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ABSTRACT-In recent times, localization and positioning techniques have rapidly developed with the increasing
demand for unmanned vehicles. Most positioning systems for land vehicles based on GPS-IMU, use a non-holonomic
constraint to determine misalignment between sensor and vehicle body frame; however, misalignment estimation
depending on non-holonomic constraint has limitations in high speed environments and there is a lack of observability

for roll misalignment.

This paper suggests an online misalignment estimation method under dynamic conditions that violates the non-
holonomic constraint. It provides roll, pitch and yaw misalignment angles of IMU mounted on a vehicle, and
corresponding sideslip angle of the vehicle at the position of IMU. The misalignment estimator is designed as a linear
error state Kalman filter, which takes the results of a strapdown inertial navigation working simultaneously. Computer
simulations and real environment experiments with consumer grade GPS and MEMS IMU are performed to
demonstrate the performance and reliability of the given method.
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NOMENCLATURE

xt : Vector x ini-frame

p : Position

v : Velocity

W : Attitude in Euler angles (Z-Y-X)

a : Acceleration with gravity

f - Specific force

w : Angular rate

Y : Misalignment angle

B : Sideslip angle

€k - Transform matrix from i-frame to k-frame
Ly, L, : GPS/Odometer lever arm

g : Gravitational vector

I;, 0, : Identity/Zero square matrix in i-dimension
¢, 6, : Roll, pitch and yaw angles

SUBSCRIPTS

n : Local navigation frame

b : IMU body frame

v : Vehicle body frame

0 : Sensor bias

ik : Measurement for i-frame with respect to k-frame
X : Cross product matrix

* Seibum Choi. e-mail: sbchoi@kaist.ac.kr

1. INTRODUCTION

Land vehicle navigation has become standard equipment
on many cars. Navigation systems are based on the global
navigation satellite system (GNSS). GNSS provides
location and velocity measurements, but has a limitation
due to signal obscuration in the operation environment,
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such as underpasses or urban areas. The strapdown
inertial navigation system (SINS) is broadly used to
compensate for position and velocity during GNSS signal
outage. SINS with GNSS aiding can fill in signal outages,
suppress sensor drift accumulation, and provide attitude
information (Abbott and Powell, 1999). Furthermore,
through information on vehicle attitude and velocity in
the vehicle body frame, the integrated system opens the
possibility of its being used as a vehicle dynamics sensor
as well as a navigation system.

Several studies have been presented on using SINS to
estimate vehicle dynamics parameters. Measurements
from GNSS in conjunction with the vehicle dynamics
control system have potential benefits for precise
velocity estimation during anti-lock braking system
actuation (Beiker et al., 2006). Based on a global velocity
measurement of GNSS, a sideslip estimation including
cornering stiffness estimation is also introduced. (Bevly
et al., 2001). Moreover, GNSS combined with vehicle
and tire models, tire force estimation can be performed in
nonlinear regions (Daily and Bevly., 2004).

While most common navigation systems use a single
antenna, a dual antennae system can widely expand the
usage of GNSS in vehicle dynamics. A dual antennae
system has the ability to measure the attitude of the
vehicle directly, based on the longitudinal force balance,
vehicle mass, rolling resistance, and drag coefficient
(Bae et al., 2001). The roll dynamics is also identified
using a lateral antenna baseline (Ryu et al., 2002). Also,
a dual antennae system has the advantage of direct
sideslip angle measurement, while IMU based systems
require accurate vehicle models for the sideslip angle
estimation (Oh and Choi, 2013).

Meanwhile, the methods suggested above can provide
acceptable estimation performances with consumer grade
GNSS. However, there is a prerequisite that IMU should
be accurately aligned with respect to the vehicle. A small
misalignment of the IMU can result in an erroneous
solution (Syed et al., 2008). To reduce the misalignment
errors and improve performance, miscellaneous methods
are investigated.

In the case of a vehicle moving on a level surface, a
simple complementary filter can directly compute
misalignment angles from the Earth’s rotation rate and
gravity. During the alignment process, it is recommended
that the wvehicle remains stationary. Additionally,
consumer grade MEMS sensors cannot distinguish the
Earth’s rotation rate from measurement noise, hence the
system loses observability of global yaw misalignment
(Nebot et al., 1999). When the vehicle is moving, the
gravity aided alignment is no longer available due to the
translational acceleration. To deal with in-motion
alignment, the non-holonomic constraint (NHC) has been
adopted as virtual velocity aiding. A system integrated
with odometers can provide pitch and yaw misalignments,
though the roll misalignment is still unknown (Wu et al.,

2009, Chen et al., 2020).

The absence of roll misalignment observability restricts
the application of SINS as a vehicle dynamics sensor.
Several approaches have been introduced to estimate roll
misalignment. When a vehicle travels along straight line
on a horizontal plane, the specific force and angular rate
reconstructed from the trajectory can be used to
determine misalignment angles (Bao et al., 2013). An
alternative method has been proposed to estimate
misalignment angles in general driving maneuvers rather
than a straight line by assuming that only the centripetal
force acts on the vehicle in the lateral direction. (Larsson
etal., 2017, Zheng et al., 2017).

The methods presented previously are built upon the non-
holonomic constraint, which violates the actual vehicle
dynamics with lateral motion and the violation is
transferred to alignment errors. A different approach
based on the single-track model is proposed in order to
avoid limitations of the non-holonomic constraint
(Marco et al., 2021). The single-track model is widely
adopted to approximate the lateral dynamics of vehicle,
but it requires accurate prior knowledge of vehicle model
parameters, such as cornering stiffness and moment of
inertia of vehicle.

This paper suggests an alternative method for in-motion
alignment estimation of vehicle mounted SINS, which
secures performance under highly dynamic conditions.
The suggested method assumes that the vehicle is moving
on a planar surface without a suspension motion. The
misalignment angles are obtained using an error state
Kalman filter from the virtual acceleration, including the
rate of the sideslip angle as a pseudo measurement.

The remainder of this paper is organized as follows.
Section Il presents the formulation of SINS in the local
navigation frame. Section Ill presents the proposed
misalignment estimation algorithm. Section IV shows the
results of misalignment estimation through simulation
and real environment experiments. Finally, section V
provides the conclusions.

2. STRAPDOWN INS FORMULATION
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Figure 1. System mounted on vehicle
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The system used in this research is briefly illustrated in
Figure 1. IMU is mounted on vehicle body in the position
of [, from the center of the rear axle. Note that there are
misalignments in installation between the IMU and the
vehicle body frame. The GNSS antenna is located on the
loop, with lever arm [, from IMU.

In this section, the mathematical formulation and cor-
responding error state model of SINS are presented.

2.1. Strapdown System Mechanization

The SINS mechanization can be represented in several
frames, e.g., Earth-Centered Earth-Fixed frame, local
navigation frame, or vehicle body frame. In this paper,
the mechanization equations follow the local navigation
frame representation (Titterton et al., 2004).

2.1.1. Attitude Update Equation

The SINS attitude matrix is represented by three Euler
angles, ¢ (roll), @ (pitch), and ¥ (yaw), with Z-Y-X
order of successive rotation from the IMU frame to the
local navigation frame.

cOcp —cpsy +spsOcy)  sPpsyP + cpsOcy
=|cOsyY cpcy + spsOsyY  —spcyp + cpsOsy (1)
—s6 s¢ch cpch

Here, ¢ and s refer to sine and cosine. The time update of
Cj satisfies the kinematic equation, as follows

C} = Chwhp,, (2)
0 —w, W,

wy = | w, 0 —wy (3)
—Wy, Wy 0

where w2, is the angular rate of the IMU frame with
respect to the navigation frame. The operator -, denotes
a skew-symmetric matrix for a vector, which satisfies the
cross product of vectors, a X b = ab.

2.1.2. Velocity and Position Update Equation

Applying general three-dimensional equations of motion
on a rotating frame, the derivative of velocity takes the
form,

fo =Cpa® —g" (4)
vt = fi = Qoj + wii) X vt (5)

where f* is the specific force represented in the local
navigation frame, a” is the acceleration of IMU frame,
g™ is the gravity in local navigation frame, w}, is the
Earth rotation rate and w?, is the transport rate. However,
the magnitudes of w], and w?, are in the order of 107°,

while the specific force f has a value on the order of ~
10. (Hong et al., 2005)

Therefore, by assuming that the rotation rate of the local
navigation frame with respect to the inertial frame is
negligible, the velocity and position update can be
simplified as follows

vt = fi (6)

pr=v" )

where v™ and p™ denote the velocity and position in the
local navigation frame.

Through a series of inertial measurements, Equations (2),
(6) and (7) provide navigation solutions for position,
velocity and attitude from the initial state of the SINS.
Since the mechanization process has only integration
steps, there are two major factors that contribute to
increasing the error: one is the sensor bias, the other is
the initial alignment. (Dissanayake et al., 2001, Syed et
al., 2019) Thus, to suppress the error growth with time
integration, an estimation algorithm for both sensor bias
and misalignment is required.

2.2. Error State Kalman Filter

In this paper, an error state Kalman filter is used for a
loosely-coupled integration of GNSS and SINS
(Woodman, 2007). The GNSS measurements, position
and velocity, are utilized to correct the SINS solutions
introduced in the previous section. The Kalman filter
takes position, velocity and attitude as its states. In
addition, sensor bias and lever arm estimations are also
implemented to compensate for the raw measurements.

2.2.1. Error Propagation

The result of the SINS and GNSS solution can be divided
into estimated states and corresponding errors. The error
state is defined as the residual between ground truth and
estimated state,

p" =p" +p" (8)
vt =9 4 6v" (9)
Cl=6CpCr (10)
ly =I5+ 6, (11)

where 8p, év, 6Cy and S, refer estimation errors in
position, velocity, rotation matrix from IMU to local
navigation frame and GNSS antenna lever arm. Since the
attitude errors are assumed to be small, §C;' can be
approximated using Euler angles, 8¢, 56 and 6y,

1 -8y 66

SCH ~ [ 5y 1 —&p] = [14+ ¥, ] (12)
-850 &8¢ 1

Ch =~ [T+ W 1Ch (13)
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where W is the attitude error vector ¥ = [6¢p 60 SY].

The measurements from accelerometer and gyroscope
are augmented into the error state to eliminate the effect
of measurement biases. The sensor biases are constants
or very slow varying quantities compared with other state
variables, hence the acceleration and angular rate acting
on IMU frame become

b=ah+ab

a (14)
why = Dpp + 0§

(15)

where a® and @5, are the compensated acceleration and
angular rate, and a5 and wj are sensor biases. Note that
equation (15) represents the angular rate of IMU frame b
with respect to the local navigation frame n, since the
Earth rotation rate and transport rate are negligible.
Substituting equations (8)-(15) into the mechanization
equations (2)-(7), the error state model of strapdown
navigation can be derived. Assuming the errors have
small values, the error state model can be linearized as

op" = 6v"
svt = ft W+ Cpdag

(16)
a7)

The error propagation of attitude error uses the Euler
angle vector W, rather than the rotation matrix §C;'. From
the definition of §CJ* and 6CJ}, the time derivative of
rotational error in matrix form is

S5Cy = CPCE +Cp €2

= Chwpy, G + CpCR &3, (18)
where both w®, and &R, are the angular rate of IMU, but
represented in different perspectives. Applying inverse
rotation matrices and substituting §C;} with ¥ (12),

bsrnAn _ b Ab~n  An

CR6CyCy = wry, + Cdp, Cp
— ,\b ~b

= Wppy — Wnpy

CRw.ch = [CR¥]

Q

(19)

Then, the vector form of attitude error propagation can be
written as follows

iy ~ rn¢, b _ b\ _ rn,b
Y =~ Cp (wnp — @np) = Cpwg

(20)

With the error state model (14)-(20), the corresponding
system dynamics in discrete-time system is

§x = [6p™ v ¥ af w
8xk+1 = (-D(Sxk + GWk

81y (21)

(22)

where wy, is unknown input noise.

Taking derivative of equations (16)-(20) with respect to
the error state &x, corresponding state transition matrix F
and discrete-time transition matrix & can be calculated
as follows

[0z I3 03 O3 O3 O
0; 03 f;', Cy O3 O3
F = 03 03 03 03 Cl? 03 (23)
03 03 03 O3 O3 O3
0; 03 O3 O3 O; 03}
0; O3 0; O3 03 O3
® =exp(F) = 1+ FAt (24)

where 05 refers 3 by 3 null matrix and I refers identity
matrix.

The measurement noise of an inertial sensor is typically
defined with a combination of white noise and random
walk (Quinchiaetal., 2013). Then input noise covariance
matrix G can be simplified as follows

' 0, 05 O
0, —-C! 0, O,
03 0;3 I; O3
lo, o0, 05 1|
lo, o0, o0, 0l

[03 03 0; O3 ]

(25)

Applying Q; = E[w,wj ], the covariance of process
noise Q is obtained in terms of IMU characteristics,

atfcc,std 03 03 03
Q=c| O Torsa 03 Os e,
03 03 agcc,rw 03
03 03 03 O-gzyr,rw
=GQ,GTAt (26)

where o5, means the standard deviation of white noise
and a,,, is the random walk in discrete-time. At is the
sampling time between IMU measurements.

2.2.2. Measurement Model

Considering a general scenario of mounting GNSS and
SINS on a vehicle, a lever arm I, between the IMU and
the GNSS antenna, exists in most cases. This lever arm
directly affects the position measurement, and also
influences on the velocity measurement, depending on
the angular rates of motion. Then, the difference between
the SINS solution and the GNSS measurement can be
represented with lever arm [,

pgnss
z=| 5 27)
VUgnss
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n4+Cl
p blg ] (28)

7=
[v” + Cp Whn, lg

where z is GNSS position and velocity measurement
from the receiver, Z is the estimated measurement with
antenna lever arm compensation. The error of estimated
position and velocity becomes

pn + Cgllg - pgnss

0z = [v" + Cﬁwﬁnxlg — Vgnss (29)

When all of the error states 6x have exact values, the
difference between Z and z, is expected to be zero. Thus,
&z becomes the measurement error itself.

Substituting equations (8)-(15) into (29) and taking the
derivative of the measurement error 6z, with respect to
the state vector &x, the measurement matrix H becomes,

H= (30)
I, O, CrLy C 0; O Cr
03 13 —[Cﬁ(ig >< @bn)]x 03 _égigx Ag&)znx

while the high order terms are neglected under the small
error assumption.

The integration process of SINS and GNSS is slightly
modified from the standard Kalman filtering sequence.
Since the update rate of GNSS is much slower than that
of the IMU, the correction step is only performed when
GNSS provides measurements, while several prediction
steps are processed using IMU measurements, during the
GNSS interval.

Table 1. Update sequence for multi rate measurements.

IMU X, = Px_4
- + T T
measurement Pk = chk—l(b + GQdG

Ky = P Hy (H P  H + R)™*
GNSS Re =X + K (2, — HeXy)
measurement P]:- = (I _ Kka)Pk_(I — Kka)
+K R KT

3. MISALIGNMENT ESTIMATION

The position, velocity and attitude estimations from SINS
are resolved in the IMU coordinate, not in the vehicle
body frame. In this section, an estimation method for the
misalignment angles between the IMU and the vehicle
body frame is introduced.

In this section, two models are introduced and fused with
SINS solutions via Kalman filtering, in which the state is

three misalignment angles y, which satisfies C} ~ [I +
¥«JCP . 1t is assumed that misalignment y has small
values, with proper coarse initial alignment. In this paper,
the fast-optimal attitude matrix (FOAM) method is
implemented to initialize coarse alignments (Markley,
1993).

3.1. Non-holonomic Constraint Model

In the case of land vehicles, the motion on a surface is
restricted by non-holonomic constraints. When the
sideslip angle of vehicle is negligible, the axle without
steering should not move sideways, and all wheels should
maintain contact with the ground. Under these constraints,
the virtual measurement of the velocity of a rear axle can
be derived as

Vodo
Ve = CPVP + CPwby x 1, = [ 0 ] (31)

0

where [, stands for the distance vector between the IMU
and the rear axle center, which is unknown for most cases.
Since non-holonomic constraint is regulating the motion
of the rear axle, it is required to estimate the odometry
lever arm as well as the misalignment angles
simultaneously. Hence, in-motion alignment algorithms
based on NHC require additional velocity measurement
for lever arm estimation such as an odometer (Xue et al.,
2017).

However, when using NHC to estimate misalignment
angles, there is a lack of observability because the Euler
angle ¢ is irrelevant to the measurements (Wu et al.,
2012, Lee et al., 2012). Expanding the rotational matrices
with the Euler angle, Equation (31) becomes

cos 6y cosyp

b — Vi v

C)voq0 = | COS By sinyy
—sin 6y

Vodo = V¥ + (‘)gb xl, (32)

Thus, roll misalignment ¢7 is unobservable regardless of
the motion of vehicle.

In the same manner as in chapter 2, Equation (31) can be
rewritten for small errors

SVppe = - Vx]Cf;Ub +[I— VX]CII;wa X (I, +61,)
= Vppe — I;Inhcax r r (33)
Hune = [CovPCy" — 1, Crwb, CY'  Crwb,Cr'] (34)

where y is the misalignment rotation matrix of the IMU
with respect to the vehicle body frame, y = [¢}, 67, V5],
61, is an odometer lever arm vector in the vehicle body
frame and 8x is the error state for misalignment
estimation, §x = [y 81,].
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3.2. Planar Dynamics Model

The sufficient condition of the NHC model is only valid
for cars moving at low speed without tire slip. Thus, to
maintain the estimation performance in high speed or
high acceleration scenarios, a new approach is required.
Without considering the suspension movement, the
vehicle motion on a surface can be represented as the sum
of the translation on a plane and the rotation about the
axis perpendicular to the plane.

vk+.]:......

Figure 2. Motion of vehicle on surface

In a short period of motion, the centrifugal force, toward
the instantaneous center of rotation, can be represented
with the angular rate and magnitude of the velocity. As
shown in Figure 2, the direction change of the velocity
contains the slip rate #, so the centrifugal force also has
arelationship with . This can be seen in Figure 3, where
the black line represents the centrifugal force from the
computer simulation, and the red and blue lines represent
the centrifugal forces reconstructed from the motion with
or without considering the slip rate.

Effect of Sliprate on Centrifugal force

84.5 85 85.5 86 86.5 87 87.5 88
time
Figure 3. Planar acceleration reconstructed from motion
of vehicle with sideslip

A surface can be treated as a plane locally during the
short-term motion. Then, the specific force aligned with
the direction of the velocity in the vehicle body frame can
be approximated as follows

Vtan = fi = 107 (35)

and the specific force toward the instantaneous center of
rotation is given by

Vnor = —BV"| (36)

where £ is estimated sideslip angle at the point of IMU,
defined as § = tan‘l(;%) with the velocity in vehicle

body frame ¥ = CYv? . Similarly, the angular rate
resolved in the planar coordinate becomes

Wpinor = |@"| (37)

Wpinor 0Ny has the value along the binormal axis, since
it is assumed that the vehicle lies on a plane locally.
However, the derivative of the velocity in the vehicle
body frame is

vv = CY(a® — CLg™ — wb), x vP) (38)
Now, based on above assumptions (35), (36) and (37),

the errors on virtual measurements of specific force and
angular rate on vehicle body frame is given by

§v? = [1 -y ICE(ab — CLg™ — wh), x v?)

[ 1o
—Bx || (39)
0

0
Sw” = [1 -y ]Ciwny — [ 0 l (40)
lw]

where B, is the transform matrix, rotating £ about the z
axis of the vehicle body frame.

The corresponding matrix derivative of (39) and (40),
with respect to the misalignment vy, is as follows

wpp X Ub)]xlT

[Co(ab — CE g™ -
leanar = CAI’,’a)ﬁ’,bXCA},’T (41)

With the virtual measurements (33) and (39), a linear
Kalman filter is formulated to estimate the misalignment
angles. The misalignment KF introduced in the previous
section has 6 state variables, 3 misalignment angles y and
odometer lever arm error 61,. However, applying the
planar dynamics model, odometry lever arm error 81, is
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fully isolated from the estimation process because the
measurement model (41), does not contain additional
states more than misalignment angles y.

The misalignment KF is updated when there is a SINS
update with new IMU measurements. The solution of
SINS is basically the result of the integrations. Thus, the
magnitude of states does not drastically change. However,
when the measurement update occurs with new GNSS
measurement, the estimated state changes significantly
over a short period of time. This gap between two
successive states results in an irrational value of slip rate

£ . In order to handle the potential instability, the
misalignment estimator re-initializes its states when the
solution of SINS has been updated from the GNSS
measurement.

4. SIMULATION AND EXPERIMENT RESULTS

In this section, simulation and real vehicle test are
performed to evaluate the estimation performance of the
suggested algorithm.

4.1. Simulation Results

Before moving on to the field test, a simulation based on
CarSim and MATLAB was performed to ensure the
stability and performance of the suggested algorithm.
GNSS measurements are replaced with local positions
and the velocity in the reference frame; proper Gaussian
noise is added to emulate real GNSS measurements.

A low cost IMU has an output error that is a combination
of bias, sensitivity shift and noise. In this simulation, a
sensor error model considering bias and white noise is
implemented. The parameters of the sensor noise follow
those of typical consumer grade IMU (Gebre-Egziabher,
2004).

Table 2. Simulated sensor geometry

Antenna lever arm X:0,Y:04,2:0.2 m
Odometer lever arm X:-1.8,Y:0,Z:0 m
IMU Misalignment Roll: 0.1, Pitch: -0.1, Yaw: 0.2 rad

Table 3. Simulated noise parameters

Position accuracy 2.55(3.0CEP) m
Velocity accuracy 0.2 m/s
Accelerometer II;lioaisse ([)012 0.1,02] m/s?
Gyro ’I;‘?a: * ?8%)1 0.008,0.004] s

In order to show the differences between NHC and the
suggested method, a closed loop track is chosen so as to
maintain harsh driving during the entire simulation.
Although the acceleration is bounded to a value under
0.7g, the sideslip occurs on the rear axle, which violates
NHC.
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Figure 4. Simulation track layout
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Figure 5. Slip on rear axle center

The simulation results of the misalignment estimation are
illustrated in Figures 6-8. Both the NHC and the
suggested methods are implemented using the same data.
The NHC method converges to wrong values of yaw and
pitch misalignment, whereas roll misalignment is not
observable, as described in the previous section.

The suggested method yields enhanced performance
compared with the conventional NHC method. The roll
misalignment, now can be observed, and estimation
errors of misalignment angles are reduced under harsh
maneuvers.

Additionally, the proposed method can operate with roll
and pitch angles when the vehicle stops, whereas NHC
methods totally lose their observability when there is no
motion. As can be seen in Equation (39), the virtual
measurement SvY contains gravitational components,
even though |v"| and |v"| are zero.
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Figure 6. Yaw misalignment estimation (simulation)
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Figure 7. Pitch misalignment estimation (simulation)
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Figure 8. Roll misalignment estimation (simulation)
4.2. Experimental Results

A field test was performed to verify the estimation
performance under real conditions with uncertainties.
Oxts RT3100 is equipped in the test vehicle as a reference
measurement. A Ublox M8U GNSS receiver and TDK
ICM-42605 IMU are used in the test. The update rate of

the IMU is set to 200Hz, while the update rate of the
GNSS receiver is set to 10Hz.

In order to align the IMU along the reference sensor and
add artificial misalignment, a high-precision rotational
stage is used. The true misalignment angles used in the
experimental setup are shown in Table 4.

Table 4. Misalignment angles in tests

Yaw(rad) Pitch(rad) Roll(rad)
Vehicle-RT 0.02 -0.0471 0.0157
RT-IMU 0.1745 0 0
Vehicle-IMU 0.1945 -0.0471 0.0157

The misalignment between the vehicle and RT3100 is
obtained using fine calibration on a near-level surface.
The rotational stage is set to additional 10 degrees in yaw
angle(0.1745 in radian) for target IMU.

Figure 9. Sensors with rotational stage used in test

The experiment was performed at the Taebaek Speedway
in S. Korea, which is a small race track with 2.5km length.

Test Track
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Figure 10. Test track layout (Taebaek Speedway)
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Note that the experimental data have much longer lengths
than those of the simulated data used in the previous
section. Due to the surrounding environment, there is a
shaded area in the route, where GNSS receiver cannot
lock onto enough satellite for a position fix. Thus, error
covariances of measurement have higher values than
those of simulated data, which means that the system
requires a longer time for stabilization.

Figures 11-13 present the results of misalignment angle
estimation, comparing the NHC and suggested methods.
As was seen before in the simulation results, the
suggested model gives better performance for yaw and
pitch estimation.

Figure 13 shows the roll misalignment estimation. Both
the suggested and NHC methods have estimation errors,
but the state covariance of the suggested method tends to
find a steady state value, whereas that of the NHC method
floats around the initial value.

Yaw Misalignment
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Figure 11. Yaw misalignment estimation (real vehicle)
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Figure 12. Pitch misalignment estimation (real vehicle)
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Figure 13. Roll misalignment estimation (real vehicle)

Even though the test vehicle generates severe suspension
motion during the experiment maneuvers, which violates
the assumption presented in Section 3, the proposed
alignment method provides acceptable accuracy under
highly dynamic conditions.

However, the initial response of the experimental results
differs from the simulated results. In the simulation, each
misalignment angle tends to converge from the beginning
of estimation, while the experimental results show some
fluctuations. These fluctuations are considered to be
caused by initial errors of the SINS attitude. Because the
misalignment estimator uses attitude to construct virtual
measurements in vehicle body frame, the global attitude
error can directly affect the performance of misalignment
angle estimation.
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Figure 14. Vehicle roll and pitch angle.

Corresponding attitude estimation results for vehicle roll
and pitch angles are presented in Figure 14. Since the
suggested method estimates sensor bias as well as
position, velocity, and attitude simultaneously, the error
seems fluctuating within stabilization period, while the
error decreases as other states, such as sensor bias,
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converge. After misalignment estimation is settled,
compensated attitude also follows the reference, with
RMSE less than 1.5° .

As demonstrated in these results, the online misalignment
estimation based on the planar dynamics model shows
improved performance compared to the non-holonomic
constraint method, regardless of the motion of the target
system.

5. CONCLUSION

This paper has shown the feasibility of a novel mis-
alignment estimation method for SINS on land vehicles
using IMU and GNSS integration. The proposed method
uses simple planar dynamics constraints to obtain IMU
to vehicle body frame misalignment. As mentioned
earlier, the proposed method can estimate misalignment
angles without non-holonomic restrictions, including roll
observation.

A real environment experiment on a race track was
performed to demonstrate the estimation performance
under dynamic maneuvers with consumer grade sensors.
The results show an improvement of the misalignment
estimation compared with conventional approaches
regardless of motion constraints or prior knowledge of
vehicle model parameters.
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