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Abstract—Performing precise positioning is still challenging for 

autonomous driving. Global navigation satellite system (GNSS) 
performance can be significantly degraded due to the non-line-of-
sight (NLOS) reception. Recently, the studies of 3D building model 
aided (3DMA) GNSS positioning show promising positioning 
improvements in urban canyons. In this study, the benefits of 
3DMA GNSS are further extended to the GNSS/inertial navigation 
system (INS) integration system. Based on the shadow matching 
solution and scoring information of candidate positions, two 
methods are proposed to better classify the line-of-sight (LOS) and 
NLOS satellite measurements. Aided by the satellite visibility 
information, the NLOS-induced pseudorange measurement error 
can be mitigated before fusing GNSS with the INS in the loosely-
coupled or tightly-coupled integration system. Both the proposed 
satellite visibility estimation methods achieve over 80% 
LOS/NLOS classification accuracy for most of the scenarios in the 
urban area, which are at least 10% improvement over the carrier-
to-noise ratio (𝑪𝑪/𝑵𝑵𝟎𝟎 )-based method. By further extending the 
satellite visibility estimation to exclude NLOS measurements and 
adjust the measurement noise covariance, the proposed 3DMA 
GNSS/INS tightly-coupled integrated positioning achieves nearly 
a factor of 3 improvements comparing to the conventional 
GNSS/INS integration method during the vehicular experiment in 
the urban canyon. 
 

Index Terms—GNSS, sensor integration, localization, 3D 
building model 
 

I. INTRODUCTION 
utonomous driving has been rapidly developed in recent 
years, aiming to contribute the intelligent transportation 

system with better safety [1] and efficiency [2]. Precise 
positioning is one of the fundamental requirements for 
autonomous vehicle [3], [4]. To improve the positioning 
accuracy, various kinds of sensors are employed, referred to as 
integrated navigation systems. A conventional approach is the 
global navigation satellite system/inertial navigation system 
(GNSS/INS) integration by a Kalman filter [5]-[7]. Using the 
prior-knowledge, system noise covariance and/or measurement 
noise covariance can be adaptively tuned, namely the adaptive 
Kalman filter (AKF) integration [8], [9]. Using GNSS carrier 
measurements and corrections from the base station, real-time 
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kinematic (RTK) positioning provides centimeter-level 
accuracy in open-sky areas [10]. Vision sensors can also be 
integrated into the multi-sensor system for localization [11], 
[12].  With the increasing computing power, light detection and 
ranging (LiDAR) sensors are widely used to perform accurate 
positioning by applying the simultaneous localization and 
mapping (SLAM) technique [13], [14]. Although various 
sensors can provide accurate positioning solutions, GNSS is 
still the most commonly used approach due to its advantages on 
low cost, global coverage and all-weather functionality, etc. 

However, GNSS positioning performance can be highly 
degraded in dense urban areas [15], where signals can easily be 
blocked or reflected by buildings, vehicles, and other obstacles, 
causing the multipath effect or non-light-of-sight (NLOS) 
reception [16]. The reflected signal travels an extra distance, 
which finally causes a mean positioning error exceeding 40 
meters [17]. Besides employing additional sensors, many 
efforts have been made to recover the standalone GNSS 
performance in a challenging environment. A straight-forward 
method is to adjust the weighting of each GNSS measurement 
during positioning based on satellite elevation and carrier-to-
noise ratio (𝐶𝐶/𝑁𝑁0), namely the weighted least square (WLS) 
positioning method [18]. Unfortunately, the reflected signal 
could have a higher 𝐶𝐶/𝑁𝑁0 than that of the line-of-sight (LOS) 
signal, resulting in an erroneous weighting. Another method is 
the consistency-check of GNSS pseudorange measurements 
[19], [20]. However, the measurements may contain multiple 
outliers in a harsh environment, forming another consistency 
pattern and hard to be detected. Based on the features extracted 
from GNSS measurements, the machine learning algorithm can 
be employed to classify multipath or NLOS reception signals 
[21]. Based on its classification, multipath and NLOS reception 
can be excluded to achieve better positioning accuracy. 
However, the classification accuracy by machine learning is 
environmentally depending, which is hard to maintain good 
performance for different scenarios. With the development of 
GNSS antennas, the multipath effect can be significantly 
mitigated by the antenna array [22]. However, the complex-
designed antenna is required for this method.   

Since GNSS signal reflection is mainly caused by the 
building surface, recent researches propose to utilize the 3D 

Guohao Zhang, Bing Xu and Li-Ta Hsu are with the Interdisciplinary 
Division of Aeronautical and Aviation Engineering, The Hong Kong 
Polytechnic University, Hong Kong (e-mail: lt.hsu@polyu.edu.hk) 

Weisong Wen is with the Department of Mechanical Engineering, The Hong 
Kong Polytechnic University, Hong Kong 

 

Extending Shadow Matching to Tightly-coupled 
GNSS/INS Integration System  
Guohao Zhang, Weisong Wen, Bing Xu, Li-Ta Hsu, Member, IEEE 

A 

This is the Pre-Published Version.

© 2020 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media, including 
reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or  
reuse of any copyrighted component of this work in other works.

The following publication Zhang, G., Wen, W., Xu, B., & Hsu, L. T. (2020). Extending shadow matching to tightly-coupled GNSS/INS integration 
system. IEEE Transactions on Vehicular Technology, 69(5), 4979-4991 is available at https://doi.org/10.1109/TVT.2020.2981093



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 2 

building model to improve positioning accuracy in urban areas, 
which is referred to as 3D mapping aided (3DMA) GNSS 
positioning. One of the well-known  3DMA GNSS positioning 
methods is shadow matching [23], [24]. By searching for a 
candidate position with the measured satellite visibility best 
matching the predicted satellite visibility, the user position is 
determined without using pseudorange measurements. On the 
other hand, the 3DMA GNSS likelihood-based ranging is 
developed to integrate the 3D building model with the GNSS 
measurement in a different way [25]. By comparing the 
differential pseudorange measurement with the differential true 
range, the measurement likelihood between truth can be 
estimated for each candidate position. By further 
complementarily integrating the shadow matching and the 
3DMA likelihood ranging, an accurate positioning solution can 
be obtained in urban scenario [26]. Another approach, based on 
the 3D building model, the reflected GNSS signal can be 
simulated using the ray-tracing algorithm [27]. Therefore, the 
user position can be better determined by matching the 
measurement with the simulated reflection-included 
pseudorange measurements [28]-[30]. Since the ray-tracing 
method simulates the pseudorange measurement from each of 
the involving building surfaces, computational load is heavy for 
real-time applications. Different approaches have been 
proposed to reduce the computational load for more practical 
implementations [31], [32].  

Although the 3DMA GNSS algorithm is able to obtain a 
promising improvement in positioning accuracy, its standalone 
performance is still insufficient for autonomous driving 
applications. The multi-sensor integration aims to achieve lane-
level accuracy. It is well-deserved to further fuse the 3DMA 
GNSS solutions into conventional integration system. 
However, the 3DMA GNSS solution is usually conducted in the 
position domain, which limits its use only for the loosely-
coupled integration [33]. In [34], the shadow matching solution 
is used to select GNSS pseudorange rate measurements for a 
velocity filter. In this study, the idea of shadow matching is 
extended to aid the GNSS/INS integrated positioning for the 
urban scenario application. By using the shadow matching 
estimated satellite visibility to select healthy measurements, the 
enormous NLOS error can be mitigated for the GNSS/INS 
integrated positioning. The satellite visibility is also used to 

adjust the measurement noise covariance in the sensor 
integration. Hence, the overall positioning accuracy is 
improved from 22.6 meters (standalone GNSS solution) and 
18.9 meters (conventional GNSS/INS tightly-coupled solution) 
to 6.5 meters in root mean square error (RMSE). The 
contributions of this study are twofold: 1) the proposed 
algorithm provides an accurate satellite visibility estimation, 
with at least 10% improvement over the conventional C/N0 
based method for most cases; 2) the proposed algorithm extends 
the benefits of the 3DMA GNSS to exclude NLOS 
measurements and adaptively tune the measurement noise 
covariance, in order to improve the tightly-coupled GNSS/INS 
integrated positioning performance.  

The paper is structured as following: The overview of the 
proposed algorithm will be introduced in Section 2. The 
methodology of the 3DMA GNSS shadow matching 
positioning will be briefly explained in Section 3. The loosely-
coupled and tightly-coupled GNSS/INS integration architecture 
will be introduced in Section 4. The methodology of the 
proposed shadow matching aided GNSS/INS integrated 
positioning will be elaborated in Section 5. In Section 6, the 
performance of the proposed algorithm is verified with several 
experiments including vehicular tests. Finally, the conclusions 
are drawn in Section 7. 

II. OVERVIEW OF THE PROPOSED ALGORITHM

Then, the satellite visibility 
can be estimated from the shadow matching-estimated position 
with the surrounding building model, which is called the 
solution-based approach in this paper. The satellite visibility 
can also be estimated by the visibility and score information on 
each candidate position in the process of shadow matching 
positioning, which is referred to as the grid-based method in this 
paper. On the order hand, the inertial measurement unit (IMU)

Fig. 1.  The flowchart of the proposed shadow matching aided GNSS/INS integrated positioning system. 
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measures the linear acceleration and the angular rate of the user, 
which are further applied with inertial navigation equations to 
predict the user’s position, velocity and attitude. For the 
loosely-coupled approach, the estimated satellite visibility is 
employed to exclude the GNSS NLOS measurements, 
including pseudorange and pseudorange rate (computed from 
the Doppler frequency). After that, the NLOS-excluded GNSS 
measurements are applied with weighted least squares to 
estimate the user position and velocity, which are further 
integrated with the INS estimation to obtain the final position, 
velocity and attitude estimation. For the tightly-coupled 
approach, the GNSS measurements aided with the visibility 
information are directly integrated with the INS estimation by 
a Kalman filter to estimate the final user position, velocity and 
attitude solution. 

III. 3DMA GNSS SHADOW MATCHING 
GNSS pseudorange measurements are usually containing 

enormous errors in urban areas due to the signal reflections. By 
combining building model information with the GNSS 
measurement availability, the shadow matching estimates the 
user position without using the inaccurate pseudorange 
measurements. Various studies have shown its feasibility and 
remarkable performance in urban positioning [35]. In this 
study, the methodology of the shadow matching positioning is 
based on [26]. 
 

 
Fig. 2.  The skymask of a user location, illustrated by the building boundary (in 
blue) with the elevation at each azimuth. The grey area denotes the areas where 
the sky-view is blocked by buildings. 
 

The shadow matching determines the user’s position by 
searching the candidate positions with the satellite visibility that 
is most consistent with the actual measurements. Firstly, a 
certain area around the conventional GNSS solution is 
uniformly divided into several girds, denoting different 
candidate positions. The relative elevation and azimuth angle 
between the building edge and a specific grid location can be 
derived based on the surrounding 3D building model. By 
scanning all the azimuth angles (0-360 degrees), we can 
construct the building boundary in a polar coordinate system, 
as the blue curve in Fig. 2. Therefore, the sky-view blockage 
corresponding to each grid can be described with the grey area 
below the building boundary elevations, namely the skymask. 
Based on the skymask and the satellite position from the 
ephemeris, satellite visibility can be predicted in a probability 
domain for each grid as 𝑃𝑃𝑛𝑛,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑖𝑖  [26]. On the other hand, the 
satellite visibility can also be estimated by whether the GNSS 

signal can be received in the measurement. Since the reflected 
NLOS signal in measurements may lead to an incorrect 
visibility estimation, a carrier-to-noise ratio (𝐶𝐶/𝑁𝑁0 ) based 
model [26] is used to estimate the satellite visible probability 
from the measurements, as 𝑃𝑃𝑛𝑛,𝑐𝑐𝑐𝑐𝑐𝑐

𝑖𝑖 . By further comparing the 
measurement-estimated visibility with the skymask-predicted 
visibility of a specific grid, the probability that a satellite has 
the same visibility status can be computed as below, denoted as 
𝑃𝑃𝑛𝑛,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ
𝑖𝑖  for the 𝑖𝑖𝑡𝑡ℎ satellite on the 𝑛𝑛𝑡𝑡ℎ grid.  

 𝑃𝑃𝑛𝑛,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ
𝑖𝑖 = 𝑃𝑃𝑛𝑛,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑖𝑖 𝑃𝑃𝑛𝑛,𝑐𝑐𝑐𝑐𝑐𝑐
𝑖𝑖 + (1 − 𝑃𝑃𝑛𝑛,𝑠𝑠𝑠𝑠𝑠𝑠𝑚𝑚

𝑖𝑖 )(1 − 𝑃𝑃𝑛𝑛,𝑐𝑐𝑐𝑐𝑐𝑐
𝑖𝑖 ) (1) 

Finally, the user position is determined by weighted 
averaging all the grid positions based on their corresponding 
visibility similarity score [26], as below  

 Λ𝑛𝑛 = ∏ 𝑃𝑃𝑛𝑛,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ
𝑖𝑖

𝑖𝑖 ∑ ∏ 𝑃𝑃𝑛𝑛,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ
𝑖𝑖

𝑖𝑖𝑛𝑛�  (2) 

 𝐬𝐬�𝑆𝑆𝑆𝑆𝑆𝑆 = ∑ Λ𝑛𝑛𝐬𝐬𝑛𝑛𝑛𝑛  (3) 

where Λ𝑛𝑛 is the normalized visibility similarity score, 𝐬𝐬𝑛𝑛 is the 
position of the 𝑛𝑛𝑡𝑡ℎ grid and 𝐬𝐬�𝑆𝑆𝑆𝑆𝑆𝑆 is the estimated user position. 

IV. GNSS/INS INTEGRATION 
The GNSS is capable to estimate the absolute position of a 

user without accumulated error. On the other hand, the INS is a 
self-contained system providing positioning solutions with a 
high sampling rate. By complementarily integrating the GNSS 
and INS, a more accurate and reliable positioning solution can 
be obtained. The majority of the GNSS/INS integration 
methods are employing loosely-coupled or tightly-coupled 
architecture. 

A. Loosely-coupled GNSS/INS Integration 
The loosely-coupled (LC) GNSS/INS integrated positioning 

fuses the GNSS position-domain solution with the INS 
estimations through a Kalman filter. In this study, a basic 
loosely-coupled GNSS/INS integration system is implemented 
in the earth-centered earth-fixed (ECEF) frame as introduced in 
[5]. The state vector of the loosely-coupled integration is as 
follows 

 𝐱𝐱𝐿𝐿𝐿𝐿 = �𝜹𝜹𝜹𝜹T,𝜹𝜹𝜹𝜹T,𝜹𝜹𝜹𝜹T,𝒃𝒃𝒂𝒂
T,𝒃𝒃𝒈𝒈

T�
T
 (4) 

where 𝜹𝜹𝜹𝜹, 𝜹𝜹𝜹𝜹 and 𝜹𝜹𝜹𝜹 denote the attitude, velocity and position 
error vector, respectively. 𝒃𝒃𝒂𝒂  denotes the accelerometer bias 
and 𝒃𝒃𝒈𝒈 denotes the gyroscope bias. The transition matrix 𝐅𝐅 is 
formed with first-order approximation as below 

 𝐅𝐅𝐿𝐿𝐿𝐿 =

⎣
⎢
⎢
⎢
⎡
𝐈𝐈𝟑𝟑 − 𝛚𝛚τ 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐂𝐂𝑏𝑏𝑒𝑒τ
𝐅𝐅𝟐𝟐𝟐𝟐 𝐈𝐈𝟑𝟑 − 2𝛚𝛚τ 𝐅𝐅𝟐𝟐𝟐𝟐 𝐂𝐂𝑏𝑏𝑒𝑒τ 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑τ 𝐈𝐈𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑 ⎦

⎥
⎥
⎥
⎤

  (5) 

where 𝐈𝐈𝟑𝟑 denotes a 3-by-3 identity matrix, 𝛚𝛚 is the symmetric 
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matrix of earth rate, τ  is the propagation interval, 𝐂𝐂𝑏𝑏𝑒𝑒  is the 
coordinate transformation matrix from the body frame to ECEF 
frame. 𝐅𝐅𝟐𝟐𝟐𝟐 denotes the velocity error term due to the attitude. 
𝐅𝐅𝟐𝟐𝟐𝟐  denotes the velocity error term due to the gravity. The 
measurement model matrix 𝐇𝐇𝐿𝐿𝐿𝐿  and the measurement vector 
𝐳𝐳𝐿𝐿𝐿𝐿 are as follows 

 𝐇𝐇𝐿𝐿𝐿𝐿 = �𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 −𝐈𝐈𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 −𝐈𝐈𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑

� (6) 

 𝐳𝐳𝐿𝐿𝐿𝐿 = [𝒔𝒔𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺T,𝒗𝒗𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺T]T (7) 

Where 𝒔𝒔𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  and 𝒗𝒗𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  denote the position and velocity 
solutions from the GNSS respectively. The system noise 
covariance matrix 𝑸𝑸𝐿𝐿𝐿𝐿 and the measurement noise covariance 
matrix 𝑹𝑹𝐿𝐿𝐿𝐿 are heuristically tuned as follows  

 𝑸𝑸𝐿𝐿𝐿𝐿 = 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅{𝐈𝐈𝟑𝟑𝑄𝑄𝑔𝑔𝑔𝑔, 𝐈𝐈𝟑𝟑𝑄𝑄𝑎𝑎𝑎𝑎,𝟎𝟎𝟑𝟑, 𝐈𝐈𝟑𝟑𝑄𝑄𝑎𝑎𝑎𝑎, 𝐈𝐈𝟑𝟑𝑄𝑄𝑔𝑔𝑔𝑔} (8) 

 𝑹𝑹𝐿𝐿𝐿𝐿 = 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅{𝐈𝐈𝟑𝟑𝑅𝑅𝑝𝑝𝑝𝑝, 𝐈𝐈𝟑𝟑𝑅𝑅𝑣𝑣𝑣𝑣} (9) 

Where the gyroscope noise term 𝑄𝑄𝑔𝑔𝑔𝑔 = 0.0052 (𝑟𝑟𝑟𝑟𝑟𝑟2), the 
gyroscope bias term 𝑄𝑄𝑔𝑔𝑔𝑔 = 4𝑒𝑒−11 (𝑟𝑟𝑟𝑟𝑟𝑟2/𝑠𝑠2) , the 
accelerometer noise term 𝑄𝑄𝑎𝑎𝑎𝑎 = 0.0082 (𝑚𝑚2/𝑠𝑠2) , the 
accelerometer bias term 𝑄𝑄𝑎𝑎𝑎𝑎 = 1𝑒𝑒−5 (𝑚𝑚2/𝑠𝑠4) . The GNSS 
position measurement noise term 𝑅𝑅𝑝𝑝𝑝𝑝 = 252 (𝑚𝑚2)  and the 
pseudorange rate noise term 𝑅𝑅𝑣𝑣𝑣𝑣 = 102 (𝑚𝑚2/𝑠𝑠2). By following 
a standard Kalman filtering procedure, the GNSS/INS 
integrated solution is obtained including position, velocity and 
attitude. 

B. Tightly-coupled GNSS/INS Integration 
Unlike the loosely-coupled integration, the tightly-coupled 

(TC) approach directly fuses the GNSS pseudorange and 
pseudorange rate with the INS estimations. Since the position-
domain GNSS solution is not necessary for tightly-coupled 
approach, the integration can be applied without a sufficient 
number of satellites. Therefore, the tightly-coupled method 
usually achieves a more accurate and robust positioning 
solution, especially for the urban scenario with limited satellite 
visibility. Here, a basic tightly-coupled GNSS/INS integration 
system is implemented in the ECEF coordinate based on [5]. 
On the basis of the loosely-coupled approach, the state vector 
of the proposed tightly-coupled integration is formed with 
additional GNSS states, as follows 

 𝐱𝐱𝑇𝑇𝑇𝑇 = �𝜹𝜹𝜹𝜹T,𝜹𝜹𝜹𝜹T,𝜹𝜹𝜹𝜹T,𝒃𝒃𝒂𝒂
T,𝒃𝒃𝒈𝒈

T,𝜹𝜹𝝆𝝆𝒓𝒓
T,𝜹𝜹𝝆𝝆𝒓̇𝒓

T�
T
 (10) 

where 𝜹𝜹𝝆𝝆𝒓𝒓  and 𝜹𝜹𝝆𝝆𝒓̇𝒓  is the receiver clock bias and drift, 
respectively. The number of the estimated components in 𝜹𝜹𝝆𝝆𝒓𝒓 
or 𝜹𝜹𝝆𝝆𝒓̇𝒓 is depending on the number of different constellations 
in use for multi-GNSS. Here, GPS and Beidou systems are 
employed. Hence, two receiver clock biases and two clock 
drifts are estimated in the state vector. Similar to the loosely-
coupled approach, the transition matrix 𝐅𝐅 with the first-order 
approximation is formed as follows 

𝐅𝐅𝑇𝑇𝑇𝑇 =

⎣
⎢
⎢
⎢
⎢
⎢
⎡
𝐈𝐈𝟑𝟑 − 𝛚𝛚τ 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐂𝐂𝑏𝑏𝑒𝑒τ 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑
𝐅𝐅𝟐𝟐𝟐𝟐 𝐈𝐈𝟑𝟑 − 2𝛚𝛚τ 𝐅𝐅𝟐𝟐𝟐𝟐 𝐂𝐂𝑏𝑏𝑒𝑒τ 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑τ 𝐈𝐈𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑
𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑 𝐈𝐈𝟑𝟑τ
𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝟎𝟎𝟑𝟑 𝐈𝐈𝟑𝟑 ⎦

⎥
⎥
⎥
⎥
⎥
⎤

 (11) 

Using the GNSS pseudorange and pseudorange rate as 
integration measurements, the measurement model matrix 𝐇𝐇𝑇𝑇𝑇𝑇 
and the measurement vector 𝐳𝐳𝑇𝑇𝑇𝑇 are formed as below 

 𝐇𝐇𝑇𝑇𝑇𝑇 =

⎣
⎢
⎢
⎢
⎢
⎡𝟎𝟎 𝟎𝟎 𝐮𝐮1 𝟎𝟎 𝟎𝟎 𝜸𝜸1 𝟎𝟎
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
𝟎𝟎 𝟎𝟎 𝐮𝐮𝑖𝑖 𝟎𝟎 𝟎𝟎 𝜸𝜸𝑖𝑖 𝟎𝟎
𝟎𝟎 𝐮𝐮1 𝟎𝟎 𝟎𝟎 𝟎𝟎 𝟎𝟎 𝜸𝜸1
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
𝟎𝟎 𝐮𝐮𝑖𝑖 𝟎𝟎 𝟎𝟎 𝟎𝟎 𝟎𝟎 𝜸𝜸𝑖𝑖 ⎦

⎥
⎥
⎥
⎥
⎤

 (12) 

 𝐳𝐳𝑇𝑇𝑇𝑇 = [𝜌𝜌1 ⋯ 𝜌𝜌𝑖𝑖 𝜌̇𝜌1 … 𝜌̇𝜌𝑖𝑖]T (13) 

where 𝐮𝐮𝑖𝑖 , 𝜌𝜌𝑖𝑖  and 𝜌̇𝜌𝑖𝑖  are the unit line-of-sight vector, 
pseudorange and pseudorange rate of the ith satellite, 
respectively. For the ith satellite belongs to the kth constellation, 
𝜸𝜸𝑖𝑖  is the indicator of constellation having value 1 on the kth 
column and 0 on others. The system noise covariance matrix 
𝑸𝑸𝑇𝑇𝑇𝑇  and the measurement noise covariance matrix 𝑹𝑹𝑇𝑇𝑇𝑇  are 
formed with additional terms comparing to the loosely-coupled 
approach, as follows 

 𝑸𝑸𝑇𝑇𝑇𝑇 = 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅{𝐈𝐈𝟑𝟑𝑄𝑄𝑔𝑔𝑔𝑔, 𝐈𝐈𝟑𝟑𝑄𝑄𝑎𝑎𝑎𝑎,𝟎𝟎𝟑𝟑, 𝐈𝐈𝟑𝟑𝑄𝑄𝑎𝑎𝑎𝑎, 𝐈𝐈𝟑𝟑𝑄𝑄𝑔𝑔𝑔𝑔, 𝐈𝐈𝟑𝟑𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 , 𝐈𝐈𝟑𝟑𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐} 
  (14) 

 𝑹𝑹𝑇𝑇𝑇𝑇 = 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅{𝐈𝐈𝐼𝐼𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝, 𝐈𝐈𝐼𝐼𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝} (15) 

The receiver clock frequency drift term 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 = 1 (𝑚𝑚2/𝑠𝑠2) 
and the receiver clock phase drift term 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 = 1 (𝑚𝑚2) . 𝐈𝐈𝐼𝐼 
denotes an 𝐼𝐼-by-𝐼𝐼 identity matrix where 𝐼𝐼 is the total amount of 
the satellite providing measurements. The pseudorange noise 
term 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝 = 502 (𝑚𝑚2)  and the pseudorange rate noise term 
𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 252 (𝑚𝑚2/𝑠𝑠2) . Following a basic Kalman filtering 
procedure, the user position, velocity and attitude can be 
estimated. 

V. SHADOW MATCHING AIDED GNSS/INS INTEGRATION 
In urban areas, the reflected GNSS NLOS signal is very 

likely to be received by the receiver, resulting in enormous 
errors in the pseudorange measurements, which is challenging 
even for the GNSS/INS system.  On one hand, the INS is hard 
to provide long-term accurate stand-alone solutions due to its 
accumulated error, especially for those low-cost sensors in civil 
applications. On the other hand, the NLOS reception can be 
continuously received, which means the GNSS performance 
will be continuously degraded. To solve this problem, a 
common approach is to detect and exclude the NLOS 
measurements prior to integration.  
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A. Shadow Matching Solution-based Satellite Visibility 
To distinguish the NLOS measurements from the received 

measurements, a straight-forward method is to compare the 
position of the received satellites with the skymask on the 
receiver’s location. However, it is not applicable because the 
true location of the receiver is unknown. As Fig. 3 shows, due 
to a large positioning error, the satellite visibility based on the 
conventional least squares (LS) solution is very different from 
the truth (GT). Since the shadow matching is determining the 
position by matching the satellite visibility, the solution is more 
likely to have similar visibility to that at the truth. Even though 
the shadow matching solution may contain a certain error, the 
corresponding satellite visibility is very similar to the truth. 

Therefore, the receiver’s satellite visibility can be estimated 
based on the shadow matching positioning solution and its 
surrounding building geometry. The LOS and NLOS satellites 
are classified by Algorithm 1. The skymask database stores 
each candidate position’s skymask information. Based on the 
skymask of the shadow matching solution, the building 
boundary elevation corresponding to each satellite’s azimuth 
can be obtained. If the satellite elevation is lower than its 
corresponding building boundary elevation, this satellite is 
classified as NLOS. Otherwise, it is classified as LOS. By using 
the LOS-classified measurement only, the enormous NLOS 
error can be mitigated, guaranteeing the performance of 
GNSS/INS integrated positioning. 
 
Algorithm 1 Shadow Matching Solution-based Satellite Visibility Estimation 
Input: Shadow matching positioning solution 𝐬𝐬𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑖𝑖, skymask 

database, satellite elevations 𝑬𝑬𝑬𝑬 = {𝐸𝐸𝐸𝐸1,𝐸𝐸𝐸𝐸2 … ,𝐸𝐸𝐸𝐸𝐼𝐼} and azimuths 
𝑨𝑨𝑨𝑨 = {𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴2 … ,𝐴𝐴𝐴𝐴𝐼𝐼} 

Output: LOS satellite set 𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿, NLOS satellite set 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁  

1 Obtain the building boundary elevations 𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 corresponding to 
𝐬𝐬𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑖𝑖 from the skymask database 

2 for 𝑖𝑖 = 1 → 𝐼𝐼 do 
3     obtain the satellite elevation 𝐸𝐸𝐸𝐸𝑖𝑖 ∈ 𝑬𝑬𝑬𝑬 and azimuth 𝐴𝐴𝐴𝐴𝑖𝑖 ∈ 𝑨𝑨𝑨𝑨  
4     obtain the building boundary elevation 𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖) on azimuth 𝐴𝐴𝐴𝐴𝑖𝑖 
5     if 𝐸𝐸𝐸𝐸𝑖𝑖 > 𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖) 
6         add 𝑖𝑖 into the satellite set 𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿 
7     else 
8         add 𝑖𝑖 into the satellite set 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 
9     end if 
10 end for 

B. Shadow Matching Grid-based Satellite Visibility 
With similar skymask between different candidate positions, 

the shadow matching could experience a multi-modal issue 

[26]. Multiple locations may highly match with the 
measurement-estimated visibility, even some of them are far 
away from each other. The final location may be misjudged by 
averaging the candidate positions, resulting in an incorrect 
visibility estimation. To mitigate this issue, a grid-based 
method is employed similar to [34]. Instead of directly using 
the final solution to estimate the visibility, the satellite visibility 
on each candidate position is combined by weighted averaging 
with the corresponding matching score. Hence, the satellite 
visibility can be estimated with an expression on the probability 
of being LOS or NLOS, which is more robust even under the 
multi-modal circumstance. The NLOS probability of each 
satellite can be estimated based on Algorithm 2. The NLOS 
probability of the 𝑖𝑖𝑡𝑡ℎ satellite can be estimated by 

  𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 = �∑Λ𝑛𝑛 �𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏,𝑛𝑛(𝐴𝐴𝐴𝐴𝑖𝑖) > 𝐸𝐸𝐸𝐸𝑖𝑖� (16) 

where 𝐸𝐸𝐸𝐸𝑖𝑖 and 𝐴𝐴𝐴𝐴𝑖𝑖 are the elevation and azimuth angle of the 
𝑖𝑖𝑡𝑡ℎ  satellite, respectively. 𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏,𝑛𝑛(𝐴𝐴𝐴𝐴𝑖𝑖)  is the relative 
building boundary elevation angle on azimuth 𝐴𝐴𝐴𝐴𝑖𝑖 for the 𝑛𝑛𝑡𝑡ℎ 
candidate. Instead of only giving a classification of being 
NLOS or LOS, the proposed method provides the information 
that how possible a satellite tends to be NLOS. Since the grid-
based visibility estimation is more robust with probability 
information, it is more appropriate to be employed to aid the 
GNSS/INS integration. 

  
Algorithm 2 Shadow Matching Grid-based Satellite Visibility Estimation 
Input: Shadow matching candidate positions 𝐒𝐒 = {𝐬𝐬1, 𝐬𝐬2, … , 𝐬𝐬𝑁𝑁} and the 

corresponding score 𝚲𝚲 = {Λ1,Λ2, … ,Λ𝑁𝑁}, skymask database, 
satellite elevations 𝑬𝑬𝑬𝑬 = {𝐸𝐸𝐸𝐸1,𝐸𝐸𝐸𝐸2 … ,𝐸𝐸𝐸𝐸𝐼𝐼} and azimuths 𝑨𝑨𝑨𝑨 =
{𝐴𝐴𝐴𝐴1,𝐴𝐴𝐴𝐴2 … ,𝐴𝐴𝐴𝐴𝐼𝐼} 

Output: NLOS probability of each satellite 𝑷𝑷𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 
{𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁1 ,𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁2 , … ,𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐼𝐼 } 

1 for 𝑖𝑖 = 1 → 𝐼𝐼 do 
2     obtain the satellite elevation 𝐸𝐸𝐸𝐸𝑖𝑖 ∈ 𝑬𝑬𝑬𝑬 and azimuth 𝐴𝐴𝐴𝐴𝑖𝑖 ∈ 𝑨𝑨𝑨𝑨 
3     for 𝑛𝑛 = 1 → 𝑁𝑁 do 
4         obtain the building boundary elevations 𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏,𝑛𝑛 corresponding 

        to the 𝑛𝑛𝑡𝑡ℎ candidate position 𝐬𝐬𝑛𝑛 ∈ 𝐒𝐒 from the skymask database 
5         get building boundary elevation 𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏,𝑛𝑛(𝐴𝐴𝐴𝐴𝑖𝑖) on azimuth 𝐴𝐴𝐴𝐴𝑖𝑖 
6         if 𝐸𝐸𝐸𝐸𝑖𝑖 < 𝐸𝐸𝐸𝐸𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏,𝑛𝑛(𝐴𝐴𝐴𝐴𝑖𝑖) 
7             𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁,𝑛𝑛

𝑖𝑖 = Λ𝑛𝑛 where Λ𝑛𝑛 ∈ 𝚲𝚲 
8         else 
9             𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁,𝑛𝑛

𝑖𝑖 = 0 
10         end if 
11     end for 
12     compute 𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 = ∑ 𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁,𝑛𝑛

𝑖𝑖𝑁𝑁
𝑛𝑛=1   

13 end for 
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C. Satellite Visibility Aided GNSS/INS Integration 
In this study, the solution-based and grid-based visibility are 

individually employed to aid the loosely-coupled integration 
and the tightly-coupled integration. For the loosely-coupled 
approach, the LOS-classified pseudorange and pseudorange 
rate measurements from the solution-based method will be 
applied with a weighted least squares [18], in order to compute 
the user position and velocity [36] for fusion. For the grid-based 
visibility, it estimates the satellite visibility in a probability 
form instead of directly classifying LOS or NLOS. Therefore, 
similar to [34], a probability threshold is used to distinguish 
NLOS from all the measurements. The measurements with 
below 50% NLOS probability are classified as LOS 
measurements, which are similarly applied with the weighted 
least square to compute the GNSS position and velocity 
solution for integration. 

For the tightly-coupled approach, the LOS-classified 
pseudorange and pseudorange rate measurements from the 
solution-based visibility estimation are directly fused with INS 
estimations. Since the grid-based visibility estimation provides 
additional operating information for the measurement from 
each satellite, the NLOS-probability can be further used to 
adaptively tune the measurement covariance matrix during 
integration. Firstly, the measurement with above 50% NLOS 
probability is more likely to be NLOS measurement, which will 
be excluded beforehand. Then, the remaining pseudorange and 
pseudorange rate measurements are integrated with INS 
estimation with the measurement noise covariance as following 

 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖 = �𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁�
2 + �𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝,𝐿𝐿𝐿𝐿𝐿𝐿�

2 (𝑚𝑚2) (17) 

𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖 = �𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁�
2 + �𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝐿𝐿𝐿𝐿𝐿𝐿�

2 (𝑚𝑚2/𝑠𝑠2)  (18) 

where 𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 120𝑚𝑚 ,  𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝,𝐿𝐿𝐿𝐿𝐿𝐿 = 20𝑚𝑚 , 𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
40𝑚𝑚/𝑠𝑠  and 𝜎𝜎𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝐿𝐿𝐿𝐿𝐿𝐿 = 10𝑚𝑚/𝑠𝑠 . Noted that the truly-LOS 
measurement will also experience other types of error, for 
example, the diffraction or multipath effect. Besides excluding 
NLOS measurements, the satellite visibility information can be 
used as the measurement reliability to adjust the measurement 
noise covariance matrix during GNSS/INS integration. 

VI. EXPERIMENTAL RESULTS 

A. Shadow Matching Satellite Visibility Estimation 
To verify the proposed shadow matching satellite visibility 

estimation accuracy, experiments were conducted in various 
scenarios, including Light Urban, Middle Urban, Dense Urban, 
One-side Building and Intersection, as shown in Fig. 4. The red 
line with the arrow indicates the pedestrian trajectory. The 
ublox M8T Evaluate Kit was used to output the GNSS 
measurements for post-processing. The ground truth of this 
static experiment is obtained by comparing the landmark on 
Google Earth. The true satellite visibility is labeled by 
comparing the satellite position with the skymask of the ground 
truth location. The satellite below the building boundary is 
NLOS, otherwise, it is LOS. 
 

 
Fig. 4.  The experiment routes for different scenarios in the urban area. 
 

The accuracy of the grid-based satellite visibility estimation 
can be evaluated using the summation of the correctly-
classified probability and normalizing it by the number of 
satellites. The satellite visibility can also be estimated in the 
form of probability using a 𝐶𝐶/𝑁𝑁0 -based model, which is 
employed during shadow matching [26]. Similarly, the 
corresponding accuracy can be evaluated using the preceding 
approach. By considering the NLOS classification and LOS 
classification individually, the corresponding classification 
recall and F1 score [37] are computed respectively to evaluate 
the satellite visibility estimation performance. 
 

 
Fig. 5.  The satellite visibility estimation results from the 𝐶𝐶/𝑁𝑁0-based method (left), the shadow matching solution-based method (middle) and the shadow matching 
grid-based method (right). The gray area indicates the building and the circle denotes the satellite. The color of the circle indicates the value of its NLOS probability 
by the color bar.
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For the middle urban scenario, the satellite visibility 
estimations are shown in Fig. 5 for three methods, including: 1) 
𝐶𝐶/𝑁𝑁0 -based method; 2) shadow matching solution-based 
method and 3) shadow matching grid-based method. By using 
the 𝐶𝐶/𝑁𝑁0  model, the NLOS measurements can be classified 
from the LOS measurements together with its probability, 
achieving an overall accuracy of 75.8%. However, the NLOS 
measurement with high 𝐶𝐶/𝑁𝑁0 value can be misclassified to be 
LOS with a high probability. For the satellite-31, it is 
misclassified as a LOS with a probability of 90% due to its high 
𝐶𝐶/𝑁𝑁0 of 36 dB-Hz. By further adding the 3D building model 
information, the shadow matching solution-based method can 
correctly classify satellite-31 as NLOS. This method simply 
provides a binary result, i.e., LOS or NLOS with no probability. 
However, the NLOS classification rate is highly dependent on 
the position accuracy for this method. Unlike the solution-based 
methods, the grid-based solution provides the estimation with 
uncertainty information. For satellites that have a much lower 
or higher elevation angle than the building boundary at the same 
azimuth angle, such as satellites 91 and 92, they are classified 
as LOS or NLOS with high enough probability. For satellites 
88 and 96 nearby the building boundary that hard to be 
distinguished between LOS and NLOS, the grid-based 
estimation remains a certain value of uncertainty instead of 
classifying them into pure LOS or NLOS. Even though the 
shadow matching solution is inaccurate, the grid-based method 
always gives uncertainty to tolerant fault classification based on 
the surrounding building information, resulting in the 
classification more robust and less likely being completely 
wrong. Rather than fully misclassifying satellite-20 as LOS by 
the solution-based method, the grid-based method estimates its 

LOS probability as 61.6%, containing much uncertainty that it 
could be NLOS. Although the 𝐶𝐶/𝑁𝑁0 -based method also 
estimates the satellite visibility with probability, the grid-based 
method further incorporates the 3D building model information 
for estimation. Therefore, the grid-based method has the best 
performance in terms of LOS/NLOS classification among the 
three methods. 

The classification result of different methods in the middle 
urban scenario is shown in Fig. 6. For the availability-based 
method, the signal type is simply determined using the 
availability in the measurements, which has a bad performance 
in Fig. 6(top). It is interesting to note that the availability-based 
method has a high LOS classification rate. This is because all 
the available measurements are regarded as LOS, while the 
truly-LOS signals are always received. Whereas, the NLOS 
receptions are also classified as LOS. Although achieving 
similar overall performance, the 𝐶𝐶/𝑁𝑁0-based method is able to 
classify NLOS measurements among all available 
measurements by 𝐶𝐶/𝑁𝑁0  value. Therefore, the 𝐶𝐶/𝑁𝑁0 -based 
method outperforms the availability-based method for NLOS 
detection and exclusion. The solution-based and grid-based 
method achieve the classification accuracy of 94.8% and 
93.7%, respectively. Both the LOS and NLOS classification 
rates are increased by over 15% using the two proposed 
methods compared to the 𝐶𝐶/𝑁𝑁0-based method.  With a high 
NLOS classification rate, the NLOS-induced pseudorange 
measurement error is expected to be reduced. Compared to the 
solution-based method, the grid-based method estimates the 
visibility in a way of probability, thereby having a more robust 
performance.  

 
 

 
Fig. 6.  The overall classification accuracy, LOS and NLOS recall from the availability-based method, 𝐶𝐶/𝑁𝑁0-based method, the shadow matching solution-based 
method and the shadow matching grid-based method for the middle urban scenario. 
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The satellite visibility estimation performances of the 
proposed methods in all scenarios are evaluated with the 
classification accuracy, recall and F1 score for different 
scenarios in Table 1. For the availability-based approach, the 
LOS recall is always high but the NLOS recall could be very 
low. Since all available measurements are regarded as the LOS 
measurement, this method cannot detect any NLOS in the 
measurements. The 𝐶𝐶/𝑁𝑁0-based method is more useful since it 
is able to detect some of the NLOS among all the received 
measurements. Whereas, this method only provides nearly 70% 
overall accuracy and lower than 70% NLOS classification 
recall in some scenarios. The shadow matching solution-based 
method is able to improve the NLOS classification recall for 
most cases, resulting in an overall much better performance. 

However, for the scenario shadow matching not performing 
well, such as One-side Building, the solution-based method will 
be degraded. Since the proposed grid-based method is more 
robust with the shadow matching positioning error, it is able to 
maintain the NLOS classification recall with over 70% in such 
a difficult scenario. Compared to 𝐶𝐶/𝑁𝑁0-based method, the grid-
based method achieves higher LOS and NLOS classification 
recall and nearly 10% at least improvement for the overall 
accuracy in all scenarios. Moreover, the proposed grid-based 
method always improves both the LOS and NLOS F1 score in 
all different scenarios, from 7.2% to 19.9%. Therefore, the 
shadow matching grid-based method can always better estimate 
the satellite visibility for different scenarios in urban. 
 

 
TABLE I 

THE MEAN CLASSIFICATION ACCURACY, RECALL AND F1 SCORE OF DIFFERENT CLASSIFICATION METHODS IN THE URBAN SCENARIOS 

Scenario Classification 
Method 

LOS NLOS Overall 
Accuracy Recall F1 Score Recall F1 Score 

Light Urban 

Availability-based 89.0% 84.7% 62.2% 67.6% 79.6% 
𝑪𝑪/𝑵𝑵𝟎𝟎-based 75.3% 77.3% 66.1% 62.8% 72.3% 

Solution-based 87.8% 87.1% 75.3% 74.9% 83.4% 
Grid-based 85.6% 86.0% 76.7% 74.8% 82.7% 

Middle 
Urban 

Availability-based 95.0% 78.9% 71.2% 81.4% 80.5% 
𝑪𝑪/𝑵𝑵𝟎𝟎-based 80.5% 72.4% 74.3% 79.7% 77.0% 

Solution-based 99.8% 93.8% 91.6% 95.4% 94.8% 
Grid-based 99.0% 92.5% 90.5% 94.5% 93.7% 

Dense Urban 

Availability-based 80.2% 60.3% 43.0% 54.5% 57.9% 
𝑪𝑪/𝑵𝑵𝟎𝟎-based 71.5% 63.9% 66.0% 70.8% 67.9% 

Solution-based 64.8% 62.9% 72.2% 73.0% 68.9% 
Grid-based 73.2% 71.1% 77.6% 78.7% 75.8% 

One-side 
Building 

Availability-based 89.7% 86.7% 72.5% 76.4% 83.2% 
𝑪𝑪/𝑵𝑵𝟎𝟎-based 74.5% 76.8% 70.2% 66.9% 72.9% 

Solution-based 100.0% 89.3% 61.9% 75.6% 85.2% 
Grid-based 99.1% 91.4% 71.7% 82.5% 88.5% 

B. Shadow Matching Aided GNSS/INS Integration Result 
 

 
 
Fig. 7.  Vehicular experiment route in the dense urban area (Left), and the 
vehicular platform (Right). 

 
To verify the performance of the proposed shadow matching 

aided GNSS/INS integration method, a vehicular test was 
conducted. A circular testing route was selected with nearly 10 
seconds GNSS-limited area operation (not enough satellite 
number for least squares positioning) in a dense urban area. The 
experiment platform is shown in Fig. 7. The GNSS 
measurements were collected using the Ublox M8T Evaluation 
Kit with a standard patch antenna. The IMU measurements 

were collected by the Xsens Mti 10. The true position during 
the test was given by the Novatel SPAN-CPT with RTK 
solutions. The positioning performance is compared with the 
GNSS weighted least squares (WLS) positioning, conventional 
loosely-coupled GNSS/INS integration (LC), the shadow 
matching solution-based visibility aided loosely-coupled 
method (S-LC), the shadow matching grid-based visibility 
aided loosely-coupled method (G-LC), conventional tightly-
coupled GNSS/INS integration (TC), the shadow matching 
solution-based visibility aided tightly-coupled method (S-TC), 
the shadow matching grid-based visibility aided tightly-coupled 
method (G-TC). 

The overall classification accuracy and recall for the whole 
test period is shown in Fig. 8. Metrics of mean classification 
accuracy, precision, recall and F1 score are shown in Table 2. 
The availability-based method has an overall accuracy of 
70.3%, whereas its NLOS classification recall is only 58.3%. 
By using the 𝐶𝐶/𝑁𝑁0  model, the NLOS classification recall is 
improved to 68.6%, achieving a slightly higher overall accuracy 
of 72.1%. Compared to the 𝐶𝐶/𝑁𝑁0 -based method, both the 
solution-based and the grid-based methods improve the NLOS 
recall by more than 20%, and have an overall accuracy of 90.5% 
and 84.8%, respectively 



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 
 

9 

 
Fig. 8.  The overall classification accuracy, LOS and NLOS classification recall for the availability-based method, 𝐶𝐶/𝑁𝑁0-based method, the shadow matching 
solution-based method and the shadow matching grid-based method during the vehicular test. The shaded area denotes the GNSS-limited period during the 
experiment. 

 
Fig. 9.  Shadow matching normalized score heatmap during the epochs 211 to 231 (left) and the corresponding satellite visibility estimation results using the 𝐶𝐶/𝑁𝑁0-
based method and the shadow matching grid-based method (right). 
 

TABLE II 
THE OVERALL PERFORMANCE OF DIFFERENT SATELLITE VISIBILITY ESTIMATION METHODS DURING THE VEHICULAR TEST 

Classification 
Method 

LOS NLOS Overall 
Accuracy Precision Recall F1 score Precision Recall F1 score 

Availability-based 53.7% 94.8% 67.1% 96.7% 58.3% 71.1% 70.3% 
𝑪𝑪/𝑵𝑵𝟎𝟎-based 54.3% 79.2% 63.2% 87.4% 68.6% 76.4% 72.1% 

Solution-based 85.3% 83.8% 84.9% 93.6% 92.5% 92.8% 90.5% 
Grid-based 74.7% 74.5% 73.8% 88.5% 88.9% 88.5% 84.8% 

 
The environment of the vehicular test is a typical street 

scenario. The shadow matching performs well without the 
multi-modal issue during most of the testing time. Therefore, 
the solution-based method is slightly better than the grid-based 
method in terms of mean accuracy, as shown in Fig. 8 and Table 
2. Notice that during epochs 211 to 231 as the shaded area in 
Fig. 8, the LOS classification recall is significantly degraded. 
The shadow matching scoring heatmap with the 𝐶𝐶/𝑁𝑁0-based 
and grid-based classification results are shown in Fig. 9 during 
this period. The vehicle is in a narrow street with tall buildings 
on both sides, receiving a limited number of LOS satellites and 

most of the received signals are very weak. Only 2 of the 22 
satellites in the ephemeris are classified to be LOS with a 
probability of over 50% by the 𝐶𝐶/𝑁𝑁0 model. As a result, the 
shadow matching mistakenly gives a higher score to the 
incorrect candidate position, making both solution-based and 
grid-based methods badly performed. As shown by the sky-plot 
in Fig. 9, it is a very difficult scenario for GNSS that over 67% 
of the sky is blocked by the buildings. Without enough 
satellites, the GNSS receiver failed to provide a positioning 
solution. Although the LOS classification recall is degraded by 
incorrect shadow matching solutions, the NLOS classification 
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recalls of the proposed methods are still accurate, maintaining 
the overall accuracy around 80% during this period. As the 
metric taking both precision and recall into account, the F1 
scores of both solution-based method and grid-based method 
are over 10% higher than that of the 𝐶𝐶/𝑁𝑁0 -based method. 
Therefore, the proposed methods can achieve better satellite 
visibility estimation performance in the urban scenario, 
especially for the NLOS classification. 

 

 
Fig. 10.  Positioning results of weighted least squares (WLS) method, 
conventional loosely-coupled GNSS/INS integration method (LC), the shadow 
matching solution-based satellite visibility aided loosely-coupled method (S-
LC) and the grid-based satellite visibility aided loosely-coupled method (G-LC) 
and the vehicle’s ground truth (Truth). 
 

 
Fig. 11.  The positioning error and corresponding in-use satellite number for 
different loosely-coupled integration methods. The green line indicates the total 
truly-LOS satellite number. The line is empty if the measurement amount is 
insufficient to provide a positioning solution. The shaded area denotes the 
GNSS-limited period during the experiment.  

 
Aided by the satellite visibility estimation, the proposed 

loosely-coupled GNSS/INS integrated positioning result is 
shown in Fig. 10 and Fig. 11. The positioning root mean squares 
error (RMSE), the ratio of the epochs that the positioning 
solution is available for the corresponding method (availability) 
are shown in Table 3 with different methods. The GNSS WLS 
performance is severely degraded by NLOS receptions, 
resulting in a positioning error of 22.6 meters in RMSE. At 

some epochs, the positioning error exceeds 50 meters. Due to 
insufficient satellites, it even fails to provide solutions during 
the GNSS-limited area. By integrating the INS, the LC 
guarantees full availability of solutions and is more robust 
against GNSS enormous errors. However, with regards to the 
true satellite visibility, more than half of the measurements used 
for positioning are NLOS measurements, contributing overall 
21.6 meters RMSE. Moreover, during the GNSS-limited 
period, the INS error is severely accumulated. Aided by the 
solution-based visibility, the S-LC mitigates the NLOS 
measurements before the integration. Although only 78.4% of 
the epochs have enough GNSS measurements for integration 
after NLOS exclusion, the measurements for integration are 
guaranteed to be accurate, decreasing the position RMSE to 
13.4 meters. Since the preceding grid-based method is more 
robust on NLOS classification, G-LC further improves the 
positioning accuracy with an RMSE of only 8.7 meters. 

 

 
Fig. 12.  Positioning results of weighted least squares (WLS) method, 
conventional tightly-coupled GNSS/INS integration method (TC), the shadow 
matching solution-based satellite visibility aided tightly-coupling method (S-
TC) and the grid-based satellite visibility aided tightly-coupling method (G-TC) 
and the vehicle’s ground truth (Truth). 

 

 
Fig. 13.  The positioning error and corresponding in-use satellite number for 
different tightly-coupled integration methods. The green line indicates the truly-
LOS satellite number. The shaded area denotes the GNSS-limited period. 
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For the tightly-coupled approach, the positioning solution of 
different GNSS/INS integration methods are shown in Fig. 12, 
Fig. 13 and Table 3. By integrating the raw GNSS 
measurements, i.e., pseudorange and pseudorange rate, with 
INS, the TC achieves a better positioning performance with an 
RMSE of 18.9 meters, nearly 3 meters improvement over the 
conventional LC method. Since the integrated measurements 
still containing NLOS error, the performance of conventional 
TC method is very limited. By using the shadow matching 
solution to identify and select the LOS raw measurements for 
integration, the S-TC greatly reduces the positioning error to 
8.5 meters (RMSE). Noted that the integration is bypassed if all 
the measurements are classified as NLOS from the visibility 
estimation, resulting in a 97.4% availability for S-TC method.  

 

 
Fig. 14.  The pseudorange error and the square root of the measurement noise 
covariance of the satellite-100 during the G-TC positioning. The yellow area 
denotes the measurement is classified as NLOS and excluded by the proposed 
method. The blank area indicates the measurement is not received. 

 
Finally, the proposed G-TC method can use the estimated 

NLOS probability to adjust the measurement noise covariance, 
in order to improve the integration performance. The adjusted 
covariance of the pseudorange measurement from the satellite-
100 is shown with a square root form in Fig. 14, and it is 
compared with the corresponding pseudorange error. The 
pseudorange error is estimated based on the receiver ground-
truth and the reference station information with a double 
differenced approach [38]. The adjusted covariance has the 
same trend as the pseudorange error. Especially when the 
measurement error is increased at epoch 157, the corresponding 
covariance is adjusted with a higher value. As the error keeps 
increasing, the measurement is also classified as NLOS and 
excluded by the proposed method. When the measurement error 
reduces at epoch 178, the covariance is adjusted back to a 
smaller value. In summary, the proposed G-TC method can not 
only exclude NLOS measurements, but also adjust the 
measurement noise covariance to an appropriate value for 
sensor integration. As a result, the G-TC achieves the 
positioning accuracy as 6.5 meters (RMSE), which is the best 
performance among different methods and nearly three times 
better than the conventional TC method.  

 
TABLE III 

THE RMSE AND AVAILABILITY OF DIFFERENT POSITIONING METHODS DURING 
THE VEHICULAR EXPERIMENT  

Positioning 
Method WLS LC TC S-LC G-LC S-TC G-TC 

RMSE (m) 22.6 21.6 18.9 13.4 8.7 8.5 6.5 
Availability 94.7% 100% 100% 100% 100% 100% 100% 

C. Computational Load Analysis 
Since the proposed method conducts shadow matching 

during the integration, its computational load is analyzed 
comparing to the conventional method. The analysis is 
conducted on the MATLAB programming platform of the 
laptop with Intel(R) Core(TM) i7-7700HQ CPU @ 2.80GHz 
processor, 16GB RAM. As Fig. 15 shows, although the 
proposed shadow matching aided GNSS/INS integration 
methods require an extra 0.03 second comparing to the 
conventional method. It is noted that the loosely-coupled 
approach requires a bit more computation due to the GNSS 
least-squares positioning. The practical engineering issues of 
implementing shadow matching are discussed in [39], including 
the computational load.  
 

 
Fig. 15.  The computational load of different methods for a single epoch 
positioning solution. 

VII. CONCLUSIONS 
In this study, two satellite visibility estimation methods are 

developed based on the GNSS shadow matching in the urban 
scenario. The shadow matching solution-based method uses the 
shadow matching positioning result to improve the satellite 
visibility estimation accuracy, especially the NLOS 
classification accuracy. The shadow matching grid-based 
method can obtain a similar classification accuracy 
improvement with better robustness. Both proposed methods 
improve LOS/NLOS classification accuracy with at least 10% 
in most of the scenarios in urban areas, compared to the 
conventional 𝐶𝐶/𝑁𝑁0 -based method. By using the proposed 
method to exclude NLOS measurements, the contribution of the 
3DMA GNSS shadow matching is extended to further improve 
the loosely-coupled or tightly-coupled GNSS/INS integrated 
positioning performance. Using the grid-based satellite 
visibility information to exclude NLOS measurements and 
adjusting the measurement noise covariance, the proposed 
shadow matching aided GNSS/INS integration method 
achieves an RMSE of 6.5 meters of a vehicular test in the dense 
urban scenario, which is nearly 3 times more accurate than the 
conventional tightly-coupled integration approach. The 
proposed method also shows the potential to further integrate 
with other sensors (LiDAR, vision) to fulfill the positioning 
performance requirements for autonomous driving. However, 
for the harsh environment with limited sky-view, the NLOS-
exclusion method may only have a limited amount of 
measurements for positioning, resulting in the estimation is 
sensitive to the error and not robust. Therefore, the 3DMA 
GNSS NLOS-correction method is worth to be studied to 
guarantee the system robustness in the harsh environment. 
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