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Abstract— This paper proposes a 3D LiDAR aided global
navigation satellite system (GNSS) non-line-of-sight (NLOS) mit-
igation method due to both static buildings and dynamic objects.
A sliding window map describing the environment of the ego-
vehicle is first generated, based on real-time 3D point clouds
from a 3D LiDAR sensor. Subsequently, the NLOS receptions are
detected based on the sliding window map using a proposed quick
searching method which eliminates the reliance on the initial
guessing of the position of the GNSS receiver. Instead of directly
excluding the detected NLOS satellites from further estimating
the position, this paper rectifies the pseudo-range measurement
model by (1) correcting the pseudo-range measurements if the
reflecting point of the NLOS signals is detected within the sliding
window map, and (2) remodeling the uncertainty in the NLOS
pseudo-range measurement using a novel weighting scheme.
The performance of the proposed model was experimentally
evaluated in several typical urban canyons in Hong Kong using an
automobile-level GNSS receiver. Furthermore, the potential of the
proposed NLOS mitigation method in GNSS and the integration
of inertial navigation systems were evaluated via factor graph
optimization.

Index Terms— GNSS, 3D LiDAR, GNSS NLOS detection,
NLOS correction and remodeling, automobile-level GNSS
receiver, urban canyons.

I. INTRODUCTION

POSITIONING in urban environments [1], [2] is increas-
ingly pertinent due to the increasing demand for

autonomous driving vehicles (ADV) [3]. The global naviga-
tion satellite systems (GNSS) [4] are currently one of the
principal means of providing globally-referenced positioning
for the localization of ADV. The increasing availability of
multiple satellite constellations enables the GNSS to provide
satisfactory performance in open-sky areas [1]. However, the
positioning accuracy declines significantly in highly-urbanized
cities like Hong Kong, due to signal reflection caused by
static buildings [5] and dynamic objects [6] like double-decker
buses. The notorious non-light-of-sight (NLOS) receptions
occur when the direct light-of-sight (LOS) is blocked, and
the reflected signals from the same satellite are received.
According to a recent review paper [7], NLOS is currently
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the major difficulty in the use of GNSS in intelligent trans-
portation systems. Consequently, the performance of GNSS
positioning is highly influenced by real-time environmental
features, such as buildings and dynamic objects. Therefore,
the effective detection and understanding of the surrounding
environments are crucial to improving the GNSS positioning
in urban areas since GNSS positioning relies significantly on
sky view visibility. The most common GNSS NLOS receptions
mitigation method is the 3D mapping aided (3DMA) GNSS
positioning, such as the NLOS exclusion based on 3D mapping
information [8]– [10], shadow matching [11]–[13]. However,
these 3DMA GNSS methods have inherent drawbacks like;
1) reliance on the availability of 3D building models and the
initial guess of the GNSS receiver’s position; 2) the inability to
mitigate the NLOS receptions caused by surrounding dynamic
objects. The recent progress in the 3DMA GNSS position-
ing methods was comprehensively reviewed in our previous
work [14].

Recently, 3D LiDAR sensors, the so-called “eyes” of ADV,
the typical indispensable onboard sensor for autonomous
driving vehicles, had been employed in the detection of NLOS
caused by dynamic objects in our previous work [6]. Due to
the limited field of view (FOV: −30◦∼+10◦ for Velodyne
HDL 32E [15]) of 3D LiDAR, only parts of a double-decker
bus can be scanned. Moreover, the method [6] relies heavily
on the accuracy of object detection. However, to the best of
our knowledge, this is the first work that employed real-time
object detection in GNSS positioning. Instead of detecting only
dynamic objects, the detection of surrounding buildings using
real-time 3D LiDAR point clouds [16] was explored. Due to
the limited field of view of the 3D LiDAR, only parts of the
buildings can be scanned. Thus information on the height of
the building height was required to detect the NLOS receptions
caused by the buildings. Instead of excluding the detected
NLOS receptions, we explored ways in which to correct
the NLOS pseudorange measurements using LiDAR. The 3D
LiDAR can measure the distance from the GNSS receiver to
the surface of a building that may have reflected the GNSS
signal. Then the corrected and the remaining healthy GNSS
measurements can both be used in further GNSS positioning.
Hence, improved performance was obtained after correcting
the detected NLOS satellites [16]. Unfortunately, the perfor-
mance of this approach relies significantly on the accurate
detection of the buildings and reflectors. The detection of the
building and reflector can fail when the surface of a building
is highly irregular. The limited FOV (field of view) of LiDAR
remains a drawback in the detection of both dynamic and
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static objects. Generally, the work reported in [6] and [16]
revealed the feasibility of detecting GNSS NLOS using real-
time onboard sensors; the real-time point clouds. To overcome
the limited FOV of the 3D LiDAR, we explored the use of
both fish-eye cameras and 3D LiDAR to detect and correct
the NLOS signals [17]. The fish-eye camera was used in the
detection of the NLOS signals. Meanwhile, the 3D LiDAR
was employed to measure the distance between the GNSS
receiver and a potential reflector causing NLOS receptions.
However, this approach had similar problems with the work
described in [18], [19] where the detection of the NLOS was
sensitive to the illumination conditions of the environment.
In summary, the 3D LiDAR aided GNSS positioning is a
promising mitigation solution for the effects of NLOS recep-
tions and has numerous advantages (1) both dynamic and static
objects can be considered during the detection of NLOS (2)
the detection of NLOS does not rely on an initial guess of
the position of the GNSS receiver (3) the approach does not
require the use of 3D building models, and the 3D LiDAR is
robust against illumination conditions. However, three major
drawbacks still existed (1) Small FOV: the limited FOV of
the 3D LiDAR reduces the sensing capability (2) Reliance on
the object detection: the detection of NLOS relies heavily on
the accurate detection of the objects like double-decker buses
and building, and (3) Inefficiencies in reflector detection:
the reflector detection method described in [16] can only work
when the surface of the building detected is sufficiently regular.

The recently developed LiDAR-based odometry [20], [21]
enabled the registration of 3D point clouds from multiple
frames into a map. Hence, the FOV of the reconstructed
environment can be enhanced significantly through the accu-
mulation of 3D point clouds from multiple frames. Inspired
by this, this paper aims to alleviate the three listed disadvan-
tages of the previously investigated 3D LiDAR aided GNSS
positioning methods [6], [16], [17] through the exploitation of
the potential of 3D point clouds from multiple frames. The
main contributions of this paper are as follows:

(1) Increase the FOV of 3D LiDAR for the mitigation
of NLOS: An innovative sliding window map (SWM) is
generated based on real-time 3D point clouds from the 3D
LiDAR. Only the 3D point clouds inside a sliding window
are employed in generating the SWM since the point clouds
farther away from the GNSS receiver are not necessary for
the detection of the NLOS. Therefore, the magnitude of the
drift of the SWM is bound to a small value. It is important to
note that the SWM is generated in real-time for the detection
of the GNSS NLOS. Consequently, the ability of the SWM
to effectively describe the environment is significantly better
than that of the 3D real-time point clouds, which leads to the
subsequent enhancement of the FOV of the LiDAR sensor
(alleviate drawback 1) which is our first contribution.

(2) Direct GNSS NLOS identification without object
detection: since the generated SWM is in the body frame,
which is located at the center of the 3D LiDAR, the orientation
is directly adopted from an attitude and heading reference
system (AHRS) for the transformation of the SWM from the
body frame to a local (ENU) frame [22]. This differs from
the previous work in [6] and [16] which required the object
detection algorithm to recover the actual height of the detected

Fig. 1. Overview of the proposed method. The CNLOS denotes the detected
and corrected GNSS NLOS measurements. The FNLOS denotes the detected
but the reflecting point is not found in the SWM.

dynamic object or the surface of the building, both the FOV
and the density of reconstructing the environment using SWM
is significantly enhanced in this paper. Therefore, the NLOS
receptions are directly detected based on real-time SWM,
which does not require the object detection process, using a
fast searching method (relax the drawback 2). Significantly,
the proposed NLOS detection method does not rely on the
initial guess of the GNSS receiver.

(3) Direct GNSS NLOS reflector detection: Instead of
directly excluding the detected NLOS satellites from further
positioning estimation, this work proposes an approach to
rectify the pseudo-range measurement model by (1) correcting
the pseudo-range measurements if the reflecting point of the
NLOS signals is detected based on a constrained search-
ing method (relax the drawback 3) inside the dense SWM
and (2) re-modeling the uncertainty of NLOS pseudorange
measurement using a novel weighting scheme if the reflector
is not detected. This work differs from the previous work
in [16] where the reflector detection algorithm requires an
almost parallel distribution and the surface of the building is
required to be regular, the proposed approach in this paper
directly searches the potential reflectors based on the geometry
captured by the SWM. Finally, both the corrected and the
healthy pseudo-range measurements are used in GNSS single-
point positioning (SPP).

(4) Experimental verification: the effectiveness of the
proposed model is verified using several challenging datasets
collected from the urban canyons of Hong Kong. More-
over, the feasibility of the proposed method in the integra-
tion of GNSS and inertial navigation system (INS) is also
evaluated.

The subsequent sections of this paper are organized as
follows; an overview of the proposed method is given in
Section II. The generation of the sliding window map is
elaborated in Section III. In Section IV, the proposed NLOS
detection, NLOS correction, and remodeling approaches are
presented. Numerous real-life experiments were performed
to evaluate the effectiveness of the proposed method in
Section V. Finally, Section VI presents the conclusions and
the directions for future studies.
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TABLE I

NOTIONS IN THIS PAPER

II. SYSTEM OVERVIEW AND NOTATIONS

Fig. 1 shows an overview of the proposed method in this
paper. The system consists of two parts: (1) the real-time
generation of SWM based on the clouds from the 3D LiDAR
and an AHRS, corresponding to the light blue shaded boxes
in Fig. 1. (2) the detection and rectification of GNSS NLOS
(corresponding to the light orange shaded boxes) based on the
real-time description of the environment (the SWM).

In this paper, matrices are denoted with a bold uppercase
letter, e.g. G. Vectors are denoted with bold lowercase letters,
e.g. v. Variable scalars are with lowercase italic letters, e.g. t .
Constant scalars are with lowercase letters, e.g. n. Meanwhile,
the state of the GNSS receiver and the position of the satellites
are all expressed in the earth-centered, earth-fixed (ECEF)
frame.

It should be noted that the 3D LiDAR is only used for
the description/reconstruction of the environment and the
odometry of the LiDAR is not yet integrated with the GNSS
which is consistent with our previous work in [16], [17].
To clearly define the proposed model, the associated notations
are defined in Table I and followed by the rest of the paper. The
variable expressed in the ECEF or east, north, and up (ENU)
frames is denoted by superscripts “G”, “L”. For example, the
transformation from the ENU to the ECEF frame is defined as
TG

L =
[

RG
L tG

L

]
, where the RG

L and the tG
L denote the rotation

and translation, respectively. The body frames of the AHRS,
LiDAR, and the GNSS receiver are denoted by superscripts
“B I”, “B L”, and “B R”. For example, PB L

t denotes a frame
of 3D point clouds from the 3D LiDAR at epoch t . The
orientation provided by the AHRS is denoted as RL

B I,t at a
given epoch t . The extrinsic calibration parameters between
the GNSS receiver and the 3D LiDAR are denoted as TB R

B L =

Fig. 2. Overview of the coordinate systems adopted in this paper. The
ECEF frame is fixed on the center of the earth. The first point is selected as
the reference of the ENU frame. The extrinsic calibration parameters between
the LiDAR, AHRS, and GNSS receiver are fixed and calibrated beforehand.

Fig. 3. Demonstration of a generated SWM and the real-time 3D
point clouds. The white points represent the real-time 3D point clouds
from a single frame. The colored points come from the SWM, and the
color is annotated by the height information. The “distance” denotes the
distance between the GNSS receiver and the building surface nearby.
A video illustration of the SWM generation can be found through
https://www.youtube.com/watch?v=I6NTldUAAUM.

[
RB R

B L tB R
B L

]
. Fig.2 illustrates the coordinate systems involved

in this paper.

III. SLIDING WINDOW MAP GENERATION

This section provides a comprehensive description of the
methodology involved in generating an SWM, the so-called
environment description for further detection and correction
of NLOS. In our previous work, described in [16], [17], [23],
only real-time 3D point clouds were applied to further detect
the NLOS satellites. Unfortunately, the detection capability of
NLOS is limited by the FOV of the 3D LiDAR. To solve this
problem, the real-time 3D point clouds are accumulated into
a map that can effectively enhance the FOV of the 3D LiDAR
sensor.

Fig. 3 shows the difference between the real-time 3D
LiDAR point clouds and the SWM. The white points represent
the real-time point clouds from the 3D LiDAR. The figures
revealed that only the low-lying parts of buildings or double-
decker buses are scanned by the single-frame 3D point clouds
(we used Velodyne 32 [15] in this paper). The visibility of
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the satellite with high elevation angles cannot be effectively
classified simply based on the real-time 3D point clouds. Real-
time 3D point clouds are also sparse, due to the distribution of
the physical scanning angle of the 3D LiDAR sensor. However,
the SWM proposed in this paper can effectively ameliorate this
problem. The colored points denote the mapped SWM points.
Note that the ground points were removed from the SWM for
efficient detection of the NLOS as described in Section IV.
Fig. 3 shows that the elevation mask angle can reach 76

◦

with the help of SWM, hence, the visibility of a satellite with
an elevation angle of less than 76

◦
can be classified in this

case. The point clouds in the SWM are significantly denser
than the raw real-time 3D point clouds, which can contribute
significantly to the accuracy of NLOS detection. Fig. 3 shows a
snapshot of the complete SWM map on the top right side. Both
the buildings and the dynamic objects, such as the double-
decker buses, and even the trees are involved in the SWM,
which is not incorporated into the 3D building model [24].

To generate a point cloud map based on the real-time
3D point clouds, simultaneous localization and mapping
(SLAM) [25] methods have been studied extensively in the
past decades. Satisfactory accuracy can be obtained in a short
period with low drift [26]. However, there is an accumulation
of the error after long-term traveling and the loop closure
is not usually available. Practically, only the objects inside a
circle with a radius of about 250 meters [16] can cause GNSS
NLOS receptions, and the buildings farther can be ignored.
Therefore, we adopted only the last Nsw frames of the 3D point
clouds to generate the sliding window map. Consequently,
the drift error in the generation of the map is bounded at
a small value and is determined by the size of the window
(Nsw). The LiDAR odometry and mapping (LOAM) algo-
rithm presented in [20] is a well-known method for LiDAR
odometry with outperforming accuracy in the evaluated KITTI
datasets. However, based on our recent evaluation in [21],
the performance of the LOAM is significantly inhibited in
urban canyons with numerous dynamic objects, which leads
to distinct drift in the vertical direction. To fill this gap, our
recent work in [21] proposed the use of the absolute ground to
constrain the vertical drift, which improved the performance
significantly. Therefore, we generate the SWM on top of our
previous work in [21]. The detail of the SWM generation is
shown in Algorithm 1.

In this case, the SWM is generated as ML
t represented in

the ENU frame, which is to be used for the detection and
correction of the GNSS NLOS in the next section. The size
Nsw is set to 200 in this paper. During the implementation,
we add the new LiDAR point clouds to the previously gener-
ated SWM, instead of generating the SWM using all the 3D
point clouds from scratch.

IV. GNSS POSITIONING WITH PSEUDORANGE

MEASUREMENT RECTIFICATION

Recently, the work in [27] described a novel general online
sensor model validation and estimation framework. The frame-
work consists of three parts: the validation, calibration, and

Algorithm 1: SWM Generation Based on 3D Point Clouds
Inputs: A series of point clouds from epoch t −Nsw + 1 to

epoch t as
{

PB L
t−Nsw+1,PB L

t−Nsw+2, . . . ,PB L
t

}
. The extrinsic

parameters between the 3D LiDAR, the AHRS, and the
GNSS receiver.
Outputs: The SWM ML

t
Step 1: Initialize ML

t ← empty.
Step 2: SWM generation

• Step 2-1: Register all the point clouds{
PB L

t−Nsw+1,PB L
t−Nsw+2, . . . ,PB L

t

}
into a local map

(MB L
t ) with the PB L

t as the first frame, based on the
method in [21].• Step 2-2: A point MB L

t,i inside the local map MB L
t

is transformed into the receiver body frame as MB R
t,i

comprising the MB R
t

MB R
t,i = RB R

B L MB L
t,i + tB R

B L (1)

• Step 2-3: A point MB R
t,i inside the local map MB R

t can
be transformed into the ENU frame as ML

t,i comprising
the ML

t

ML
t,i = RL

B I,t R
B I
B RMB L

t,i + tL
B R (2)

repair of the model. The authors proposed that sensor mea-
surements should be validated, calibrated, or repaired before
their integration with the data from other sensors. The main
reason behind this is that sensor measurements can be affected
or polluted by environmental conditions, which results in the
violations of the assumptions on which the original models are
built. Many sensor measurements can violate the assumptions
of the standard sensor model in challenging environments like
urban canyons. For example, the LiDAR-based positioning
can be severely degraded in an urban canyon with numerous
dynamic objects [28]. Therefore, a fixed sensor model cannot
bind the potential error in the LiDAR-based positioning.
Therefore, the ability to effectively validate, calibrate, and
repair the sensor model as required is valuable for sensor
fusion in such areas.

Following the framework proposed by Jurado and
Raquet [27], we applied the three phases to the GNSS pseudo-
range measurements. First, the model validation is performed
based on the classification of the satellite visibility using
SWM. Secondly, if one satellite is classified as NLOS, we pro-
ceed to the model calibration phase, which re-estimates the
GNSS measurement by correcting the NLOS pseudo-range
measurement. However, if one satellite is classified as NLOS,
but its reflecting point is not found inside the SWM, which
implies the unavailability of the NLOS correction, we pro-
ceed to the model repair phase by de-weighting the NLOS
measurements for use in further positioning. The remainder
of this section describes these three phases.
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Fig. 4. Illustration of NLOS detection based on SWM.

A. Model Validation: NLOS Detection Based on SWM

In this section, we describe the details of NLOS detec-
tion based on the SWM. Unlike the 3D building models,
which consist of consistent building surfaces [24], the SWM
only provides unorganized discrete points. Furthermore, a fast
searching method is developed for the effective classification
of the satellite visibility based on the SWM (Algorithm 2).

The inputs of the algorithm include the SWM (ML
t ), the

elevation angle εs
r,t of the satellite s, the azimuth angle

αs
r,t at epoch t , the maximum searching distance, Dthres ,

and a constant incremental value, �dpix. The output is the
satellite visibility, vs

r,t , of satellite s. In Step 1, a search
point is initialized at the center of the 3D LiDAR denoted by
(x L ,c

t , y L ,c
t , zL ,c

t ) in the ENU frame. The superscript c denotes
the center of the 3D LiDAR. A search direction connecting the
GNSS receiver and the satellite is determined by the elevation
and azimuth angles of satellite s. The SWM is transformed
into a kdTree structure [29], ML

t,tree, for the discovery of
neighboring points. The kdTree is a special structure for point
cloud processing that can perform efficiently during the search
for neighboring points. In Step 2, given a fixed incremental
value, �dpix, the search point is moved to the next point
(x L ,c

t,k , y L ,c
t,k , zL ,c

t,k ) calculated using (3)-(5), based on the search
direction shown on the left-hand side of Fig. 4. The k denotes
the index of the search point. The number (Nk) of neighboring
points close to the search point is counted. If Nk exceeds
a certain threshold Nthres , then there are some map points
from the buildings or the dynamic objects close to the search
point (x L ,c

t,k , y L ,c
t,k , zL ,c

t,k ), and we assume that the line-of-sight
connecting the GNSS receiver and the satellite is blocked.
Therefore, satellite s is classified as an NLOS satellite. Other-
wise, Steps 2 and 3 are repeated. If k�dpix > Dthres , it means
that the direction between the GNSS receiver and the satellite
is the line-of-sight. In this work, Dthres was set to 250 meters,
hence, points within 250 meters were considered for NLOS
detection. Only the direction connecting the GNSS receiver
and the satellite needs to be considered, instead of traversing
the whole SWM, an approach that contributes to the efficiency
of NLOS detection.

Therefore, the visibility of the satellite can be classified
using Algorithm 2. Fig. 5 shows an illustration of the satellite

Fig. 5. Demonstration of NLOS detection based on SWM. A detailed
video can be found at https://www.youtube.com/watch?v=I6NTldUAAUM.
The circles annotated by the yellow rectangles are NLOS satellites that are
not detected by the proposed method.

visibility classification result. The red and blue circles repre-
sent the NLOS and LOS satellites, respectively. The length
of the line connecting the center of the 3D LiDAR and the
satellite is Dthres . In our implementation, less than 10 ms was
spent on classifying the visibility of each satellite.

The number near the circles in Fig. 5 denotes the elevation
angle of the corresponding satellite. We can see that the NLOS
satellite with an elevation angle of 54 degrees was detected.
Fig. 3 shows that the maximum mask elevation angle can
reach 76 degrees. In practice, the maximum mask elevation
angle based on SWM has a significant correlation with the
width of the street. The narrower the street was, the higher the
mask elevation angle achieved. Although the proposed SWM
effectively enhanced the FOV of the LiDAR sensor compared
with our previous work described in [16], [17], [23], the SWM
was still unable to fully reconstruct scenarios with very tall
buildings. However, according to recent research described in
[16], NLOS satellites with low elevation angles produce the
majority of the GNSS positioning errors.

B. Model Calibration: NLOS Correction Based on SWM

This section presents the details of NLOS correction (model
calibration) based on the SWM. To effectively estimate the
potential NLOS error, the distance between the GNSS receiver,
the elevation of the satellite, and the azimuth angles are needed
based on the NLOS error model proposed in [30]. Therefore,
the key is to detect the reflecting point corresponding to
the NLOS. A ray-tracing [31] technique is commonly used
to simulate the signal transmission routes of the NLOS for
the discovery of the NLOS reflectors in range based on the
3DMA GNSS [5], [32]–[34]. This approach can incur a high
computational load. However, unlike the 3D building models,
the SWM described in this paper does not generate continuous
building surfaces and clear building boundaries. The SWM
only provides large amounts of dense, discrete, unorganized
point clouds; there are about 10 million points inside an
SWM. Instead of applying the ray-tracing technique to find the
reflectors inside the SWM, we directly search for the SWM
reflectors using an efficient kdTree structure. The details of the
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Algorithm 2: NLOS Detection Based on SWM

Inputs: Point clouds ML
t , εs

r,t , α
s
r,t .

Outputs: Satellite visibility vL ,s
r,t

Step 1: Initialize the search point at (x L ,c
t , y L ,c

t , zL ,c
t ), the

search direction denoted by εs
r,t and αs

r,t , transform the ML
t

into kdTree and get ML
t,tree

Step 2: Given a constant incremental value �dpix, the
searching point is updated as follows:

x L ,c
t,k = x L ,c

t,k−1 +�dpixsin(αs
r,t )cos(εs

r,t ) (3)

yL ,c
t,k = y L ,c

t,k +�dpixcos
(
αs

r,t

)
cos(εs

r,t ) (4)

zL ,c
t,k = zL ,c

t,k−1 +�dpixsin(εs
r,t ) (5)

Step 3: if k�dpix < Dthres , find the nearest neighbor

points (NNPs) of a given point (x L ,c
t,k , y L ,c

t,k , zL ,c
t,k ) and get

Nk NNPs.
Step 4: Repeat Step 2∼3, until Nk > Nthres . Then the

satellite is NLOS (vL ,s
r,t =0), else LOS (vL ,s

r,t =1)

reflector detection algorithm are presented in Algorithm 3. The
inputs of the algorithm include the SWM (ML

t ), the elevation
angle εs

r,t of satellite s, the azimuth angle αs
r,t at epoch t , and

the azimuth resolution, αres , as in Algorithm 2. The output is
the closest reflecting point, pL ,s

r,t , which is the most probable
reflector for an NLOS satellite s.

Step1. A search point is initialized at the center of the
3D LiDAR. The search direction is determined based on the
elevation of the satellite, εs

r,t , and the azimuth angle αs
r,t .

Step2. Two segments are included in a typical signal
reflection route. The first segment is the signal transmission
from the satellite to the reflector, and the second segment is the
signal transmission from the reflector to the GNSS receiver.
According to our previous work in [35], the reflected signal
should have the same elevation angle as the expected directed
signal. Therefore, all the azimuths were traversed from 0 to
360 degrees, with an azimuth resolution of αres and an eleva-
tion angle of εs

r,t , to find all the possible NLOS transmission
routes. For example, for a given direction specified by εs

r,t
and the azimuth angle αs , the line-of-sight between the GNSS
receiver and the satellite is identified based on Algorithm 2.

Step3. If the line-of-sight associated with the direction is
blocked by a point, p j , (Step 2 in Algorithm 3), this means
that the p j can potentially be a point of reflection. Meanwhile,
if the line-of-sight connecting the point p j and the satellite is
not blocked (Step 3 in Algorithm 3), point p j is considered a
possible reflector and is saved to QL ,s

r,t .
Step 4. The αs proceeds to the next azimuth based on Step

4. By replicating steps 2 and 3, all the possible reflectors
are identified, based on the assumption of the same elevation
angles. Fig. 6 (a)- (b) shows the result of possible reflector
detection for 1-2 NLOS satellites. We observed that possible
multiple reflectors are found based on Steps 1 to 4. The
red circles in Fig. 6 denote the NLOS satellite, and the red
lines denote possible NLOS reflection and transmission routes.

Fig. 6. Demonstration of the NLOS signal reflector detection. Red and blue
circles represent NLOS and LOS satellites, respectively. White lines denote
LOS transmission routes. The red lines represent NLOS transmission routes.
Multiple possible NLOS transmission routes are shown in (a)-(b). The most
probably NLOS transmission route is shown in (c), based on the shortest route
assumption adopted in Algorithm 3.

According to [30], the reflector with the shortest distance is
usually the best candidate.

Step 5. A unique reflector can be detected based on the
shortest distance assumption (Step 5), as shown in Fig. 6 (c).
Therefore, the reflecting point for a given satellite s is detected
as pL ,s

r,t , and the distance between the GNSS receiver can be
calculated accordingly.

Algorithm 3: Reflecting Point Detection (RPD) via SWM

Inputs: Point clouds ML
t , εs

r,t , α
s
r,t and azimuth resolution

as αres .
Outputs: Reflecting point pL ,s

r,t .

Step 1: Initialize the searching point at (x L ,c
t , y L ,c

t , zL ,c
t ),

the searching direction denoted by εs
r,t and αs

r,t , transfer the
ML

t into kdTree and get ML
t,tree. Initialize reflecting points

array QL ,s
r,t . αs = 0.

Step 2: Get the first point p j inside the map blocking the
searching direction denoted by εs

r,t and αs using Algorithm
2. if p j is found, go to Step 3, otherwise go to Step 4.
Step 3: If the direction connecting the point and the satellite

is visible, save p j to QL ,s
r,t , which could be a possible

reflector.
Step 4: αs ← (αs + αres ), repeat Steps 1 to 2 until αs >

360
◦
.

Step 5: find the most likely reflector p j from QL ,s
r,t with

the shortest distance between the GNSS receiver and the
reflector. pL ,s

r,t ← p j .

The proposed NLOS reflector detection model is not depen-
dent on the accurate detection of the building surfaces. The
short distance assumption applied in Step 5 of Algorithm 3
can effectively prevent overcorrection since only the closest
reflector is identified as the unique reflector. Therefore, the
reflector can be detected accordingly. Then the potential NLOS
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delay for a satellite s can be calculated as d L ,s
r,t [30]:

d L ,s
r,t = ||pL ,s

r,t ||sec
(
εs

r,t

)+ ||pL ,s
r,t ||sec

(
εs

r,t

)
cos

(
2εs

r,t

)
(6)

where the operator || ∗ || is used to calculate the norm of
a given vector. The sec(∗) denotes the secant function. Due
to the sparsity of the SWM, although it is still denser than
the 3D real-time point clouds, there are still some satellites
whose reflectors cannot be found using the SWM. Therefore,
we remodel the NLOS satellites whose reflectors are not
found, using the approach described in the next section.

C. Model Repair: NLOS Remodeling

According to [30], satellites with lower elevation angles and
smaller SNR have a higher chance of being contaminated by
NLOS errors [30]. Modeling the uncertainty in the pseudo-
range based on the elevation angle of the satellite and the
SNR was reported in [36], [37]. The weighting scheme in [37]
produces satisfactory performance in open areas. However, the
scheme may not work in dense urban areas, since the NLOS
can have high elevation angles and SNR, as shown in our
previous work [17]. This weighting scheme treats the LOS
and NLOS in the same manner, which is not preferable when
the NLOS has already been detected. The weighting scheme
in [36] employs a scaling factor to assign the LOS and NLOS
different weightings. Inspired by this approach, the uncertainty
in the LOS and NLOS is modeled using the weighting scheme
described in [37]. A scaling factor was added to the scheme
to de-weight the NLOS measurements. The selection criteria
for the scaling factor can be found in [38]. Therefore, the
weighting for each satellite is estimated as follows:

(1) if a satellite is classified as a LOS measurement, the
weighting is calculated based on the SNR of the satellite and
the angle of elevation [37].

(2) if a satellite is classified as an NLOS measurement
and the pseudo-range error is corrected, the weighting is
calculated based on the SNR of the satellite and the angle
of elevation [37].

(3) if a satellite is classified as an NLOS measurement but
the reflecting point is not detected, the weighting is calculated
based on the SNR of the satellite and the angle of elevation
with a scaling factor Kw [38].

D. GNSS Positioning via Weighted Least Square

The pseudo-range measurement from the GNSS receiver,
ρs

r,t , is denoted as follows [39].

ρs
r,t = r s

r,t + c
(
δr,t − δs

r,t

)+ I s
r,t + T s

r,t + σ s
r,t (7)

where r s
r,t is the geometric range between the satellite and the

GNSS receiver. I s
r,t represents the ionospheric delay distance;

T s
r,t indicates the tropospheric delay distance. σ s

r,t represents
the noise resulting from the multipath effects, the NLOS
receptions, the receiver noise, and the noise related to the
antenna phase. Furthermore, the atmospheric effects (T s

r,t
and I s

r,t ) are compensated for using the conventional models
(Saastamoinen and Klobuchar models, respectively) presented
in RTKLIB [40].

The observation model for GNSS pseudo-range measure-
ment from a given satellite s is represented as follows:

ρs
r,t = hs

r,t

(
pr,t ,ps

t , δr,t
)+ σ s

r,t

with hs
r,t

(
pG

r,t ,pG,s
t , δr,t

)
= ||pG,s

t − pG
r,t || + δr,t (8)

where the variable σ s
r,t stands for the noise associated with

the ρs
r,t . It is important to note that the NLOS error d L ,s

r,t
is subtracted from ρs

r,t before being used in further GNSS
positioning. The Jacobian matrix GG

t for the observation
function hs

r,t (∗) is denoted as follows:

GG
t =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

pG,1
t,x − pG

r,t,x∥∥∥pG,1
t − pG

r,t

∥∥∥
pG,1

t,y − pG
r,t,y∥∥∥pG,1

t − pG
r,t

∥∥∥
pG,1

t,z − pG
r,t,z∥∥∥pG,1

t − pG
r,t

∥∥∥ 1

pG,2
t,x − pG

r,t,x∥∥∥pG,2
t − pG

r,t

∥∥∥
pG,2

t,y − pG
r,t,y∥∥∥pG,2

t − pG
r,t

∥∥∥
pG,2

t,z − pG
r,t,z∥∥∥pG,2

t − pG
r,t

∥∥∥ 1

pG,3
t,x − pG

r,t,x∥∥∥pG,3
t − pG

r,t

∥∥∥
pG,3

t,y − pG
r,t,y∥∥∥pG,3

t − pG
r,t

∥∥∥
pG,3

t,z − pG
r,t,z∥∥∥pG,3

t − pG
r,t

∥∥∥ 1

. . . . . . . . . . . .

pG,m
t,x − pG

r,t,x∥∥∥pG,m
t − pG

r,t

∥∥∥
pG,m

t,y − pG
r,t,y∥∥∥pG,m

t − pG
r,t

∥∥∥
pG,m

t,z − pG
r,t,z∥∥∥pG,m

t − pG
r,t

∥∥∥ 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(9)

where the variable m denotes the total number of satellites at
epoch t . Therefore, the position of the GNSS receiver can be
estimated iteratively via the least-squares as follows:

[
pG

r,t
δr,t

]
= (GGT

t WtGG
t )
−1

GGT

t Wt

⎡
⎢⎣
ρ1

r,t
...
ρm

r,t

⎤
⎥⎦ (10)

where the Wt denotes the weighting matrix based on the
estimated weights in Section IV-C as follows:

Wt =

⎡
⎢⎢⎢⎢⎢⎣

ω1
r,t 0 0 0

0 ω2
r,t 0 0

0 0
. . . 0

0 0 0 ωs
r,t

⎤
⎥⎥⎥⎥⎥⎦

With ωs
r,t =

{
f (εs

r,t , ψ
s
r,t ), i f LOSorCNLOS

Kw f (εs
r,t , ψ

s
r,t ), i f FNLOS

(11)

where the function f (εs
r,t , ψ

s
r,t ) is defined to calculate the

weighting of the LOS measurements based on the SNR of
the satellite and the angle of elevation as follows:

f
(
εs

r,t , ψ
s
r,t

) = 1

sin2εs
r,t

(
10−

(ψs
r,t−T)

a

×
((

A

10−
(F−T )

a

− 1

) (
ψs

r,t − T
)

F − T
+ 1

))

(12)

where T indicates the SNR threshold and the parameters a,
A, and F are selected based on [37].
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Fig. 7. Demonstration of the evaluated urban canyons 1 and 2.

Fig. 8. 2D positioning errors of the GNSS/INS integrations in urban
canyon 1.

V. EXPERIMENT RESULTS AND DISCUSSION

A. Introduction of the Experiment

1) Experimental Scenes: To verify the effectiveness of the
proposed method, two experiments were conducted in typical
urban canyons in Hong Kong (Fig. 7). The left and right
figures show the evaluated urban canyons. Both urban scenar-
ios contain static buildings, trees, and dynamic objects, like
double-decker buses. We are aware of the inherent limitation
of the method described in this paper, mentioned at the end
of Section IV-A, that the sliding window map cannot detect
the roof of buildings above 40 meters high in dense urban
environments. We first experimented with a typical urban
canyon in Hong Kong (urban canyon 1 in Fig. 7). Then we
performed another experiment in a highly urbanized area in
Hong Kong (urban canyon 2 in Fig. 7), where the buildings are
significantly higher, and which is one of the densest areas in
Hong Kong, to study the inherent limitations in the proposed
method. Some NLOS satellites reflected by buildings taller
than 40 meters may not be detected using SWM in urban
canyon 2.

2) Sensor Setups: The detail of the data collection vehicle
can be found in our open-sourced UrbanNav dataset [2].1 In

1https://github.com/weisongwen/UrbanNavDataset

both experiments, a u-blox M8T GNSS receiver was used
for the collection of raw GNSS measurements at a frequency
of 1 Hz. A 3D LiDAR sensor (Velodyne 32) was employed to
collect raw 3D point clouds at a frequency of 10 Hz. The
Xsens Ti-10 INS was used to collect data at a frequency
of 100 Hz. Besides, the NovAtel SPAN-CPT, a GNSS (GPS,
GLONASS, and Beidou) RTK/INS (fiber-optic gyroscopes,
FOG) integrated navigation system was used to provide the
ground truth of positioning. The gyro bias in-run stability
of the FOG is 1 degree per hour, with a random walk of
0.067 degrees per hour. The baseline between the rover and
the base station of the GNSS is about 7 km. All the data were
collected and synchronized using a robot operation system
(ROS) [41]. The coordinate systems between all the sensors
were calibrated before the experiments.

3) Evaluated Methods: We analyzed the performance of the
3D LiDAR aided GNSS positioning through the comparison
of five methods to validate the effectiveness and the reliability
of the proposed method in improving the GNSS positioning
as shown below:

(a) u-blox: the GNSS positioning solution from the M8T
u-blox receiver.

(b) WLS: weighted least squares (WLS) method [37].
(c) WLS-NE: weighted least squares (WLS) method [37]

with the exclusion of all NLOS satellites.
(d) R-WLS: WLS method with the aid of the re-weighting

scheme with re-weighted NLOS satellites.
(e) CR-WLS(proposed SPP): WLS method with the aid

of (1) the NLOS correction proposed in Section IV-B if the
reflector was detected, and (2) the re-weighting scheme in
Section IV-C if the reflector was not detected.

B. Positioning Performance Evaluation

1) GNSS Positioning in Urban Canyon 1: Table II shows
the GNSS positioning experimental results based on the five
methods. The first column shows the 2D positioning error of
the u-blox receiver. The positioning result is based on the stan-
dard NMEA [22] messages from the u-blox receiver. A mean
error of 31.02 meters was obtained, with a standard deviation
of 37.69 meters. The maximum error reached 177.59 meters
due to the severe multipath and the NLOS receptions from
the surrounding buildings. The GNSS solution was available
throughout the experiment (100% availability). The second
column shows the positioning result based on the raw pseudo-
range measurements from the u-blox receiver and the posi-
tioning based on WLS. Similarly, the weighting scheme was
taken from [37] and is based on the elevation angle of the
satellite and the signal-to-noise ratio (SNR). The positioning
error decreased to 9.57 meters with a standard deviation of
7.32 meters. The maximum error also decreased to less than
50 meters. The positioning error increased to 11.63 meters
after the exclusion of all detected NLOS satellites, a result
that is even worse than that of the WLS. This situation is
because excessive NLOS exclusion can significantly distort
the perceived geometric distribution of the satellites. Previous
results [16], [17] showed a similar phenomenon. The standard
deviation also increased compared with that of the WLS.
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TABLE II

POSITIONING PERFORMANCE OF GNSS SPP IN URBAN CANYON 1 (MAX:
MAXIMUM ERROR, AVAIL: AVAILABILITY OF GNSS SOLUTION)

Availability decreased slightly from 100% (WLS) to 96.01%.
Therefore, complete NLOS exclusion is not suitable in dense
urban canyons. The fourth column of the table presents the
R-WLS results in which all the NLOS satellites were remod-
eled based on the weighting scheme described in Section 4.3,
instead of excluding the NLOS satellites detected. The mean
error of the 2D was reduced from 9.57 meters (WLS) to
9.01 meters. Both the standard deviation and the maximum
errors decreased slightly. The last column shows the 2D posi-
tioning error of CR-WLS. The 2D positioning error decreased
to 7.92 meters, with a standard deviation of 5.27 meters.
Availability is also guaranteed using the proposed method
(CR-WLS). The improved GNSS positioning results demon-
strate the effectiveness of the proposed method in mitigating
the effects of NLOS signals.

In summary, the optimal GNSS positioning performance
was obtained using CR-WLS. These improved results showed
that the proposed method can mitigate the effects of NLOS
receptions by remodeling and correcting the NLOS signals.
Due to the complementarity of the GNSS and the INS, it is
interesting to see how the remodeling and the correction of the
GNSS measurements contribute to the GNSS/INS integration
which is verified in the next section.

2) GNSS/INS Integrated Positioning in Urban Canyon 1:
This section presents the GNSS/INS integration results. In this
evaluation, three GNSS/INS integrated positioning methods
were also compared:

(1) EKF: the standard EKF-based tightly coupled
GNSS/INS integration based on [42].

(2) FG: the factor graph-based tightly-coupled GNSS/INS
integration [43].

(3) FG-3DLA(proposed integration): the factor graph-based
tightly coupled GNSS/INS integration using 3D LiDAR aided
GNSS pseudorange measurement rectification. The implemen-
tation of GNSS/INS integration using factor graph optimiza-
tion (FGO) is based on our recent work in [43].

Table III shows the 2D positioning errors obtained using the
three GNSS/INS integrations. A 2D mean error of 8.03 meters
was obtained using the EKF procedure, with a maximum error
of 44.55 meters. A significantly improved positioning accuracy
was obtained after the application of the state-of-the-art FGO,
with the mean error decreasing from 8.03 to 3.64 meters, with
a decline in the standard deviation and the maximum error.
Our recent research, described in [43], extensively evaluated
the performance of GNSS/INS integration using the EKF and
factor graph. Compared to conventional EKF based GNSS/INS

TABLE III

POSITIONING PERFORMANCE OF GNSS/INS INTEGRATION
IN URBAN CANYON 1

Fig. 9. 2D positioning trajectories of the GNSS/INS integrations in urban
canyon 1.

integration, the FGO utilizes historical measurements dur-
ing optimization, which exploits the connectivity between
the historic states and the measurements. Unfortunately, the
improvements from the FGO are still limited if the GNSS
measurements are not adequately modeled. The maximum
error still reached 23.56 meters, with a significant fluctuation
in the positioning error between epochs 190 and 205 (see
Fig. 8). The main reason for this variability is the high number
of unmodeled NLOS measurements.

Using the proposed method, the 2D mean error decreased
from 3.64 meters (FG) to 2.8 meters (FG-3DLA). The standard
deviation was also reduced to 1.62 meters. The maximum 2D
error was reduced from 23.56 meters (FG) to 9.71 meters.
Figs. 8 and 9 show the positioning error and the trajectories,
respectively. These improved results showed the effectiveness
of the proposed method. Although GNSS positioning using the
proposed CR-WLS still reaches 7.92 meters, the GNSS/INS
integration using FGO can effectively optimize the use of the
pseudo-range correction (model calibration in Section IV-B)
and the uncertainty modeling (model repair in Section IV-C).
After applying the 3D LiDAR aided GNSS positioning, the
performance of the GNSS/INS integration using the state-of-
the-art factor graph was enhanced significantly.

3) GNSS Positioning in Urban Canyon 2: To further verify
the performance of the proposed method, another experiment
was conducted in a denser urban canyon 2. As a result, the
NLOS satellites with high elevation angles cannot be fully
detected using the SWM. We also aimed to explore what
would happen in a denser urban canyon, using the proposed
method.
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TABLE IV

POSITIONING PERFORMANCE OF THE GNSS SPP IN URBAN CANYON 2

Similar to experiment 1, the experimental GNSS positioning
results are presented in Table IV to show the effectiveness of
the proposed method in GNSS positioning. A positioning error
of 30.68 meters was obtained using the u-blox receiver with
a maximum error of 92.32 meters. A GNSS positioning error
of 23.79 meters was obtained using the WLS based on the
raw pseudo-range measurements from the u-blox receiver. The
maximum error increased slightly to 104.83 meters, compared
with the GNSS positioning using the data obtained directly
from the u-blox receiver. After the exclusion of all detected
NLOS satellites from the GNSS positioning (WLS-NE), both
the mean and standard deviation increased to 25.14 and
23.73 meters, respectively. The availability of the GNSS posi-
tioning data decreased to 95.52%, due to the lack of satellites
for GNSS positioning, which again shows that complete NLOS
exclusion is not suitable in urban canyons. Based on NLOS
remodeling, the 2D error decreased to 19.61 meters using
R-WLS. One hundred percent availability is guaranteed. The
GNSS positioning error was further decreased to 17.09 meters
using the CR-WLS method. The improvement in the results
shows the effectiveness of the proposed method for 3D LiDAR
aided GNSS positioning. The maximum error still reached
71.28 meters since not all NLOS satellites can be detected
and mitigated.

C. Discussion: Performance and the Limitation of the
Proposed LOS/NLOS Detection Using SWM

1) GNSS LOS/NLOS Detection in Urban Canyon 1:
Table V depicts the accuracy of the NLOS satellite detection.
As mentioned in Section IV-A, the proposed SWM cannot
fully construct all environments, hence, the inability to detect
some NLOS satellites with high angles of elevation. There-
fore, we evaluated the NLOS detection performance at three
elevation angles. The second row in Table V shows the
percentage of the NLOS satellites that belonged to a certain
elevation angle range. The NLOS satellites with elevation
angles between 0◦ and 30◦ accounted for 43.8% of all NLOS
satellites. Among the NLOS satellites, 92% were detected
using the method. The accuracy of the NLOS detection
for NLOS satellites (28.9%) with elevation angles between
30◦ and 60◦ was 35%. Similar NLOS detection accuracy
(27.35%) was obtained for NLOS satellites with elevation
angles between 60◦ and 90◦. Although the NLOS satellites
with high elevation angles were not effectively detected, the
proposed method is a novel and general solution for the

TABLE V

PERFORMANCE OF NLOS CLASSIFICATION BETWEEN DIFFERENT
ELEVATION RANGES IN URBAN CANYON 1 (PER: PERCENTAGE)

TABLE VI

PERFORMANCE OF NLOS CLASSIFICATION IN DIFFERENT ELEVATION
RANGES IN URBAN CANYON 2

detection of the NLOS. Due to the decreased cost of the 3D
LiDARs, the multiple 3D LiDARs [44] could be a common
sensor setup for safety-critical ADV, to guarantee robustness.
The use of multiple 3D LiDARs can significantly enhance
the FOV of the proposed SWM. Therefore, even the NLOS
satellites with high elevation angles can be detected using
autonomous driving vehicles using multiple 3D LiDARs [44].

2) GNSS LOS/NLOS Detection in Urban Canyon 2: To
further investigate the NLOS detection performance of the
proposed method in urban canyon 2, we also examined the
percentage of the NLOS satellites within a certain range
of elevation angle in Table VI. The percentage trend is
almost the complete opposite of the trend in experiment 1.
The majority (44%) of the NLOS satellites belonged to the
60◦–90◦ group in experiment 2. However, the majority of
NLOS satellites belonged to the 0◦–30◦ group in experiment 1.
In experiment 2 the buildings were higher with narrower
streets narrower when compared to experiment 1. The different
trend is principally due to the geometry of the environments
and satellite distribution. The accuracy of the NLOS detection
for the satellites in the low elevation angle group (0◦–30◦) was
still more than 90%, which is consistent with experiment 1.
The NLOS detection accuracy for the satellites in the high
elevation angle group (60◦–90◦) was limited (12%). However,
the proposed method can easily be adapted to ADV with
multiple 3D LiDARs to further detect NLOS satellites with
high elevation angles. Since the proposed NLOS detection
method is dependent on the orientation of the AHRS, we also
present the effect of orientation error on the accuracy of the
NLOS detection. The last row of Table VI shows the accuracy
of NLOS detection at different angle ranges, using the ground
truth orientation provided by the SPAN-CPT. We can see that
the accuracy of the NLOS detection increased slightly.
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Fig. 10. Illustration of the Skyplots for epochs 33661 and 33730. The red and
green circles denote the NLOS and LOS satellites, respectively. The number
inside the circle represents the satellite PRN.

TABLE VII

NLOS PSEUDO-RANGE CORRECTION IN URBAN CANYON 1 AT EPOCH

33661 (PRN: PSEUDORANDOM NOISE CODE, ELE: ELEVATION

ANGLE, ACTUAL: ACTUAL NLOS DELAY. ESTIMATED: NLOS
DELAY ESTIMATED BY THE PROPOSED METHOD)

TABLE VIII

NLOS PSEUDO-RANGE CORRECTION IN URBAN CANYON 1
AT EPOCH 33730

D. Discussion: Performance and the Limitation of the
Proposed NLOS Correction

1) GNSS LOS/NLOS Correction in Urban Canyon 1:
Tables VII and VIII show the NLOS correction values based
on the proposed method in two selected epochs. Fig. 10 shows
the corresponding Skyplots. In Table VII, the NLOS satellite 8,
with an elevation angle of 23.49◦ and C/N0 of 15 dB-Hz,
was detected and the NLOS correction was 10.08 meters. The
fourth column shows the exact NLOS delay, labeled using a
ray-tracing technique based on the ground truth positioning
provided by the reference system SPAN-CPT. It shows that
the exact NLOS delay (15.55 meters) was slightly larger than
the NLOS delay estimated using the proposed method. The
major reason for the difference is that the proposed method
finds the reflectors based on the shortest distance assumption.
Therefore, the reflector may not be perfectly detected. Gener-
ally, the results showed that the NLOS satellites with lower
elevation angles usually cause larger NLOS delay, as shown
in column 4 of Table VII.

Fig. 11. Illustration of NLOS receptions blocked by an overhead traffic
signal pole instead of 3D buildings. The blue and red circles denote the LOS
and NLOS satellites, respectively. The numbers inside the circles denote the
satellite PRN.

The epoch data shown in Table VIII shows a slightly
different trend. Satellite 30, with an elevation angle of
56.22 degrees, caused the largest NLOS delay, at 48.52 meters.
According to [30], the NLOS delay is determined by the
elevation angle and the distance between the GNSS receiver
and the reflector. The main reason for the large NLOS delay
caused by satellite 30 is the long distance between the GNSS
receiver and the reflector.

Fig. 11 shows a case in which the NLOS satellites were
obstructed by a traffic signal pole instead of the 3D buildings.
Conventionally, the 3DMA GNSS only considers static build-
ings. However, infrastructure such as traffic signal poles and
even guard bars can also cause NLOS receptions. Satellites 7,
99, and 112 were all blocked by the signal pole. With increased
complexity and density of infrastructure [45], which is not
included in conventional 3D building models, the NLOS
receptions caused by such structures should also be considered.
We believe that this is also a significant contribution of the
proposed method.

2) GNSS LOS/NLOS Correction in Urban Canyon 2:
Although the mean positioning error was significantly
improved compared with the 30.68 meters obtained using
the u-blox, it still reached 13.32 meters. The remaining error
arises from two major sources: 1) undetected NLOS satellites,
and 2) unexpected multipath effects. Table VIII shows the
pseudo-range errors caused by the multipath effects and the
NLOS. Satellite 15 introduced the maximum pseudo-range
error of 37.92 meters among the six satellites. Multipath
effects can also cause errors of similar magnitude; for exam-
ple, satellite 21 had a pseudo-range error of 34.88 meters.
Therefore, the unmodeled multipath is a major factor behind
causing the remaining 13.32 meters of positioning error. For-
tunately, the multipath can further be mitigated using a higher-
level GNSS antenna, which is acceptable in autonomous
driving vehicles.

E. Discussion: Impacts of the Size of the SWM on the
Performance of the GNSS NLOS Detection

As mentioned in Section III, the window size of the SWM
is determined by Nsw. The too-large window size can lead to
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TABLE IX

PSEUDORANGE ERRORS IN URBAN CANYON 2 (EPOCH 401793)

TABLE X

PERFORMANCE OF NLOS CLASSIFICATION IN DIFFERENT ELEVATION

RANGES IN URBAN CANYON 2 USING DIFFERENT SIZES (Nsw)
OF THE SWM

unnecessary computation load in the GNSS NLOS detection.
Conversely, a window size that is too small can not guarantee
the FOV of the SWM for the GNSS NLOS detection. Hence,
this paper presents the performance of the GNSS NLOS
detection under different Nsw in Table X based on the dataset
collected in urban canyon 2. It is important to note that the
default value of Nsw is 200 in this paper.

Generally, Table X shows that the performance of the GNSS
NLOS detection is improved with increased Nsw. Specifically,
given a value of 100 for Nsw, only 50.3% of the GNSS
NLOS receptions are detected within the elevation angles
ranging from 0◦–30◦. Furthermore, no NLOS satellites with
elevation angles ranging from 60◦–90◦ were detected due to
the small window size of the SWM. Interestingly, when the
window size Nsw increases to 250, the improvement in GNSS
NLOS detection is limited. This is because structures that
are farther away may no longer cause signal blockage or
reflection. However, one of the limitations of the proposed
method is that the proposed method needs an initial time
to accumulate the SWM before the GNSS NLOS receptions
can be effectively detected. In our paper, the GNSS NLOS
detection is not enabled until the Nsw frames of the 3D point
clouds are accumulated into a reliable SWM.

VI. CONCLUSION

GNSS positioning is presently the major source of global
referenced positioning for intelligent transportation systems
(ITS). However, accurate GNSS positioning in urban canyons
presents a major challenge due to obstructions, furthermore,
NLOS receptions are currently the major problem associ-
ated with GNSS positioning in urban canyons. Therefore,
effectively identifying and mitigating the effects of NLOS
receptions is a significant step in enhancing the accuracy of

GNSS positioning solutions, such as SPP, real-time kinematic
(RTK), and precise point positioning in urban canyons. Since
the performance of GNSS positioning is heavily dependent
on environmental conditions, the state-of-the-art range-based
3DMA method is proposed to effectively mitigate the NLOS
effects based on offline descriptions of the environment known
as the 3D building models. However, with the increasing
complexity and dynamics of city infrastructures, 3D build-
ing models cannot fully describe the real-time environment.
Reconstructing the real-time environment using onboard sen-
sors is a promising method for the identification of potentially
contaminated GNSS signals. Compared to the state-of-the-art
3DMA GNSS method, this paper proposes a novel 3D LiDAR
aided GNSS positioning method which utilizes an onboard
3D LiDAR sensor to reconstruct the surrounding environ-
ment. Potential NLOS receptions caused by static buildings,
dynamic objects, and even semi-static infrastructure (traffic
signpost in Fig. 11) can be detected, remodeled, and even
corrected. This paper reports a continuation of the previous
work described in [16], [17], [23]. The proposed model helped
in the mitigation of the three drawbacks listed in Section I,
and a general solution is proposed to mitigate the effects of
NLOS receptions. The method proposed in this paper can
easily be adapted to the systems with multiple 3D LiDARs,
and NLOS satellites with high elevation angles can be detected
accordingly. Generally, we believe that the proposed method
has a feasible application in academia and industry.

Since the remaining positioning error was still about
17 meters in the dense Urban Canyon 2, the LiDAR odometry
should be integrated with the proposed method in subsequent
works. The accuracy of the orientation could also be enhanced
with the use of LiDAR odometry to further improve the NLOS
detection. In addition, multiple LiDARs should be investigated
to increase the FOV of the SWM generation. Therefore, it is
pertinent to improve the detection and correction of GNSS
NLOS with high elevation angles. Moreover, this paper only
considers a single reflection from GNSS NLOS, without con-
sidering the multipath effects which are paramount inhibitors
of the overall accuracy of the proposed method. In the future,
we will investigate multipath mitigation using the SWM and
the multiple signal reflections.
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