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Abstract: Currently, the integration of the Global Navigation Satellite System (GNSS), Ultra-Wideband
(UWB), and Inertial Navigation System (INS) has become a reliable positioning method for outdoor
dynamic vehicular and airborne applications, enabling high-precision and continuous positioning in
complex environments. However, environmental interference and limitations of single positioning
sources pose challenges. Especially in areas with limited access to satellites and UWB base stations,
loosely coupled frameworks for GNSS/INS and UWB/INS are insufficient to support robust estima-
tion. Furthermore, within a tightly coupled framework, parameter estimations from different sources
can interfere with each other, and errors in computation can easily contaminate the entire position-
ing estimator. To balance robustness and stability in integrated positioning, this paper proposes a
comprehensive quality control method. This method is based on the semi-tightly coupled concept,
utilizing the INS position information and considering the dilution of precision (DOP) skillfully to
achieve complementary advantages in GNSS/UWB/INS integrated positioning. In this research,
reliable position and variance information obtained by INS are utilized to provide a priori references
for a robust estimation of the original data from GNSS and UWB, achieving finer robustness without
increasing system coupling, which fully demonstrates the advantages of semi-tight integration. Based
on self-collected data, the effectiveness and superiority of the proposed quality control strategy
are validated under severely occluded environments. The experimental results demonstrate that
the semi-tightly coupled robust estimation method proposed in this paper is capable of accurately
identifying gross errors in GNSS and UWB observation data, and it has a significant effect on im-
proving positioning accuracy and smoothing trajectories. Additionally, based on the judgment of the
DOP, this method can ensure the output of continuous and reliable positioning results in complex
and variable environments. Verified by actual data, under the conditions of severe sky occlusion
and NLOS (Non-Line-of-Sight), compared with the loosely coupled GNSS/INS, the positioning
accuracy in the E, N, U directions of the semi-tight coupled GNSS/INS proposed in this paper has
improved by 37%, 46%, and 28%. Compared with the loosely coupled UWB/INS, the accuracy
in the E and N directions of the semi-tight coupled UWB/INS has improved by 60% and 34%. In
such environments, GNSS employs the RTD (Real-Time Differential) algorithm, UWB utilizes the
two-dimensional plane-positioning algorithm, and the positioning accuracy of the semi-tight coupled
robust model of GNSS/UWB/INS in the E, N, U directions is 0.42 m, 0.55 m, and 3.20 m respectively.

Keywords: semi-tightly coupled; robust estimation; integrated positioning; GNSS/UWB/INS;
challenging environments

1. Introduction

As the field of unmanned systems expands its demand for environmental perception,
target tracking, and cluster coordination, the provision of location services has rapidly
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shifted from relying on a single method to a multi-source fusion approach for positioning,
navigation, and timing (PNT) [1,2]. This transition has given rise to a greater need for
reliability, continuity, and availability in multi-source fusion navigation and positioning.
Researching efficient robust estimation models is the key to achieving these requirements.

Currently, GNSS positioning technology is the primary means of outdoor high-
precision positioning [3], boasting advantages such as ease of operation, all-weather
capability, and continuous real-time monitoring [4]. However, in challenging environ-
ments such as urban canyons and dense forests, satellite signal propagation is prone to
obstruction and multipath errors [5]. Particularly when the number of available satellites
is limited, these conditions can lead to the formation of pseudorange gross errors, which
are difficult to identify and robustly estimate within the GNSS single positioning source
through statistical consistency principles.

To address the aforementioned issues, a classic solution is to integrate the GNSS with
an INS to form a combined navigation system known as GNSS/INS. Under the effective
constraints of the INS, more reliable gross error detection can be achieved, exhibiting a
good complementarity between the two systems. Among the combinations of the two,
there are common configurations such as loosely coupled (LC), tightly coupled (TC), deeply
coupled (DC) [6], and the recently proposed semi-tightly coupled (STC) [7]. In all these
configurations, the INS serves to constrain the positioning results of the GNSS. However,
the utilization of measurement data differs in different combination methods, leading to
varying impacts on the performance of the combined navigation system.

However, in denied environments where long stretches of road are obstructed by trees
or buildings, the GNSS positioning system is unable to perform measurement updates due
to obstruction, while the INS accumulates errors without assistance from other positioning
technologies for correction [8]. Consequently, in such scenarios, the GNSS/INS system fails
to achieve stable and reliable positioning for long durations.

Addressing the aforementioned issues, UWB positioning technology is considered
as an effective complementary means in GNSS-denied environments, due to its ability
to provide high-precision indoor/outdoor positioning, strong anti-interference, excellent
penetration power, low power consumption, and insensitivity to obstruction by overhead
obstacles [9,10]. The currently developed GNSS/UWB/INS integrated system has emerged
as a reliable positioning solution for complex outdoor environments [11–13]. While research
on quality control for this integrated system is relatively mature, there is still a lack of
a simple and efficient unified robust estimation method, and the fusion model for this
integrated navigation system remains to be further refined.

In summary, considering the diversity, complexity, and variability of navigation and
positioning scenarios, as well as the limitations of single positioning sources, this paper
is structured as follows: Section 2 provides an overview of existing GNSS/UWB/INS
integrated positioning models and robust estimation theories. Section 3 explains in detail
the semi-tightly coupled robust model proposed in this paper and derives corresponding
formulas. Section 4 introduces the experimental methods and results of this paper to further
validate the effectiveness of the proposed method. Section 5 summarizes the research of
this paper and discusses future work in response to the limitations of this study.

2. Related Work

This section will review research progress in the field of GNSS/UWB/INS integrated
navigation and introduce theories and methods that provide inspiration for the research in
this paper.

To address the limitations of single positioning sources in complex environments,
exploring the complementary characteristics of different sensors to enhance the robustness
and continuity of positioning systems has increasingly become the focus of research in the
field of navigation and positioning. Regarding the research on GNSS/UWB/INS integrated
navigation, the challenges and existing solutions can be summarized in the following
two points:
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The first challenge is research on multi-sensor fusion frameworks. Depending on the
measurement information used, multi-sensor navigation fusion methods can be summa-
rized into loosely coupled and tightly coupled approaches [14]. (1) In the loosely coupled
model, taking the GNSS/INS loosely coupled model as an example, the data processing
flows of the GNSS and INS are independent, with the measurement vector being the dif-
ference in position or velocity between the GNSS and INS [15]. The structure is relatively
simple. However, its premise is that all positioning sources must be able to provide po-
sitioning, making it vulnerable to failure when the number of available satellites is less
than four [16]. Furthermore, the INS only corrects and constrains the GNSS positioning
results in the result domain through variance, which relies on the confidence in the variance.
However, in most cases, the variance of any positioning source cannot accurately reflect the
actual error size [17], so even with rigorous robust methods, it cannot continuously output
optimal results of integrated navigation. (2) In the tightly coupled model, the measurement
vector includes the differences between the GNSS pseudorange, carrier phase, and Doppler
data, and the corresponding INS calculations [18,19]. Compared to the loosely coupled ap-
proach, it has a higher information utilization rate and a correspondingly higher parameter
estimation accuracy, and it can still complete integrated positioning with a smaller number
of satellites [20]. However, due to the tight coupling between sources, any gross error from
either side will affect the entire positioning estimator. Based on the above comparison, some
scholars have proposed a semi-tightly coupled method that falls between loosely coupled
and tightly coupled [21], where the INS provides positional prior information for assisted
calculation. However, there is limited research on multi-source fusion systems with more
than three sources, such as GNSS/UWB/INS, based on this semi-tightly coupled structure,
and there is no comprehensive robust solution based on this structure. In addition, this
paper examines how to utilize the precision factors of satellites and UWB base stations to
achieve multi-source fusion quality control in challenging environments, which remains to
be further studied.

The second challenge lies in the research on robust algorithms for observational data
in complex environments. For GNSS/INS and UWB/INS, Kalman filtering is the most
widely used parameter estimation method in the data-processing process [22]. However,
due to the impact of complex sky and ground environments, the pseudorange gross errors
of GNSS and NLOS (Non-Line-of-Sight) errors of UWB often affect the model accuracy,
leading to unidentifiable biases in the filtering process [23,24]. To improve the robustness of
navigation systems in dynamic environments, many scholars have conducted research on
robust estimation for the GNSS. Commonly used equivalent weight functions include the
Hampel weight function [25], Tukey weight function [26], Huber weight function [27], and
IGG III scheme [28]. However, there is limited research on the threshold selection and elastic
robust methods for the aforementioned robust methods. Additionally, in scenarios with a
small number of UWB base stations, it is difficult to utilize the aforementioned statistical
robust principles, and other gross error detection methods still need to be considered. Also,
in challenging environments, the configurations of GNSS satellites and UWB base stations
will largely reflect the reliability of the positioning results. A multi-source fusion quality
control method that considers DOP values remains to be further studied.

3. The Proposed Model and Robust Method

In this section, the proposed GNSS/UWB/INS semi-tightly coupled robust model
will be explained. First, the system model of GNSS/UWB/INS integrated navigation will
be introduced. Then, the robust methods for GNSS/INS and UWB/INS based on the
semi-tightly coupled model will be discussed separately. The contribution of INS to robust
estimation in the semi-tightly coupled model will be elaborated.

3.1. System Model

The semi-tightly coupled robust model proposed in this paper is illustrated in Figure 1.
Based on the traditional loosely coupled framework, while borrowing the method of the
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close integration of information between different systems in tightly coupled configurations
to enhance parameter estimation accuracy, the GNSS/UWB/INS semi-tightly coupled
model introduces INS position information into the measurement update domains of both
the GNSS and UWB, providing a priori references for gross error detection in the raw
observation data of the GNSS and UWB. However, due to system differences, the robust
methods for the GNSS and UWB, assisted by INS, are slightly different: (1) For the GNSS,
the number of available satellites in each epoch is often more than 10; thus, the consistency
principle and statistical testing methods between observations can be utilized for gross
error identification. Here, the three-dimensional position and variance recursively obtained
from the INS are introduced to construct pseudo-observation equations with other satellites,
using standardized residuals as the basis for robustness. (2) For UWB, the number of base
stations deployed on the test section is often less than 10. Furthermore, due to NLOS
interference, there are fewer available observations in each epoch, rendering it unsuitable
for statistical testing methods between data. In this case, the difference between the INS
position and the distances calculated from each base station is compared with the original
ranging values, using the absolute ranging difference as the basis for robustness.

Remote Sens. 2024, 16, x FOR PEER REVIEW 5 of 24 
 

 

 
Figure 1. Semi-tightly coupled robust model for GNSS/UWB/INS integrated system. 

Similar to the traditional centralized filtering model under the loosely coupled frame-
work, in this GNSS/UWB/INS integrated navigation system, the dead reckoning of the 
INS serves as the main thread for state prediction, while the positioning results of the 
GNSS and UWB provide measurement updates. Both the GNSS and UWB perform error-
based filtering with the INS in the positioning result domain. In this centralized filtering 
model, when either the GNSS or UWB measurement fails and leads to positioning inter-
ruption, the integrated navigation system can still rely on the other measurement system 
to achieve reliable positioning. The two systems complement each other, enabling the sys-
tem to achieve complementary advantages in different testing environments. 

In addition, the aforementioned model, in order to achieve reliable measurement up-
dates in complex environments, takes into account the precision factor and determines 
whether the current DOP value meets the requirements before updating the GNSS and 
UWB measurements. This represents a more refined multi-source fusion quality control 
strategy. 

3.2. State Prediction by INS 
In the GNSS/UWB/INS integrated navigation system studied in this paper, consider-

ing the carrier’s motion state and the INS’s own drift, we select the three-dimensional 

Figure 1. Semi-tightly coupled robust model for GNSS/UWB/INS integrated system.

Similar to the traditional centralized filtering model under the loosely coupled frame-
work, in this GNSS/UWB/INS integrated navigation system, the dead reckoning of the
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INS serves as the main thread for state prediction, while the positioning results of the GNSS
and UWB provide measurement updates. Both the GNSS and UWB perform error-based
filtering with the INS in the positioning result domain. In this centralized filtering model,
when either the GNSS or UWB measurement fails and leads to positioning interruption,
the integrated navigation system can still rely on the other measurement system to achieve
reliable positioning. The two systems complement each other, enabling the system to
achieve complementary advantages in different testing environments.

In addition, the aforementioned model, in order to achieve reliable measurement
updates in complex environments, takes into account the precision factor and determines
whether the current DOP value meets the requirements before updating the GNSS and UWB
measurements. This represents a more refined multi-source fusion quality control strategy.

3.2. State Prediction by INS

In the GNSS/UWB/INS integrated navigation system studied in this paper, consid-
ering the carrier’s motion state and the INS’s own drift, we select the three-dimensional
position, velocity, attitude, gyroscope bias, accelerometer bias, gyroscope specific force, and
accelerometer specific force as the state variables X to be estimated, totaling 21 dimensional
elements.

X =
[
p3×1 v3×1 ψ3×1gb3×1 ab3×1 gs3×1as3×1

]T (1)

In the Kalman filtering, the state and covariance prediction equations are:{
Xk|k−1 = Φk|k−1·Xk−1

Pk|k−1 = Φk|k−1·Pk−1·ΦT
k|k−1 + Qk

(2)

where Φk|k−1 represents the state transition matrix from time k − 1–to time k, and Xk−1
and Xk|k−1 represent the state estimate at time k − 1 and the state prediction at time k,
respectively. Pk−1 and Pk|k−1 represent the covariance estimate at time k − 1 and the
covariance prediction at time k, respectively. Qk represents theprocess noise at time k.

In this context, the partitioning of the state transition matrix Φ is as follows [29]:

Φ =



Φrr I3×3 0 0 0 0 0
Φvr Φvv

[
(Cn

b fb
)
×] 0 Cn

b 0 Cn
b diag

(
fb
)

Φϕr Φϕv −
(
ωn

in
)

−Cn
b 0 −Cn

b
(
ωn

ib
)

0
0 0 0 − 1

Tgb
I3×3 0 0 0

0 0 0 0 − 1
Tab

I3×3 0 0
0 0 0 0 0 − 1

Tgs
I3×3 0

0 0 0 0 0 0 − 1
Tas

I3×3


(3)

Among them, Cn
b is the rotation matrix from the b-system to the n-system, ωn

ib is the
projection of the gyroscope’s original measurement vector in the n-system, ωn

in represents
the projection of the rotation angular velocity vector of the n-system relative to the i-system
in the n-system, fb is the theoretical specific force perceived by the accelerometer in the
b-system, (·)× represents the antisymmetric matrix of the corresponding vector, and Tgb,
Tab, Tgs, and Tas are the relevant times of the first-order Gaussian Markov process.

Based on the mechanical arrangement principles of the INS, the predicted states such
as position, velocity, and attitude for the current epoch can be obtained, serving as the
benchmark for subsequent robust estimation and measurement updates. It should be noted
that, due to the lever arm issue that may arise during the installation of testing equipment,
the three-dimensional position of the INS should be converted to the antenna centers of the
GNSS and UWB after the state prediction process to facilitate subsequent fusion.
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3.3. STC Robust Method for GNSS/INS

In complex urban environments with limited satellite visibility due to obstructions
from trees and buildings, the number of available GNSS satellites is often limited [30].
Although, in most cases, it can still meet the minimum requirement for the number of satel-
lites required for pseudorange single-point positioning [31], relying solely on the statistical
characteristics of observations from a single GNSS positioning source is prone to issues such
as missing the detection of small gross errors and mistakenly rejecting normal observations.
As a fully autonomous positioning source, the INS does not experience significant jumps
or failures in a short period of time. It can utilize its relatively reliable position information
to assist in improving the robustness of the GNSS positioning. This assisted robustness is
mainly reflected in the construction of the GNSS observation equations. The following will
explain this semi-tightly coupled robust method step by step.

3.3.1. GNSS Pseudorange Observation Equation

In the single-point positioning of the GNSS pseudorange, taking into account various
error terms, the observation equation is:

Ps
r = ρs

r + c·(δtr − δts) + Ts
r + Is

r + εs
P,r (4)

where Ps
r represents the pseudorange observation value measured by receiver r and satellite

s, ρs
r is the geometric distance between the receiver and the satellite, c is the speed of light,

δtr and δts are the clock errors of the receiver and satellite, respectively, Ts
r and Is

r are the
tropospheric and ionospheric delay errors, and εs

P,r includes measurement noise and other
errors. In Equation (4) above, the geometric distance ρs

r can be expressed as:

ρs
r =

√
(xs − xr)

2 + (ys − yr)
2 + (zs − zr)

2 (5)

In the equation, Xs = [xs, ys, zs] and Xr = [xr, yr, zr] represent the three-dimensional
coordinates of the satellite and receiver, respectively. Generally, Xs can be calculated by
reading the ephemeris file, while Xr represents the coordinates of the carrier to be estimated.
According to the linearization principle of the Extended Kalman Filter (EKF), Equation (5)
can be linearized. Typically, the approximate coordinates of the receiver are chosen as the
expansion point, but in this case, the INS position at the same moment, after coordinate
system conversion and lever arm compensation, Xins = [xins, yins, zins], can be used as the
expansion point:

ρs
r = ρs

r0 + ls
r ·δxins + ms

r·δyins + ns
r·δzins (6)

ρs
r0 =

√
(xs − xins)

2 + (ys − yins)
2 + (zs − zins)

2 (7)

The expansion coefficients are, respectively:
ls
r =

∂ρs
r

∂xins

∣∣∣
Xins

= xins−xs

ρs
r0

ms
r =

∂ρs
r

∂yins

∣∣∣
Xins

= yins−ys

ρs
r0

ns
r =

∂ρs
r

∂zins

∣∣∣
Xins

= zins−zs

ρs
r0

(8)

From this, we can derive that if there are N available satellites in the current epoch,
the pseudorange observation equation in error form is given by Equation (9), which can be
simplified as Equation (10):

P1
r − ρ1

r0 + c·δt1 − T1
r − I1

r
P2

r − ρ2
r0 + c·δt2 − T2

r − I2
r

...
PN

r − ρN
r0 + c·δtN − TN

r − IN
r

 =


l1
r m1

r n1
r 1

l2
r m2

r n2
r 1

...
...

...
...

lN
r mN

r nN
r 1

·


δxins
δyins
δzins
cδtr

+ εP,r (9)
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Lgnss = Hgnss·δX (10)

Using information such as the elevation angle-based weighting and signal-to-noise
ratio, the observation noise matrix Rgnss can be defined as:

Rgnss =


ε1

r 0 0 0
0 ε2

r 0 0

0 0
. . . 0

0 0 0 εn
r


N×N

(11)

3.3.2. INS Pseudo-Observation Equation

To incorporate the INS three-dimensional position coordinates into the aforemen-
tioned observation vector with a certain degree of confidence, while increasing the re-
dundancy of the observation equation and preventing unidentifiable overall shifts in
the observation system, thereby enhancing the accuracy of the subsequent robust esti-
mation, a three-dimensional pseudo-observation equation is constructed, as shown in
Equation (12). This pseudo-observation equation is then unified into the forms expressed
in Equations (13) and (14): 

δxins = 0
δyins = 0
δzins = 0

(12)

0
0
0

 =

1 0 0 0
0 1 0 0
0 0 1 0

·


δxins
δyins
δzins
cδtr

 (13)

Lins = Hins·δX (14)

The noise Rins of this pseudo-observation equation corresponds precisely to the di-
agonal elements of the covariance matrix of the INS’s three-dimensional position after
mechanical alignment, namely covx, covy, and covz:

Rins =

covx 0 0
0 covy 0
0 0 covz


3×3

(15)

3.3.3. (N + 3) Pseudo-Observation Equation

Furthermore, by combining the GNSS observation equation with the INS pseudo-
observation equation, we obtain an (N + 3)-dimensional pseudo-observation equation
incorporating INS position information, as shown in Equation (16), which is simplified and
denoted as Equation (17): [

Lgnss
Lins

]
(N+3)×1

=

[
Hgnss
Hins

]
(N+3)×4

·δX (16)

L = H·δX (17)

The noise matrix R of this (N + 3)-dimensional pseudo-observation equation can be
expressed as:

R =

[
Rgnss

Rins

]
(N+3)×(N+3)

(18)
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3.3.4. Robust EKF with INS Constraints

Finally, when the number of available satellites satisfies N > 4, the correction term
δX for the aforementioned state parameters can be solved. Influenced by the INS pseudo-
observation equation and its weight, the δX here will differ from that obtained solely
from the N-dimensional observation equation of the GNSS. Instead, it will incorporate
the correction term constrained by the INS, and the tightness of the constraint will be
adjusted automatically based on the variance size: if the values in Rins are small, indicating
a high confidence in the INS recursive position, then the INS coordinates will impose a
tighter constraint on the correction term; conversely, if the values in Rins are large, the INS
coordinates will impose a looser constraint on the correction term. Substituting δX back
into observation Equation (10) yields the N-dimensional posterior residual Vgnss:

Vgnss = Lgnss − Hgnss·δX (19)

where the covariance Qgnss corresponding to the residual Vgnss is:

Qgnss = Rgnss + Hgnss·P·HT
gnss (20)

In the above equation, P represents the covariance matrix of the state variables. There-
fore, the normalized residual V̌gnss can be obtained as:

V̌gnss =
Vgnss√
Qgnss

(21)

To identify and adjust the weights of pseudorange outliers and their observation
noises, according to the principle of equivalent weights, the noise matrix R is replaced by
the equivalent weight matrix R, as shown in Equation (22):

R =

 γ11R11 . . . γ1N R1N
...

. . .
...

γN1RN1 . . . γNN RNN

 (22)

where Rij represents the element in the i-th row and j-th column of the noise matrix R, and
γij represents the robust factor for the element in the i-th row and j-th column. The robust
factor is determined by the IGG III weight function [32,33], as shown in Equation (23):

γii =


1,
∣∣v̌gnss,i

∣∣ ≤ k0

k0
|v̌gnss,i|

(
k1−|v̌gnss,i|

k1−k0

)2
,

0,
∣∣v̌gnss,i

∣∣ ≥ k1

k0 ≤
∣∣v̌gnss,i

∣∣ ≤ k1 (23)

where v̌gnss,i (i = 1, 2, . . . , N) represents the i-th element in V̌gnss, which corresponds to
the normalized residual of the i-th satellite. k0 and k1 are the two key thresholds for the
three-segment weight, and their selection should be based on the distribution of normalized
residuals. In this paper, k0 is chosen as 1.5 and k1 as 5.0.

However, this robust method of adjusting observation weights based on posterior
residuals poses a significant risk of misdetection, especially when the INS corresponding
variance differs significantly from the actual error, leading to the possibility of normal mea-
surements being erroneously assigned lower weights. Therefore, it is necessary to control
the degree of robustness by introducing a robust elastic factor [33], which is primarily used
to control the number of satellites rejected in this epoch. Specifically, as shown in Equation
(24), two scaling factors s1 and s2 between 0 and 1 are introduced to control the maximum



Remote Sens. 2024, 16, 2108 9 of 22

number of iterations Cmax for the IGG III robust loop [33], and the maximum number of
satellites Nmax that can be classified into the IGG III rejection region.{

Cmax = s1·nobs
Nmax = s2·nobs

(24)

where nobs represents the number of satellites observed in that epoch, s1 is typically set
between 0.3 and 0.4, and s2 is typically set between 0.1 and 0.2. By introducing the limits of
Cmax and Nmax, this can effectively prevent the IGG III from mistakenly excluding normal
observations in the presence of some significant outliers, as shown in Figure 2. The upper
part of the figure depicts the proportion of satellites in the three segments without the
control of the elastic factor, showing that in some epochs, nearly half of the satellites are
rejected. This is obviously due to the shift in the center of the residuals caused by a large
number of small outliers. In such cases, it is difficult to distinguish between normal and
faulty observations. Without control measures, it may lead to track drift or even positioning
failure to converge. The lower part of the figure shows the proportion of satellites in
the three segments after adding the control of the elastic factor. With the limits of Cmax
and Nmax, the proportion of satellites in the rejection domain of each epoch is below 15%,
improving the robustness of the robustness estimation.
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Under the control of the elastic factor, the equivalent weight matrix R obtained from
Equation (22) is substituted for the noise matrix in the EKF to complete the measurement
update of the GNSS. This realizes the detection of gross errors based on INS position domain
information assistance. The subsequent experimental section will verify the effectiveness
of this semi-tightly integrated robust method.

3.4. STC Robust Method for UWB/INS

In narrow road sections with dense human flow and piles of debris, the accuracy
and stability of UWB positioning are significantly influenced by factors such as the con-
figuration of base stations, NLOS errors, and the motion state of the carrier. It is difficult
to overcome these obstacles with a single UWB positioning source, and therefore, the
introduction of other continuous and reliable positioning methods is necessary. Similar to
the principle of GNSS/INS integrated navigation, the INS can provide relatively reliable
position constraints within a short period of time. However, unlike the GNSS, UWB has a
smaller number of base stations, which is not suitable for statistical consistency checks be-
tween data. Therefore, its position information can be converted into distance information
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and compared with the original ranging measurements to achieve a more accurate NLOS
error detection [34]. Below, we will sequentially introduce the semi-tightly integrated error
identification process.

3.4.1. Two-Dimensional Distance Calculated by INS

Since the aforementioned UWB is only used for two-dimensional plane positioning,
we only consider the two-dimensional plane coordinates obtained by the INS at time k,
denoted as xins(k) and yins(k). It is worth noting that distances are calculated based on
coordinate differences, so all position coordinates related to distance should be converted to
the ECEF coordinate system. The geometric distances between the INS-estimated position
and each UWB base station are calculated as follows:

dins
i (k) =

√
(xins(k)− xbase(i))

2 + (yins(k)− ybase(i))
2 (25)

where xbase(i) and ybase(i) are the three-dimensional coordinates of the i-th base station,
and dins

i (k) represents the geometric distance between the INS-estimated position at time k
and the i-th base station.

3.4.2. Two-Dimensional Distance Measured by UWB

If there is a difference between the heights of the vehicle-mounted antenna and the
base station antenna, the actual UWB ranging value should be corrected to obtain the
ranging value duwb

i (k) within the two-dimensional plane:

duwb
i (k) =

√
d2

i (k)− (h0 − zbase(i))
2 (26)

where di(k) is the actual ranging value of the i-th base station, and (h0 − zbase(i)) represents
the difference in height between the vehicle-mounted antenna and the base station antenna.

3.4.3. NLOS Judgment Statistics

Based on this, an NLOS discrimination statistic is constructed, and a discrimination
threshold is set:

∆di(k) = dins
i (k)− duwb

i (k) (27){
NLOS, |∆di(k)| > Td
LOS, |∆di(k)| ≤ Td

(28)

Here, relying on the INS state prediction, the NLOS discrimination threshold Td can
be set to 0.2m. If the threshold is exceeded, the ranging data from that base station will be
discarded. The UWB frequency used in this paper is 50 Hz, and based on the stability of
the INS autonomous estimation, even with drift errors, within the 0.02 s interval between
epochs, it is sufficient to maintain a state prediction accuracy within 0.2 m. As shown in
Figure 3, the ranging sequences of each base station before and after INS-assisted NLOS
gross error detection show that most NLOS jumps can be identified under the above
threshold limitation. Moreover, the ranging curve after excluding NLOS errors is smoother
and more in line with the motion pattern of the carrier. |∆di(k)| represents the comparison
between the measurement and state in the distance domain, and the introduction of INS
assistance helps to accurately identify small errors caused by overall system offsets.
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3.4.4. UWB Distance-Ranging Observation Equation

The ranging that satisfies the threshold is considered a reasonable measurement and
can be further passed to the estimator for measurement updates. According to the UWB
planar geometric ranging formula:

duwb
i (k) =

√
(x(k)− xbase(i))

2 + (y(k)− ybase(i)) (29)

where x(k) and y(k) are the coordinates to be solved. Based on the reliability of xins(k)
and yins(k), we use these INS coordinates as the initial point to linearize Equation (29)
as follows:

duwb
i (k) = d0

i (k) +
∂duwb

i (k)
∂x(k)

∣∣∣∣∣
xins(k)

·δx(k) +
∂duwb

i (k)
∂y(k)

∣∣∣∣∣
yins(k)

· δy(k) (30)

where δx(k) and δy(k) are the corrections for xins(k) and yins(k), respectively, and d0
i (k) is

the geometric distance between the INS and the base station. The linearization coefficients
in the above equation are:

mi(k) =
∂duwb

i (k)
∂x(k)

∣∣∣∣
xins(k)

= xins(k)−xbase(i)
d0

i (k)

ni(k) =
∂duwb

i (k)
∂y(k)

∣∣∣∣
yins(k)

= yins(k)−ybase(i)
d0

i (k)

(31)

If at time k, after eliminating NLOS errors, there are N available base stations remain-
ing, then the following measurement equation applies:duwb

1 (k)
...

duwb
N (k)

 =

m1(k) n1(k)
...

...
mN(k) nN(k)

·[δx(k)
δy(k)

]
+ v(k) (32)

Luwb = Huwb·δX (33)



Remote Sens. 2024, 16, 2108 12 of 22

Finally, through the measurement update of the Extended Kalman Filter (EKF),
the state correction can be solved, realizing UWB positioning with INS-assisted NLOS
error identification.

3.5. Judgment with DOPs

This study focuses on challenging environments where, for the GNSS, the presence
of trees and buildings can result in a limited number of satellites or undesirable satellite
configurations at each epoch. For UWB, due to the constraints of base station deployment
costs and actual site space, the configuration of base stations in narrow and long spatial
environments poses significant challenges. Both the GNSS satellite configuration and the
UWB base station configuration can affect positioning accuracy. To accurately assess these
configuration issues, this paper introduces the dilution of precision (DOP) factor, which
characterizes the correlation between ranging errors and positioning errors [35]. A smaller
DOP value indicates a lower amplification of ranging errors under the observation model,
resulting in higher system fault tolerance [36]. The following sections will separately
introduce how to evaluate DOP values and select appropriate thresholds before GNSS and
UWB multi-source fusion.

3.5.1. DOPs of GNSS

From the GNSS observation equation in Equations (9) and (10), we can obtain the co-
variance matrix Qgnss of the least-squares normal matrix. This matrix is a four-dimensional
symmetric matrix, where each element represents the accuracy of the positioning solution
and its related information [37]:

Qgnss =
(

Hgnss
THgnss

)−1
(34)

Qgnss =


σ2

x σxy σxz σxt
σxy σ2

y σyz σyt

σxz σyz σ2
z σzt

σxt σyt σzt σ2
t

 (35)

Based on comprehensive information, four common types of DOP values can be
obtained [38]: 

GDOP =
√

σ2
x + σ2

y + σ2
z + σ2

t

PDOP =
√

σ2
x + σ2

y + σ2
z

HDOP =
√

σ2
x + σ2

y

VDOP =
√

σ2
z

(36)

where the GDOP, PDOP, HDOP, and VDOP represent the geometric, positional, horizontal,
and vertical dilution of precision, respectively. To prevent unfavorable configurations from
having a negative impact on positioning accuracy, threshold values are set for these DOP
values as follows:{

Normal, (TGDOP < 1.8 ∧ TPDOP < 1.5 ∧ THDOP < 1.3 ∧ TVDOP < 1.0)
Abnormal, (others)

(37)

If the DOP value is less than the threshold, it is considered that the GNSS positioning
solution for that epoch is relatively reliable and can be passed on to the subsequent integra-
tion process. If the DOP value exceeds the threshold, the GNSS positioning solution for
that epoch will not participate in the integration of the combined navigation system.
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3.5.2. DOPs of UWB

From Equations (32) and (33), we can obtain the UWB observation equation. Similarly,
the covariance matrix Quwb of the UWB normal matrix is a two-dimensional symmetric
matrix [35]:

Quwb =
(

Huwb
THuwb

)−1
(38)

Quwb =

[
σ2

x σxy
σxy σ2

y

]
(39)

Without considering clock errors, the GDOP for UWB two-dimensional positioning
can be expressed as:

GDOP =
√

σ2
x + σ2

y (40)

Similarly, to prevent unreliable positioning results caused by undesirable base station
configurations, a threshold value is set for the GDOP:{

Normal, (TGDOP < 2.0 )
Abnormal, (others)

(41)

If the GDOP exceeds the threshold, the UWB positioning solution for that epoch will
not participate in the integration of the combined navigation system.

3.6. Measurement Update for Integrated Navigation

In the GNSS/UWB/INS semi-tightly integrated navigation architecture, the INS’s
position domain information is introduced into the measurement domains of the GNSS and
UWB, providing a reference benchmark for the quality control of their original data, and
thereby obtaining more reliable GNSS and UWB positioning results. The above belongs
to the work in the semi-tightly integrated measurement domain, which requires further
completion of the measurement update for the integrated navigation. Here, position error
form filtering is chosen, and the measurement equation Z = H·δX + v can be expressed as:

xins − xgnss
yins − ygnss
zins − zgnss

 =
[
HP,gnss(3×3) 03×3 03×3 03×3 03×3 03×3

]
·



δp3×1
δv3×1
δψ3×1
δgb3×1
δab3×1
δgs3×1
δas3×1


+ vgnss (42)

[
xins − xuwb
yins − yuwb

]
=

[
Hp,uwb(2×3) 02×3 02×3 02×3 02×3 02×3

]
·



δp3×1
δv3×1
δψ3×1
δgb3×1
δab3×1
δgs3×1
δas3×1


+ vuwb (43)

where δX =
[
δp3×1 δv3×1 δψ3×1 δgb3×1 δab3×1 δgs3×1 δas3×1

]T represents the cor-
rection of the INS state prediction, where the elements in each dimension are the three-
dimensional position, velocity, attitude, gyroscope bias, accelerometer bias, gyroscope scale,
and accelerometer scale, totaling 21 dimensions.
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In the observation matrix, the block matrix Hp related to the GNSS and UWB position
information is, respectively:

Hp,gnss =

1 0 0
0 1 0
0 0 1

, Hp,uwb =

[
1 0 0
0 1 0

]
(44)

For any given moment and positioning source, if the positioning is successful, the mea-
surement update will be performed using Equations (42) and (43); if the positioning fails or
malfunctions, the measurement update for that faulty positioning source will be discarded;
if both positioning sources are missing, then the combined navigation positioning result
for that moment will be the recursive state of the INS, and no measurement update will be
performed. This structure improves the adaptability of the integrated navigation system to
complex environments and maximizes the continuity and reliability of positioning, while
ensuring the stability and independence of each source.

4. Experiments and Analysis

To verify the effectiveness of the proposed semi-tightly integrated robust method, this
paper selected a narrow and long road in a densely populated dormitory area with closely
spaced buildings to collect measured data, mainly including GNSS observation data, INS
raw data, and ranging data from various UWB base stations. This section will introduce
the test experiment in detail and compare and analyze the experimental results.

4.1. Equipment and Experiments
4.1.1. Equipment and Experiments of GNSS

As shown in Figure 4, the GNSS test equipment and trajectory are presented. During
the test, the GNSS base station used was Unistrong, and the rover station used was Unicore
980, which is made by Unicore company, Beijing China; the reference benchmark utilized the
NovAtelSpan100C integrated navigation system, and the collected integrated navigation
data could be processed using forward and backward filtering in the IE (Inertial Explorer
8.9.6611) software platform to obtain the reference true value. The front antenna of the
vehicle-mounted GNSS used the Survey Antenna PM100, while the rear antenna employed
the multi-satellite and multi-frequency antenna SY-GNSS01, both installed on the roof of
the test vehicle. After passing through the power divider, the received signal data were
transmitted to the Unistrong 980 receiver and the NovAtelSpan100C receiver separately.
Before the actual vehicle test, the lever arm vector between the inertial center of the
NovAtelSpan100C and the GNSS rear antenna was measured to facilitate the conversion of
the reference true value coordinates to the GNSS antenna center during post-processing.

As shown in Figure 5 below, during the data collection of the GNSS, the selected road
sections include open sections, sections shaded by trees, sections blocked by buildings, etc.

• Under the open sky, the number and configuration of observable satellites vary. Ob-
viously, in an open sky environment, the number of satellites from the three satellite
systems remains relatively stable at each epoch, with the total number of available
satellites maintained at around 35 to 40, and the DOP values also remain within a
small range, with minimal fluctuations. Therefore, under an open sky environment,
the satellite signal quality is high, and it is expected to produce stable and reliable
GNSS positioning results.

• Under tree occlusion, the number of available satellites at each epoch decreases, and
the total number of available satellites and DOP values fluctuate significantly, with
some epochs even having GDOP values close to 2.0. Hence, in a shaded environment,
the satellite signal is unstable, which may affect positioning accuracy.

• Under building occlusion, the number of satellites at each epoch decreases significantly.
Unlike the shaded environment, in this scenario, the changes in the number of satellites
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and DOP values at each epoch fluctuate less. For this road section, it is necessary to
find other positioning sources to compensate for positioning accuracy.
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In summary, the satellite signal quality differs significantly under different sky con-
ditions. To ensure the reliability of GNSS positioning results for subsequent multi-source
fusion, it is necessary to evaluate the DOP values before the fusion process.

4.1.2. Equipment and Experiments of INS

Shown in Figure 6 is a schematic diagram of the INS test equipment and the installation
lever arm. The INS data come from three integrated navigation devices: INS-D, Bynav, and
NPOS. Since the test vehicle equipment includes roof antennas (primary A1 and secondary
A2), satellite receivers, integrated navigation devices INS-D (I1), Bynav (I2), NPOS (I3), and
the high-precision integrated navigation device 100C (I0), there is a lever arm effect during
installation. For subsequent calculation experiments, the experimental data of INS-D will
be used as an example, as the output data frequency of this device is 50 Hz.
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4.1.3. Equipment and Experiments of UWB

Figure 7 depicts the UWB test-related equipment and the distribution of base stations.
To create a typical NLOS environment, this experiment was conducted in a dormitory
area with high pedestrian traffic and cluttered with various objects. Nine UWB base
stations were deployed on both sides of a road with a length of 140 m and a width of 6 m.
These base stations were set at a consistent height, equivalent to the height of the UWB
antenna mounted on the roof of the car. During the test, the nine base stations used the
elongated antenna LinkTrack PS-B (with corresponding labels 2, 4, 6, 8, 12, 13, 14, 15, 16),
and the positioning terminal tags used were LinkTrack P-BC. The ranging frequency was
set at 50 Hz, and a CTI RTK instrument was used beforehand to perform high-precision
positioning for each UWB base station.
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To verify the rationality of the above UWB deployment configuration, as shown in
Figure 8, is a GDOP value distribution map of the UWB test section. In this long and
narrow section, limited by the number of UWB base stations and the deployment site, after
comprehensive consideration of various factors, the above nine UWB base stations were
finally deployed according to the triangular model, as much as possible. In this test section,
the GDOP values formed by the nine base stations are mostly around 1.0, and the extreme
values of GDOP often appear on the two shorter sides of the triangular model of the base
stations, with their extreme values basically around 1.5. Overall, within the envelope space
of the nine base stations mentioned above, the GDOP values are all less than 2.0, which
meets the basic requirements for UWB positioning. However, outside the envelope space
of the base stations, there are GDOP values greater than 2.0, even close to 3.0. Therefore, in
the subsequent multi-source fusion system, it should be judged whether the current GDOP
meets the requirements before updating the UWB measurements.
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4.2. Results and Analysis

This article verifies the robustness and continuity of the GNSS/UWB/INS positioning
system based on semi-tightly integrated robust estimation through post-processing. Based
on the aforementioned theoretical research and experimental data collection, we compare
the robust effects of the INS on GNSS and UWB positioning in semi-tightly integrated
systems, as well as the advantages of multi-source integrated navigation in achieving
continuous positioning under complex environments. In Table 1 below, a comparison of
positioning accuracy between the proposed semi-tightly integrated robust model and the
traditional loosely integrated model on the test road section is presented:

Table 1. Statistical accuracy comparison of different models.

RMS GNSS 1 GNSS/INS
LC Robust

GNSS/INS
STC Robust UWB 2 UWB/INS

LC Robust
UWB/INS

STC Robust
GNSS/UWB/INS

STC Robust

E/m 2.94 1.51 0.95 1.69 0.83 0.33 0.42
N/m 2.26 1.30 0.70 1.66 0.61 0.40 0.55
U/m 5.64 4.44 3.21 -- -- -- 3.20

1 The GNSSs mentioned in this table all refer to the RTD algorithm. 2 The UWBs involved in this table all refer to
two-dimensional plane positioning.

4.2.1. STC Robust Performance of GNSS/INS

Figure 9 depicts the error sequence of the GNSS/INS semi-tightly integrated posi-
tioning and RTD algorithm for GNSS positioning on the road segment shown in Figure 2.
Additionally, a comparison is made with the error sequence of the GNSS single-positioning-
source robust estimation, covering a duration of 92.5 min.
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With the assistance of the INS, gross errors beyond 3 m can be stably identified,
improving the reliability of positioning and enhancing the continuity of positioning to a
certain extent. Similarly, the INS accumulates errors of nearly 1 s before updating GNSS
measurements, and the accuracy of the introduced position information xins, yins, zins is
between 1 m and 2 m. Therefore, the error range identified during pseudorange gross
error detection should also be in the meter range, and there is no direct contribution to
gross errors outside the accuracy range of INS dead reckoning results. The significance
of introducing INS position domain information here is to ensure that the accuracy of the
integrated navigation system remains stable within the accuracy range of system state
prediction. This fusion strategy not only reduces the impact of gross errors on the GNSS
measurements but also ensures the stability and reliability of the INS recursive main line.

4.2.2. STC Robust Performance of UWB/INS

Figure 10 depicts the positioning error sequences in the E and N planes of the
UWB/INS semi-tightly integrated positioning and the UWB single positioning source
on the road segment where UWB base stations are deployed. Additionally, a comparison is
made with the error sequence of the UWB/INS loosely integrated system. The duration of
the test on this road segment is 340 s.

The road segment experienced three scenarios in total: a normal UWB signal area, a
UWB signal blind area, and a UWB/INS integrated navigation recovery area:

• First, the normal zone. The positioning error of the UWB/INS semi-tightly integrated
system is stably smaller than that of the loosely integrated system, while the UWB
single positioning source often exhibits meter-level positioning jumps in this area.

• Second, the signal dead zone. Due to the insufficient number of available base stations,
positioning cannot be achieved solely relying on UWB, while the INS can provide
inertial dead reckoning. Therefore, in the green region of the graph, UWB/INS
integrated positioning does not experience interruption until the UWB signal recovers
after 85 s, during which time the integrated navigation system accumulates a total
drift error of 20 m.

• Third, the recovery zone. The INS drift error is corrected under the measurement
update of the UWB, allowing the filter’s state to gradually return to normal accuracy.
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It is worth noting that, since the semi-tightly integrated system provides INS position
domain information, it prevents excessive elimination from causing UWB positioning
failures. Therefore, under the semi-tightly integrated structure, the INS enters the drift
state later, which in a sense verifies the role and effectiveness of tightly integrated
navigation in maintaining positioning continuity.
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4.2.3. STC Performance of GNSS/UWB/INS Integrated System

As shown in Figure 11, a comparison of the error sequences for GNSS/INS integrated
positioning, UWB/INS integrated positioning, and GNSS/UWB/INS integrated position-
ing is presented for the road segment with UWB base stations deployed. This road segment
has a complex sky environment with many ground disturbances, and the duration of the
test is 340 s.
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Similarly, the road segment can be divided into two scenarios: a UWB signal normal
reception area and a UWB signal blind area:

• Firstly, the UWB signal normal zone. Due to severe building obstruction of the sky, the
positioning accuracy of UWB/INS is significantly higher than that of GNSS/INS. There-
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fore, compared to GNSS/INS, the combined positioning accuracy of GNSS/UWB/INS
is greatly improved.

• Secondly, the UWB signal dead zone. UWB cannot provide positioning, but relying on
the positioning results of the GNSS, the combined navigation system can still achieve
stable and continuous output. At this time, the positioning error of GNSS/UWB/INS
is basically the same as that of GNSS/INS.

• Therefore, compared to the GNSS/INS and UWB/INS combined systems, the GNSS/
UWB/INS positioning system designed in this paper can cope with dynamic and
variable environments, achieving continuous and reliable positioning in challenging
environments with both sky and ground obstructions.

As shown in Figure 12 below, a comparison of the positioning trajectories of GNSS/INS
and GNSS/UWB/INS reveals that in the road segment with UWB base stations deployed,
the positioning trajectory of GNSS/UWB/INS is more aligned with the true value. How-
ever, in the UWB signal blind area, the positioning trajectories of GNSS/UWB/INS and
GINS largely overlap. This further verifies the superiority of this combined model in
practical positioning applications.
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5. Discussion

Based on the experimental results, the proposed semi-tightly coupled robust estimation
method for GNSS/UWB/INS has played a significant role in quality control, mainly
reflected in three aspects: identifying gross errors in observational data, suppressing the
impact of gross errors on the estimator, and ensuring continuous and reliable results from
the integrated positioning.

• Firstly, in terms of identifying gross errors, refer to Sections 3.3 and 3.4. Due to the
introduction of INS position domain information, it provides an a priori reference
for the smaller-dimensional observations in challenging environments, enabling the
identification of unacceptable gross errors within the accuracy range of the INS without
causing systematic bias. Compared to the loosely coupled robust methods of similar
complexity, this is a remarkable improvement.

• Secondly, in terms of suppressing gross errors, refer to Sections 3.3.4 and 3.4.3. This
paper, considering the differences in observation characteristics between the GNSS
and UWB, employs the IGG III weighting degradation method based on resilience
factors for GNSS pseudorange gross errors, and a threshold elimination method for
UWB ranging NLOS gross errors. This can minimize the impact of gross errors on the
system, while reducing information loss as much as possible.

• Finally, in terms of continuous and reliable positioning, refer to Section 4.2.3. This
paper focuses on the challenges of reliability in complex sky–ground environments for
GNSS and UWB positioning. A fusion framework based on DOP value judgments is
proposed, which can achieve a complementary accuracy between the GNSS and UWB
in dynamic and changing environments, while ensuring reliable positioning results.
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6. Conclusions

In summary, this paper proposes a GNSS/UWB/INS integrated navigation and posi-
tioning method based on a semi-tightly coupled robust model. It fully utilizes the position
domain information of the INS to provide an a priori reference for the robustness of the
original measurement data from the GNSS and UWB, especially in complex sky and ground
environments. When the number of available satellites and UWB base stations is insuffi-
cient to easily identify the overall offset of system errors, this semi-tightly coupled structure
can ensure that the positioning system does not experience unexpected jumps. Additionally,
this paper fully considers the differences in the number of observations between the GNSS
and UWB and employs different methods when introducing the positional constraints
of the INS. Experimental results demonstrate that, compared to the internal robustness
of a single positioning source and loosely coupled robustness, the proposed semi-tightly
coupled robust method makes the positioning structure more reliable and smooth, enabling
reliable and continuous positioning in complex and variable scenarios.

However, due to limitations in testing conditions, this study has two limitations.
Firstly, GNSS positioning only considers inter-satellite differential positioning algorithms.
Secondly, UWB only achieves two-dimensional planar positioning. Future work will
improve the testing experiments and thoroughly investigate the advantages of this semi-
tightly coupled structure under different algorithms.
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