . According to Teunissen (2001),
the success rate of the integer amblgulty resolutlon in the presence of bias can be
derived using Equation (18):

1+2¢, LZTAN 1-2¢,L'ZTAN
P(z=2%,)=115}| @ P e S P 1] 18)
ZCSDZCST 2csDZcST

with triangular factorization Z'Q,,Z=L D L ™ where P,(z=%,) represents the
success rate of correct integer amblgulty resolution. The subscrlpt s represents the
index of the DD measurements while ¢, representsa (S—1)x1 vector with its s-th
element equaling 1 for entries equaling 0. The function ®(*) can be expressed by

Equation (19) as follows:

o(x)=[" —e gy (19)

Therefore, AN DD.r caused by biased terms from the NLOS receptions can also
decrease the success rate of the integer ambiguity resolution. In this paper, the
sky-pointing camera is employed to detect the exclusion of NLOS, as will be dis-
cussed in Section 3A.
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2.5.4 | Effects of satellite geometry on GNSS-RTK positioning

Assuming that the GNSS NLOS receptions can be effectively detected and
removed, the success rate of the integer ambiguity resolution can be re-written as
shown in Equation (20):

N 1
Pb(Z:Zt):Hs_%)(zq)(mj—lj (20)

According to Wang et al. (2020), the aforementioned formula related to the suc-
cess rate can be further simplified as shown in Equation (21):

1
P, 1] 20 ! -
(z=1z ) 2(57}/@)

where the operator det(*) is employed to calculate the determinant of the Q,,
Given the certain weighting matrix, the success rate of the integer ambiguity reso-
lution is directly determined by S=/det(Q,,,) Which is also denoted as ADOP and
is further dependent on the satellite geometry matrix G, (K. Wang et al., 2020).
Unfortunately, the GNSS NLOS exclusion can s1gn1ﬁcant1y decrease the number
of available satellites. For example, only six satellites with high-elevation angles
remain after the GNSS NLOS exclusion, as shown in Figure 2(c). Therefore, the
LOS of the received satellite is deterministic and uncorrelated since different sat-
ellites have different elevations and azimuth angles. As a result, the rank of G,
decreases and induces an increase in det(Q,,,) (K. Wang et al., 2020), thus reduc-
ing the success rate of integer ambiguity resolutlon This is one of the major prob-
lems limiting the performance of GNSS-RTK positioning in urban canyons even
when the potential GNSS NLOS receptions are removed (Furukawa et al., 2020).
To fill this gap, the low-lying visual landmarks are adopted here for the first time
to compensate for the removal of low-elevation angle NLOS satellites and thus to
improve the geometric constraints. This will be discussed in Section 4.

3 | IMPROVING GEOMETRY: TIGHTLY-COUPLED
INTEGRATION OF GNSS-RTK/VISUAL/INERTIAL

In this section, we will discuss the use of low-lying visual landmarks to improve
geometric constraints.

3.1 | System State and Factor Graph Structure

To make use of the visual measurements, we will refer to the work of Qin et al.
(2018). The visual measurements and IMU measurements are tightly integrated
with the GNSS DD pseudorange and carrier-phase measurements, together with
the Doppler measurements using the sliding window factor graph optimization
method. The GNSS measurements are reported in the ECEF frame and are thus
different from the VINS system. The extrinsic parameters between the world local
frame ()" of the conventional VINS and the GNSS ECEF frame remain unknown
and will need to be estimated simultaneously. To achieve this, the states of the
tightly-coupled system include the following:
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a) The position and orientation of the IMU body related to the world local frame
are denoted as pZ‘k’L and qZ‘k’L, respectively, with b, representing the body
frame, in which the k -th image is captured.

b) The velocity of the IMU body related to the world local frame is denoted as
VE:L together with the bias of the gyroscope bwk and accelerometer bak.

c) The inverse depth of the visual landmark is denoted as f,.

d) The extrinsic parameter between the world local frame ()"’ and the ENU
frame is denoted as T}y° =[R}/9, ]V ]. Because the directions of the z-axis
represent both the ENU frame and the world local frame of VINS (Qin et al.,
2018), the R%,’LG will include only one unknown degree, i.e., the yaw offset
between both frames.

e) The receiver clock drift is denoted as S;l .

Therefore, the state set of the system inside a sliding window can be expressed as

indicated in Equation (22):

x:[Xoa---aXK_laf()an-’fM_l’Tuvyl(l;] (22)
With x, =[p}*.q}".b,.b, .5 |

where K represents the size of the sliding window and M represents the total
number of features involved in the sliding window. Since the data frequency of
the GNSS raw measurements is different from the image, we interpolate (Ch'ng
etal., 2019) the intermediate GNSS measurement at time r, towards the keyframe
at time b, .

The factor graph structure of the proposed tightly-coupled integration via a
sliding window factor graph optimization is shown in Figure 4. Five types of fac-
tors are involved in generating the factor graph. Specifically, Doppler and IMU
pre-integration factors provide a relative constraint between two consecutive
epochs. The DD pseudorange and carrier-phase measurements provide abso-
lute constraints related to the ECEF frame that are free of drift. The visual factor

i i Visual
DD Carrier- sua
State node " @
6:) @ Pseudorange aseiFacier W et
Factor Factor

B IMU Pre-integration Factor B Doppler Factor

FIGURE 4 Factor graph structure of the proposed tightly coupled integration Five types of
factors contribute to a sliding window. The red and green circles denote the DD pseudorange and
carrier-phase factors, respectively. Note that in this example the DD factor only connects a single
epoch for simplicity. However, the DD factor is correlated with two consecutive epochs due to the
interpolation. The purple and light blue rectangles denote the IMU pre-integration and Doppler
factors, respectively. The blue six-pointed stars denote the visual landmarks.
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provides the multi-epoch constraints across the factor graph. The remaining text in
this Section presents formulations of these factors.

3.2 | IMU Pre-integration Factor

Similar to the findings presented by Qin et al. (2018), the IMU pre-integration
technique (Forster et al., 2016) was employed to integrate several measurements
(inertial measurements between time intervals t€[t,,t,,,]) into a single factor
between two consecutive frames b, and b, ,; the residual r;(-) is expressed as
rB(iZ;1 , ). Because the IMU pre-integration employed in this study is identical
to that presented by Qin et al. (2018), the reader may refer to Equations (14), (16),
and (17) from this paper for additional details on IMU pre-integration.

3.3 | Visual Landmark Factor

The visual measurement employed in this study is a set of features identi-
fied by the Shi-Tomasi corner algorithm (Shi, 1994). After feature detection, the
optical-flow feature tracking algorithm (Lucas & Kanade, 1981) was performed to
track them between consecutive epochs. For the details of the feature detection
and tracking, readers are referred to Bai et al. (2020a). Considering that the I-th
feature was first observed in the i-th image and again in j-th image, let (&, b;")
represent the pixel position of I-th feature in the i-th image, and let (ﬁlc 7, ﬁlc 7) repre-
sent the pixel position of I-th feature in the j-th image. Therefore, the reprojection
model of I-th feature from the i-th image to the j-th image can be further expressed
as indicated in Equation (23):

1 i
[ 3
P =RERy Ry (RY—7!|| | |+P)+P} P} )-PY) (23)
l l vll 1

Let plcf represent the 3D coordinates of the I-th feature with:

<
—Cj _ pl
Y =
c.
p,’

where f)lcf represents the expected observation in the normalized plane. Let the

(24)

AC.
observation measurement of I-th feature in the j-th image be p,’ as shown in
Equation (25):

AC:
AC. u J
= _ 1
plj :ncl . (25)
N
Vi

hence, the reprojection residual model can be derived as follows (Equation (26)):

AC. 26 e, 26
r(;(zlju'():(plJ _plj) (26)
where C represents the set of features that have been observed at least twice and
1. (-) represents the residual of the I-th feature measurement in the j-th image. ilcf
represents the observation measurement.
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3.4 | GNSS DD Pseudorange/Carrier-Phase Factor

Because the GNSS measurements are represented in the ECEF frame, the extrin-
sic parameter between the ECEF frame and the world local frame can be expressed
as TyE = TETO. In this paper, the first point is selected as the reference position
for the ENU frame, which can be expressed as pfe‘}E with pJjE = pf‘e’fE.

3.4.1 | DD pseudorange factor

Based on a given DD pseudorange measurement received at epoch r,, the resid-
ual can be expressed as indicated in Equation (27):

I ('DDDr’p ) ( S_rS ) ( W_rw) P}BD,,} (27)

where the variable p represents the position of the IMU body frame (IMU sen-
sor frame) at the glven epoch . rs and rW represent the range distances between

the GNSS receiver and the satelhte s and w. They can be expressed as indicated
in Equation (28):

rs =
T

PKVE’S (RWERWGPWL +RECPYL + Pivg H

t

_ p:lVE,w (RWERWGPWL +RIVEPWS 4 plE “ (28)

Similarly, r’ and r" represent the range distance between the reference sta-
7t 7t

tion and satellite s and the master satellite w (as shown in Figure 3). They can be
expressed as shown in Equation (29):

WE,s
Ter, =[P, P
WE,
reljvr, = I v - e (29)
Likewise, pﬁVL in (28) can be expressed as shown in Equation (30):
t
p," =p; +Rp; (30)

where p? represents the translation between the GNSS receiver and the IMU sen-
sor frame. However, the position estimation of the IMU body frame pf"i at GNSS

epoch r, cannot be obtained directly. Assuming that the GNSS epoch r, locates
between two image keyframes [t,,f, ;] with r, €[t .t ], the following linear
interpolation (Gong et al., 2020) can be adopted as shown in Equation (31):

(tk+1 _rt) (tk 1 }’)
L e | S L ey G
k+1 k k+1 k

3.4.2 | DD carrier-phase factor

Given a DD carrier-phase measurement received at epoch r, the residual can be
expressed as indicated in Equation (32):
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Similarly, the uncertainty related to the DD carrier-phase factor 1, (v}, . ,p
is calculated based on the SNR and elevation angle (Herrera et al., 201 5).

3.4.3 | GNSS Doppler factor

Given a Doppler measurement received at epoch r, the residual can be expressed
as indicated in Equation (33):

b I

LI (0 RIRIE (5 -8 ) G
J
With v} =v)'} + RYL[p]x (o, =D, )

where the VWL represents the velocity of the GNSS receiver at epoch 7, related to
the local world frame. The operator [*] is employed to obtain the skew-symmetric
matrix corresponding to a vector. Similar time interpolation is employed for the
velocity constraint. e which represents the LOS vector connecting the GNSS
receiver and the satelhte 5. This can be expressed as shown in Equation (34):

. (R”ERWLp”L +R”Epm +pWG) (34)
es = z
pr[ * (RWERWGP +RYEPWE + Pl )”

3.5 | Marginalization Factor

To maintain the efficiency and consistency of the state estimation inside of the slid-
ing window, the oldest keyframe is marginalized and the associated factors are added
as a prior, including an IMU pre-integration factor, visual factor, and GNSS-related
factors, by applying the Schur complement (Sibley et al., 2010). Marginalization plays
an important role in sliding window optimization as it incorporates historical infor-
mation into a prior. The information from marginalization is denoted as {rp, Hp} with
the r, and H,, representing the prior residual and information matrix, respectively.

3.6 | Tightly-Coupled Optimization

Based on the factors derived above, the states inside the sliding window can be
estimated by solving the following objective function as shown in Equation (35):

_arg min Zt:b ("r - p,’{" “I'B(Z . s},’)H:B +H1’c (ilcf,l)”;

I WS RIS

where X, and X, represents the covariance matrix related to the IMU
pre-integration and visual reprojection, respectively. The uncertainty (GP )
related to the DD pseudorange factor 1, (P}, i /) is calculated based on the
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SNR and elevation angle (Herrera et al., 2015). A similar method is applied for the
uncertainty estimation of the DD carrier-phase (0'5/ ) and o* " —k lopl p with a

scaling factor k, =100 (Takasu & Yasuda, 2009). Slmllarly, the uncertalnty of the

Doppler measurements (0 ) is of . =k cp . Wwith a scaling factor k; =3.

3.7 | Covariance Estimation and Resolution of Integer
Ambiguity

The float solution is obtained by solving the tightly coupled cost function as shown
in Equation (35). To resolve the integer ambiguity, the covariance related to the posi-
tion and float ambiguity is required. With the assistance of the visual constraint and
IMU pre-integration constraint, the combined linearized model connecting the float
solution and observation can be expressed as shown in Equation (36):

27GY T
WDD,rt GP 0
n WE
Poos |_| ga o | P || feos (36)
B . ANpp,, €pp,r,
C G5B 0
T
G¢ 0
L " i

where B and C represent the set of IMU and visual measurements involved.
Therefore, the covariance can be estimated as shown in Equation (37):

-1

— _T — —_
-1 -1
lj GZ: IS><S Z’] Gl:': IS><S
G? 0 G* 0
T n
3DVA _ d 3DVA d
Qrt = Grl 0 Wr[ Gr[ 0 (37)
G5B 0 G5B 0
’r 14
G¢ 0 G¢ 0
A ] L % ]

where W3PV4 represents the weightings involving the uncertainty of the GNSS DD
carrier- phase (W"’ ), DD pseudorange (WP ) and Doppler (Wd) measurements, and
visual (WC ) and 1nert1al pre-integration (WB) measurements, which can be further
expressed as indicated in Equation (38): "

W3DbvA — (38)

[T

[ — R - —1
S -
]
(=}

In contrast to the conventional GNSS-RTK positioning, in which the covariance
of the float ambiguity is dominated by the geometry of surviving satellites after the
GNSS NLOS exclusion, the position of the GNSS receiver is constrained by both
DD satellite and visual measurements. To present the Q3DVA in a more representa-
tive form, it can be simplified as shown in Equation (39)
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A o wr )
3DVA _| J % h (39)

' WYGY 1-1wY
noon J n
With A=1.2GY"WYGY + G WPG” + G4 WIG? + GB"WBG?E + G¢" WCGE
J L noon T noon n non T noon n non

Therefore, the covariance of the float ambiguity is further constrained by the
addition of GdTWrde GfTWBGB GCTWCGC Specifically, given the assump-
tions that: (1) the visual landmark measurements have an accuracy that is similar
to the DD pseudorange measurements and (2) the geometry matrix M3DVA isa
full rank, which means that the satellite and the visual measurements are uncor-
related and the uncertainty associated with the float ambiguity will be decreased
(Wang et al., 2020). This would result in a decrease in the determinant of Q,,,,
thereby increasing the success rate (B [z=%,]) of integer ambiguity resolution.
This will be evaluated in the experimental validation presented in Section 6.

4 | SYSTEM INITIALIZATION

The initialization of the system state is significant for an estimator with high
nonlinearity related as shown in Equation (35). This only needs to be done once
when the system starts up; this is one of the major differences between the 3D
building model-aided GNSS positioning method and the initialization of the
system state discussed in this study. The initialization presented here involves
primarily (1) the visual/inertial (VI) initialization and (2) GNSS-VI initialization
which refers to the extrinsic parameters connecting GNSS-RTK and VINS. These
will be presented in the following Section.

4.1 | VIlInitialization

The VIinitialization includes the recovery of the scale of the features as well as the
bias of the gyroscope, accelerometers, and other elements. We used the work of Qin
et al. (2018) to complete the visual/inertial initialization. Meanwhile, the outcome
of the VI initialization includes a set position and velocity of the keyframes inside
the sliding window, denoted by {pb |k=0,...,K—1} and {v“k’L |k=0,...,K -1},
which will be used subsequently for the GNSS -Vl initialization.

4.2 | GNSS-VI Initialization

The GNSS-VI initialization aims to generate an initial guess for various
GNSS-related states, including integer ambiguity, receiver clock bias drift rate, and
the extrinsic parameter (Tj,°) between the ENU frame and the world local frame.
Conventionally, the initial guess of the GNSS-related states is estimated using an
epoch-by-epoch-based weighted least squares (WLS) approach (Takasu & Yasuda,
2009). Subsequently, the initial guess of the extrinsic parameters T}/ can be opti-
mized by aligning the two trajectory sets estimated from the VI initialization and
GNSS WLS, respectively (Liu et al., 2021). However, the potential of the Doppler
measurements is neglected when using this approach. By contrast, Doppler mea-
surements are considered in the second stage of initialization after VI initialization
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and GNSS SPP. The velocity is then estimated from GNSS Doppler measurements
with VI used to align the local and global frames (Cao et al., 2022). However, the
carrier-phase is still not adapted for this work due to the unknown integer ambi-
guity. To benefit from the Doppler and carrier-phase measurements with very high
precision, we propose a method in which we estimate the velocity and trajectory
sets inside a sliding window that is based simultaneously on the Doppler, DD pseu-
dorange, and carrier-phase measurements.

Given the fact that the carrier-phase measurements received from the same sat-
ellite s inside the sliding window involve the same integer ambiguity value, a left
null space matrix is employed to eliminate the shared integer ambiguity within the
sliding window. This facilitates the utilization of the DD carrier-phase measure-
ment without resolving the known integer ambiguity.

Based on a set of carrier-phase measurements from satellite s received in mul-
tiple discrete epochs, they can be stacked into the following form as indicated in
Equation (40):

N S S S
A ¥ Dpo Mo )’jN DD,0 €pp,o
A3 ms A.N3 €l
DD DD
j ,1 _ r,1 + j ,1 + DD,1 (40)
N N N N
AW Dp k-1 M, k1 AiNpp k1 €pp,K-1

3 [ — S _ S _ wo _ pew
with mm—(rrt rwt) (rr,r[ re,rl)

where K represents the size of the sliding window. This means that satellite s is
tracked by the GNSS receiver continuously for K epochs. The m?, is defined for
simplicity. Given the fact that the carrier-phase measurements inside the window
share the same integer ambiguity, Equation (40) can be rewritten as follows:

N N N
AW Dp.o Mo 1 €pp,0
Ays mS 1 €}
j¥ DD,1 | _ r,1 s DD,1
= + AJ.NDD,IH + (41)
N N N
AV bk M, ka1 1 €pp.K-1

The compact form of Equation (41) can be further organized by multiplying a left
null space matrix G;; on both sides of Equation (40). Hence, the following form
can be obtained as shown in Equation (42):

N N S
/ljl//DD,o m,. o €pDo
Ay ms e
s j¥ DDl | _ ~s r,1 s DD,1
Ghp.x =Ghpk +Ghpk (42)
N N N
)’jl//DD,K—l My k1 €pp,K-1
1 0
1] o
with G DD.K =
1 0

Therefore, Equation (42) is free of ambiguous variables which are eliminated
by a left multiplication of the left null space matrix Gj,, ;. The elimination
of the integer ambiguity was based on a study published by Li and Mourikis
(2013) in which a similar elimination was employed to avoid the repetitive esti-
mation of the position of landmarks. The feasibility of the integer ambiguity
elimination via the left null space matrix was presented in our recent study
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(Bai et al., 2022), in which the GNSS Doppler/pseudorange fusion is smoothed
by the ambiguity-free carrier-phase measurements. Therefore, the residual of
the ambiguity-free DD carrier-phase measurement can be derived as indicated
in Equation (43):

N N
A bp,o Mo
Ay m$
s s WL j* DD.1 s r,1
t, WhporVdpx-1Pops s PrL ) =Ghpk Gk (43)
S N
AV bp k-1 My k1

where y represents a set of DD carrier-phase measurements for satellite s inside
a sliding window with the same integer ambiguity. Therefore, the trajectory
and the velocity sets of the sliding window can be estimated based on Doppler,
DD pseudorange, and ambiguity-free carrier-phase measurements as shown in
Equation (44):

* i s s WL
hul —arg:rmn > [“ (Ppp,, ,p )H ”r%(wDD,O,...,l//DD,K_l,po’b,...
S,15t,by

“rd(ds v’ )“ ) (44)

where I represents a set of states, including the position, velocity, and the receiver
clock bias drift rate. 25/ represents the covariance matrix related to a set of DD
carrier-phase measurements 23/ and can be expressed as shown in Equation (45):

s

o’ 0 0

=G " o |G (45)
0 0 0 o
v,

Therefore, the position and velocity set expressed in the ECEF frame can
be estimated by solving Equation (44) denoted by {p**|k=0,...,K -1} and
{VWE |k=0,...,K -1} with r, €[t,,t, ], respectively. Based on the estlmated tra-
Jectory and Veloc1ty sets from VI initialization and optimization of Equation (43),
the extrinsic parameter T}/ between the ENU and the world local frame can be
estimated by solving the aligning objective function shown in Equation (46):

. . 2
TS =arg min gy Zs,rt,t b ((“RWET(pWE pPE)-RIE (pWL + RWL p%LG” )

) e

where T/ * represents the optimal extrinsic parameter to be estimated. Meanwhile,
similar time interpolation logicisemployed toobtain v'} from{v}* [k =0,..., K —1}.

(HRWETVL’VE RC (VWL +RWL[pr] (o, -b, ))

The extrinsic parameter estimation takes advantage ‘of both the Doppler and DD
pseudorange measurements. Meanwhile, the elimination operation facilitates
the utilization of the high-accuracy carrier-phase measurement without resolving
the integer ambiguity. In a previous (Bai et al., 2022), we demonstrated that the
multi-epochs carrier-phase constraint corresponding to Equation (43) can generate
a significantly smoother trajectory compared with a single-epoch DD carrier-phase
constraint. Therefore, the GNSS-VI initialization is completed with the extrinsic
parameter (T}/C) estimated as shown in Equation (46).
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FIGURE 5 Demonstration of the experimental vehicle and the evaluated urban canyons 1 and 2

5 | EXPERIMENTAL VALIDATION
5.1 | Experiment Setup

5.1.1 | Experimental scenarios

To verify the effectiveness of the proposed method, two experiments were con-
ducted in urban canyons in Hong Kong (Figure 5). The top-left and bottom-left fig-
ures present the urban canyon scenarios evaluated in this study. Both urban scenarios
contain static buildings, trees, and dynamic objects, such as double-decker buses, all
of which have the potential to generate GNSS NLOS receptions. To determine how
the proposed method works in scenarios with various degrees of urbanization, the
first experiment was performed in a typical urban canyon scenario in Hong Kong
(urban canyon 1 in Figure 5[a]). The second experiment was conducted in a more
urbanized scenario (urban canyon 2 in Fig. 5b) with denser and taller building struc-
tures; this type of scenario is more challenging for GNSS-RTK positioning. Of note,
we do not know the ground truth of the fixed solution even when the GNSS-RTK
passed the ratio test with a threshold of 3.0. During the evaluation of this paper, we
labeled a fixed solution based on two criteria: (1) the ratio test should be passed with
a threshold of 3.0 and (2) the 3D positioning error should not exceed 20 centimeters.

5.1.2 | Sensor setups

The details of the data collection vehicle can be found in our recently open-sourced
UrbanNavdataset (Hsuetal.,2021)". Thisdata setincludes multi-sensor data collected
in typical urban canyons in Hong Kong and Tokyo. In both experiments, a low-cost
automobile-level u-blox M8T GNSS receiver was used to collect raw single-frequency
GPS/BeiDou measurements at a frequency of 10 Hz. The Xsens Ti-10 IMU was
employed to collect data at the frequency of 400 Hz. A forward-looking monocular
camera was used to capture the visual features with a FOV of 90° (horizontal) x 60°
(vertical) at a frequency of 10 Hz together with a sky-pointing fish-eye camera that
captured the sky-view image with a FOV of 185° at a frequency of 10 Hz. Note that the
fish-eye camera can help to capture the wide sky view image which benefits the detec-
tion of GNSS NLOS satellites. However, the significant geometrical distortion caused

Thttps://github.com/weisongwen/UrbanNavDataset
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by the fish-eye lens will damage the image quality which can limit feature detection.
Therefore, a forward-looking monocular camera is used to detect the features. The
sensor setup is shown in Figure 5(c). The NovAtel SPAN-CPT (Kennedy et al., 2006),
GNSS (GPS, GLONASS, and BeiDou), and RTK/INS (fiber-optic gyroscopes, FOG)
integrated navigation system were employed to provide ground truth of positioning.
The gyro bias in-run stability of the FOG is one degree per hour and its random walk
is 0.067 degrees per hour. According to the specification of the NovAtel SPAN-CPT, a
centimeter-level accuracy can be obtained when the RTK correction is available with
the correct fixed solution. Moreover, the ground truth output from SPAN-CPT was
post-processed using the Inertial Explorer software from NovAtel to guarantee the
accuracy of the trajectory by processing forward and reverse in time and backward
smoothing followed by combining the results. All data were post-processed with a
desktop (Intel Core i7-9700K CPU, 3.60 GHz) computer.

5.1.3 | Evaluation methods

We verified the effectiveness of the proposed method step-by-step by comparing
the following five methods:

(a) RTK: GNSS-RTK positioning results using the conventional method
(Herrera et al., 2015). This was to show how the conventional GNSS real-time
kinematic positioning performs in the evaluated urban canyon data sets.

(b) RTK-NE: GNSS RTK positioning aided by the GNSS NLOS exclusion (NE) based
on the outlier removal presented in Section 2A. This was performed in addition to
RTK. This was performed to verify the contribution of the GNSS NLOS removal.

(c) RTK-NE-VINS: This loosely integrates the results from RTK-NE with the
pose estimation from VINS (Qin et al., 2018) in a conventional manner via
factor graph optimization as shown previously (Qin et al., 2019). This was
performed to show how the loosely-coupled integration of VINS and GNSS-
RTK operates even after the GNSS NLOS receptions are removed.

(d) RTK-IG: Used when the geometric constraints are improved by tightly
coupling the visual measurements with the GNSS measurements as shown
in Section 4. This was performed to demonstrate the improvement resulting
from the tightly-coupled visual measurements with GNSS-RTK, which is the
main contribution of this work. We note that the GNSS NLOS receptions are
not detected using this method. “IG” denotes improved geometry.

(e) RTK-NE-IG: Used once the GNSS NLOS receptions are removed and
after the geometric constraints are improved by tightly coupling the
visual measurements with the healthy GNSS measurements as shown in
Section 4. This was performed to demonstrate the outcomes resulting from
both the NLOS exclusion and geometric improvements.

5.2 | Experimental Evaluation in Urban Canyon 1

5.2.1 | Evaluation of positioning performance

The positioning performance observed using each of the five aforementioned
methods is shown in Table 1. The error cumulative distribution function (ECDF)
and trajectories are shown in Figure 6 and Figure 7, respectively. A mean error
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TABLE 1
Positioning Performance of the Five Methods in Urban Canyon 1

All Data RTK RTK-NE RTK-NE-VINS RTK-IG RTK-NE-IG

2D MEAN 1.83 1.78 1.59 1.36 0.84
2D STD 2.01 1.25 1.06 0.84 0.39
2D Max 30.33 9.06 6.53 4.7 1.94

2D Impr. 2.7% 13.11% 25.46% 54.09%
3D MEAN 4.26 5.12 4.21 2.44 2.27
3D STD 6.27 3.76 2.15 0.81 0.85
3D Max 37.62 25.56 9.85 4.8 3.68

3D Impr. -20% 1.17% 42.72% 46.70%
Fixed Rate 0% 0% 0% 0.49% 1.67%
Avail. 99.1% 72% 100% 100% 100%
Time Consu. (ms) 5.2 5.2 50.7 67.9 65.4

Note: Improvement (Impr.) was calculated based on the RTK method. 2D/3D, horizontal/3D
positioning; STD, standard deviation; Awvail., availability. Time Consu., the average time
consumption of the method.
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FIGURE 6 The cumulative distribution function for 2D positioning errors of the five
methods evaluated in urban canyon 1

The red, green, cyan, magenta, and blue denote RTK, RTK-NE, RTK-NE-VINS, RTK-IG, and RTK-
NE-IG, respectively.
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FIGURE 7 2D positioning trajectories of the five methods evaluated in urban canyon 1
The red, green, cyan, magenta, and blue curves denote the RTK, RTK-NE, RTK-NE-VINS, RTK-
IG, and RTK-NE-IG, respectively. The black curve denotes the ground truth trajectory.
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of 1.83 meters was obtained using the conventional GNSS-RTK positioning method
(Herrera et al., 2016) with a standard deviation of 2.01 meters. Moreover, the maxi-
mum error reached 30 meters as shown in the annotated area of Figure 7 by a dashed
rectangle. This is very far from the positioning requirements of autonomous systems
and was attributed to the GNSS NLOS receptions from tall surrounding building
structures. After excluding the detected GNSS NLOS receptions using the RTK-NE
method, the error decreased to 1.78 meters, representing only a 2.7% improvement
compared with the conventional RTK method. This results from the distortion of the
satellite geometry due to the NLOS exclusion. In other words, the GNSS NLOS exclu-
sion can increase the dilution of precision (DOP) (Enge, 1994) and thus increase the
uncertainty of GNSS positioning. The average DOP value for the satellite distribution
is about 3.1 and 3.5 before and after the GNSS NLOS exclusion, respectively. A more
detailed analysis of the geometry of the GNSS-RTK will be presented in the following
Section. Moreover, the availability decreases from 99.1% to 72% for RTK-NE because
excessive GNSS NLOS may result in an insufficient number of satellite measure-
ments for GNSS positioning. We observed a similar phenomenon in our previous
work (Wen et al., 2019¢; Wen et al., 2019b). However, the standard deviation (STD)
and the maximum errors decrease significantly after excluding the outlier GNSS
NLOS receptions, which documents the effectiveness of the GNSS NLOS exclusion
in mitigating the adverse impact of gross outlier measurements.

We then integrated the improved GNSS-RTK positioning result from the RTK-NE
method with the pose estimation from the VINS as originally described by Qin et al.
(2019) to determine how the VINS can help the GNSS-RTK in a loosely-coupled
manner. The mean error decreases to 1.59 meters with the assistance of the VINS
and results in an improvement of 13.11%. Meanwhile, both the STD and the max-
imum error decrease slightly and the availability increases to 100% because the
state estimation from VINS is continuously available. The improved results demon-
strate that the integration of the VINS contributes to resisting the outlier GNSS
measurements. However, the improvement is still limited because the loosely
coupled integration cannot fully exploit the complementarity between GNSS and
visual measurements. Furthermore, no fixed solution can be estimated from RTK,
RTK-NE, or RTK-NE-VINS methods with a fixed rate of 0% (He et al., 2014). The
fixed rate is defined as a ratio of the number of ambiguity-fixed epochs over the
number of total epochs and documents the availability of epochs for positioning.

Interestingly, further improvements were obtained by tightly integrating the
visual measurements with the GNSS DD pseudorange, carrier-phase, and Doppler
measurements based on the RTK-IG method presented in Section 4. The mean error
decreased to 1.36 meters with an improvement of 25.46% and the STD decreased
significantly to 0.84 meters. These results demonstrate that tightly-coupled integra-
tion can result in better performance compared with loosely-coupled integration.
Improvements from tightly- coupled integration result in two main benefits: (1)
the tightly coupled visual measurements can improve the geometric constraints
as discussed in Section 4, and (2) both the visual and GNSS measurements can be
modeled more precisely. With the visual constraint improving the geometry, a fixed
rate of 0.49% can be obtained using the RTK-IG method. This achievement docu-
ments the effectiveness of the proposed method in improving the geometry of con-
ventional GNSS-RTK. However, the maximum error still reaches 4.7 meters due to
unexpected GNSS NLOS receptions. To determine how the GNSS NLOS exclusion
might help to improve the RTK-IG method, we removed the GNSS NLOS recep-
tions during the tightly-coupled integration leading to the RTK-NE-IG method. In
this case, the mean error decreased to 0.84 meters with an improvement of 54.09%.
This method also led to a significantly decreased STD of 0.39 meters and a maxi-
mum error that decreased to only 1.94 meters. These results demonstrate that the
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GNSS NLOS exclusion can significantly improve the performance of GNSS-IG.
Moreover, an increased fixed rate of 1.67% was obtained, which further documents
the effectiveness of NLOS exclusion compared with RTK-IG. Of note, the fixed rate
remains low even when using the proposed method. This is because the proposed
method also resolves the integer ambiguity of the carrier-phase epoch-by-epoch,
i.e., so-called instantaneous ambiguity resolution. We plan to examine how the
visual measurements can help improve the geometric constraints of the satellite
measurements and evaluate the performance improvement epoch-by-epoch. In the
future, we plan to add the fixed-and-hold mode to the integer ambiguity resolution
together with cycle slip detection. This has the potential to lead to a significantly
higher fixed rate.

Although navigation requirements mainly focus on 2D (horizontal) positioning,
we also present the results of 3D positioning performance in the bottom section of
Table 1. These findings may reveal whether the proposed method can also improve
vertical positioning compared with conventional RTK positioning. While the 3D
mean error of the conventional RTK method reaches more than 4 meters, the 3D
mean error increases to 5.12 meters using the RTK-NE. This is mainly because of
the GNSS NLOS exclusion, which can lead to larger vertical dilutions of precision
(VDOPs) (Enge, 1994) and thus larger vertical positioning errors. The 3D mean
error decreases slightly with the assistance of the loosely coupled integration of
VINS, which led to an improvement of 1.17%. A significantly decreased 3D mean
error was observed after applying the RTK-IG method which led to an improve-
ment of 42.72%. Further improved 3D positioning was obtained by the GNSS NLOS
exclusion with an improvement of 46.70% using RTK-NE-IG.

In summary, the gradual decreases in positioning error demonstrate the contri-
butions of both the GNSS NLOS exclusion and the geometric improvement; these
findings were also demonstrated by ECDF as shown in Figure 6. Availability of
100% was obtained using the proposed method (RTK-NE-VINS). While the remain-
ing positioning error still reaches 0.84 meters, mainly because the GNSS multipath
effect (Enge, 1994), another major error source, was not considered in this paper.
Because the multipath phenomenon involves both direct and reflected signals, it
cannot be detected directly via sky view visibility.

5.2.2 | Evaluation of rotation performance

Conventionally, the GNSS receiver provides only positioning estimates. The
attitude of the system cannot be estimated directly by the GNSS measurements.
However, visual and inertial measurements can be used to determine the attitude
of the system. Therefore, it will be interesting to determine whether the proposed
method can be used for attitude estimation. Because the RTK and RTK-NE meth-
ods do not provide attitude estimation, we limited the comparison to results from
RTK-NE-VINS, RTK-IG, and RTK-NE-IG methods as shown in Table 2.

TABLE 2
Absolute Rotational Accuracy of the Three Methods Evaluated in Urban Canyon 1

All Data (degree) RTK-NE-VINS RTK-IG RTK-NE-IG
MEAN 5.18 3.01 2.73
STD 3.57 1.71 1.56
Max 6.18 3.84 3.75

Min 1.13 1.08 0.91
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The absolute rotation accuracy was evaluated using the popular EVO tool kit
(Grupp, 2017). A mean error of 5.18 degrees was obtained using the RTK-NE-VINS
with a standard deviation of 3.57 degrees. With the assistance of the tightly cou-
pled integration of visual measurements, the mean error of attitude decreases to
3.01 degrees with a decreased standard deviation of 1.71 degrees. Interestingly, the
mean attitude error decreased slightly to 2.73 degrees using GNSS NLOS exclusion
by RTK-NE-IG. In summary, a slightly improved attitude estimation was obtained
using the proposed method (RTK-NE-IG) compared with conventional loosely cou-
pled integration strategies (RTK-NE-VINS).

5.2.3 | Analysis of the geometric constraints

To confirm that the geometric improvements were caused mainly caused by the
visual measurements, we present ADOP measurements (T. Liu et al., 2021; Teunissen,
1997) which are effective indicators of the geometric distribution. The findings
shown in Figure 8 present the geometry using four of the aforementioned methods,
including the RTK, RTK-NE, RTK-IG, and RTK-NE-IG. Of note, the geometry of the
RTK-NE-VINS is the same as that of RTK-NE. The ADOP values are presented in the
top panel of Figure 8. The green curve (RTK-NE) has the largest ADOP value com-
pared to conventional RTK because of the GNSS NLOS exclusion. Based on visual
measurements, the ADOP decreases dramatically to about 0.1. Interestingly, the
ADOP resulting from RTK-NE-IG increases only slightly compared to RTK-IG even
with the GNSS NLOS exclusion. This demonstrates that the visual measurements can
effectively guarantee the appropriate geometry even when the GNSS NLOS exclusion
has been performed. Moreover, the ADOP value resulting from the RTK-NE-IG is
smaller than the RTK even with the GNSS NLOS exclusion.

To determine the number of constraints involved, the number of visual mea-
surements and GNSS measurements are presented (bottom panel of Figure 8). The
total of GPS/BeiDou satellites remains below 20 throughout the entire experiment.
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FIGURE 8 [Illustration of the geometric analysis of the four methods evaluated in urban
canyon 1

The red, green, magenta, and blue curves denote the RTK, RTK-NE, RTK-IG, and RTK-NE-IG,
respectively. The top panel denotes the ADOP during the experiment with the x-axis denoting
time and the y-axis denoting the value of ADOP. The bottom panel denotes the number of
constraints including the visual and GNSS measurements.
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Fortunately, the number of visual measurements exceeds 40 at most of the epochs.
Of note, visual measurements are counted if they are tracked at the latest epoch.
The statistical number of constraints contributed by visual and GNSS are listed in
Table 3. Overall, signals from a mean number of 12 satellites were received during
the experiment. After the GNSS NLOS exclusion, the mean number decreased
to 10. The mean number of visual constraints was approximately 53 during the
experiment in urban canyon 1, leading to a total of more than 60 by combining
both the visual and GNSS measurements. However, because the optical flow-based
visual feature tracking algorithm is sensitive to noise and illumination conditions,
the tracked features may vary in different implementations. That is why the num-
ber of visual constraints looks different in the NLOS exclusion case, as shown in
Figure 8. However, the change in the GNSS satellite before and after the NLOS
exclusion can be still observed by comparing the methods RTK and RTK-NE

To conduct an explicit comparison of the covariance matrix of the float ambiguity
(Q,,,) that dominates the success rate of integer ambiguity resolution, each compo-
nent of the matrix was visualized at an experimentally-selected epoch corresponding to
the four methods listed in Table 3 and as shown in Figure 9. The top left figure presents
the Q,, of the RTK method, with some of the diagonal elements reaching 0.5 with a
total of 16 satellites. The deeper color denotes a larger value of the component in the
matrix. After GNSS NLOS exclusion in the RTK-NE method (top right), the number
of satellites decreases to 12 (the NLOS signals are from satellites 2, 3, 10, and 12). As a
result, some of the diagonal components include deeper colors, which indicates larger

TABLE 3
Comparison of Geometric Constraints Using Four Methods
Number of
. RTK RTK-NE RTK-IG RTK-NE-IG
Constraints
Visual 0 0 53.92 55.16
GNSS 12.64 10.59 12.64 10.59
Total 12.64 10.59 66.56 65.75
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uncertainty in the corresponding DD ambiguity and thus leads to a lower success rate
of integer ambiguity resolution. After the visual measurements are applied, the values
of the diagonal components of both RTK-IG and RTK-NE-IG are reduced to below 0.2.
In summary, visual measurements can have a significant impact on improvements
in geometry. However, the fixed rate of the proposed method (RTK-NE-IG) remains
limited at 1.67%. Apart from the potential contributions of multipath effects as dis-
cussed previously, another dominant factor may be the poor quality of the GNSS
measurements received by the low-cost commercial GNSS receiver (u-blox M8T)
used in this study. The accuracy of this device is far below that of geodetic-level
GNSS receivers. Moreover, the visual measurements may also locally constrain
the multiple epochs that do not directly provide a globally referenced constraint.
However, these findings reveal that at least several healthy and high-quality GNSS
measurements are received that increase the fixed rate of GNSS-RTK positioning.

5.2.4 | Analysis of system initialization

The initialization of the extrinsic parameters between the ENU and local world
frames is significant for the performance of the state estimation due to the high
nonlinearity of the system; this is especially the case for the initialization of the
yaw angle offset between both frames. To verify the effectiveness of the proposed
initialization method in which Doppler and high-accuracy DD carrier-phase mea-
surements are applied, we compare the following two methods:

(1) Weighted least squares (conventional): Initialize T}/C only by aligning
two sets of estimated trajectories and the one from VI-initialization described
in Section 5A.

(2) Doppler/Carrier Smoothing (proposed): Initialize the T;/° only by
solving Equation (29) which is free of ambiguity resolution.

Results from this comparison are shown in Table 4.

As shown in Table 4, an error of 15.70 degrees of the yaw offset was obtained
using the conventional WLS-based method. Using the proposed method, the error
of the yaw offset decreased to 5.93 degrees. Several factors contributed to this
improved result compared with the conventional WLS-based method. First, the
proposed method makes use of multiple epoch DD carrier-phase measurements
to estimate a set of positions. This can significantly increase the smoothness com-
pared with the traditional utilization of the DD carrier phase. Furthermore, the
unknown integer ambiguity terms are eliminated via the left null space matrix.
The velocity estimated from the Doppler measurement also contributes to the ini-
tialization of the yaw offset. The translation part (pjv¢) of Tj/¢ was also slightly

TABLE 4
Comparison of Errors/Time in the Initialization of the Extrinsic Parameters

Items Weighted Least Squares-based Doppler/Carrier Smoothing
Yaw (degree) 15.70 5.93
East (meter) 1.05 0.92
North (meter) 0.86 0.80
Up (meter) 0.73 0.70
Ave. Time 3097 4129
(milliseconds)

Note: Data for the ENU and local world frames were obtained using different methods.
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improved with the assistance of the proposed method. Meanwhile, the time uti-
lized for the whole initialization process increased slightly.

To initialize the entire system, one must provide a satisfactory initial guess of
the T/¢ to the estimator. However, if the measurements begin in a highly dense
urbanized area where both the carrier phase and Doppler measurements are noisy,
it will be difficult to obtain a good initial guess of Tj}° even using the proposed
method. One possible solution is to apply an electronic compass to provide the yaw
offset between the ENU and local world frames and refine T})C when the receiver
is transported into less congested areas.

5.3 | Experimental Evaluation in Urban Canyon 2

To challenge its effectiveness, the proposed method was verified using a data set
collected in a denser urban canyon scenario as shown in Figure 5(b). The position-
ing performance using this data set is shown in Table 5. The ECDF and trajectory
are shown in Figure 10 and Figure 11, respectively. A mean error of 2.68 meters
was obtained using the conventional GNSS-RTK positioning method (Herrera
et al., 2015) with an STD of 2.23 meters. In this scenario, the mean error was dou-
bled because of the taller building structures in urban canyon 2 compared with the
results in urban canyon 1. The 3D error reached 9.94 meters with a maximum error
of 34.89 meters. Even after excluding the potential GNSS NLOS receptions, the
improvement in the mean error (11.56%) remained limited. Similar improvements
were also obtained in 3D positioning. Moreover, the maximum errors decreased in
both 2D and 3D positioning because of the exclusion of gross GNSS outlier mea-
surements. However, similar to what was observed for urban canyon 1, the avail-
ability in urban canyon 2 decreased from 99.05% to 71.5% due to excessive GNSS
NLOS exclusion.

The positioning accuracy was further improved after loosely integrating the
GNSS positioning from the RTK-NE with the VINS as originally described by Qin
et al. (2019). This resulted in improvements of 13.81% for 2D and 29.53% for 3D
positioning, respectively. Moreover, the availability increased to 100% with the
assistance of pose estimation from VINS. Interestingly, the 2D maximum error
increased from 8.73 meters (RTK-NE) to 12.24 meters. A closer look at these data

TABLE 5
Positioning Performance of the Five Methods Evaluated in Urban Canyon 2
All Data RTK RTK-NE RTK-NE-VINS RTK-IG RTK-NE-IG
2D MEAN 2.68 2.37 231 1.77 1.37
2D STD 2.23 1.69 1.86 1.15 0.72
2D Max 11.38 8.73 12.24 5.50 5.83
2D Impr. 11.56% 13.81% 33.95% 48.90%
3D MEAN 6.94 5.70 4.89 2.74 2.64
3D STD 52 3.99 2.83 0.96 1.24
3D Max 34.89 30.68 14.56 5.88 6.89
3D Impr. 11.57% 29.53% 60.51% 61.95%
Fixed Rate 0% 0% 0% 0.72% 5.19%
Avail. 99.05% 71.5% 100% 100% 100%
Time Consu. (ms) 4.9 4.9 49.2 66.2 65.1

Note: Improvement is calculated with respect to the RTK method; (2D/3D, horizontal/3D
positioning; Time Consu., the average time consumption of the method.
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FIGURE 10 The error cumulative distribution function (ECDF) for 2D positioning errors of
the five methods evaluated in urban canyon 2

The red, green, cyan, magenta, and blue denote RTK, RTK-NE, RTK-NE-VINS, RTK-IG, and RTK-
NE-IG, respectively.
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FIGURE 11 2D positioning trajectories of the five methods evaluated in urban canyon 2
The red, green, cyan, magenta, and blue curves denote the RTK, RTK-NE, RTK-NE-VINS, RTK-
IG, and RTK-NE-IG, respectively. The black curve denotes the ground truth trajectory.

is presented in Figure 11(a) and the case of a vehicle that has stopped and remains
in one position at an intersection. The pose estimation from the VINS drifts grad-
ually because of the random walk of the IMU and the impact of the surrounding
dynamic objects on the VINS. As a result, the RTK-NE-VINS drifted significantly
at the road intersection. Fortunately, this problem is solved with tightly coupled
integration of visual measurements using RTK-IG. In this case, the maximum
error decreased to 5.50 for 2D positioning. More importantly, the 2D mean error
decreased to 1.77 meters with an improvement of 33.95%. However, an improve-
ment of 60.51% was obtained for 3D positioning. Furthermore, a fixed rate of 0.72%
was obtained even in this heavily urbanized scenario and the availability was also
guaranteed. The 2D mean error decreased to 1.37 meters with an improvement of
48.90% after applying the proposed RTK-NE-IG method. Collectively, these find-
ings highlight the effectiveness of the proposed method. Meanwhile, the STD also
decreased to 0.72 meters. Similar improvements (61.95%) were also obtained in the
3D positioning. Moreover, the fixed rate of GNSS-RTK increased to 5.19%, which
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further demonstrates the effectiveness of the proposed method in both excluding
the GNSS NLOS receptions and improving the geometric constraint.

In summary, the use of the proposed method led to improvements in position-
ing with a 2D mean error of 1.37 in this heavily-urbanized scenario (as per the sky
view image in Figure 11[b]). As discussed in the experimental validation in urban
canyon 1, the unconsidered multipath effects are likely to be the major factor limiting
the absolute positioning accuracy even when potential GNSS NLOS are excluded.

6 | CONCLUSIONS

The integration of VINS and GNSS-RTK is a promising potential solution that
may provide accurate, cost-effective, and drift-free positioning services for auton-
omous systems with specific navigation requirements. Unfortunately, the perfor-
mance of the GNSS-RTK/VINS is significantly challenged in urban canyons due
to the poor quality of GNSS measurements and satellite geometric distributions
caused by signal blockage and reflections from surrounding buildings. In this paper,
a 3D vision-aided method was proposed as a means to improve the GNSS-RTK
positioning by detecting the potential reflected outlier GNSS signals and improv-
ing the geometric distribution of the satellites via low-lying visual landmarks. The
effectiveness of the proposed method was verified through several challenging data
sets collected in urban canyons of Hong Kong using low-cost automobile-level
GNSS receivers together with an automobile visual/inertial sensor suite.

There are several directions for future work on this subject. Because visual
measurements can be tracked repetitively, one solution might be to employ
already-explored visual landmarks in order to constrain the system once their posi-
tions have been correctly estimated, for example, by fixed GNSS-RTK positioning in
a previous epoch. In this way, the visual landmark can be applied as an additional
auxiliary GNSS satellite that might be used to improve GNSS-RTK positioning in
urban canyons. This will be the focus of some of our future work. The multipath
effect is another major factor limiting the overall performance of the proposed
method (for example, the 2D mean error of 0.84 identified in urban canyon 1).
The modeling of multipath effects will also be considered in future investigations.

We note that vegetation (e.g., trees) may not directly block GNSS signal trans-
mission but may lead to signal diffraction (Marais et al., 2020). We are also inter-
ested in determining how the GNSS transmits signals in areas of significant
vegetation. Moreover, as the visual measurements introduce significant mea-
surement redundancy, will also be important to determine how to estimate bias
in the multipath-affected GNSS signals through the sparse estimation technique
(Lesouple et al. 2018).
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7 | APPENDIX
7.2 | Jacobians of Residuals

We adopted the same Jacobian matrix derivation for the IMU pre-integration
and the visual reprojection residual as described in Qin et al. (2018). Therefore, we
mainly derive the Jacobians related to the DD pseudorange and carrier-phase resid-
uals together with the Doppler measurement residuals as described in this section.

7.2.3 | Jacobian of DD pseudorange residual

The DD pseudorange residual correlates with the position of the system at two key-
frames (pb and pZVL) as well as with the extrinsic parameter of T}C. The Jacobian
of p with respect to the DD pseudorange residuals can be derlved as follows from
Equatlon (A-1):

o S WL
o, (Ppp Py ) _(

op"t b

_o5 Ui @sRWERWG | _(_gs Uiz wWEWG }
Gpr—(z,m ) RyERYY S pr Gty € R cRyT | (A1)

where the eW denotes the LOS vector connecting the GNSS receiver and the mas-
ter satellite w. Similarly, the Jacobian of pWL concerning the DD pseudorange
residual can be derived from Equation (A-2) as follows:

ot (P, ,pWL)
WL -\~

(n=t) (=t
e )e;R%R%)_(_Gs (1- s )e;[ngggR%g)

o Pl (e =t) Pl (tea =4
(A-2)
Because the R}V involves only the yaw angle which is denoted as the Euler
angle elV¢ | thel acoblan of RWY with respect to the DD pseudorange residual can

be derlved from Equation (A-3):
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—sin(e}}?. ) —cos(eyf.) O
with R, =| cos(ey?,) —sin(ejjf ) 0
0 0 0

The Jacobian of p}/¢ concerning the DD pseudorange residual can be derived

from Equation (A-4) as follows:

AR ) (-t (-t
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7.2.4 | Jacobian of DD carrier-phase residual

The DD carrier-phase residual correlates with the position of the system at two
keyframes (pZ‘:L and p}f’Ll ) as well as the extrinsic parameter of T}/ and the inte-
ger ambiguity N i)D’rt. The Jacobian of pZ:L for the DD carrier-phase residual can
be derived from Equation (A-5) as follows:

WL

o, (WED,V} ,p:ﬁ,) _ (_ s (r,-t,)
by

SRWERWG | _[_s (i) WER WG .
P, (tkmtk)ertRWGRWL) ( %o, (tkmtk)e;[vRWGRWL) (A-5)
where the e denotes the LOS vector connecting the GNSS receiver and the mas-
ter satellite w. Similarly, the Jacobian of p}* concerning the DD carrier-phase

residual can be derived from Equation (A-6) as follows:
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o, Whp Prs) Y (1_ (=t )es RVERWG | _(_gs (1_ (r=t) )ewRWERWG
" pir; (teq—t)) 1 WGTWL pit; (e —t)) 1 WGTWL

(A-6)

Similar to the DD pseudorange residuals, the Jacobian of R%f for the DD
carrier-phase residual can be derived from Equation (A-7) as follows:

ar“’(WBvar’pZ/va): &5 [1- (=t eSRYER p"L |-|-cS [1-— (r=t) eWRWER pWL
eNr Pty (tea=t) ) 1 WO zpbk P (ten—t) ) 0 WG zpbk
(A-7)

—sin(s}}’,fz ) —Cos (8%;1 ) 0

With R, = COS(S%Z) —sin(s%z) 0

0 0 0

The Jacobian of pj¢ for the DD carrier-phase residual can be derived from
Equation (A-8) as follows:
o, Wop, Prp) [ () \ s pWE s Gi=t) | awp WE
—am (—Gp,rl (1 - —(tk+rtk))en Ry¢ ) - (_Gp,r, (1 ) )en Ry¢ ) (A-8)
Different from the DD pseudorange residual, The integer ambiguity differs from

the DD pseudorange residual as it includes an additional term to be estimated. The
Jacobian is derived from Equation (A-9) as follows:

o, (Wi, PE)
v 7 DDy "y b -5 (A-9)
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7.2.5 | Jacobian of the Doppler measurement residual

The Doppler measurement residual correlates with the position and velocity of

the system in two keyframes (p L,vl and p ,VZVL ) as well as with the extrin-
k +1 k+1

sic parameter of R}/¢. The Jacoblan of pWL for the Doppler measurement residual
can be derived frorn Equation (A-10) as fokllows
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where the K is a matrix related to the e’ . E’ (i) is employed to obtain the i-th
element of the vector ES Similarly, the J. acoblan of pb for the Doppler measure-

ment residual can be derlved from Equation (A-11) as follows

) N
=\%a., (1
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The Jacobian of vl‘jVL for the Doppler measurement residual can be derived from
k
Equation (A-12) as follows:

s yWL
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%ZL Pl (tk+1 7tk)
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Similarly, the Jacobian of v"L for the Doppler measurement residual can be
derived from Equation (A-13) as Tollows:

oS |1-—
P

The Jacobians of p;¢ and R}/¢ for the Doppler measurement residual are the
same as shown in Equations (A-8) and (A-7), respectively.
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