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Abstract

This paper details a new model for land vehicle navigation including attitude, velocity, and
position estimation using an odometer (OD) and a magnetometer (MAG) in conjunction with
strapdown inertial navigation system (SINS) sensors. In this new model, the SINS/OD navigation
system is designed firstly. In SINS/OD system, the application of non-holonomic constraints for
obtaining virtual velocity measurements is investigated and an innovation-based estimation adaptive
(IAE) Kalman filter is designed to provide a land vehicle navigation solution by combining the
velocity measurement from an odometer and error in the centripetal acceleration difference as a new
observable from SINS sensors. In addition, an adaptive federated Kalman filter (AFKF) is designed,
which integrates the magnetometer on the basis of the SINS/OD navigation system. It is shown that the
accuracy of the new method is higher than of SINS, and using it with the magnetometer in the
integrated navigation system yields more accurate estimations. Finally, field tests show that the
SINS/OD/MAG system improves the precision of the navigation system and promotes a fault-tolerant
performance. The proposed approach can be used as a backup navigation system during outages of the
Global Positioning System (GPS) for an extended amount of time with the navigation error noticeably
bounded. The redundancy and integrity of the entire navigation system are also further enhanced.
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1. Introduction

In recent years, the research on the micro electro-
mechanical systems (MEMS)-based inertial measure-
ment unit (IMU) has undergone rapid development, which
has led to the use of strapdown inertial navigation sys-
tems (SINS) in the field of civil navigation. The main
advantages of MEMS are their small size, light weight,
better rigidity, higher resonant frequency, and wider
bandwidth than large components [1]. However, SINS
has a disadvantage that its navigation errors get accumu-
lated in a short time, so that such devices do not satisfy
the long-time, high-precision navigation requirements of
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land vehicles. Therefore, under the existing conditions,
SINS is generally not used alone but combined with
other navigation devices to form a joint navigation sys-
tem [2].

Vehicle dead reckoning (DR) system is a commonly
used autonomous vehicle positioning system. Generally,
DR is combined with the Global Positioning System
(GPS) and map matching (MM) to form a GPS/DR,
MMY/DR, or GPS/MM/DR integrated navigation system.
It has the advantages of lower cost, higher precision, and
better reliability. Concurrently, an inertial navigation
system (INS) is also a DR model. Its errors accumulate
over time so that SINS needs to be combined with the
GPS and other navigation sensors [3]. Because SINS can
offer larger number of precise navigation parameters
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than a DR, which can improve the accuracy if it com-
binate with the GPS. And the efficiency can be promoted
when match a map. However, because the GPS has the
disadvantages of a multi-path transmission error and
sensitivity of the signal to building occlusion, the perfor-
mance of the vehicle navigation and positioning system
after combination is significantly affected. So it is very
meaningful to propose an approach can be used as a
backup navigation system during outages of the Global
Positioning System (GPS) for an extended amount of
time with the navigation error noticeably bounded.

Odometer (OD) is a widely used positioning method.
It records the motion of a carrier via an optical encoder
mounted on the wheel, thereby calculating the position
and speed of the carrier. Among them, the doppler veloc-
ity log (DVL) is completely independent of the limita-
tions of the external environment, and it has a fast re-
sponse speed and good concealment. It is also widely
used in integrated navigation systems [4]. Benchuan
Zhou et al. combined SINS, the GPS, and DVL sensors
to improve the accuracy of the entire integrated naviga-
tion system using a federal Kalman filter [5]. At present,
integrated navigation is the main mode of vehicle auto-
nomous navigation. The research on vehicle integrated
navigation solutions nationally and internationally in-
cludes GPS/DR, GPS/MM, GPS/DR/MM, GPS/SINS,
and SINS/OD [6]. In these vehicle integrated navigation
solutions, some of them use GPS except for SINS/OD,
which are still no way to avoid the disadvantage of GPS
signal loss [7].

In many applications, gyroscopes have been suc-
cessfully used to determine the attitude of the system.
However, for long-duration working systems, gyroscope
drift errors can lead to inaccurate attitudes. With low-
cost gyroscopes, such as MEMS gyroscopes, the drift er-
ror can reach insignificant levels within tens of seconds
[8]. In addition to using gyroscopes, accelerometers and
magnetometers can also be used to obtain attitude an-
gles. The attitude determined by an accelerometer and
MAG does not drift, but the accuracy of the combination
is affected by the accuracy of the sensor itself. Therefore,
in the application of the attitude and heading reference
system (AHRS), the combination of a gyroscope, an ac-
celerometer, and magnetometer is used to obtain the na-
vigation attitude in a complex scenario [9]. In an inertial

navigation system, a magnetometer can be used for ini-
tial alignment or as a measurement vector to suppress the
gyroscope drift [10]. The application of MAG has be-
come an important research direction for integrated navi-
gation systems [11,12]. Thus, the article proposed SINS/
OD/MAG navigation system has the advantages of com-
plementary advantages and avoidance of weaknesses.

In integrated navigation, the earlier Kalman filter has
undergone a series of improvements. The initially pro-
posed Kalman filter theory is only applicable to a sto-
chastic linear Gaussian system in which both the equa-
tion of state and measurement equation are all linear. For
more than ten years later, Bucy and Sunahara and others
were committed to the research on extending the classi-
cal Kalman theory for the estimation of nonlinear sto-
chastic system [13] filtering, and they proposed the ex-
tended Kalman filter (EKF) theory for discrete nonlinear
stochastic systems [14]. Because the computational com-
plexity of a Kalman filter increases dramatically with the
cube of the state dimension, a centralized Kalman filter
often fails to meet the real-time requirements for high-
dimensional systems and has the disadvantage of poor
fault tolerance [15]. Since 1988, Carlson has proposed
federated filtering based on this theory, aiming to pro-
pose a method for the design of fault-tolerant integrated
navigation systems. A federal filter adopts the design
concept of decentralized filtering followed by global fu-
sion, which significantly improves the fault tolerance of
the system. The United States Air Force has now identi-
fied the federal filter as a universal filter for the new gen-
eration of navigation systems.

This paper proposes an integrated navigation system
integrating the odometer and magnetometer information
in an inertial navigation system. Firstly, the SINS/odo-
meter integrated navigation system is designed, and then
the innovation-based estimation adaptive Kalman filter
(AKF) is used to estimate the system and measurement
noise to improve the system fault-tolerance performance.
Non-holonomic constraints are applied to obtain the vir-
tual velocity measurements, and the centripetal accelera-
tion closing difference is employed as one of the obser-
vations to obtain better navigation results. On this basis,
a SINS/MAG integrated navigation system is added, and
in the former, an accelerometer and MAG are used to de-
termine the attitude angle for ensuring the accuracy of
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the yaw angle estimation. The federated Kalman filter is
used to fuse the two local systems, whereas INS is used
as a public reference system. An adaptive allocation of
the public reference information is implemented during
the FKF innovation process, which improves the system
fault tolerance and reliability.

The structure of the remaining paper is organized as
follows: in the second part, the measurement of the view
measurement of the SINS/odometer integrated naviga-
tion system is performed. The innovation-based estima-
tion AKF algorithm is described in part three. The fourth
part introduces SINS as a public reference system, where
an odometer and a MAG are used as subsystems in the
FKF. The fifth part presents the comparative analysis of
an actual vehicle experiment and the experimental re-
sults of both integrated navigation systems. Finally, the
conclusion is presented.

2. Measurement Equation of SINS/OD

2.1 Non-holonomic Constraints

We discuss a general vehicle movement in the two-
dimensional space. The carrier coordinate and naviga-
tion coordinate systems are set as shown in Figure 1. The
origin of the carrier coordinate system (frame b) is lo-
cated at the centre of the mass of the vehicle. The x axis is
parallel to the vehicle front and rear wheel axles and po-
ints to the right side of the vehicle. The y axis points to
the forward direction of the vehicle, and the z axis is per-
pendicular to the x axis, and the y axis points above the
vehicle. The local geographic frame, east-north-up (ENU)
is selected as the navigation frame, located exactly at the
centre of the vehicle (frame 7).

During the movement of a vehicle, we can assume
that the vehicle does not slip and will not leave the
ground, i.e. the x and z axis speeds of the vehicle are not
sufficiently close to zero in the carrier coordinate sys-
tem. Then from the non-holonomic constraints of the ve-
hicle movement we can obtain

W —v. =0 (M
W —v, =0 @

where v” and v” are the speed components in the x and z
directions in the carrier coordinate system, respectively.

v, and v, are Gaussian white noises, both of whose means
are zero, and the variances are 6 and 62, respectively.
Another speed measured by the odometer is vf’ There-
fore, we can obtain v”,, which is the speed measured by
the odometer in the carrier coordinate system:

vfd:[v"f v vf]"' 3)

When it is converted to the navigation coordinate sys-
tem, it is expressed as

= o

v
Vou =€ | vy (4)
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Among these parameters, v, is the speed measured by
the odometer under the non-holonomic constraint in the
navigation coordinate system. C, is the attitude direc-
tion cosine matrix (DCM) from frame b to frame n, which
is often used to transform the specific force to the navi-
gation coordinate frame.

The attitude matrix can be obtained by the Euler an-
gle method. The conversion process from frame b to
frame n is as follows: The navigation coordinate system
(frame n) is rotated by angle y around the z-axis to ob-
tain coordinate system ;. The n; coordinate system is ro-
tated by angle & around the y-axis to obtain the #, coordi-
nate system, and the n, coordinate system is rotated by
angle 9 around the x-axis to obtain frame b. Therefore,
the Euler angle can be used to obtain attitude matrix C

U

Navigation frame(n frame)
X

W) = >
y
Vehicle-fixed body frame(b frame)

Figure 1. Schematic of the frame coordinates.
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from frame n to frame b as follows:
C,=C,C:Cy (5)

Transposing C! yields C;', which is expressed as fol-
lows:

C, =
cos&cosy  —cosdsiny +singsingcosy  sindsiny +cosIsin & cosy
cos & siny

—siné

cosgcosy +singsinsiny  —sin dcosy +cosIsiné siny

sin $cos & cosgcosé

(6)

where 9, &, and v, respectively, represent the pitch an-
gle, roll angle, and yaw angle in the attitude angle of the
inertial navigation system.

2.2 Centripetal Acceleration Observation

In general, most vehicles are front-wheel steering
vehicles. When a vehicle is steering, its instantaneous
movement can be seen as a circular movement centred
on a point on the extension line of the longitudinal axis
of the vehicle. When the vehicle is traveling in a straight
line, the vehicle motion can also be regarded as a circular
motion with an infinite radius of curvature [16]. As shown
in Figure 2, point O is the centre of the circular motion
and is located on the x-axis of the vehicle coordinate sys-
tem.

For using calculus to analyse the circular motion, the
vehicle is supposed to move from point 4 to point 4; in a
very short time. The moving distance is d/, and angle of
the change in the speed direction is d@. As shown in the
following figure, we can obtain instantaneous radius of
curvature p during the motion of the vehicle, as follows:

P=v/0¢ (M

Figure 2. Schematic of the vehicle circular motion.

where the velocity in the y-axis direction in the carrier
coordinate system is v)b, and the angular velocity around
the axis of the vehicle carrier coordinate system is ¢, and
the point o is the centre of the circular motion in Figure 3.

According to the principle of circular motion, the ex-
pression for centripetal acceleration a, can be derived as

a, = )/ p= vf(]) (3

Set D as the centripetal acceleration difference, which
can be expressed as:

D=a, —v’y’(i) )
and
D=0 (10)

The centripetal acceleration, y-axis velocity of the
carrier coordinate system, and angular velocity around
the y-axis can be measured and calculated by inertial na-
vigation system as shown in the following equations:

a, = f; +(C,g"), (11)
W =(Clv"), (12)
b=l (13)

Because the angular velocity of the rotation of the
earth and rotational angular velocity of the vehicle which
relative to the earth are extremely minuteness, they can
be written as

Figure 3. Schematic of the vehicle circular motion.
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b _ b b _ b b .n
O, =0, —0, =0, —(C'o

nbz inz ibz in/z
= oy, = (G, (0], +0},). (14)
~ (thz
Therefore, equation (15) can be simplified as
b~ ol (15)

In the above equations, a_, Vyb, and (Np are the observa-
tions of a,, vﬁ, and ¢, respectively; f f’ is the x-axis ac-
celeration in the carrier coordinate system measured by
an accelerometer; g" is the gravitational acceleration in
the navigation coordinate system; i, e, n, and b repre-
sent the inertial coordinate system, geocentric coordi-
nate system, navigation coordinate system, and carrier
coordinate system, respectively; ®,, ®;p, ®;;, ®j, and
., indicate the rotational angular velocity vector of
frame b relative to frame n, frame b relative to frame i,
frame 7 relative to frame i, frame e relative to frame i,
and frame # relative to frame e, respectively. Superscripts
n and b represent the decomposition of the correspond-
ing values in frame # and frame b, respectively, and z as
a subscript indicates the z-axis direction.
The observation of D can be represented as

~ ~b v
D=a,-v¢ (16)
In summary, the error in the centripetal acceleration
difference can be taken for SINS/OD as another observa-
tion,

=D = 5
Zo=D-D=a —-v¢

b b ~b ~ b (17)
= fv +(Cngn)x _(Cnvn)ymibz

3. Adaptive Kalman Filter

3.1 System Observation Model

Before designing the Kalman process model, the er-
ror state model should be defined. Typically, the SINS
error model is defined in the navigation frame system.
The error propagation equations for the attitude velocity
and position in the navigation frame system can be ex-
pressed by the following equations:

¢ =—(0} +0l,)x¢" +80), + 80, +C;e)

(18)

5" =(Cp ) x¢" (280, +80, )xv"

b
—(203,-: +coZ,,)><6v" +C,e,

(19)

b%a

8P = 8cy" +cov" (20)

where ¢" is the attitude angle error in the navigation
frame, J is the error of the corresponding physical quan-
tity, and &v" 8P are the speed and position errors, re-
spectively. g, and g, are the gyroscope and accelerome-
ter measurement errors, respectively. ¢ is the transfor-
mation matrix from the vehicle velocity to the angular.

From the above equations, a sixteen-dimension state
vector can be obtained to estimate the biases of the gyro-
scopes, accelerometers and the error in the scale factor. It
is

21)

X=[¢" " 5P € el 8K]

where 0K is the scale factor of the odometer which con-
tains both the constant and random errors [17]. The ac-
celerometer, gyroscope, and odometer measurement er-
rors can be considered constant over a short time. There-

fore, g, €,, and 0K satisfy the following equations:

g, =0 (22)
¢, =0 (23)
0K =0 (24)
Finally, the error model is defined as

X = FyuX +w (25)

Fgysis the 16 x 16 dimensional state transition matrix
of SINS [18] and w is the system noise vector.

Based on the speed measured by the odometer in the
navigation coordinate system under the non-holonomic
constraint, v,,, and considering the attitude error and
scale factor error, we can obtain the odometer observa-
tion in frame 7.

Vo =155 = ()]C, (1 + SK)V(I:d

26
=V, +0KV), +Vv!, xd—3Kv), x¢ (26)

where ¢ is the attitude angle error, and ¢x is the skew-
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symmetric matrix of ¢.
Simplifying the above equation:

Lo AT n n
Vod = Vod + SKvod +vod X(b

@7

Therefore, the error in the difference between the odo-
meter measurement and observation can be written as

n _ =n n o _ n n
6vud =Voa = Voua = 6Kvod + Voa X (I)

(28)

Considering SINS velocity error dvg,, in frame n, the

velocity residual can be obtained as
z, = 8vgys — 0KV, =V, x ¢

(29)

Thus, with equations (17) and (29), the measurement
vector can be expressed as

Zi=1z, za] (30)
Then, the measurement equation is given as
Zk = HkX+ v (3 1)

where X=[¢"" 8" 3P" &' €!" 8K|',Hi=[H M]',
1000 —viy —vaw Oe = Vo
100v),, O -V
Cr/(1.2)g — C;(23W! — Cr@2vio),., M(12)
~Cy(Lhg, = Cp@Rv! =Cp 3w, M(1,3)
~(Cr 22y - C @Yo, M(1.4) = -C/@Doy,,
M(1,5) = -C; 22)0,_, M(1,6)=-C; (23)0;_, M(1,13)

= 1, M(1,12) = -C,@2hv; =C/Q22)v; -C;(23)v.,

},M(l,l)

n
~Vour 01

where the remaining elements of matrix M are 0. H is
the observation matrix, and E, N, U are represents east,
north, and up directions respectively. v is the observa-
tion noise vector, which is assumed to be a Gaussian
white noise.

The system state model is established as depicted in
Figure 4. Then the state can be estimated according to
the Kalman filtered inference algorithm.

3.2 Measurements Fusion Using AKF

It is known that it is difficult to obtain the accurate
noise density without the precise knowledge of the mo-
del and noise characteristics. In conventional Kalman
filters, measurement noise covariance matrix R and pro-
cess noise covariance matrix Q are fixed and known a
priori. Therefore, we have applied the innovation-based

estimation adaptive (IAE) Kalman filter method to auto-
matically tune the measurement noise covariance [19].
The IAE Kalman filter is a method that adjusts the Kal-
man gain matrix online by estimating the innovation se-
quence. The brief structure of the integrated system is
shown Figure 5. This method directly corrects the Kal-
man filter gain by measuring the actual innovation se-
quence and improves the accuracy and robustness of the
attitude, velocity, and position for vehicle navigation.
The state equation and measurement equation of a
discrete linear system model are as follows:
{Xk =0 X W, (32)
Z, =H,X, +V,

where @, is the state transition matrix, I';; is the sys-
tem noise drive matrix, and W,_; and V; are the inde-
pendent Gaussian white noise with zero mean, respec-

Inertial ‘ Position ,velocity Navigation
navigation and attitude informatiol
system ‘ Estimated errors

of position

Attitude velocity and
direction itude
cosine matrix Observation Innovation-
error based estimation

adaptive (IAE)
Kalman filter
| S—

Odometer ‘ Observations

Figure 4. SINS/OD integrated navigation system.
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Figure 5. Flow chart of the innovation-based estimation adap-
tive (IAE) Kalman filter.
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tively. They are shown as W;~N(0, Q); Vi~N(0, R).
Considering innovation sequence ey, the standard
Kalman filter algorithm [20] can be obtained as follows:

A

Xk/k—l = q)k,k—le—l (33)

Pk/k—] = ch,k—IPk—lq):,k—l +rk—1Qk—lr;lcl—l (34)

/%k = )?k/k—l + K¢ (35
,, . -1

Ky = B{/k—]Hl: (HkPk/k—lHkl +Rk) (36)

B=(1-K,H)P, (I-KH) +KRK! (37)

where ¢; is the innovation sequence and e is the vari-
ance of the innovation sequence.

A

e =2, -HX,,, (38)

Cu = HkPk/k—lHI{ + R, (39)
Assuming @ is stable, V} is the independent Gaussian
white noise with zero mean, and its variance R; segment
changes with time. The intensities of the noise changes
in each segment are unknown and not related to each
other, so that we can get

% 1 & o,
R, =F Z ekel:

k—=N+1

(40)

where N is the number of samples and R, is the mea-
surement noise covariance matrix estimated online. Re-
placing R, with R, in equations (36) and (37), the inno-
vation-based estimation adaptive Kalman filter algori-
thm can be designed.

4. SINS/OD/MAG System Model

4.1 SINS/MAG Error State Model

The federated Kalman filter is a distinct form of the
distributed Kalman filter. The particularity of this filter-
ing method lies in its unique information distribution
principle and global optimum estimation method. There-
fore, we design the SINS/MAG navigation system as an-
other local filter, which based on the SINS/odometer na-
vigation system and acting as the local filter. Similar to

the AHRS system, SINS and MAG can form a local filter
to improve the accuracy of the integrated navigation sys-
tem attitude.

The fifteen-dimension state vector of this local filter
is like that of the SINS/OD local filter

x=[¢" &7 &Pt e e

(41)

When the system is static, the gravitational component
in frame n can be expressed as

f"=10 0 —go]"

Considering the misalignment angle error, the gravita-
tional component in frame 7, which is measured by an
accelerometer, can be expressed as

(42)

fr=(1-¢x)C 1 (43)
Residual 8fbetween /" and ™ is considered as the ob-
servation of the local filter, where gy is the local gravita-
tional acceleration.

8f E —&o 0 0 q)l?
oy |=| 0 g O] dy (44)
&f, 0 0 O]l ¢,

In inertial navigation system, initial alignment is
needed before integral operation. The purpose of initial
alignment is that the initial attitude angle is adjusted to a
certain precision attitude as soon as possible. Initial
alignment is the process of determining the direction be-
tween the axis of the inertial navigation system and the
axis of the coordinate system. Due to the poor accuracy
of gyroscope, the azimuth self-alignment can’t be com-
pleted. Therefore, the magnetometer is combined with
accelerometer in MIMU to determine attitude and ac-
complish initial alignment of inertial navigation system.
During the initial alignment process, accelerometers and
magnetometers are used to determine the attitude and ob-
tain the accuracy of the yaw angle. When system is sta-
tionary, the direction of the gravity and local magnetic
field can be used to stabilize the roll angle and pitch an-
gle. When the pitch angle and roll angle is known, the
yaw angle can be determined by magnetometer accord-
ing to the geometrical relationship. When the vehicle is
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still at a stationary state or at a constant velocity move-
ment state, the accelerometer can measure the gravity
component in the vehicle coordinate system precisely. In
dynamic process, if the pitch and roll angle converge to a
certain precision, the yaw angle can be derived as [21]:

_1[ mysin &cos3—m_sing ]

Yy, =—tan - -

m,cos¢ +m, singsiné +m, cos§cos&
where m,, m, and m. are the geomagnetic vector mea-
sured in the body frame. Therefore, heading residual Z,,
between the magnetometer and gyroscopes is obtained
as another observation; it can be expressed as
e s (45)
In the above equation, the value of dy,,, depends on
the latitude and longitude. However, during the driving
process, the values of the latitude and longitude change
by only small amounts, which we can ignore. y is the fi-
nal residual, which is the azimuth error of the SINS. Z,
can be expressed as

=18 z,]" (46)

The measurement equation is obtained as

Zyj=HypXo + vy (47)
0 -2, 00

where H,, =|0,5 0 0,, 0 g, 0 |and vy is the ob-
1 0 01

servation noise vector, which is assumed to be a Gaussi-
an white noise.

4.2 Federated Kalman Filter

This federated Kalman filter algorithm estimates the
error by observing the vector and error model in the local
filter to obtain the local optimum estimate. After this
step, the local optimum estimation information of each
local filter is fused to obtain the global optimum estimate
such that the attitude, speed, and position error can be
constantly revised during the updating process. The st-
ructure of the SINS/OD/MAG navigation system is illus-
trated in Figure 6; it uses SINS as the reference system,
odometer as subsystem 1, SINS/OD as local filter 1,

MAG as subsystem 2, and SINS/MAG as local filter 2.
SINS output X} is used to update the state quantities in
the main filter and two local filters (partial filters) as the
measured values. The output of each subsystem serves as
the input for the corresponding local filter. Local opti-
mum estimate of each local filter X ; and its covariance
matrix P; are fused in the main filter to obtain the global
optimum estimate and corresponding covariance matrix.

The system states of the two subsystems are ex-
pressed respectively as

,i=1,2

{Xi,k =D, o Xiga T Wi (48)

L=l 8 1

When i = 1, the system states express the SINS/OD sys-
tem, and X 4, Z1 4, H1 4> U141, Wig, and V7 are equal to
Xi, Zy, Hy, Ty, Wy, and Vj in the SINS/OD system, re-
spectively, when i = 2, the system states express the
SINS/MAG system, and X x, Zo x, Ha g, T2.4-1, Wai, and
V> are as obtained in the previous section.

Each local filter independently utilizes the measure-
ment information of the corresponding sensor for mea-
surement and updating; the updating process is as fol-

lows:
A A A
-tk L =0k ) (49)
P P -1
_ T 7
Ki,k = E,k/k—lHi,k (Hi,kE,k/k—lH:,k + Ri,k) (50)
¢ Z,
o T AT + Odometer
i s o oo
E I
I i "
E i Gyros cl v
: I
E i X,
booooooy > SINS
1O0P,0v |
3 aj : Accelerometers =
i i v,
i v’y
i i ; . -
i | f7 Centripetal Z, = Federal
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' b pb e kalman filter
; 7 / solution £
i
i
i
i
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1 "
i
i
g .
Magnetic
Magnetometer field mapper
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Figure 6. SINS/OD/MAG integrated navigation system.
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b, = ([ _Ki.kHi.k)Pi.k/k—l ([ —K . Hy )T + Ki.kRv’,kKi’l.vk (51)

Because the main filter has no measurement, there is no
measurement update of the main filter.

In the above equations, f; is the information distribu-
tion coefficient, which is determined by the information
sharing principle. In the sub-filter, a low accuracy im-
plies a large distribution coefficient of the inertial navi-
gation information. To make the total inertial navigation
information to be completely effective in a lower preci-
sion subsystem, the accuracy of the subsystem should be
high so that B, is small. Considering the impact of the ve-
hicle road environment and magnetic field factors, the
value of 3; can be adapted according to the eigenvalues
of covariance matrix P. According to Figure 7, synthe-
sized global estimate X . and corresponding covariance
matrix P, of each sub-filter are amplified to B;'Pg B:<1)
and fed back to the local filter to reset the estimation of
the local filters, i.e.

(52)

X =X,
P (53)

_n-l
=B P,

Information fusion is the core step of the federated
Kalman filter algorithm. In this integrated navigation
system, the locally optimal estimate of each local filter is

7 y ]
INERTIAL

NAVIGATIO

N SYSTEM ¥

| e—

N —> SINS/OD

Primary Filter

Time update
X,.P
4_, P
—
¥ Optimal

fusion

P
2 :
ODOMETER — I\

b N

N X,.P,

L— SINS/MAG H—=

MAGNETO | % Py
——

METER

X

| ——
Adaptive

channel

allocation

Figure 7. Flow chart of the federated Kalman filter algorithm.

Table 1. MTi-30 specifications

fused to obtain the globally optimal estimate. The fusion
method can be expressed as

) =

X =P [RE 4R, ] (55)
5. Experimental Validation of the Proposed
Approach

5.1 Description of the Experiment Platform

To verify the proposed approach, a series of mea-
surements was setup. We used a Xsens MTi-30 sensor and
VECTOR CAN bus test equipment to obtain the measure-
ments. The MTi-30 is an attitude heading reference sys-
tem with an internal integrated tri-axial accelerometer, a
tri-axial gyroscope, and a tri-axial MAG sensor. More-
over, the Vector bus test equipment includes CANoe,
CANcope, and CANStreessDR, and it can obtain the
data from all types of vehicle sensors such as the steering
wheel angle sensor and the velocity of the vehicle.

The MTi-30 can output the original data of the accel-
erometer and gyroscope and filtered attitude informa-
tion. The MTi-30 specifications are listed in Table 1. The
MTi-30 determines the vehicle attitude using an acceler-
ometer, a gyroscope, and a MAG, and removes the mag-
netic interference of the vehicle before performing the
attitude measurement. The installation of the MTi-30
sensor and VECTOR CAN bus test equipment and other
devices is shown in Figure 8.

The MTi sensor and CANoe are connected to the
same computer by a USB. The corresponding PC soft-
ware programs are MT Manager and Vector CANape, re-
spectively. The wheel speed sensor is mounted on the
front wheel, and its final output data are the average of
the right and left wheel speed.

5.2 Tests Performed
The trajectory which was used in the vehicle experi-

Gyroscopes Accelerometers Magnetometer
In-run bias stability 18 °/h 40 ng --
Noise density 0.03 °/s/\NHz 80 pg/\VHz 200 pg /NHz
Non-linearity 0.03 %FS 0.03% FS 0.1% FS
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ment is presented in Figure 9. During the testing, the to-
tal vehicle driving time was 250 s and driving distance
was approximately 2 km.

In the measurement process, the sampling frequency
of MTi-30 is 100 Hz, wheel speed sensor is 20 Hz, and
frequency of the filter update is 20 Hz. The initial lati-
tude and longitude of the experiment were 117.0271°
and 36.3612°, respectively, and the initial height was 0
m. To ensure the synchronization of the sensor measure-
ments, the system time was added to the measured data
as the time axis. After the experimental testing, the data
were outputted to MATLAB for offline simulation.

5.2.1 Experimental Validation of AKF

In the adaptive Kalman filter performance experi-
ment, the attitude, velocity, and position are estimated
separately by SINS and SINS/OD that are fused by the

Figure 8. Experiment platform. (“C” indicates the MTi sen-
sors which are installed on the roof of the vehicle.
“D” indicates the computer which collects the data.
“E” indicates the VECTOR CAN bus which is con-
nected to the computer.)

Figure 9. Experimental trajectory. (“A” represents the start
point and “B” represents the end point.)

AKEF. Figure 10 presents the centripetal acceleration a
measured by the accelerator of SINS, which is calculated
from velocity in the y-axis direction 17yb multiplied by
z-axis angular velocity ¢. In this figure, owing to the mu-
tual effect of the vehicle vibration and external impact,
the value of @ fluctuates around the value of \7;’ ¢.In
addition, the mean of the centripetal acceleration differ-
ence is 0.0021, which is close to 0, so that it can be used
as an observation in the SINS/OD system.

The attitude estimation with the Euler angle derived
from the MTi-30, SINS, and SINS/OD navigation sys-
tem fused by AKEF, are displayed in Figure 11. It is shown
that the attitude derived from the SINS, which is actually
calculated by the gyroscopes, suffers from the long-term
accumulated errors caused by large sensor biases. Thus,
it is necessary to fuse these sensors. By using the AKF,
the attitude, velocity, and position error will be imple-
mented to some extent. As can be seen from Figure 11,
the attitude calculated output from the proposed SINS/

6

| Centripetal acceleration measurements
—— Centripetal acceleration calculation 4

I
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N
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Figure 10. Centripetal acceleration measurements vs. centri-
petal acceleration calculation in frame b.
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Figure 11. Attitude estimation results of the adaptive Kalman
filter.
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OD is stable and can track the reference value. It is shown
that the mean square error (MSE) [22] of the pitch, roll
and, yaw angle (See Table 2 for details) are below 0.35°,
0.28°, and 0.85°, respectively.

To illuminate the effect of the filter, the velocity and
position decomposed in the east and north axes are com-
pared with the reference value in Figures 12-14. In Fig-
ure 12, it is worth noticing that the MSE between the ref-
erence velocity and filtering results are in the east and
north directions and less than 0.25 m/s. Moreover, it can
be seen that the path estimated by the AKF closely fol-
lows the real path and the differences between the refer-
ence position and filtering results in the east and north di-
rections are 3.9 m and 4.7 m, respectively in Figure 13
and 14.

This validates the performance of the AKF algori-
thm implemented in this study. The other test results ana-
lysing to validate the performance of the FKF show in
next section.

5.2.2 Experimental Validation of FKF
The same path and experiment platform are used to
verify the FKF performance, and the attitude estimated

o
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50 100 150 200 250

! ! :
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o
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Times(s)

Figure 12. Velocity estimation results of the adaptive Kalman

separately by SINS and SINS/OD/MAG, which are
fused by the FKF, is shown in Figure 15. The figure also
shows that the MSE of the pitch, roll, and yaw angle be-
tween the reference value and measurement value fused
by the FKF are separately 0.45°, 0.25°, and 0.52°.

In this test, the comparison of the velocity and posi-
tion estimation results between the AKF and FKF are
presented in Figures 16-20. Concurrently, Figure 17 is
the detailed figure from Figure 16, and it is shown that
the velocity estimation results of both the filter methods

The relative positions
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Figure 13. Relative position estimation results of the adaptive
Kalman filter.
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Figure 14. Position estimation results of the adaptive Kalman

filter. filter.
Table 2. Estimation error of the integrated navigation
MSE of AKF results ME of AKF results  MSE of FKF results ME of FKF results

Pitch angle (deg) 0.3572 1.6568 0.4587 1.2874
Roll angle (deg) 0.2881 2.2648 0.2584 2.3405
Yaw angle (deg) 0.4466 5.6356 0.5261 5.8210
Velocity of east (m/s) 0.2290 3.4038 0.2070 3.4886
Velocity of north (m/s) 0.2739 4.6958 0.2642 4.7920
Position of east (m) 3.9130 5.5148 4.3570 7.8579
Position of north (m) 4.6986 7.8830 4.4210 8.1630
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is in 130-131 s. So is Figure 20, the detail figure from
Figure 18, the position estimation results of both the fil-
ter methods in 200-201 s is implemented.

From Figures 16 and 19, it can be seen that in the
FKF results, the MSE of the velocity in the east and north
is 0.2 m/s and 0.26 m/s respectively. The MSE of the po-
sition in the east and north are less than 5 meters.
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Figure 15. Attitude estimation results of the federated Kalman

filter.
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Figure 17. Velocity estimation results of two filter methods in
130-131s.

Figures 17 and 20 show the details of the comparison
of'the AKF and FKF results for the velocity and position
with 1 s. It is shown that both the velocity and position
estimations made by both the filters are very precisely
accurate.

A comparison of the results of AKF and FKF is pre-
sented in Table 2. It shows the mean square error (MSE)
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Figure 18. Relative position estimation results of both the fil-
ter methods.
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and the maximum error (ME) of two filter results. It is
clear that the attitude, velocity, and position estimation
by both the filters are to have very close. Both the filters
can be considered to have satisfactory results. However,
the proposed FKF method can not only improve the navi-
gation accuracy in the attitude, velocity, and position, it
also promotes the fault-tolerant performance of integrated
navigation systems. Then another experiment to test the
fault-tolerant performance of FKF is showed in the fol-
lowing sections.

5.3 Fault-tolerant Performance Experiment

To verify the FKF has a good fault-tolerant perfor-
mance, a comparison testing can be designed. Assuming
the case of wheel slipping or locking occurs in 100-110
s, the longitudinal velocity in these abnormal conditions
can be shown in Figure 21. When the wheel slipping is in
100110 s, we assume that the longitudinal velocity which
is measured by the wheel speed sensor increases by 20
km/h. Similarly, in the case of wheel locking, the longi-
tudinal velocity measured by the wheel speed sensor is 0
m/s in 100-110s.

In this experiment, Figures 22 and 23 show the ve-
locity estimation of both the filters when wheel slipping
and locking occur in 100-110 s. As shown in the figure,
the abnormal conditions of the wheel velocity can gener-
ate a large error in the adaptive Kalman filtering result,
and it takes a long time to return to the normal condition.
This type of system has weak fault isolation and recovery
capabilities. However, the FKF uses the principle of in-
formation distribution to fuse the SINS/OD and SINS/
MAG local systems. The errors caused by the abnormal
conditions can be well isolated. When an abnormal situa-
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Figure 21. Longitudinal velocity under abnormal conditions.
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tion occurs, the vehicle velocity is actually obtained from
the acceleration integral, and the error originates from
the integral error acceleration in this time. Therefore, as
is shown in Figures 22 and 23, when the wheel slips or
locks up, FKF algorithm can well isolate the fault and re-
turn to the correct estimated result in a shorter time.

Thus, test validates that the proposed FKF algorithm
provides a high-accuracy velocity estimate and good
fault-tolerant performance under abnormal conditions
during wheel slipping or locking.

6. Conclusion

In this paper, a new SINS/OD/MAG integrated navi-
gation system is proposed for promoting the accuracy of
the attitude, velocity, and position estimation of land ve-
hicle navigation. First, the innovation-based estimation
adaptive (IAE) Kalman filter was designed to fuse SINS
sensors and odometer measurements, choosing the error
of the centripetal acceleration difference as a new obser-
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Figure 22. Velocity estimation when the wheel slip is in 100—
110s.

o

T T
= = Reference

= Adaptive Kalman Filtering Result
—Federated Kalman Filtering Result

Velocity of East(m/s)
= ]

0 50 100 150 200 250

Velocity of North(m/s)
o

0 50 100 150 200 250
Times(s)
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vable in this solution. As we all know, it is difficult to
find the accurate noise density without precise knowl-
edge of the model and noise characteristics, because the
actual circumstances may be complex and beyond pre-
diction. In conventional Kalman filter, the measurement
noise covariance matrix and process noise covariance
matrix are fixed and known for priori. Therefore we have
applied the adaptive Kalman filter to tune the measure-
ment noise covariance automatically. Then, an adaptive
federated Kalman Filter (AFKF) was designed, which
integrates a magnetometer based on the SINS/odometer
navigation system. This proposed algorithm fused the
SINS/OD and SINS/MAG local systems, which can pro-
vide high-accuracy navigation information. The feder-
ated Kalman filter method that proposed in this paper has
the advantages of high accuracy and small amount of
communication data, which facility the rapid execution
of the algorithm. Compared with the innovation-based
estimation adaptive Kalman filter, although both the fil-
ters are very precisely. The proposed FKF method can
not only improve the navigation accuracy in the attitude,
velocity, and position, it can also promote fault-tolerant
performance when the odometer measurement was made
under abnormal conditions.
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