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Abstract: The safe operation of unmanned ground vehicles (UGVs) demands fundamental
and essential requirements for continuous and reliable positioning performance. Tradi-
tional coupled navigation systems, combining the global navigation satellite system (GNSS)
with an inertial navigation system (INS), provide continuous, drift-free position estimation.
However, challenges like GNSS signal interference and blockage in complex scenarios can
significantly degrade system performance. Moreover, ultra-wideband (UWB) technology,
known for its high precision, is increasingly used as a complementary system to the GNSS.
To tackle these challenges, this paper proposes a novel tightly coupled INS/UWB/GNSS-
RTK integrated positioning system framework, leveraging a variational Bayesian adaptive
Kalman filter based on the maximum mixture correntropy criterion. This framework is
introduced to provide a high-precision and robust navigation solution. By incorporating the
maximum mixture correntropy criterion, the system effectively mitigates interference from
anomalous measurements. Simultaneously, variational Bayesian estimation is employed
to adaptively adjust noise statistical characteristics, thereby enhancing the robustness and
accuracy of the integrated system’s state estimation. Furthermore, sensor measurements are
tightly integrated with the inertial measurement unit (IMU), facilitating precise positioning
even in the presence of interference from multiple signal sources. A series of real-world and
simulation experiments were carried out on a UGV to assess the proposed approach’s per-
formance. Experimental results demonstrate that the approach provides superior accuracy
and stability in integrated system state estimation, significantly mitigating position drift
error caused by uncertainty-induced disturbances. In the presence of non-Gaussian noise
disturbances introduced by anomalous measurements, the proposed approach effectively
implements error control, demonstrating substantial advantages in positioning accuracy
and robustness.

Keywords: maximum mixture correntropy criterion; variational Bayesian; tightly coupled
integration; inertial navigation system (INS)/ultra-wideband (UWB)/global navigation
satellite system real-time kinematic (GNSS-RTK); multi-sensor fusion

1. Introduction

Accurate and reliable location-based services are essential components of emerging
applications such as intelligent transportation systems (ITSs) and the internet of things
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(IoT) [1,2]. Furthermore, unmanned ground vehicles (UGVs) are extensively employed
in both civilian and military applications, such as smart warehousing [3] and emergency
rescue [4], owing to their low cost, mobility, and high adaptability. These widespread appli-
cations necessitate precise and reliable position estimation, thereby significantly driving the
rapid growth in demand for advanced navigation solutions. To accomplish this objective,
significant attention has been focused on the integration of multi-source heterogeneous
sensors within UGVs. This approach exploits their complementary characteristics and
enhances the capability for reliable navigation across various scenarios, particularly in light
of the inherent limitations associated with individual sensors [5].

Specifically, the global navigation satellite system (GNSS) delivers global, continuous,
and all-weather positioning services, meeting the demands of autonomous navigation
systems over large-scale areas. Concurrently, GNSS real-time kinematic (RTK) technology
offers centimeter-level precision with rapid convergence in real time, and has increasingly
become a critical component in UGV applications [6]. However, in complex scenarios
such as urban canyons, underground spaces, or indoor-outdoor transition zones, GNSS
positioning performance degrades due to satellite signal blockage or denial. The integration
of an inertial navigation system (INS) with the GNSS enhances the device’s positioning
capabilities. An INS can deliver high-frequency pose prediction between consecutive time
instances, thereby enhancing GNSS reliability and enabling continuous position estimation.
Unfortunately, when GNSS signals lose lock, the accuracy of reliable position solution is
constrained. Specifically, the integration of a low-cost micro-electronic-mechanical-system
(MEMS) inertial measurement unit (IMU) into GNSS processing leads to rapid accumulation
of IMU errors. To address this challenge, it is essential to incorporate additional redundant
measurements from other sensors in complex scenarios where GNSS measurements are
sparse, in order to mitigate or alleviate position errors.

Recently, the extensive adoption of ultra-wideband (UWB) technology in wireless
communication has positioned it as a highly attractive complementary solution to GNSS
signals. Compared to other wireless communication technologies, UWB technology has
gained traction in smart terminals (e.g., Xiaomi and iPhone) due to its high-precision
ranging capabilities and moderate cost. UWB, functioning as a carrierless spread-spectrum
communication technology, employs non-sinusoidal narrow pulse signals with nanosecond
period for data transmission. UWB-based ranging technology provides several advantages,
such as low power consumption, high temporal resolution, robust anti-interference capabil-
ities, and effective penetration characteristics. These characteristics ensure centimeter-level
ranging accuracy in complex scenarios, thereby delivering superior positioning perfor-
mance [7]. The integration of a UWB-assisted GNSS/INS combined navigation system
provides redundant measurements that enhance the continuity and reliability of position-
ing accuracy. This approach facilitates seamless and continuous positioning in complex
environments, such as indoor and outdoor overlapping areas, as evidenced by relevant
research [8]. In scenarios with limited GNSS availability, deploying UWB anchor nodes can
substantially enhance system positioning performance. Specifically, when UWB ranging
is both available and reliable, it serves to calibrate IMU drift errors, thereby improving
overall positioning accuracy. Zhang et al. [9] proposed a UWB/INS loosely coupled (LC)
algorithm that fuses the joint state particle filter based on UWB distance measurement
with the INS-based zero-speed update algorithm, resulting in higher accuracy and better
adaptability. Li et al. [10] introduced a UWB/INS tightly coupled (TC) integrated method
that combines a ranging offset calibration model with an enhanced robust cubature Kalman
filter, effectively reducing the influence of UWB ranging offsets, NLOS errors, and lineariza-
tion errors, thereby ensuring precise positioning and attitude estimation. In comparison
to LC mode, the TC integrated system generally provides notable advantages in terms of
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continuous, reliable positioning and improved information utilization, making them more
suitable for positioning applications in complex environments.

Kalman filter (KF)-based parameter estimation constitutes a fundamental component
of the integrated system. The application of an optimal and robust estimator to the dynamic
system’s state estimation can significantly enhance overall system accuracy. The extended
Kalman filter (EKF) is extensively used in various applications, with its fundamental prin-
ciple being the linearization of nonlinear systems through Taylor series expansion, while
simultaneously integrating information within the KF framework. However, the optimality
of state estimation can be compromised if there is insufficient quality characterization of the
estimator, particularly if there is bias in the prior knowledge regarding the noise covariance
properties. To resolve this, an adaptive Kalman filter (AKF) is introduced, which adaptively
adjusts the estimation strategy by modifying the noise covariance matrices and correcting
the Kalman gain. This approach effectively tackles inaccuracies and time-varying character-
istics in noise statistics. Han et al. [11] proposed an adaptive estimation approach utilizing
Sage-Husa AKF (SHAKF) to address measurement noise. However, SHAKEF is suscepti-
ble to inaccuracies in estimation noise parameters, which can result in filter divergence.
Chen et al. [12] integrated the fading factor into the Kalman filtering framework (FAKF) and
applied it to a GNSS/INS combined navigation system to evaluate positioning performance.
However, the computational process is relatively cumbersome, as it requires adjusting the
predicted error covariance matrix to diminish the weight of measurements from the current
epoch. Gao et al. [13] introduced the innovation-based AKF (IAKF) for UWB positioning in
unmanned vehicles. Unfortunately, the prerequisite for achieving accurate state estimates
with IAKEF is the utilization of a relatively large sliding window to ensure reliable estima-
tion of the measurement noise covariance matrix, which diminishes its applicability for
rapidly changing measurement noise statistics. Furthermore, the integration of variational
Bayesian (VB) estimation into the Kalman filtering framework facilitates accurate estimation
of unknown time-varying noise statistics. Huang et al. [14] developed a novel variational
Bayesian AKF (VBAKEF) to tackle the challenges associated with inaccurate measurement
noise and predicted error covariance matrices through variational recursion estimation.
Moreover, VBAKF has garnered significant attention for its straightforward implementation
and exceptional usefulness in engineering applications. However, the aforementioned AKF
exhibits limited robustness against anomalous measurements. When an integrated system
encounters anomalous measurements from a specific sensor, it can result in a mismatch
between the noise statistical characteristics and prior knowledge, thereby degrading or
causing divergence in the accuracy of the coupled system’s positioning. Consequently,
researchers have developed various robust filtering techniques to address this issue, such
as Huber-based KF and maximum correntropy criterion-based KF (MCCKF). Xu et al. [15]
introduced a novel Huber M-estimation Kalman filter to address non-Gaussian noise result-
ing from outliers, with the objective of achieving optimal estimation. However, the efficacy
of the Huber cost function diminishes in the presence of large outliers, which negatively
affects estimation accuracy. Liu et al. [16] introduced a fault detection approach using
autocorrentropy, employing the maximum correntropy criterion (MCC) as an objective
function to mitigate the effect of outliers. Nevertheless, the selection of kernel bandwidth
in the MCCKEF presents a significant challenge to filtering performance. In conclusion,
choosing an appropriate kernel bandwidth is essential for ensuring both filtering accuracy
and computational efficiency.

Based upon the above, the principal contributions of this paper are highlighted:

(1) A TCINS/UWB/GNSS-RTK integrated positioning system framework is proposed,
which integrates raw IMU, UWB, and GNSS measurements at the raw measurement
level, significantly improving the information utilization of the proposed system.
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Furthermore, the integration of the height constraint model further enhances the
performance of the system, rendering it an effective solution for seamless positioning
in indoor—outdoor transition scenarios.

(2) A VBAKEF based on the maximum mixture correntropy criterion (MMCC) is proposed,
designed to fully exploit the potential of position estimation performance in the
integrated system. The proposed approach utilizes VB estimation to adaptively
adjust the unknown time-varying predicted error associated with measurement noise
covariance matrices. Furthermore, it incorporates with the MMCC to enhance the
system’s robustness and applicability under the condition of sensor anomalies.

(8) The performance of the proposed method is validated through real-world and sim-
ulation experiments, accompanied by a comprehensive discussion and analysis of
the experimental results. In addition, a detailed comparison of positioning accuracy
against other algorithms is performed.

The organization of this paper is outlined as follows. Section 2 provides comprehen-
sive reviews of the mathematical models related to the sensors, specifically focusing on
the INS error model, the UWB measurement model, and the GNSS-RTK measurement
model. The detailed description of the proposed TC INS/UWB/GNSS-RTK integrated
positioning system is introduced in Section 3. Subsequently, Section 4 introduces a VBAKF
that integrates the MMCC for state estimation in the integrated system. Simultaneously, an
overview of the proposed system and its processing flow are shown. In Section 5, we con-
duct a series of real-world and simulation experiments designed to validate the approach
proposed above. The experimental findings are discussed, with a particular emphasis on
comparisons with other algorithms. Finally, Section 6 presents the conclusions.

2. Sensor Model
2.1. INS Error Model

The INS serves as a highly reliable independent navigation system, offering an au-
tonomous navigation and positioning solution without reliance on external information or
interaction with the surrounding environment [17]. Simultaneously, the primary source
of errors in the INS stems from the core sensor unit, the IMU. A standard IMU typically
contains three-axis accelerometers and three-axis gyroscopes, which are employed to mea-
sure the object’s specific force and angular velocity, to which the IMU is rigidly mounted at
high sampling rates. Through the integration of the measured values, the object’s attitude,
position, and velocity is derivable, thereby enabling the navigation state and corresponding
covariance matrix propagation [18]. Specifically, the raw measurements obtained from the
IMU can be characterized as

@Y = wl + by +eg 1)
F=f 4+b,+e )

where G)f’b and w?b denote the measured associated with true angular velocity in the body

coordinate system (b-frame), respectively. Af%] and f” denote the measured and true specific
force. by and b, denote the gyroscope’s and accelerometer’s bias instability, which can
generally be modeled as a first-order Gaussian-Markov process [19]. ¢ and ¢, represent the
measurement noise related to the gyroscope and accelerometer, which is modeled as zero-
mean Gaussian white noise. The partial derivatives of the gyroscope and accelerometer
biases can be formulated as ' 1

b, = —;bg—i-sbg 3)
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. 1
bﬂ = —;ba —+ Sba (4)

where Bg and b, represent the time derivatives of the biases associated with the gyroscope
and accelerometer, respectively. T denotes the correlation time. ¢}, and ¢p, represent the
corresponding random white noise.

The INS state propagation process is facilitated via mechanization, transforming the
raw IMU measurements from the gyroscope and accelerometer mounted on the object
from the b-frame to the desired navigation coordinate system. This conversion is essential
for performing integration operation that update the object’s position, velocity, and atti-
tude [20]. Thus, the error dynamics equations of the INS in the local navigation coordinate
system (n-frame), based on the Psi-angle error model [21], can be expressed as

or —wp, x or't 4 ov"
V' | = | = (2wl + wl,) x V" + CIf’ x 0 + Cpr ot 5)
0 —(wl 4+ wp,) x 0 —Créwh

where 07", §v", and 0 denote the position, velocity, and attitude errors in the n-frame,
respectively. 87", &v", and 6 denote the corresponding derivatives. w}, represents the
angular velocity of the n-frame with respect to the earth-centered earth-fixed (ECEF) frame
(e-frame), projected within the n-frame. wj, represents the angular velocity of the n-frame
with respect to the inertial coordinate system (i-frame), projected within the n-frame, which
corresponds to the earth’s rotational angular velocity. C; denotes the direction cosine
matrix (DCM) for transforming the b-frame into the n-frame. The symbol ( x ) indicates the
cross-product operation. £ indicates the accelerometer outputs within the b-frame. £’ and
S wf’b indicate the summation errors associated with the accelerometer’s and gyroscope’s
outputs, respectively [22], which can be mathematically formulated:

where ¢, and ¢, denote the measurement noise associated with the accelerometer and
gyroscope, respectively.

2.2. UWB Measurement Model

UWB technology, recognized as a form of broadband wireless communication, em-
ploys nanosecond-level non-sinusoidal narrow pulse signals for data transmission [23]. The
implementation of nanosecond-level time resolution for inter-device clock synchronization
allows for accurate measurement of time of flight (TOF) between two devices, thereby
enabling precise estimation of the distance between them. Additionally, the Cramer—Rao
lower bound (CRLB) for TOF measurement estimation is inversely related to the effec-
tive signal bandwidth squared [24]. Therefore, UWB technology delivers high-precision
ranging measurements.

UWRB positioning techniques primarily encompass several methods, such as time of
arrival (TOA) [25], time difference of arrival (TDOA) [26], angle of arrival (AOA) [27], and
received signal strength indicator (RSSI) [28]. Notably, the TOA and TDOA methods im-
pose stringent requirements on the clock synchronization between anchor nodes, which is
critical for accurate ranging estimation. Furthermore, the AOA method requires that anchor
nodes be equipped with multiple receiving antennas, significantly increasing hardware
complexity and thereby constraining its practical applicability in various scenarios. To
mitigate the challenges associated with clock synchronization between anchor nodes, the
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two-way ranging (TWR) method emphasizes the measurement of time intervals instead of
absolute time stamps. This approach significantly reduces the dependence on precise clock
synchronization, enhancing the method’s robustness and applicability. Furthermore, the
IEEE 802.15.4/4z amendment introduces advanced TWR techniques [29], including single-
sided two-way ranging (SS-TWR) [30] and double-sided two-way ranging (DS-TWR) [31],
which are designed to improve the robustness and precision of UWB technology. The
first method estimates TOF by exchanging two data packets between anchor nodes, re-
sulting in low latency but limited accuracy. In contrast, the second method enhances
ranging accuracy by incorporating additional data packet exchanges, thereby mitigating
the impact of clock drift. This improvement comes at the cost of increased latency but
yields significantly higher precision. In this study, the DS-TWR method is utilized for UWB
ranging. Figure 1 depicts the message exchange process involved in the DS-TWR.

T;oundA
) T;cplyA
Device A
. A
Ranging Time axis
marker
Device B
Time axis
TOF TOF
Y;eplyﬁ 7—;’()l/mcfr’B

Figure 1. Message exchange process in the DS-TWR.

The derivation of the DS-TWR ranging calculation is presented:

(1) Node A transmits a request message to node B while recording the transmission
timestamp Ty (referred to as the ranging marker).

(2) Node B receives the request message and records the corresponding reception times-
tamp T;. Concurrently, node B sends a response message to node A while recording
its transmission timestamp T;. The time interval between the recorded T; and T at
node B is denoted as Ty pjy -

(8) Node A receives the response message and records the corresponding reception times-
tamp T3. The time interval between the recorded Ty and T3 at node A is represented as
TroundA- Subsequently, node A transmits a termination message to node B and records
the associated transmission timestamp Ty. The time interval between T3 and Ty is
denoted as Tyepiya-

(4) Node B receives the termination message and records the corresponding reception
timestamp T5. The time interval between T, and T5 is represented as T,,45-

Thus, the TOF Tp between node A and node B can be derived, calculated as follows:

Trounda X Trounds — TreplyA X TreplyB
Trounda + TreplyA + Troundp + TreplyB

(8)

Tp:

Then, the ranging measurement d between node A and node B can be expressed as

where c is the speed of light.
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After acquiring the DS-TWR measurements, a UWB positioning system typically relies
on pre-defined anchor nodes with known locations and estimated ranging measurements
to determine the unknown tag’s position. Figure 2 depicts the schematic diagram for the
multilateration positioning method to determine the tag’s position.

(xl»J’le)

(-

1

(x,.2)
((i% d, N

(xzayzazz)

Figure 2. Schematic diagram of multilateration positioning.

The relationship between the anchor nodes and the tag can be formulated as

n=y@ -2+ -9 (-2

=07+ (12— )+ (22— 2)°

(10)

= (= 2 (v -y o+ (o - 2)?

where (x,y,z) denotes the unknown position of the tag. (x;,y;,z;)(I =1,2,---,L) repre-
sents the known coordinate pertaining to the I-th anchor node. (I = 1,2, - - , L) denotes
the ranging measurement of the tag relative to the I-th anchor node.

Taking into account the noise introduced during UWB signal propagation and mea-
surement, the measurement model between the anchor nodes and the tag is established:

rn=d +eg (11)

where d represents the ground truth value of the distance between the /-th anchor node
and the tag. ¢; denotes the corresponding measurement noise.

2.3. GNSS-RTK Measurement Model

Raw GNSS measurements consist of several key components, including code pseu-
dorange, carrier phase, signal-to-noise ratio (SNR), and particularly, the undifferenced
pseudorange and carrier phase incorporate parameters such as the receiver’s position,
clock offset, and diverse error terms [32]. Therefore, the undifferenced measurement
equations [33] are written as

P=p+c(dty —dt’) +1+T+ep (12)

L=p+c(dt, —dt’) —I+T+AN+eL (13)

where P denotes the code pseudorange measurements. p indicates the geometric range
separating the satellite s form receiver. dt, and dt°® represent the clock offset of the receiver
and satellite, respectively. I indicates the ionospheric delay error. T is the tropospheric delay
error. L represents the carrier phase measurements. A; denotes the carrier wavelength
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of frequency f. N represents the carrier phase integer ambiguity. ep and er represent the
measurement noise associated with pseudorange and carrier phase.

For effective GNSS-RTK processing, it is essential to have reference stations with
accurately known locations as a prerequisite. The single difference (SD) measurement
equations for the rover and reference receivers [34] can be expressed as

P;,br = er +c (dtbr - dt},br) + IZr + TZr + Si’,br (14)

Lj",br = pir t+c (dtbr - dtj’,br) - Zr + TZV + /\fNj",br + gi,br (15)

where (-),, = (1), — ().

The fundamental concept of GNSS-RTK involves performing double difference (DD)
operation on the measurements between the satellite and the receiver, thereby eliminating
or significantly mitigating most errors [35]. It is noteworthy that for short- and medium-
baseline (below 30 km) RTK, the clock offset and atmospheric delays in the DD measure-
ment equation can be considered negligible [36]. In this case, the parameters requiring
estimation in the DD measurement equation include the integer ambiguity and rover
position. Therefore, the single-epoch DD measurement equations for GNSS-RTK [37] are

modeled as
AVPY, = AV, +AVey, (16)
$i8 S;iS S8 SiS
AVLf,b, = Afo,b, + )\fAVNf’b, + AVEL/br (17)

where AV is the DD operator. sy denotes the reference satellite. AVPj}ir represents the code

pseudorange DD measurements. AVLj}Z . denotes the carrier phase DD measurements.

Aij,",sb , indicates the DD geometric range with respect to the receiver and satellite. AVN;’; .

denotes the DD integer ambiguity. AVsijfb . and AVsifb . represent the DD pseudorange
and carrier phase measurement noise, respectively.

3. Theoretical Analysis of TC INS/UWB/GNSS-RTK Integrated
Positioning Model

3.1. State Model

In this study, a TC INS/UWB/GNSS-RTK integrated positioning system is proposed
to address the challenging task of seamless indoor and outdoor positioning for low-cost
UGVs. The INS drives the mechanization process and is utilized to propagate the integrated
system state vector, while single-epoch GNSS and UWB measurements are employed to
correct the INS drift errors [38]. The raw GNSS measurements, including code and carrier
phase pseudoranges, are utilized in GNSS-RTK to mitigate the impact of most error sources,
such as ionospheric and tropospheric delay errors. Thus, the integrated system state vector
contains not only the parameters of the INS error model but also the relevant parameters
of the GNSS-RTK model. Meanwhile, the UWB measurement model’s state information
is incorporated into the INS error model. The coupled system’s state vector comprises
two components: the INS and GNSS states, which can be represented as

T
xsys = [Xij;ls xgnss] (18)
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xgnss:[(AVN)Trw (20)

Furthermore, to unify the reference points of different sensor units, the position errors
of the GNSS and UWB sensors are uniformly transformed into IMU position errors based
on extrinsic perturbation, thereby mitigating the impact of the lever-arm effect.

In practical applications, this is typically modeled as a linear continuous-time stochas-
tic system [39], which can be expressed as

X(t) = F(t)X(t) + W(t) 1)

where F(t) indicates the time-varying state transition matrix. X(t) denotes the continuous-
time system state vector. W(t) represents the stochastic system noise.
By combining the Equations (3)—(7), F(t) can be propagated, and expressed as

—wy, X I3x3 03x3 03x3 O3x3  Osxg
O3x3 —(Zwlf;—i— wZn)x Cgfbx O3x3 CZ 0355
F(t) = 83x3 g3><3 —(w’fBJr w},) x —1(13? 83x3 83><] 22)
3x3 3x3 3x3 —T43x3 3x3 3x]
03x3 03x3 03x3 O3x3 —1l3x3 O3y
| Ojx3 Oyx3 Oyx3 Oyx3 Orx3 Oyxy

where ] is the number of DD integer ambiguity.
In the integrated system state estimation, Equation (21) is discretized utilizing lin-
earization theory [40]:
Xk = Py 1Xk-1 + Wik-1 (23)

where x;. € R" indicates the coupled system’s discretized state vector. wy_; denotes
the linear transformation of W(t), with the covariance matrix given by Qg1 [7]. ®yji—1
indicates the discretized state transition matrix [41]:

Py i1 = exp(F(t)-At) ~ I + F(t)-At (24)
where At indicates the time interval, determined by the IMU output rate.

3.2. Measurement Model

In the TC INS/UWB/GNSS-RTK integrated positioning system, the measurement
model consists of the DD measurement between the raw GNSS measurements and the zero-
order term in the linearized INS-predicted distances, as well as the difference measurement
between the UWB measurements and INS-predicted distances. Thus, the measurement
model for the integrated system can be represented as

zic = Hioxe + vie (25)
where z, € R™ denotes the measurements of the integrated system, which can be described as

AVP — AV ;s
7 = |AVL — AVp;,s (26)
¥ —Tips
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where p;,,; represents linearized zero-order term of the INS inertial propagation. r;,; denotes
the distance predicted by the INS.
Hy indicates the measurement design matrix, which can be described as

AVy Ojxs Ojxs Ojxa Ojxa Opxg
Hy = [AVy O3 Ojxs Oz Opxs Aflpyg 27)

g Orxs Opxs Opxs Opxs  Opyg

where y represents the direction cosine vector connecting all received GNSS satellites to the
receiver. g indicates the direction cosine vector from the UWB tag to each anchor node. It is
noteworthy that the lever-arm errors connecting the IMU to UWB and GNSS have been
corrected to alleviate the effect of extrinsic perturbation.

Additionally, vy denotes the measurement noise, assumed to have zero-mean and a
covariance matrix Ry [42].

It is evident that the integrated system effectively achieves tight coupling of all the
raw measurements from GNSS and UWB sensors in an equivalent manner. Simultaneously,
in practical applications, the raw measurements from different sensors are point-to-point,
fully utilizing all available effective measurements from various terminals to improve the
overall interference resistance of the integrated system [43]. Furthermore, a large amount
of redundant measurements are synchronized and fused at the same epoch, enabling the
integrated system to more effectively handle anomalous measurements and sensor failures.

3.3. Height Constraint-Aided Model

To improve the coupled system’s performance, a non-holonomic constraint (NHC)
model of the carrier is incorporated into the filtering process of the system state estimation.
Specifically, NHC-assisted conditions are commonly referred to as pseudo-observations [44].
In the context of wheeled vehicles operating on land vehicle applications, the follow-
ing primary assumptions can be employed to establish the NHC-assisted conditions for
wheeled vehicles:

(i) When wheeled vehicles drive on flat surfaces, they maintain close contact with the
ground while moving forward, without any instances of experiencing jump or sideslip
within a specified time period [45].

(ii) When vehicles drive in relatively flat regions, the changes in road surface terrain over a
given period remain nearly at the same elevation, with only minor variation in height [46].

Thus, for the physical motion characteristics of wheeled vehicles in suitable scenarios,
prior constraints on height variation can be applied to restrict the height estimation drift.
In this study, we utilize a UGV as the mobile platform for a multi-sensor suite. The height
constraint model incorporates external height information (typically measured by a sensor
such as barometer) as a reference to constrain the estimated height of the UGV, thereby
enhancing the estimation accuracy of the integrated system. Simultaneously, integrating
the height constraint model can facilitate the mitigation of inaccuracies in height estimation
resulting from the layout of anchor nodes [47].

In conclusion, the height constraint model can be formulated as

Zyhe = [h?st - href}

(28)
=10 0 1 O1x3 O1x3 O1x3 0O1x3 le]}xk'f'enhc

where z,;,. denotes the misclosure of the height constraint model, defined as the devi-
ation from the external reference h,,s to the estimated height hjs;. €uc represents the
measurement noise associated with the height constraint model.
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4. Mathematical Model of VBAKF Under MMCC
4.1. Generalized MMCC

Given two random variables, Y, ¥ € R, the correlation between them can be quan-
tified using the concept of correntropy. The correntropy of variables Y and ¥ [48] can be
defined as

V(YY) = Ex(Y, )] = [ k(0 0)dFr (v, ) 29)

where E[-] serves as the expectation operator. «(-,-) indicates a kernel that follows to
the shift-invariant under Mercer’s theory. Fyy(y,1) represents the joint distribution
for variables Y and Y. Specifically, Gaussian kernels are commonly selected as the
kernel functions [49]:

2
K(y,¢)=Ga(y—¢)=\/21—mexp<—W> (30)

where ¢ > 0 represents the Gaussian kernel bandwidth.

In practical applications, the true Fyy (y, ) of the given random variables is typically
unknown. To address the above issue, a limited amount of available data is generally
utilized to estimate the correntropy defined by Equation (29) through the sample mean
estimator [50], which can be estimated as

VYY) = LT Goly(@) — (D)) 61

where {y(0), (¢ )}?:1 denotes the N samples drawn from Fyy (y, ).
The Gaussian kernel in Equation (31) can be expanded taking the Taylor series [51] as

N -1)"
V(Y,T) = ZS}O:O (2(0’2))UU!E {(Y — \P)ZU} (32)

As indicated by Equation (32), the correntropy of the difference between the two given
random variables is expressed as a weighted combination of their even-order moments.
A higher correntropy indicates greater similarity between the two variables. Thus, the
MCC can be employed as an optimization criterion to enhance the robustness of the
estimated state.

The cost function, based on the MCC, can be defined as

Jmcc = %21;:1 Go(y(0) —¥(2)) (33)

The optimal solution of Equation (33) is given by W:

A 1N
W= arv%renaaxﬁzgzl Go(y(2) —¥(2)) (34)

where E is the set of all feasible solutions.
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The kernel bandwidth, as an essential tunable parameter in the kernel function, is piv-
otal for suppressing outliers and enhancing robustness against outliers. When anomalous
measurements are present, a smaller kernel bandwidth can be set to reduce the weight
contribution of the outliers, thereby mitigating the adverse effect as much as possible.
Conversely, for normal measurements, a larger kernel bandwidth can be retained to achieve
accurate state estimation [52]. Therefore, in this study, the MMCC is employed to improve
estimation precision and strengthen robustness in state calculations.

Based on MCC above, the MMCC can be defined as

M(Y,¥) = E[8x, (Y, ¥) + (1 — ®)xa(Y, ¥)] (35)

where ¢ represents the coefficient. «;(-,-) and #,(-,-) denote the kernel functions with
different kernel bandwidths, respectively. Similarly, the corresponding cost function based
on the MMCC is given as

e = 5 Y01 [8Ge, (5(0) —0(©) + (1 - )G (4@ — 0@ (9)

4.2. Derived MMCC-Based VBAKF
When applying the EKF for the TC system’s state estimation, the one-step predic-

tion p( Pyi—1|2z1:x—1 ), as well as the measurement likelihood p(Ri|z1.x_1 ), follow the
probability density function (PDF) as follows:

p (Xk’zlzk—lr Pyk—1 ) =N (Xk; Xilk—1/ Pk\kq) (37)

P(zi X, R ) = N(zi; h(x1), Ry) (38)

where Xy ;1 denotes the one-step state prediction. Py indicates the corresponding pre-
dicted error covariance matrix. h(-) is the nonlinear measurement function. N(-; u, X)
denotes the PDF that follows a Gaussian distribution with mean y and covariance
matrix 2.

According to the VB approach, the true joint posterior PDF is factorized and approx-
imated as the product of simpler conditional PDFs, enabling efficient recursive estima-
tion [53]. In Bayesian statistics, the conjugate exponential family is frequently employed
as a tool function to accommodate scenarios where the time-varying and unknown noise
covariance matrix adheres to a multivariate normal distribution. Specifically, it is assumed
that the covariance matrix X in the EKF follows a Gaussian distribution with a known
mean y, and the inverse Wishart (IW) distribution serves as the conjugate prior distribution
function [54]. Consider a § x B-dimensional symmetric positive definite random matrix B,
for which the IW PDF can be defined as

_pr exp{—0.5tr({B71)}

2PN/2T4(A/2) 39)

W(B;A, 1) = [13[B]

where A and | € RF*P indicate the degree of freedom parameter associated with the
corresponding inverse scale matrix. |-| is the matrix’s determinant operator. rr(-) indicates
the matrix’s trace operator. I'5(-) represents the f-variate gamma function. Furthermore, if
A > B+ 1, the IW PDF satisfies E[B~!] = (A — g — 1)} 1 [55].
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{q(xk)r q (Pk|kf1) ,q(Ry) } = argmin

The IW distribution guarantees that the functional forms of the prior and posterior
distributions remain consistent [56]. Additionally, Py and Ry represent the covari-
ance matrices corresponding to the Gaussian PDFs. Therefore, the corresponding prior
distribution can be modeled as the IW PDEF:

p (Pk|k71 |11 ) =W (Pk\kfl}ik\kflfTMkfl) (40)

P(Rk|z1x-1) = IW(Rk} ﬁk\k—lfﬁk\k—l) (41)

where fk|k_1 and Tk‘k_l indicate the degree of freedom parameter associated with the
corresponding inverse scale matrix of the IW PDF p (Pk|k,1 |Z1.61 ), respectively. Gy

and Uk\k—l correspond to the same parameters for the IW PDF p(Rg|z1._1). For fk\k—l
and Tk|k,1, the corresponding prior parameters are defined as follows [57]:

%k‘k—l =T+n+1 (42)

To1 = P (43)

where T > 0 indicates the adjustable parameter. ﬁk|k,1 indicates the nominal matrix
corresponding to Py ;. Additionally, for G, and ﬁk\k—lr updates are carried out by
introducing a forgetting factor parameter p € [0, 1]:

ﬁk\k—l = P(ﬁk—l —m — 1) +m + 1 (44)

Ui-1 = pUk 1 (45)

Assume that the prior distribution of x follows a Gaussian distribution, while Py ;.4

and Ry follow an IW distribution. Therefore, the true joint PDF p (xk, Pk|k_1, Ry |z1x1 ) is
expressed as

P(Xk, Pk\kflsz|lek—1) = p(xx|Z1x1 )P(Pk|k71|zlzk—l )P(Rk|11:k—1)
= N(Xk; X1 Pk\kfl)IW (Pk|k—1}fk\kfl/Tk\k71) (46)
xIW (Rk/' ﬁk|k—1rﬁk\k—1)

The complexity of the true joint posterior PDF p (xk, Pijk—1/ Rk|11:k) precludes ob-
taining a direct analytical solution. Therefore, the VB approximation is adopted, where the
approximate distribution of p (xk, Pype—1,Ri |Zl:k> is represented as a product of indepen-
dent factored form [58], defined as

P (Xk, Pic-1s Rk|21:k> ~ q(xk)q (Pk\kfl) q(Ry) (47)

where q(-) indicates the approximate estimated posterior distribution of p(-). The VB
method performs approximate estimation by minimizing the Kullback-Leibler divergence
(KLD) [59], formulated as follows:

KLD (q(xk)q (Pk\k—1> q(Ry) HP (Xk/ Pyjk—1/ Rk|21:k) ) )
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Then, the estimated posterior PDF can be expressed as

logq(xk) = EPk\kq,Rk {logp (xkr Pk\k—lr Ry ‘Zl:k)] + Oxg (49)

logq (Pk\k71> = Ex Ry [IOgP (Xkr Pyjk—1/ Rk‘zlzk)] + CP (50)

logq(Ry) = Ex pyy_, [IOgP (Xkr Pklk—erk‘lek” + cR, (51)

where cy, , CPyye 1/ and cg, indicate the constants in the logarithmic equations of xy, Pyi_1,
and Ry, respectively.

Then, for Py and Ry, which follow the IW prior distribution, the logarithmic
formulations of the VB approximate posterior PDF can be expressed as

logq(i+1) (Pk‘kfl) (e —% n-—+ fklk*l + 2) IOg‘Pk|k71 ‘ (52)
~ e[ (AL + Tugpet )Pk | +op
logq(i+l) (Rg) —% (m + -1 + 2) log|Ry| 53)
—%tr[(Bl((l) + Uk‘k_l) R;l] +cr
where q(+1)(.) is the i 4 1-th iteration of q(-). Al((i ) and Bl((i) can be written as
. . . . T
A —pll) 4 (xl((l) - f(k‘k,1) (xl(j> - f<k|k,1) (54)
. . N T .
Bl = (zk - kacl((’)) (zk - Hkﬁfj)) +HPUHT (55)
Meanwhile, q(*1) (Pk|k—1) and q(+1 (Ry) follow the IW distribution, i.e.,
; S(i41) (it
0" (Pt ) = W (Pt 1Y) (56)
Q" (Ry) =W (Rygaf ™, 0 ) (57)
where the prior parameters fl((iﬂ), Tl((l +1), ﬁl((i H), and Ul((iﬂ) are described as
B =gy +1 (58)
T =AY + T (59)
al ™ =y +1 (60)
0 =BY + Uiy (61)

In addition, the update processes for Py 1 and Ry are written as

B e ] = () (1) @

E(i+1) [R;l} - (ﬁfj*” “m— 1) (ﬁfj*l)) - (63)
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Through the VB method, it becomes possible to accurately estimate the time-varying
and unknown Py _; and Ry during the filtering process, leading to improved instanta-
neous precision and robustness in the integrated system’s state estimation. It should be
noted that in practical applications, measurements of the integrated system may contain
outliers that degrade the performance of state estimation. Thus, the MMCC is integrated
with VB estimation within the KF framework to achieve robustness against anomalous
measurements [60]. In the integrated system, the correntropy metric is constructed using
MMCC, and the corresponding cost function is given by

Jmmce =

19G¢71 H)A(k — )A(kllePkﬁ(l> + (1 — 19)ng (H)’Zk — )’Ek\kfl‘ PkLl)]

(64)
+a XM |[8Gy, (Hzg,k - ngkf(kHRg}(> +(1-9)Go, (”ngk - HQ""A‘I‘HRQ,&)]

where z.jc indicates the ¢-th element of zj.. H. j indicates the corresponding ¢-th row of Hy.
R, i denotes the ¢-th diagonal element of Ry. Therefore, the KF gain can be calculated as

@1((i+1) = 19G(71 <HZk - Hk)’kl((z)

(i)
](Rgﬂ))l) + (1 - 8)Go, (sz — Hy & (Rgm)l) (65)

. ; -1 i 1 -1 - i i -1
Kl((z+1) _ ((Pl(:lzl—)l) +H£®l((+l) (Rl((erl)) Hk) H{@l((“rl) (Rl((H)) (66)

The i 4 1-th iteration of )?l((z 1 and Pl((i s given by

J(i+1 N i+1 N
Xl((H_ ) = xk|k—1 + Kl((H_ ) <Zk — Hka|k_1) (67)
(i+1) _ o(i+1) (i+1) (i+1)
P = Pk\k—l — Ky HkPk\k—l (68)

In conclusion, the proposed MMCC-based VBAKF sequentially performs the time
update, variational measurement update, and MMCC algorithm. An overview of its

application to the integrated system is illustrated in Figure 3, with the filtering algorithm
flowchart provided in Figure 4.

e
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Figure 3. Overview of the TC INS/UWB/GNSS-RTK integrated positioning system.
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Algorithm 1 Solution to MMCC-based VBAKF

Inputs: X, 1,P 1,0, 1,T 2.R,,N,M, Dy, H
Time update
. The one-step prediction state vector:
Xigr = PpeaXica
The nominal one-step prediction error covariance matrix:
- " ~
Pk|k-1 = ®k|k-1Pk-1®k|k-1 + 0
. The one-step prediction error covariance prior distribution:
ty =THN+1
Tklk-l = tpklk-l
The measurement noise covariance prior distribution:
Oger =20, —m=1)+m+1

N

w

E

Uk|k-1 =pU,
Variational measurement update
5. Initialization:
20 _ ¢ 0 p0 _p

Xy = Xy 1’Pl£ )= LT Pk(lk 1= P

« 0 2 0 A
t( ) = tk|k 1’Tk( ) =Tk|k-1’u=( ) =uk|k-1’U=( ) = Y
fori=1:m

klk-1

=N

. The update process of q('”)(Pklk,l)
20+1) 2
o =ty tl
T =Al 47,

klk 1

Afﬁ')—"( ( x|1)( /' xk|k1)

The update process of g ’*') k)

uf(’”) =0y, +1

U(klﬂ) ( V4 Uklk 1 ]

Bl = (zk ~H & )(z, - M) )' +HPH!
The update process of Py, and Ry

g+ I:Pk]li-l:l _ (t(,H) n— 1)( (:+1))
gl I:R;l:l _ (ﬁim) _m —1)(ULM) )“

Maximum mixture correntropy criterion

.\'

e

9. Estimate the Kalman gain:

ol =39G, | |lz, —H&" z, —Hx

(RL"])) 1 J+(1_‘9)GU
. NN (i -] N e
K =((P:;;;)) +H o[ (R) w, | Wl (RI")

10. The update process of posterior state and associated error covariance:
o(ivl) _ o (i+1) o
X = Kygey T Ky (zk*H Xklk-l)
(i+1) _ pli+1) (i+1) (i+1)
Pk - Pklk 1 K H Pklk 1
end for

i:k = EL“)’i-k = ﬂq)’ﬁk = QL"),fjk = an)
Outputs: X, ,P,

Figure 4. Flowchart of the MMCC-based VBAKF algorithm.

5. Experimental Evaluation and Analysis

5.1. Equipment Setup and Experiment Description

) j

We conducted a series of real-world and simulation experiments to comprehensively
quantify the effectiveness of the MMCC-based VBAKEF in the TC INS/UWB/GNSS-RTK
integrated positioning system. Furthermore, the proposed approach’s effectiveness was

validated through comparisons with existing filtering algorithms. The evaluation utilized
performance metrics, including mean absolute error (MAE), standard deviation (STD), and
root mean square error (RMSE), calculated relative to the reference trajectory, to ensure

a thorough performance comparison of the integrated system. A UGV-based platform

was constructed, and relevant data collection was conducted on the campus of Shandong

University, Weihai. The platform was equipped with a multi-sensor suite that included
multiple GNSS receiver (NovAtel PwrPak?, Calgary, AB, Canada), a MEMS IMU sensor
(Epson EG320N IMU, Epson, Suwa, Japan), and a low-cost UWB device based on the
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Decawave DW1000 chip (Apopka, FL, USA). The performance parameters of the MEMS
IMU are given in Table 1. The raw measurements obtained from the GNSS receiver, IMU,
and UWB sensors were sampled at rates of 1, 200, and 1 Hz, respectively. Each sensor
was meticulously calibrated and time-synchronized to ensure data reliability and precision
during collection. In addition, in this study, the reference trajectory was derived using
a smoothed TC multi-constellation post-processed precise point positioning (PPP)/INS
reference solution, computed through Inertial Explorer 8.9 commercial software. The data
collection platform and the reference trajectory are illustrated in Figure 5.

Table 1. MEMS IMU performance parameters.

Item Gyroscope Accelerometer
Bias stability 0.8°/h 0.01mg
Measurement range +450°/s *10g
Sampling rate 200 Hz 200 Hz
Angular random walk 0.06°/vh

Velocity random walk 0.025m/s/vh

‘ Y UWB Anchor Node —e— Refereuce‘

Al A2
100 *'/ 2 G rirints K]
105 oy |

Figure 5. Overview of the UGV equipment and reference trajectory. (a) Experimental data collection
platform. (b) Top view of reference trajectory.

In this study, real-world UWB line-of-sight (LOS) scenes and simulated experimen-
tal scenes involving non-Gaussian noise introduced by anomalous measurements were
designed to comprehensively evaluate the positioning accuracy, stability, and mean error
level of the integrated system. Furthermore, several filtering strategies were employed
for comparative analysis, including the EKF [61,62], MCC-EKF [63], MMCC-EKF [64],
and MMCC-VBAKF methods. These different strategies shared identical prior parameter
configurations, such as the initial state vector associated with error covariance matrix.

5.2. Positioning Performance Analysis in Real-World Experiment

In this section, we carried out the real-world experiment in UWB LOS scenario
(Case 1) to assess the performance of the proposed MMCC-VBAKE for the INS/UWB/GNSS-
RTK TC integrated positioning system. Figure 6 illustrates the time sequences of position-
ing error in the east (E), north (N), and up (U) directions for various solution strategies in
Case 1. A comparison of the positioning errors for different solution strategies clearly
indicates significant variations in positioning performance among the strategies in Case 1.
In particular, in the EN directions, the EKF, MCC-EKF, and MMCC-EKF methods exhibit
significant fluctuations in positioning errors. In contrast, the MMCC-VBAKF demonstrates
reduced error variability, reflecting enhanced stability. The MCC-EKF demonstrates a
considerable range of overall error fluctuations influenced by the prior selection of a single
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kernel bandwidth, particularly evident in the initial data. In contrast, the MMCC-EKF
significantly enhances error control by incorporating the MMCC. However, its stability
remains inferior to that of the MMCC-VBAKE. In conclusion, the MMCC-VBAKEF effectively
integrates the MMCC and VB estimation, resulting in optimal positioning performance for
the integrated system and minimizing overall error fluctuations. Notably, the incorporation
of the height constraint model within the integrated system achieves the same level of
positioning error in the U direction across different solution strategies.

: ——EKF MCC-EKF=——MMCC-EKF——MMCC-VBEKF
0 200 400 600 800 1000 1200 1400

0 200 400 600 800 1000 1200 1400
T T T T T T

0 200 400 600 800 1000 1200 1400
Epoch (s)

Figure 6. Positioning error sequences in the ENU directions for various solution strategies in Case 1.

Figure 7 illustrates the overview of estimated position trajectory of various solution
strategies in relation to the reference trajectory. To emphasize the differences in position
estimation solutions more clearly, Figure 7 compares only the one loop motion trajectory. In
comparison, the EKF and MCC-EKF indicate larger estimation error and greater trajectory
deviation in areas of high dynamic variation. Although the MMCC-EKF more closely
follows the reference trajectory, it still exhibits some position estimation deviation at certain
turns. Moreover, the MMCC-VBAKF’s estimated position trajectory aligns more closely
with the reference trajectory, especially highlighting superior stability and positioning
accuracy at turns. This further validates the filtering stability and accuracy of the proposed
MMCC-VBAKE

Table 2 presents the statistical analysis of positioning errors for various solution
strategies, providing a comparative assessment of positioning performance in Case 1.
Specifically, the RMSEs of the MMCC-VBAKEF are 0.046 and 0.029 m in the EN direc-
tions, respectively, and reach 0.054 m in the horizontal (2D) direction, demonstrating
superior positioning accuracy compared to other methods. Furthermore, in terms of STD,
the MMCC-VBAKEF achieves 0.022 and 0.025 m in the EN directions, respectively, and
0.015 m in the 2D direction. This significantly mitigates fluctuations in positioning er-
rors and enhances the stability of position estimation. Furthermore, examining the error
estimation directly, and in line with expectation, the MAEs of the MMCC-VBAKEF are
0.042 and 0.025 m in the EN directions, respectively, and 0.052 m in the 2D direction, ensur-
ing a consistently low average error level. This further demonstrates the method’s superior
horizontal positioning accuracy in Case 1. It should be noted that, due to the integration of
the height constraint model within the integrated system, the positioning performance in
the U direction remains nearly identical across different solution strategies. Consequently,
the MMCC-VBAKEF exhibits excellent overall positioning accuracy, effectively enhancing
the integrated system’s performance in Case 1. Compared to other solution strategies, the
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MMCC-VBAKEF leverages multi-model fusion and optimization to deliver more precise
position estimation.
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Figure 7. Overview of estimated position trajectory for various solution strategies in Case 1.

Table 2. Statistical analysis of positioning errors for various solution strategies in Case 1.

Method EKF MCC-EKF MMCC-EKF MMCC-VBAKF

E 0.116 0.106 0.093 0.046
N 0.059 0.040 0.039 0.029

RMSE (m)
U 0.030 0.030 0.030 0.030
2D 0.130 0.114 0.101 0.054
E 0.106 0.097 0.085 0.042
N 0.053 0.033 0.033 0.025

MAE (m)
U 0.024 0.023 0.023 0.023
2D 0.123 0.104 0.093 0.052
E 0.048 0.085 0.039 0.022
N 0.026 0.026 0.025 0.025

STD (m)

U 0.030 0.030 0.030 0.030

2D 0.040 0.045 0.039 0.015
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Figure 8 illustrates the cumulative distribution function (CDF) curves for various
solution strategies in Case 1, focusing on horizontal positioning errors. The CDF curves
reveal that the proposed MMCC-VBAKE rises more rapidly than other solution strategies,
indicating that MMCC-VBAKEF provides more accurate positioning results. Furthermore,
with horizontal positioning errors of 0.1 m as the boundary, the MMCC-VBAKEF achieves
an availability of 99.79%, surpassing the availabilities of other solution strategies, which
are 56.46%, 43.87%, and 30.69%, respectively.

100 .
1 1
1 1
| |
1 1
8O0F------- L e R e e —
1 1
1 1
| |
~ 1 1
S 60F------- S-S - - —
% | |
< 1
E |
s |
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1
|
1 1
20F-----f-f7- S f—— ( W 99.79%) MMCC-VBAKF}
| e (P 56.46%) MMCC-EKF
| ( ) MCC-EKF
X e ( ¢ 30.69%) EKF
0 ) )
0.00 0.05 0.10 0.15 0.20 025

2D position error (m)

Figure 8. CDF curves of horizontal positioning errors for various solution strategies in Case 1.

In addition, we provide the distribution of horizontal positioning errors for vari-
ous solution strategies in Case 1, as depicted in Figure 9. Intuitively, the proportions
of horizontal positioning errors exceeding 0.15 m for EKF, MCC-EKF, and MMCC-EKF
are 26.88%, 18.83%, and 8.19%, respectively. In contrast, the horizontal positioning er-
rors for MMCC-VBAKEF are entirely within 0.15 m. The quantitative results of statisti-
cal analysis strongly indicate that, compared to other solution strategies, the MMCC-
VBAKEF achieves continuous, accurate, and reliable position estimation, representing a
significant improvement.

100
I EKF
MCC-EKF
1] R T I MMCC-EKF
I MMCC-VBAKF
S 6ok oo _______
v
on
S
=}
8
E __________________
[=}
0.15
1 * L

[0,0.05)  [0.050.1) [0.1,0.15) [0.1502)  [0.2,50)

Horizontal accuracy (m)

Figure 9. Distribution of horizontal positioning errors for various solution strategies in Case 1.
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Table 3 and Figure 10 depict additional statistics on the improvement achieved by the
proposed MMCC-VBAKEF in Case 1. Regarding RMSEs, the MMCC-VBAKF demonstrates
a substantial advantage in improved percentage in the EN directions compared to EKF,
MCC-EKF, and MMCC-EKE, achieving overall enhancements of 58.46%, 52.63%, and 46.53%
in the 2D direction, respectively. In MAE terms, the MMCC-VBAKF demonstrates the
most notable improvement in the E direction, significantly reducing the average error level
with enhancements of 60.38%, 56.7%, and 50.59% over the other three solution strategies.
Additionally, it shows a certain degree of improvement in the N direction. For STDs, the
MMCC-VBAKEF exhibits superior performance in the 2D direction, with improvement
percentages exceeding 60%, i.e., 62.5%, 66.67%, and 61.54%, which significantly reduce
fluctuations in positioning errors. In conclusion, the proposed MMCC-VBAKEF exhibits
superior positioning performance compared to other solution strategies in Case 1, indicating
the enhanced integrated system’s positioning accuracy and stability.

Table 3. Statistics on the improvement of the proposed MMCC-VBAKEF in Case 1.

Improvements
Method RMSE (%) MAE (%) STD (%)
E N 2D E N 2D E N 2D
EKF 6034 5085 5846 6038 5283 57.72 5417 3.85 62.50

MCC-EKF  56.60 2750 5263 5670 2424 50.00 7412 385 66.67
MMCC-EKF 50.54 25.64 4653 5059 2424 4409 4359 0.00 6154

100

T
I MMCC-VBAKF / EKF
B MMCC-VBAKF / MCC-EKF

80

=N
S

Improvement (%)
-
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20 F

E N 2D E N 2D E N 2D
RMSE MAE STD

Figure 10. Improved percentage of the proposed MMCC-VBAKEF in Case 1.

5.3. Positioning Performance Analysis in Simulation Experiment

To investigate the filtering performance and reliability of the proposed MMCC-VBAKF
when anomalous measurements are present in the integrated system, the simulation ex-
periment in a scenario involving non-Gaussian noise introduced by outliers (Case 2) was
specifically designed. To better simulate non-Gaussian noise, we adopt a mixed Gaus-
sian distribution. The probability distribution, disturbed by anomalous measurements, is
expressed as

onG ~ 0.9N(0,0.016) + 0.1AN(0,0.01)

where vy denotes the mixed Gaussian noise. N'(0, -) represents the Gaussian distribution
with 0 mean and the corresponding covariance.
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Figure 11 depicts the time sequences of positioning error in the ENU directions for
various solution strategies in Case 2, relative to the reference trajectory. Intuitively, by
incorporating the MMCC and VB estimation, the MMCC-VBAKEF mitigates the effect of
anomalous measurements and unknown, time-varying noise statistical characteristics.
Specifically, the EKF illustrates a greater deviation in positioning errors in the E direction
compared to solution strategies incorporating the MCC. Furthermore, solution strategies
that integrate VB estimation improve error control when handling unknown, time-varying
noise statistics introduced by outliers, demonstrating enhanced accuracy and robustness in
filtering estimation. Thus, compared to other solution strategies, the MMCC-VBAKEF ex-
hibits superior position estimation performance in Case 2, significantly mitigating position
drift error. This presents considerable application potential in certain extremely challenging
scenarios, effectively suppressing error accumulation in the integrated system. Notably, the
integration of the height constraint model further improves the coupled system’s overall
positioning accuracy.

MCC-EKF=—MMCC-EKF——MMCC-VBEKF
600 800 1000 1200 1400

1000 1200 1400

200 400 600 800 1000 1200 1400
Epoch (s)

Figure 11. Positioning error sequences in the ENU directions for various solution strategies in Case 2.

The overview of the estimated trajectory of various solution strategies relative to the
reference trajectory are shown in Figure 12. This clearly illustrates that, in Case 2, the
MCC-EKEF reduces the degree of positioning error deviation induced by outliers compared
to the EKF. In addition, the MMCC-EKEF further improves the robustness and accuracy
of position estimation, partially mitigating position drift error. However, the positioning
performance of the above three solution strategies still presents certain limitations when
addressing unknown and time-varying noise statistics. By incorporating VB estimation, the
MMCC-VBAKEF adaptively adjusts the noise statistical characteristics within the filtering
process, enabling close alignment with the reference trajectory. This provides substantial
advantages in positioning accuracy and robustness under uncertainty disturbances in the
integrated system. Experimental results further indicate that the MMCC-VBAKEF achieves
high accuracy and robustness in filtering estimation of the integrated system’s state vector.

To evaluate the effectiveness of various solution strategies in Case 2, Table 4 re-
ports the corresponding statistical analysis of the positioning errors. The RMSEs of
the MMCC-VBAKEF are 0.268 and 0.727 m in the EN directions, respectively, and reach
0.774 m in the horizontal direction, demonstrating superior positioning accuracy compared
to other solution strategies. Additionally, the STDs of the MMCC-VBAKEF are 0.116 and
0.279 m in the EN directions, respectively, and 0.269 m in the horizontal direction, indicating
superior performance in the stability of position estimation and improved error control.
In terms of MAE, the MMCC-VBAKEF achieves 0.245 and 0.671 m in the EN directions,
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respectively, and 0.726 m in the 2D direction. Compared to other solution strategies, the
quantitative results strongly indicate that the MMCC-VBAKEF exhibits superior perfor-
mance in positioning error suppression in Case 2, effectively mitigating error divergence.
The positioning accuracy in the U direction remains nearly consistent across different
solution strategies, a result of the integrated system incorporating the height constraint
model. In conclusion, the statistical analysis indicates that the MMCC-VBAKEF achieves
superior positioning performance when applied to the integrated system in Case 2.
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Figure 12. Overview of estimated position trajectory for various solution strategies in Case 2.

Table 4. Statistical analysis of positioning errors for various solution strategies in Case 2.

Method EKF MCC-EKF MMCC-EKF MMCC-VBAKF

E 0.917 0.428 0.280 0.268
N 1.626 1.540 1.450 0.727

RMSE (m)
U 0.030 0.030 0.030 0.030
2D 1.867 1.598 1.477 0.774
E 0.898 0.404 0.264 0.245
N 1.541 1.455 1.362 0.671

MAE (m)
U 0.023 0.025 0.024 0.024
2D 1.821 1.532 1.395 0.726
E 0.184 0.189 0.161 0.116
N 0.520 0.505 0.500 0.279

STD (m)

U 0.030 0.030 0.030 0.030
2D 0.412 0.454 0.395 0.269
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The CDF curves of horizontal positioning errors for different solution strategies in
Case 2 are depicted in Figure 13. Intuitively, compared to other solution strategies, the
CDF curve of the MMCC-VBAKEF rises more rapidly, achieving higher positioning accuracy.
Furthermore, with horizontal positioning availability of 80% as the boundary, the horizontal
positioning error of the MMCC-VBAKEF is 0.986 m, surpassing those of other solution
strategies, which are 1.530, 2.008, and 2.126 m, respectively.

\

Percentage (%)
e W

f—— (W 0.986m) MMCC-VBAKF] -

e ( @ 1.530m) MMCC-EKF
( ) MCC-EKF

o (¢ 2.126m) EKF
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0.0 0.6 12 1.8 2.4 3.0 3.6
2D position error (m)

Figure 13. CDF curves of horizontal positioning errors for various solution strategies in Case 2.

Figure 14 depicts the distribution of horizontal positioning errors across various
solution strategies in Case 2. The proportions of horizontal positioning errors exceeding
1.5 m are 64.72%, 40.95%, and 27.73% for EKF, MCC-EKF, and MMCC-EKE, respectively.
In contrast, the horizontal positioning errors of the MMCC-VBAKF remain within 1.5 m.
This further highlights that the MMCC-VBAKEF can achieve more accurate and reliable
positioning performance in the integrated system.

100
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Figure 14. Distribution of horizontal positioning errors for various solution strategies in Case 2.

The degrees of improvement achieved by the proposed MMCC-VBAKEF in Case 2 are
shown in Table 5 and Figure 15. Statistical results indicate that, in terms of RMSE in the
2D direction, the MMCC-VBAKEF achieves improvement percentages of 58.54%, 51.56%,
and 47.6%, outperforming the EKF, MCC-EKF, and MMCC-EKE, respectively. For MAEs,
statistics show that the MMCC-VBAKEF provides a remarkable degree of improvement in
the EN directions, significantly improving error control. Regarding STDs, the improvement
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percentages of the MMCC-VBAKEF in the 2D direction are 34.71%, 40.75%, and 31.9%,
respectively. The quantitative results indicate that the MMCC-VBAKEF effectively sup-
presses error divergence. In conclusion, the simulation experiment in Case 2 indicates that
the MMCC-VBAKEF achieves superior positioning performance and robustness compared
to the other three solution strategies when addressing non-Gaussian noise interference
introduced by outliers.

Table 5. Statistics on the improvement of the proposed MMCC-VBAKEF in Case 2.

Improvements
Method RMSE (%) MAE (%) STD (%)
E N 2D E N 2D E N 2D
EKF 70.77 55.29 58.54 72.72 56.46 60.13 36.96 46.35 34.71
MCC-EKF 37.38 52.79 51.56 39.36 53.88 52.61 38.62 44.75 40.75
MMCC-EKF 4.29 49.86 47.60 7.20 50.73 47.96 27.95 44.20 31.90

100

I MMCC-VBAKF / EKF
I MMCC-VBAKF / MCC-EKF
I MMICC-VBAKF / MMCC-EKF

80

Improvement (%)
(=)
(=}

=
=)

20

E N 2D E N 2D E N 2D
RMSE MAE STD

Figure 15. Improved percentage of the proposed MMCC-VBAKEF in Case 2.

6. Conclusions

Precise, stable, and robust position estimation is essential to guarantee the continu-
ity of a UGV’s position without position drift error. This paper firstly proposes a TC
INS/UWB/GNSS-RTK integrated positioning system framework. This proposed system
employs the IMU as the core driving component, enabling fusion at the raw measurement
level to maximize the utilization of all available information. Specifically, the proposed
system tightly couples raw UWB and GNSS measurements directly into an IMU-centered
estimator. Through rigid transformation, these measurements are aligned with the core
IMU to achieve state estimation for the integrated system. Furthermore, the proposed
system further improves positioning accuracy by incorporating the height constraint model,
aiming to serve as a seamless indoor and outdoor positioning solution. In addition, we
propose a novel MMCC-based VBAKE, designed to ensure accurate initialization and state
estimation within the integrated system. The proposed approach integrates the robustness
of the MMCC, providing instantaneous resilience against non-Gaussian noise introduced
by outliers, thereby achieving stable positioning accuracy under challenging conditions.
Meanwhile, the proposed method employs VB estimation to adaptively adjust the coupled
system’s noise statistics, effectively mitigating the impact of uncertainty disturbances on
positioning accuracy.
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To rigorously assess the proposed method, a comprehensive series of real-world and
simulated on-vehicle experiments were carried out, focusing on its robustness and accuracy
in estimating the integrated system’s state vector. In particular, in real-world UWB LOS
scenario, the proposed method achieves 99.79% availability within a horizontal position
error boundary of 0.1 m, markedly surpassing the positioning performance of the three
comparative approaches. Additionally, in simulation experiments with non-Gaussian
noise induced by outliers, the proposed method achieves a horizontal position error of
0.986 m within an 80% availability boundary, demonstrating effective control over po-
sitioning errors under challenging conditions. It has been demonstrated through ex-
periments that the proposed approach ensures accurate and reliable estimation of the
integrated system’s state vector, effectively mitigating position drift error induced by
uncertainty disturbances.

In the future, to further investigate the effectiveness of more efficient and high-
performance data processing strategies in complex seamless indoor-outdoor environments,
it would be worthwhile to integrate IMU sensor with additional heterogeneous low-cost
sensors and computational modules, such as camera-based relative positioning sensor.
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