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Wheel-INS2: Multiple MEMS IMU-Based
Dead Reckoning System With Different

Configurations for Wheeled Robots
Yibin Wu , Jian Kuang , and Xiaoji Niu

Abstract— A reliable self-contained navigation system is essen-
tial for autonomous vehicles. Based on our previous study
on Wheel-INS [1], a wheel-mounted inertial measurement unit
(Wheel-IMU)-based dead reckoning (DR) system, in this paper,
we propose a multiple IMUs-based DR solution for the wheeled
robots. The IMUs are mounted at different places on the wheeled
vehicles to acquire various dynamic information. In particular,
at least one IMU has to be mounted at the wheel to measure the
wheel velocity and take advantage of the rotation modulation.
The system is implemented through a distributed extended
Kalman filter structure where each subsystem (corresponding
to each IMU) retains and updates its own states separately.
The relative position constraints between the multiple IMUs are
exploited to further limit the error drift and improve the system’s
robustness. Particularly, we present the DR systems using dual
Wheel-IMUs, one Wheel-IMU plus one vehicle body-mounted
IMU (Body-IMU), and dual Wheel-IMUs plus one Body-IMU
as examples for analysis and comparison. Field tests illustrate
that the proposed multi-IMU DR system outperforms the single
Wheel-INS in terms of both positioning and heading accuracy.
By comparing with the centralized filter, the proposed distributed
filter shows unimportant accuracy degradation while holding
significant computation efficiency. Moreover, among the three
multi-IMU configurations, the one Body-IMU plus one Wheel-
IMU design obtains the minimum drift rate. The position drift
rates of the three configurations are 0.82% (dual Wheel-IMUs),
0.69% (one Body-IMU plus one Wheel-IMU), and 0.73% (dual
Wheel-IMUs plus one Body-IMU), respectively.

Index Terms— Wheel-mounted IMU, multi-IMU, dead reckon-
ing, vehicular navigation, wheeled robot.

NOMENCLATURE

a) Matrices are denoted as uppercase bold letters.
b) Vectors are denoted as lowercase bold italic letters.
c) Scalars are denoted as lowercase italic letters.
d) Coordinate frames involved in the vector transformation

are denoted as superscript and subscript. For vectors, the
superscript denotes the projected coordinate system.
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e) ∗̂, estimated or computed values.
f) �∗, observed or measured values.

I. INTRODUCTION

INERTIAL navigation system (INS) is an old but exten-
sively used method [2] to complement the Global Navi-

gation Satellite System (GNSS), so as to provide continuous
positioning results for the land vehicles in densely built-
up areas. In these complicated scenarios, GNSS positioning
deteriorates because of signal jamming and masking, whereas
the inertial measurement unit (IMU) can autonomously per-
ceive the full-state motion information of the vehicle in a
self-contained manner [3]. However, the standalone INS drifts
rapidly due to inherent sensor errors, especially for the low-end
microelectromechanical systems (MEMS) [4], [5].

To further suppress the error drift of INS during GNSS
outages, the odometer and nonholonomic constraint (NHC)
have been widely used in vehicular navigation [6], [7]. The
NHC refers to that a land vehicle generally cannot move in
the directions perpendicular to its forward direction. Basically,
odometer and NHC measurements are constructed based on
the vehicle velocity information, which would significantly
contribute to the stability and accuracy of INS [2], [8].

In the conventional odometer-aided INS (ODO/INS), the
IMU is usually placed on the vehicle body or in the trunk.
In addition, either an external odometer is installed or the
wheel encoder is accessed to obtain the vehicle velocity. How-
ever, it is tricky to fuse information from two different types of
sensors because of hardware modification, data transfer syn-
chronization, etc [9]. In our previous paper [1], we proposed
to use one sensor modal to implement the same information
fusion as ODO/INS, which is called Wheel-INS, a wheel-
mounted MEMS IMU (Wheel-IMU)-based DR system.

In Wheel-INS, the gyro readings of the Wheel-IMU are
multiplied by the wheel radius to produce the wheel velocity.
Afterward, the wheel speed along with the NHC was integrated
with the strapdown INS via the error-state extended Kalman
filter (EKF) to suppress the error drift. The installation scheme
of the Wheel-IMU, the system characteristics, and the DR
error analysis were explained in detail in [1]. In summary,
there are two major advantages of Wheel-INS. Firstly, a similar
information fusion scheme as ODO/INS can be achieved
by only one IMU. Secondly, the continuous rotation of the
Wheel-IMU would significantly limit the heading error drift.
It was illustrated that the positioning and heading accuracy
of Wheel-INS had been respectively improved by 23% and
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Fig. 1. Top view of the locations of multiple IMUs.

TABLE I

IMU CONFIGURATIONS OF THE THREE TYPICAL MULTI-IMU SYSTEMS

15% over ODO/INS. Moreover, benefiting from the rotation
modulation, Wheel-INS showed desirable immunity to the
constant gyro bias error. However, due to the lack of the
vehicle pitch angle information, we need to assume that
the vehicle is moving on the horizontal plane in Wheel-INS.
In [10], we compared and analyzed the advantages and features
of three different measurement models (velocity measurement,
displacement increment measurement, and contact point zero-
velocity measurement) in Wheel-INS.

Based on Wheel-INS [1], it is natural to consider the
feasibility of mounting two IMUs on the two non-steering
wheels of the land vehicles to obtain double wheel velocity
information, so as to improve the DR performance. Addition-
ally, mounting an IMU on the vehicle body (Body-IMU) to
measure the vehicle attitude is desirable to extend Wheel-INS
from 2D DR to 3D navigation. Furthermore, the constant
spatial relationship between multiple IMUs can be exploited
as an external measurement to suppress the error drift of
INS. In conclusion, the motivation of this paper is mounting
multiple MEMS IMUs to different locations of the wheeled
robots to obtain and fuse diverse motion information of the
vehicle for a better DR performance.

The locations of the multiple IMUs are shown in Fig. 1.
According to our previous study [1], at least one IMU should
be mounted on the wheel center, which is indispensable
to determining the wheel velocity. The other IMUs can be
mounted on other wheels or the vehicle body. In this study,
we implement three typical configurations, as shown in Table I,

to demonstrate and analyze the proposed multi-IMU DR
system.

The remaining content of this paper is organized as follows.
Relevant literature focusing on wheel-mounted inertial sensors
and multi-IMU fusion is discussed in Section II. In Section III,
we provide an overview of the proposed multi-IMU DR sys-
tem. The preliminaries are described in Section IV, including
the installation of the multiple IMUs, the coordinate systems
definitions, and the error-state model of the EKF. In Section V,
we deduce the wheel velocity measurements for different
IMUs and the multi-IMU spatial constraint measurement
model. Experimental results are explained and analyzed in
Section VI. Section VII summarizes some conclusions and
possible directions for future research.

II. RELEVANT WORK

A. Wheel-Mounted Inertial Sensors

To provide a low-cost alternative for the wheel odometer,
researchers have proposed various approaches to calculate the
wheel speed or traveled distance of the vehicle using the
wheel-mounted inertial sensors. In [11], the authors mounted
a tri-axial accelerometer on the wheel to measure the wheel
revolutions, rotation angle, and duration of movement of
the wheelchairs. Authors in [12] used two accelerometers
and a single gyroscope which were mounted on the wheel
to estimate the odometry via EKF. The two accelerometers
were placed perpendicularly on the wheel plane, while the
sensitive axis of the gyroscope was set orthogonal to the
wheel plane. The process model of this system was completely
driven by the state, thus both the accelerometers and gyro-
scope were modeled as measurements. An improved single
accelerometer-based wheel odometer was proposed in [13].
The peaks and valleys of the accelerometer signal were
detected to determine the number of complete cycles covered
by the wheel, so as to calculate the traveled distance. Nonethe-
less, these studies only focused on providing the velocity
information instead of the full ego-motion estimation of the
wheeled vehicles.

Collin et al [9], [14], [15] proposed a 2D DR system
using the Wheel-IMU. In this approach, the outputs of the
two accelerometers parallel to the wheel plane were used to
determine the wheel rotation angle and thereby the traveled
distance, while the gyroscope data were leveraged to calculate
the vehicle heading. This algorithm had to assume that the
vehicle was moving at a constant speed and failed to handle
the misalignment error between the Wheel-IMU and wheel
center.

B. Multiple IMUs Fusion

Few studies have been conducted with a focus on integrating
multiple IMUs mounted on different places for vehicular
navigation. In [16], the authors mounted two IMUs on the
two rear wheels of the land vehicle to provide wheel velocity
and vehicle heading change measurements, so as to mitigate
the error drift of the onboard IMU during GNSS outages.
In the field of IMU array-based localization, a large number
of papers have considered the observation-level approaches to
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fuse the outputs of several IMUs to generate a single virtual
IMU measurement [17], [18], [19]. However, these approaches
are not suitable for our problem because, in our design, the
IMUs are distributed in different locations on the vehicle to
perceive different dynamic information. It is worth mentioning
that Bancroft [20] designed a centralized filter where the
navigation solutions from multiple IMUs (which were placed
closely on the vehicle body) were fused together. At the same
time, the relative position, velocity, and attitude updates were
all introduced to improve the localization accuracy in GNSS-
degraded areas.

Another research area about fusing multiple IMUs on
multiple rigid bodies is human motion capture. The idea is
to estimate the human body kinematics by fusing the data
from multiple IMUs mounted on different places of the body,
e.g., the shanks, thighs, sacrum, and so on [21], [22], [23],
[24]. However, these multi-IMU-based human motion capture
systems mainly focus on tracking the human pose rather than
positioning and navigation. Although a full human motion
capture system based on wearable inertial sensor networks
which could estimate both the limb motion and trajectory was
proposed in [24], the sensor fusion algorithm was only adopted
to measure the orientations while the localization of the human
body was estimated by zero velocity update (ZUPT)-aided INS
through EKF.

The idea to fuse diverse motion information perceived by
multiple IMUs and take advantage of the relative position con-
straints is similar to that encountered in the dual foot-mounted
IMUs (Foot-IMUs)-based pedestrian dead reckoning (PDR)
system [25], [26], [27], [28]. There are two main approaches
to implementing the relative restraint between the two IMUs
in the dual Foot-IMUs-based PDR: inequality constraint and
equality constraint. Based on the fact that there is an upper
limit on the distance between the two Foot-IMUs, the authors
in [25] proposed a representative inequality constraint algo-
rithm to limit the INS error drift. Niu et al [26] exploited the
fact that there is always a minimum distance between the two
feet of a person during every gait cycle to formulate the obser-
vation model via equality constraint. Bancroft [19] compared
a centralized filter and a federated filter-based GNSS/multi-
IMU integrated navigation system in the context of pedestrian
navigation. The centralized filter could provide relatively better
results, but required considerably more processing time.

Nonetheless, unlike the dual Foot-IMUs, the relative posi-
tions of the IMUs mounted on the wheels center and vehi-
cle body are fixed in three dimensions. Therefore, one can
straightforwardly leverage the three-dimensional position rela-
tionship rather than the distance (one dimension) to constrain
the multiple IMUs’ states. The 3D spacial relationship contains
richer information thus would make the constraint tighter and
more reliable. In the above-mentioned multi-IMU integrated
systems, the IMUs’ states are almost all combined into one
filtering framework. However, if more states of an IMU
are estimated or more IMUs are integrated, the dramatic
increase in matrix size would lead to a heavy computational
burden [19]. For the sake of efficiency and scalability to more
IMUs, we adopt a decentralized EKF structure in the proposed
multi-IMU system, which is explained in the next section.

III. OVERVIEW OF THE PROPOSED SYSTEM

The key objective of this study is to extend our previ-
ous research on single Wheel-IMU based DR system [1] to
multi-IMU based DR systems. By mounting multiple MEMS
IMUs to different locations of the vehicle, diverse dynamic
information is allowed to be exploited and fused to improve
positioning accuracy and robustness. Note that at least one
IMU has to be mounted on the vehicle wheel to obtain the
wheel speed and take advantage of the inherent rotation mod-
ulation. For details of Wheel-INS please refer to [1] and [10].
We design and implement three typical configurations in this
study: Dual Wheel-INS, Body/Wheel-INS, and Triple INS
(refer to Table I). The algorithm structures of the three DR
systems are depicted in Fig. 2.

The proposed multi-IMU-based DR system is composed
of multiple EKF systems corresponding to the states of each
IMU. In other words, each IMU maintains its own filter system
(including the state model and measurement model) and shares
information with each other in this system. For the sake of
simplicity, in this paper, the filtering system maintained by the
Body-IMU is referred to as “Body-INS”. In each subsystem,
the forward INS mechanization is performed to predict the
state of each IMU. In the Dual Wheel-INS, the wheel veloc-
ities calculated by the gyro outputs of the two Wheel-IMUs
and wheel radius are averaged as odometry measurements for
each filtering system. In the Body/Wheel-INS, the Wheel-IMU
provides wheel velocity for the two subsystems, while the
horizontal attitude of the vehicle indicated by the Body-IMU
is sent to the Wheel-INS to remove the assumption that the
vehicle is moving on the horizontal plane [1]. In the Triple
INS, we also adopt the average velocity calculated by the dual
Wheel-IMUs. At the same time, the vehicle attitude generated
by the Body-INS is shared for the two Wheel-INSs. NHC
is integrated with all the subsystems. The spatial constraint
between the multiple IMUs is implemented by the coordinates
update of a reference point (derived in Section V) to correct
each IMU’s state, respectively. Finally, the mean heading of
the multiple IMUs and the reference point’s position are output
as the final navigation results. This algorithm structure is
somewhat similar to the federated filter [29], [30], but there is
no master filter in our system.

We don’t adopt the federated Kalman filter for two major
reasons. Firstly, in the federated Kalman filter, the local filters
contain the common system state; thus, usually, it is the
kinematic process noise to be shared [31]. The federated
Kalman filter is proposed to solve this multi-sensor fusion
problem in a parallel way without being affected by the
cross-correlation issue caused by the common process noise.
In [19], the authors first implemented the federated Kalman
filter incorporating multiple IMUs which were placed close
to each other (on the same rigid body). In this system, the
shared states were position, velocity, and attitude. However,
in our multi-IMU fusion problem, the IMUs are mounted
at different places and thus undergo different motions. The
sub-filters share neither process noise nor state directly as
they are located at different places in the vehicle and they
have unique stochastic errors. Therefore, the federated Kalman
filter is not suitable for our case. Secondly, a centralized filter
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Fig. 2. Overview of the algorithm structures of the three different multi-IMU
configurations. ω and f are the angular rate and specific force measured by
the IMU, respectively; “PVA” indicates the position, velocity, and attitude of
the IMU.

represents the best accuracy one can do in this multi-sensor
fusion system [30]. Therefore, we conducted experiments and
compared the proposed distributed filter with the centralized
filter [31] (cf. Section VI-B-2). The experimental results illus-
trated that the proposed distributed filter shows trivial accuracy
degradation while exhibiting significant computation efficiency
compared to the centralized filter.

IV. PREREQUISITES

A. Installation of the Multi-IMU

Fig. 3 illustrates the installation relationship of the multiple
IMUs and the definitions of the involved coordinate systems.
The Wheel-IMU is mounted on non-steering wheel of the land

Fig. 3. Installation relationship of the multiple IMUs and definitions of the
axis directions for the vehicle frame (v-frame) and the IMU frame (b-frame).
All the three IMU frames are defined as b-frame here and we use {1, 2, 3} to
represent different IMUs as in Fig. 1.

vehicle so that the vehicle state indicated by Wheel-INS is
not affected by the vehicle maneuvers. The definitions of the
coordinate frames are listed in Table II.

Fusing the measurements in the v-frame (wheel velocity
and NHC) with INS requires the knowledge of the installation
relationship between the IMU and the host vehicle [8]. How-
ever, the misalignment problem is inevitable in any practical
applications, which, if not handled properly, could noticeably
undermine the system performance [2]. The misalignment
error between the IMU and the vehicle can be represented
by the lever arm and mounting angles. The lever arm rep-
resents the vector from the IMU center to the wheel center
projected in the b-frame. The mounting angles are the two
Euler angles which indicate that the y-z plane of the b-
frame of the Wheel-IMU is not parallel to the wheel plane.
Refer to [1] for more details on the misalignment errors of
the Wheel-IMU. In our experiments, we used the method
proposed in [32] to calibrate the Wheel-IMU mounting angles
and the lever arm was measured manually. In the following
discussion, we assume that all the misalignment errors of
both the Wheel-IMU and Body-IMU have been effectively
calibrated in advance. Details about the rotation characteristics
of the Wheel-IMU and the influence of the misalignment errors
are explained in our previous paper [1].

B. Error State Model

For the sake of computation efficiency, we do not integrate
the states from the multiple IMUs into one state vector
and maintain only one filter system. The proposed multiple
IMUs-based DR system consists of multiple Kalman filters
which are built in a distributed structure. Each IMU retains its
own state. They share information, e.g., wheel speed, vehicle
attitude, and IMU positions with each other and update their
own state independently.

In this study, we choose the 21-dimensional error-state
model for every IMU. It was illustrated in [1] that the 21-state
could achieve better performance. The conventional strapdown
inertial navigation is leveraged to predict the IMU state.
The kinematic equations for the strapdown INS have been
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TABLE II

DEFINITIONS OF THE COORDINATES SYSTEMS

described extensively in the literature [33], [34], [35]. In this
study, the error-state vector of the EKF is constructed in the
n-frame, including three dimensional position errors, three
dimensional velocity errors, attitude errors, the residual bias
and scale factor errors of the gyroscope and accelerometer,
which can be written as

x(t) =
��
δrn�T �

δvn�T
φT bT

g bT
a sT

g sT
a

�T
(1)

where δrn , δvn and φ indicate the position, velocity and
attitude errors of INS, respectively; bg and ba denote the
residual bias errors of the gyroscope and the accelerometer,
respectively; sg and sa are the residual scale factor errors
of the gyroscope and accelerometer, respectively. We adopt
a simplified phi-angle error model of INS as the kinematic
model. The first-order Gauss-Markov model [36] is employed
to establish the state model of the residual sensor errors.
In summary, the state model employed in the error-state EKF
can be written as,

δ ṙn = δvn

δv̇n = −φ ×Cn
b f b + Cn

bδ f b

φ̇ = −Cn
bδω

b
ib

ḃg = −(1/τbg)bg + wbg

ḃa = −(1/τba)ba + wba

ṡg = −(1/τsg)sg + wsg

ṡa = −(1/τsa)sa + wsa

(2)

where Cn
b is the attitude matrix of the IMU with respect to

(w.r.t.) the n-frame; δωb
ib and δ f b are the errors of the gyro-

scope and accelerometer measurements, respectively, which
can be expressed as δωb

ib = bg+diag(ωb
ib)sg+ng and δ f b =

ba + diag( f b)sa + na , respectively, where ng and na are the
measurement white noise of the gyroscope and accelerometer;
diag(∗) is the diagonal matrix form of a vector;× indicates the
cross product of two vectors. Finally, wbg and wba denote the
driving white noise of the residual bias errors of the gyroscope
and accelerometer, respectively; wsg and wsa denote the
driving white noise of the scale factor errors of the gyroscope
and accelerometer, respectively; τbg , τba , τsg , and τsa are the
correlation time in the first-order Gauss-Markov model of the
gyroscope bias, gyroscope scale factor, accelerometer bias, and
accelerometer scale factor, respectively. The continuous-time
dynamic model and Jacobian matrix of the EKF can be
found in [1]. This error-state model was employed for all the
subsystems. Because of the limitation of space, the initial error
states covariance and process noise covariance are not given
in detail here. We encourage the readers to find them in our
open-sourced code and reproduce the results.

V. MEASUREMENT MODELS

In this section, the derivations of the measurement models in
the proposed multiple IMUs-based DR system are described.
Firstly, we deduce the 3D wheel velocity observation mod-
els for Wheel-INS and Body-INS, respectively. After that,
the relative position constraint among the multiple IMUs is
formulated and analyzed by taking the Triple INS as instance.

A. Wheel Velocity Measurement

In the proposed multi-IMU based DR system, the wheel
velocity and NHC are integrated as a 3D velocity measurement
in the v-frame to update the state of each IMU. By mounting
the IMU to the Wheel center, the wheel velocity can be
calculated by the wheel radius and the gyro data of the Wheel-
IMU, which can be expressed as�vvwheel = �ωxr − ev = (ωx + δωx )r − ev

= vvwheel + rδωx − ev (3)

where �vvwheel and vvwheel are the measured and true vehicle
forward velocity, respectively; �ωx is the gyroscope output in
the x-axis; ωx is the true value of the angular rate in the x-axis
of Wheel-IMU; δωx is the gyroscope measurement error; r is
the wheel radius, and ev is the forward velocity observation
noise, modeled as Gaussian white noise. Integrating with the
NHC, the 3D velocity measurement model in the v-frame can
be written as�vvwheel =

�
vvwheel + rδωx 0 0

�T − ev (4)

where ev is the velocity measurement noise vector, including
both the forward velocity noise and NHC noise. The standard
deviation of the velocity measurement noise set in the experi-
ments are listed and discussed in Appendix VII. As discussed
in [1], because the Wheel-IMU rotates with the wheel, the
pitch angle of the vehicle cannot be indicated by Wheel-
INS; thus we have to assume that the vehicle is moving on
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the horizontal surface in Wheel-INS and Dual Wheel-INS.
However, with the integration of Body-IMU, this limitation
can be lifted in Body/Wheel-INS and Triple INS.

Because the state errors contained in the measurement
models of Body-INS and Wheel-INS are different, the error
perturbations in the two systems also differ [35]. For example,
the attitude of the Body-IMU w.r.t. the vehicle is known
and fixed after calibration, while in the Wheel-INS, the IMU
heading error is included in the vehicle’s attitude. As per
Fig. 1, we use the subscript “1” and “3” to represent the
Wheel-IMU and Body-IMU, respectively. In consequence, the
vehicle velocity calculated by the Wheel-IMU and the Body-
IMU can be written as

v̂
v
wheel1 = Ĉ

v

n v̂
n
b1
+ Ĉ

v

nĈ
n
b1

�
ω̂

b1
nb×

�
lb1
wheel

≈ Cvn(I+δψ1×)(vn
b1
+δvn

b1
)

+Cvn(I+δψ1×)(I− φ1×)Cn
b1
(ωb1

nb×+δωb1
nb×)lb1

wheel

≈ vvwheel1 + Cvnδv
n
b1
− CvnCn

b1

�
lb1
wheel×

�
δω

b1
ib

−Cvn
��
vn

b1
×�+ �

Cn
b1

�
ω

b1
ib×

�
lb1
wheel

�
×
�
δψ1

+Cvn
��

Cn
b1

�
ω

b1
ib×

�
lb1
wheel

�
×
�
φ1 (5)

v̂
v
wheel3 = Cvb3

Ĉ
b3
n v̂

n
b3
+ Cvb3

�
ω̂

b3
nb×

�
lb3
wheel

≈ Cvb3
Cb3

n (I+φ3×)(vn
b3
+ δvn

b3
)

+Cvb3
(ωb3

nb×+δωb3
nb×)lb3

wheel

≈ vvwheel3 + Cvb3
Cb3

n δv
n
b3
− Cvb3

Cb3
n

�
vn

b3
×�φ3

−Cvb3

�
lb3
wheel×

�
δωb3

ib (6)

where the subscripts b1 and b3 indicate the body frame of the
Wheel-IMU and Body-IMU, respectively; Cvb3

is the attitude
misalignment error between the Body-IMU and the vehicle,
which can be calibrated using the method proposed in [32]
by continuously rotating the wheel around the rotation axis;
lb
wheel is the lever arm between the IMU and the wheel

center (refer to [1] for details), which can be either measured
manually by a tapeline or estimated online by augmenting
it into the state vector; δψ is the attitude error vector only
including the heading error, i.e., δψ = [0 0 δψ]T; Cvn is
the vehicle attitude matrix, which can be transformed from
the vehicle Euler angles ϑn

v . In Dual Wheel-INS, because
of the horizontal motion assumption of the vehicle, we have
ϑn
v = [0 0 φ1−π/2]T, namely, the pitch and roll angles of the

vehicle are assumed to be zero; whereas in the Body/Wheel-
INS, with the horizontal angles of the vehicle indicated by
Body-INS, we have ϑn

v = [φ3 θ3 φ1−π/2]T, where φ3 and
θ3 are the roll and pitch angles of the vehicle indicated by
Body-INS, and ψ1 is the heading of the vehicle indicated by
Wheel-INS. The final velocity error measurement equations of
Wheel-INS and Body-INS can be obtained by subtracting Eq.
4 from Eq. 5 and Eq. 6. The design matrix of the velocity
measurement in left Wheel-INS is given in Appendix B.

B. Multi-IMU Position Constraint

Given that the multiple IMUs are rigidly installed, their
relative positions remain fixed during the movement of the

Fig. 4. Illustration of the position constraint among the multiple IMUs
(top view). The multiple IMUs’ positions in the v-frame (the blue arrows)
keep constant during the movement of the vehicle.w1-frame, w2-frame, and
w3-frame indicate the world frame determined by the left Wheel-IMU, right
Wheel-IMU, and Body-IMU, respectively.

vehicle. This condition can be leveraged as a measurement
update for the filter systems. Note that this constraint can be
equivalent to that the coordinates of the multiple IMUs in
the v-frame are constant. Unlike the equality and inequality
constraint in the dual Foot-IMUs-based PDR, the position
constraint in the proposed multi-IMU-based DR system is in
three dimensions. To keep the computational complexity at
a relatively low level, we adopt a distributed EKF structure
rather than accumulating the states from every single IMU
into one state vector to form one filtering system. Each
filter system works independently. The 3D spatial constraint
between the multiple IMUs is treated as an external obser-
vation for all the subsystems. Fig. 4 illustrates the relative
position constraints between the multiple IMUs. Here, we use
the left Wheel-IMU in the Triple INS (dual Wheel-IMUs
plus one Body-IMU) as an example to show the devia-
tion of the measurement model of the 3D relative position
constraint.

As the DR results of the subsystems are represented in the
w-frame, the relative position constraint among the multiple
IMUs is also constructed in the w-frame. According to the
definition of the w-frame (cf. Table I), it is known that
each IMU maintains its w-frame and there is only position
difference between the w-frames determined by the multiple
IMUs, shown as Fig. 4. The translations between the w-
frames can be calculated by the vehicle’s initial heading
and the positions of the IMUs in the v-frame (referring to
Eq. 9). The position constraint measurement is established
by determining the coordinate of the reference point (which
is treated as external position observation) by the subsys-
tems together. An overview of the algorithm is given in
Algorithm 1.
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Algorithm 1 Multi-IMU Position Constraint Measurement
Input: Multiple IMUs’ positions in the w-frames indicated by

the subsystems, i.e., r̂w1
b1

, r̂w2
b2

, and r̂w3
b3

Output: Reference point’s position in the w-frames, i.e., r̂w1
o ,

r̂w2
o , and r̂w3

o
1: Calculate the coordinates of the reference point o in the

w-frames maintained by different IMUs (cf. Eq. 7).
2: Transform the coordinates of the reference point o in the

other w-frames to the objective w-frame (cf. Eq. 8 and
Eq. 9).

3: Return the weighted average position of the reference point
in the objective w-frame (cf. Eq. 8).

We choose the origin of the v-frame o, i.e., the midpoint of
the rear axle, as the reference point. Afterward, the coordinate
of the reference point o in each w-frame can be calculated.
Finally, the weighted average of the coordinates of the refer-
ence point o in each w-frame (referring to Eq. 8) is calculated
as the external position observation to correct the states of the
subsystems. This is similar to the GNSS coordinate update in
the GNSS/INS integrated system [34]. However, in this case,
the reference position is generated by multiple IMUs rather
than an external sensor. The position of the reference point o
in the w-frame calculated by the multiple IMUs can be written
as

r̂wi
o = r̂wi

bi
− Ĉ

wi
v rvbi

(7)

where i ∈ {1, 2, 3} which denotes the IMU number; wi indi-
cates the w-frame established by th i-th IMU; rwo is the position
of the reference point o in the w-frame; rwb is the position of
the IMU in the corresponding w-frame; Ĉ

w

v is the attitude
matrix of the vehicle w.r.t. the w-frame, which is the same
as Ĉ

n
v ; rvb is the IMU’s position in the v-frame, which can

be measured in advance. Here we take the left Wheel-IMU as
example. The weighted average position of the reference point
o in the w-frame maintained by the left Wheel-IMU can then
be written as�rw1

o = k1rw1
o + k2

�
rw2

o + Tw1
w2

�+ k3
�
rw3

o + Tw1
w3

�
(8)

where k1, k2, and k3 are the weights of the three systems; Tw1
w2

is the translation vector between the two w-frames maintained
by the two Wheel-IMUs, which can be calculated by

Tw1
w2
=
 cosψ sinψ 0
−sinψcosψ 0

0 0 1

 �
rvb1
− rvb2

�
(9)

where ψ is the initial heading of the vehicle. Tw1
w3

is the
translation vector between the two w-frames maintained by
the left Wheel-IMU and Body-IMU, which can be calculated
in the similar way as Eq. 9. Additionally, the weighted position
of the reference point o in the w-frame maintained by other
IMUs can be derived in a similar way. In Dual Wheel-
INS or Body/Wheel-INS, the positions of the reference point
are calculated by the two IMUs mounted on the vehicle.
We roughly model the measurement noise of the reference
point position emlt as the Gaussian white noise; thus, we have�rw1

o = rw1
o − emlt (10)

Performing the perturbation analysis of Eq. 7, the observa-
tion equation of the multi-IMU relative position constraint in
the left Wheel-INS can be written as

δzmlt = r̂w1
o −�rw1

o

= rw1
b1
+δrn

1−
�
I−�φ1×

��
Cw1
v rvb1

−rw1
o +emlt

= δrn
1−

�
Cw1
v rvb1

�× φ1+emlt (11)

where I is the identity matrix. The observation equations of the
other two IMUs can be obtained in the same way. The design
matrix of the multi-IMU position constraint measurement in
left Wheel-INS is given in Appendix B.

In the proposed multi-IMU-based DR algorithm, each IMU
retains its own filtering system and exchanges information
mutually with a constant frequency. This design aims to
improve the robustness and accuracy of the DR system against
the single Wheel-INS while maintaining the computational
cost at a reasonable level. However, according to the derivation
of the multi-IMU position constraint measurement model
above, it is known that the observation information is gener-
ated by the system states; thus, the measurement and the state
in the EKF are correlated. Additionally, it is rough to simply
regard the observation noise as Gaussian white noise which
would result in overly optimistic standard deviations (STD)
of the estimates. As the uncertainty of the subsystems all
tends to be optimistic, we cannot guarantee that their ratios
can reflect the real situation. Hence, it is not reasonable to
use the calculated STD of each estimated IMU position as the
weight to determine the reference point’s position (cf. Eq. 8).
One solution to this issue is to refer to the error level of
the inertial sensor, for example, setting the weight of each
system according to the gyro bias of the corresponding IMU.
Considering that the IMUs used in our experiments were at
the same level (cf. Section VI), we let the weights of the
subsystems be equal, namely, k1 = k2 = k3 = 1/3I in Triple
INS. This is statistically valid. Note that the weights can also
be determined based on experimental experience.

Although this solution may be suboptimal, it exhibits excel-
lent scalability. The experimental results also show that it
provides navigation results that are competitive with that of the
single Wheel-INS (cf. Section VI). Moreover, it is noteworthy
that the Wheel-IMU should be placed as close as possible
to the wheel center to reduce the errors in the multi-IMU
position constraint measurement. This is because in the whole
wheel plane, only the center point’s position is constant in the
v-frame due to the rotation of the wheel.

VI. EXPERIMENTAL RESULTS

This section provides and discusses the experimental results
to illustrate the positioning performance of the proposed
multi-IMU integrated DR system. Firstly, the experimental
conditions, including the experimental platform, test environ-
ment, and data processing flow are described. Then, we eval-
uate the performance of the three IMU configurations (Dual
Wheel-INS, Body/Wheel-INS, and Triple INS) using multi-
ple sets of experiments and compared them with the single
Wheel-INS. In addition, the comparison between the proposed
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TABLE III

TECHNICAL PARAMETERS OF THE IMUS USED IN THE TESTS

distributed filter system and the centralized filter in Triple INS
is also shown.

A. Experimental Description

Field tests were conducted on the campus of Wuhan Univer-
sity, Wuhan, China, using a classic differential-drive wheeled
robot (Pioneer 3DX). The MEMS IMU modules used in
our experiments were customized, containing four ICM20602
(Invensense, TDK Co., Japan) inertial sensor chips which were
numbered as C1, C2, C3, and C4. We assume their measure-
ment centers are coincident because the position misalignment
errors between them are negligible compared with the relative
positions of the IMU modules. The MEMS IMU also included
a chargeable battery module for power supply and a Bluetooth
module for time synchronization. The multiple MEMS IMUs
could be connected with an android mobile phone via Blue-
tooth to start and end the data collection. Therefore, the outputs
of the multiple MEMS IMUs were aligned under one time
frame. In our experiments, three MEMS IMUs were carefully
placed on the vehicle body and the left and right wheels of
the robot, respectively, as shown in Fig. 5. The robot was
also equipped with a high-precision position and orientation
system (POS320, MAP Space Time Navigation Technology
Co., Ltd., China) which contains a tactical-grade IMU and a
GNSS receiver (Trimble Inc., U.S.) to provide the pose ground
truth. The main technical parameters of the reference IMU
and MEMS IMU are listed in Table III. Fig. 5 shows the
experimental devices and platform. In the experiments, the
robot moved approximately five times along a loop closure
trajectory, as shown in Fig. 6. The total distance traveled by
the robot was approximately 1227 m, and the speed of the
robot was around 1.4 m/s on average.

We collected the data from all four chips inside one MEMS
IMU module as four sets of test data for postprocessing. The
reference data from the high-end IMU and GNSS receiver
were processed through a smoothed post-processed kinematic
(PPK)/INS integration method with the data from a nearby
reference station. Before data processing, the attitude misalign-
ments of both the Body-IMU and Wheel-IMU were calibrated.
The lever arms were also measured. Because we mainly
focused on the DR performance of the proposed system, the
initial headings of the test systems were set by the heading of
the reference system directly. However, this is not reasonable
in a real robot navigation application, in which other online

Fig. 5. Test equipment and platform.

Fig. 6. Test trajectory in the campus of Information Department in Wuhan
University.

initial alignment methods should be investigated. The static
IMU data at the starting point was used to calculate the initial
roll and pitch angles of the IMU as well as the initial value
of the gyro bias. The positions of the multiple MEMS IMUs
in the v-frame were measured manually three times to get the
mean values. The velocity and NHC update frequency was set
to 2 Hz, and the relative position constraint frequency was set
to 1 Hz.

The comparison between Wheel-INS and ODO/INS and the
analysis of different measurement models in Wheel-INS have
been conducted in our previous studies [1], [10]. Experimental
results have illustrated that Wheel-INS outperforms ODO/INS
in both terms of accuracy and robustness. Therefore, the
experimental analysis in this paper focuses on evaluating the
performance of the three different IMU configurations and
the comparison between the proposed distributed filter and
the centralized filter.

B. Performance Comparison

1) Performance Comparison Among the Three Configura-
tions: As the outputs of all four inertial chips in one MEMS
IMU module were collected, we had eight sets of Wheel-
IMU (left and right) data to employ the single Wheel-INS
for comparison. In Dual Wheel-INS and Body/Wheel-INS, the
data from the two MEMS IMUs were permuted and combined
to generate sixteen sets of results.

Firstly, we compare the DR errors of the multi-IMU inte-
grated system with that of the corresponding subsystems.
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Fig. 7. The horizontal positioning error and heading error of Dual Wheel-INS
and the two subsystems.

Fig. 8. The horizontal positioning error and heading error of Body/Wheel-
INS and the two subsystems.

The horizontal positioning errors and the heading errors
of Dual Wheel-INS, Body/Wheel-INS, and Triple INS and
the subsystems are pictured in Fig. 7, Fig. 8, and Fig. 9,
respectively. In these experiments, the two inertial chips used
in Dual Wheel-INS were C1 (left Wheel-IMU) and C4 (right
Wheel-IMU). The two inertial chips used in Body/Wheel-INS
were C2 (left Wheel-IMU) and C2 (Body-IMU). And the iner-
tial chips used in Triple INS were C1 (left Wheel-IMU), C2
(right Wheel-IMU), and C4 (Body-IMU). In the three figures,
“Left Wheel-INS” indicates Wheel-INS using the left Wheel-
IMU; “Right Wheel-INS” indicates Wheel-INS using the
right Wheel-IMU; “Body-INS” indicates the odometry-aided
INS implemented using the Body-IMU and the wheel speed
indicated by the Wheel-IMU.

Fig. 7-9 show that with the relative position constraint, the
positioning and heading errors of the multiple IMUs-based DR
systems (including Dual Wheel-INS, Body/Wheel-INS, and
Triple INS) are situated between those of the corresponding
subsystems. As explained in Section V-B, the position of the
reference point is the combined result of the multiple IMU

Fig. 9. The horizontal positioning error and heading error of Triple INS and
the three subsystems.

positions; thus the vehicle’s position after measurement update
would approach the middle of the estimated position of the
multiple IMUs. In consequence, the DR error of the multi-IMU
based DR system would also lay at the middle level between
that of the subsystems.

In our previous papers [1], [10], we illustrated that calcu-
lating the misclosure error or the maximum position drift of
the entire trajectory to evaluate the navigation performance
of a DR system is not optimal. This is because the loop
closure of the trajectory will suppress the error accumulation
to some extent. And we adopted a different approach to
demonstrate the localization performance. Firstly, we accu-
mulated the traveled distance of the vehicle by a certain
increment (l) and calculated the maximum position error drift
rate (= maximum position error/traveled distance) within each
distance ( l, 2l, 3l, . . . ). Afterward, the mean value of the
drift rates was computed as the final indicator. Here we use
the same metric for the positioning performance evaluation.
Concerning the evaluation of heading estimation performance,
the root mean square error (RMSE) of the heading error was
calculated. In this study, we chose l as 100 m. The horizontal
position drift rates of the four DR systems (single Wheel-INS,
Dual Wheel-INS, Body/Wheel-INS, and Triple INS), which
are functions of the traveled distance, are shown in Fig. 10.
In Fig. 10(b), the two numbers of each curve represent the
number of the inertial chips of the left and right Wheel-IMU
used in Dual Wheel-INS, e.g., “12” indicates that chip C1 of
the left Wheel-IMU and chip C2 of the right Wheel-IMU were
used. In Fig. 10(c), the two numbers of each curve represent
the number of the inertial chips of the left Wheel-IMU and
Body-IMU used in Body/Wheel-INS. Whereas in Triple INS
(cf. Fig. 10(d)), the three numbers indicate the chip numbers
of the left Wheel-IMU, right Wheel-IMU, and Body-IMU,
respectively. Table IV lists the error statistics of the eight
sets of single Wheel-INS experiments. Table V lists the error
statistics of the sixteen sets of Dual Wheel-INS experiments,
sixteen sets of Body/Wheel-INS experiments, and sixteen sets
of Triple-INS experiments. We can learn from Table V that
Body/Wheel-INS exhibits the best position accuracy in the
majority of cases (10 out of 16) and all the position drift rates
in the sixteen experiments are less than 1%.
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Fig. 10. Position drift rates of the four IMU configurations in all the experiments.

TABLE IV

ERROR STATISTICS OF THE SINGLE WHEEL-INS

It is evident in Fig. 10 that with the increase of the traveled
distance, the drift rate presents a downward trend. This is
caused by the loop closure in the experimental trajectory which
restrains the position drift. Additionally, it can be noted in
Fig. 10(c) that the drift rate of “21”, “22”, and “23” are very
close in the initial phase and larger than other systems. This is
because the positioning error of Wheel-INS using the chip C2
of the left Wheel-IMU is much larger than that of the other
left Wheel-INS using different chips, which can be observed
in Fig. 10(a).

Table VI lists the mean value (MEAN) and STD (1σ ) of
the position drift rate and heading RMSE of the three multi-
IMU-based DR systems in all the tests. It can be observed that
benefiting from the multi-IMU position constraint, the position
and heading accuracy of the three configurations have all been
improved compared to the single Wheel-INS. The drift rates
of Dual Wheel-INS and Body/Wheel-INS have been improved
by approximately 14% and 27%, respectively. However, the
positioning accuracy of Triple INS is similar to that of the
Body/Wheel-INS (with a difference less than 0.05%), instead

TABLE V

ERROR STATISTICS OF THE DUAL WHEEL-INS,
BODY/WHEEL-INS AND TRIPLE INS

of gaining further improvement. The heading accuracy of the
three systems has been improved by about 19%, 18%, and
19%, respectively.

2) Comparison Between the Distributed Filter and Cen-
tralized Filter: To illustrate that the correlation issue in the
proposed distributed filter system would not cause serious per-
formance degradation while gaining significant computation
efficiency, we implemented a centralized filter in Triple INS
and compared it with the proposed distributed filter system.
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TABLE VI

ERROR STATISTICS OF ALL FOUR KINDS OF IMU
CONFIGURATION-BASED DR SYSTEM

TABLE VII

ERROR STATISTICS OF THE DISTRIBUTED FILTER AND

CENTRALIZED FILTER IN TRIPLE INS

TABLE VIII

RUNNING TIME STATISTICS OF THE DISTRIBUTED FILTER AND

CENTRALIZED FILTER IN TRIPLE INS

In the centralized filter, a long state vector (63 dimensions)
containing the error-states of all three IMUs was constructed.
Therefore, the correlation among the subsystems could be
handled by the propagation of the covariance matrix. The
measurement model built in the centralized filter was the same
as that in the proposed distributed filter (cf. Section V-B).
As described in Section-VI-B-1, we selected different chips
in the three IMUs to get eight sets of experimental results.
The navigation error statistics of the two systems in the
experiments are listed in Table VII. The algorithms were run
on a laptop with an Intel i7-7700HQ CPU at 2.8 GHz for
about one thousand times to get the average value. The mean
processing time of the two main modules (velocity update and
multi-IMU position constraint update) and the average running
time of one IMU epoch in the two systems are compared in
Table VIII.

It can be calculated from Table VII that the mean position
drift rate of the distributed filter and centralized filter in the
eight experiments are 0.62% and 0.59%, respectively, while
the mean heading RMSE are 1.70◦ and 1.78◦, respectively.

We can conclude that the DR performance of the two filter
systems is at the same level. Although the correlation terms
between subsystems are modeled and handled well in the
centralized filter, it only leads to a small fraction of per-
formance improvement compared to the proposed distributed
filter system. Because the MEMS IMUs used in our exper-
iments were very cheap, they featured significant stochastic
and instability errors which covered the potential accuracy
increase from the proper mathematical model. Moreover, it can
be observed from Table VIII that the proposed distributed filter
runs about 8 times faster than the centralized filter. In the
centralized filter, the matrix dimension would get larger with
more IMUs or more states, which would dramatically increase
the computation cost. However, in the distributed filter, the
computation burden grows linearly with the increase of the
IMU. The computation time can even be further reduced if
the system is implemented via multi-thread. Therefore, the
proposed distributed filter holds admirable advantages in terms
of efficiency.

C. Discussion

By mounting two IMUs to the left and right wheel of
the vehicle respectively, the wheel velocity information is
doubled. As a result, the impact of the high-frequency noise
can be reduced in Dual Wheel-INS. In addition, benefiting
from the relative position constraint, the positioning robustness
and reliability can be further improved compared with the
single Wheel-INS. However, some errors in the subsystems are
common-mode; thus, it is not sound to simply regard them as
independent observations. In Body/Wheel-INS, the dynamic
conditions of the two subsystems are significantly different
thus there is a higher potential for performance improvement
by information fusion. Although the constant gyro bias of
the Body-IMU cannot be canceled as in the Wheel-IMU, its
initial value is determined by the static data and remains stable
over a short period (e.g., about 15 min in our experiment).
Moreover, the NHC also helps mitigate the heading drift in
Body-INS. Additionally, the dynamic condition at the vehicle
body is lower than that of the wheel; thus some of the sensor
errors such as the cross-coupling error will undermine the
navigation performance of Body-INS more slightly than that of
Wheel-INS. Furthermore, Body-INS shares the vehicle attitude
with Wheel-INS in Body/Wheel-INS, enhancing the posi-
tioning performance to some extent. Therefore, Body/Wheel-
INS somewhat outperforms Dual Wheel-INS in terms of
positioning accuracy, while the heading accuracy of the two
systems is comparable.

According to the construction procedure of the multi-IMU
position constraint measurement, we can approximately regard
the localization results of the multi-IMU integrated DR system
as a weighted average of the subsystems. Although the weights
of the subsystems can be set by the technical parameters of
the inertial sensors, the real error level of each system cannot
be reasonably determined. In particular, with the position
constraint, the trajectories of the subsystems will be bundled
together. In other words, if the position tracking results of the
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subsystems drift along contrary directions, the result of the
multi-IMU integrated system will be better than that of all
the subsystems. In contrast, if the positioning error of one
subsystem is small while that of the other subsystem is rela-
tively larger, the ultimate positioning accuracy of the integrated
system will situate in the middle of that of the subsystems.

Additionally, although the correlation issue between the
multi-IMU is not considered in the proposed system, it would
not result in large accuracy deterioration compared to the
centralized filter. This is because the significant stochastic
errors in the low-cost inertial sensors dilute the contribution
of the proper mathematical model. However, the proposed
distributed filter exhibits desired computational efficiency with
the decentralized structure.

We can also find that the positioning accuracy is not
improved by adding another Wheel-IMU to Body/Wheel-
INS, because the dynamic information obtained from one
Body-IMU and one Wheel-IMU is sufficient to complement
each other. That is to say, integrating a Body-IMU with Dual
Wheel-INS can mitigate the positioning error to some extent
while it is not the case by adding another Wheel-IMU to the
Body/Wheel-INS. The reason is that there is a stronger com-
plementarity between the Body-IMU and Wheel-IMU, while
the dynamic information perceived by the two Wheel-IMUs
is similar. In conclusion, it is not always the case that the
positioning accuracy of the multi-IMU integrated system is
superior to those of the subsystems. However, the reliability
and robustness will be improved.

Note that although we only show the experimental results
with a wheeled robot moving at a low speed, the proposed
multi-IMU system can be straightforwardly applied to cars.
Experiments in [1] also show that Wheel-INS works with a
car. However, when applying the multi-IMU system to a land
vehicle with a high speed, one needs to make sure that the
wheel rotation angular speed does not exceed the measuring
range of the gyroscope of the Wheel-IMU.

VII. CONCLUSION

In this article, the idea of fusing diverse dynamic infor-
mation from different parts of the land vehicles to improve
DR performance is investigated. Based on our previous study
on Wheel-INS [1], [10], a multiple MEMS IMUs-based DR
system is proposed. It is necessary to mount at least one IMU
on the non-steering wheel to obtain the vehicle velocity and
take advantage of the rotation modulation. The multi-IMU
DR system is implemented via a distributed EKF structure,
where each IMU maintains its own state and updates it
independently. The relative position constraint between the
multiple IMUs is exploited by fusing their positions to obtain
the coordinates of the reference point which is then treated
as an external measurement in each EKF system. Particularly,
three algorithms corresponding to three different multi-IMU
configurations are implemented in this paper: Dual Wheel-
INS, Body/Wheel-INS, and Triple INS.

Field experiments demonstrate that both the positioning
and heading accuracy of the three multi-IMU DR systems
have been improved compared with the single Wheel-INS.

TABLE IX

STANDARD DEVIATION OF THE WHEEL VELOCITY AND MULTI-IMU
POSITION CONSTRAINT MEASUREMENT NOISE

In particular, Body/Wheel-INS outperforms Dual Wheel-INS
in terms of position drift. Moreover, no performance improve-
ment is obtained by Triple INS because one Wheel-IMU and
one Body-IMU can complement each other sufficiently and
more errors would be introduced if more low-cost sensors
are integrated. Therefore, we recommend the Body/Wheel-INS
configuration in consideration of computational burden and
applicability. Some of the experimental data and code have
been shared with the community (https://github.com/i2Nav-
WHU/Wheel-INS).

By comparing the proposed system with the centralized fil-
ter in Triple INS, it can be learned that the distributed structure
design would not result in obvious accuracy degradation while
significantly reducing the computational loads.

The proposed multiple IMUs-based DR system can be
considered as a type of wearable device for wheeled robots
for autonomous ego-motion estimation. It can be installed
directly without invading or modifying the vehicle’s hardware.
Additionally, the proposed solution can also be straightfor-
wardly extended to more than three IMUs to form a sensor
failure-resilient system with a trivial computational burden
added.

Future work includes investigating other information fusion
algorithms to recover the weights of the subsystems more
precisely and handle the error coupling issue between the
subsystems more decently.

APPENDIX A ESTIMATOR PARAMETERS

The estimator parameters including the initial error state
covariance and process noise covariance in the Kalman filter
of the subsystems can be found in our open-sourced code.
Particularly, the standard deviation of the vehicle velocity
and multi-IMU position constraint measurement noise set in
the experiments are listed in Table IX, where wheel velocity
contains both forward velocity and NHC.

Because the Wheel-IMU is directly mounted to the rear
wheel of the vehicle, the forward velocity and NHC measure-
ment in Wheel-INS would be more reliable. Consequently,
we make the velocity constraint tighter in Wheel-INS than
that in Body-INS by setting the standard deviation smaller in
the filter. In addition, it is tricky to set the standard deviation
of the multi-IMU position constraint measurement because it
is highly related to the states of the multiple IMUs. If it is
too small, the positions of the subsystems would become very
close soon, while if it is too large, the constraint would be too
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loose to limit the error drift of the subsystems. Here we used
the empirical value. However, the investigation of algorithms
that determine the multi-IMU position constraint measurement
noise adaptively would be more desirable.

APPENDIX B DESIGN MATRICES

According to the velocity measurement model in Eq. 5
and the multi-IMU position constraint model in Eq. 11, the
corresponding design matrices (We choose left Wheel-INS as
example here.) Hv and Hmlt are given by

Hv =
�
03 Cvn A CvnCn

b1

�
lb1
wheel×

�
03 D 03

�
(12)

Hmlt =
�
I3 03

�
Cw1
v rvb1

�
× 03 03 03 03

�
(13)

where

A =
�

03×1 03×1 B
�
+ Cvn

��
Cn

b1

�
ω

b1
ib×

�
lb1
wheel

�
×
�

B =
�
−Cvn

��
vn

b1
×�+ �

Cn
b1

�
ω

b1
ib×

�
lb1
wheel

�
×
��
(:, 3)

D = CvnCn
b1

�
lb1
wheel×

�
diag(ωb

ib) (14)

M(:, 3) represents the third column of matrix M; Hv and Hmlt

represent the design matrix of the wheel velocity measurement
and multi-IMU position constraint measurement, respectively;
A contains the vehicle heading error indicated by Wheel-IMU
and the attitude error of the Wheel-IMU.
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