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Abstract

A new two-stage alignment on a moving base is proposed for a low-cost inertial
navigation system with the aid of a Global Positioning System (GPS) receiver
in the Earth-centered, Earth-fixed (ECEF) frame under large initial attitude
errors. Both the state and measurement equations are derived using the additive
quaternion error model in the ECEF frame for alignment without the need for
level adjustment. The nonlinear velocity error equations in both the coarse and
the fine stages are linearized further. An improved strong tracking filter is pro-
posed for the coarse stage to converge quickly with large initial attitude errors.
After the attitude errors converge to smaller values in the coarse stage, a stan-
dard Kalman filter is implemented for the fine stage. Experiments demonstrate
that attitude error can converge quickly with the proposed adaptive alignment
method.
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1 | INTRODUCTION

Although low-cost inertial measurement unit (IMU) sensors, such as
micro-electromechanical systems (MEMS), accelerometers, and gyroscopes, have
improved significantly in accuracy, an inertial navigation system (INS) com-
posed of low-cost IMU sensors is still difficult to align accurately with stationary
self-alignment (Li & Wang, 2012; Syed et al., 2008). However, if it is aided by global
navigation satellite system (GNSS) measurements on a moving base, it may be
aligned accurately and quickly (Kaygisiz & Sen, 2014; Tsukerman & Klein, 2018;
Wu & Pan, 2013; Zhong et al., 2018).

An in-motion alignment algorithm based on optimization called the
Optimization-Based Alignment (OBA) that converges very quickly in the coarse
stage has been put forward to estimate the three attitude angles, IMU sensor biases,
and even the GNSS antenna’s level arm recursively (Chang et al., 2016; Chen et al.,
2021; Wu et al., 2014; Wu & Pan, 2013). Unfortunately, neither the states nor their
covariances of the Kalman filter (KF) in the fine stage can be initialized by the
OBA directly. Instead, if the alignment in the coarse stage is implemented by a KF,
the KF in the fine stage can be conveniently initialized by the converged results
in the coarse stage. In the coarse stage, the main challenge faced by the KF is the
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nonlinear state equations, which have been studied intensively (Kaygisiz & Sen,
2014; Li & Wang, 2012; Tsukerman & Klein, 2018; Zhong et al., 2018).

If a stationary level adjustment is accomplished before the initial alignment in
the local level frame, both the pitch and the rolling errors would be small, but
the yaw error would still be very large for the low-cost INS. That is, in the local
level frame, the in-motion alignment in the coarse stage would still suffer the
severe nonlinearity in the filtering model (Syed et al., 2008). Unscented Kalman
filters (UKFs) and other nonlinear filters have been proposed for coarse alignment
(Dmitriyev et al., 1997; Kong et al., 1999; Shin & El-Sheimy, 2004), but they exhaust
more computational loads than a linear KF.

The state equations in the wander yaw frame will be linear if the cosine and sine
values of the yaw error, rather than the yaw error itself, are included in the states
(Han & Wang, 2010; Pham, 1991; Qi & Pengfei, 2015; Rogers, 1997). Unfortunately,
both the states and the state equations in the fine stage are different from those
with the sine and cosine terms in the coarse stage, so the filtering results in the
coarse stage cannot be employed to initialize the filter in the fine stage directly.
Alternatively, if the state equations in the two stages are derived by the quaternion
method, the states in the fine stage will be the same as those in the coarse stage.
In fact, the state equations without the assumption of small attitude errors have
been derived using the linear Additive Quaternion Error (AQE) model (Yu et al.,
1997, 1999). However, the velocity error equations derived using the AQE model
are nonlinear for the large yaw error even though the level adjustment has been
accomplished before the coarse stage. Hence, they will have to be linearized for the
linear KF, but the linearization error in the coarse stage will be very large, which is
not beneficial in improving alignment performance.

The linearized velocity error equations using the AQE model have been elabo-
rated to further improve on alignment performance (Wang et al., 2020). Moreover,
if the fading KF is used to improve the contribution of the latest measurements in
the state updating (Geng & Wang, 2008; Simon, 2006), the impact of the linearized
error on alignment can be mitigated significantly. Considering that the fading fac-
tor is usually preset as a constant, a strong tracking filter (STF) has been employed
to adjust the fading factor adaptively by the updated residual (Zhong et al., 2018).
Consequently, all the states are attenuated by the fading factor equally in both the
fading KF and the STF. However, by using the AQE model, both the attitude error
and the position error equations are linear, while only the velocity error equations
are nonlinear. Hence, it is more reasonable to allocate the states with different fad-
ing factors to address the difference among the state equations, which has yet to be
investigated until now.

If the INS navigation is implemented in the Earth-centered, Earth-fixed (ECEF)
frame, rather than in the local level frame, more than 30% of the computational
load can be reduced, which is attractive to low-cost applications because of the lim-
ited online computation (Wei & Schwarz, 1990). Correspondingly, the INS should
be initially aligned in the ECEF frame, too. Actually, linearized alignment in the
ECEF frame has been proposed, but it is derived by assuming small attitude errors
(Xie et al., 2014). Furthermore, the level adjustment in the local level frame will
lose its effectiveness for alignment in the ECEF frame. That is, alignment in the
ECEF frame should be implemented with the condition of large attitude errors
rather than only one large yaw error, which has not been studied either.

In this paper, a new two-stage alignment on a moving base is proposed for a
low-cost MEMS INS with the aid of a Global Positioning System (GPS) receiver
in the ECEF frame under large initial attitude errors. Both the state and measure-
ment equations are derived in the ECEF frame for alignment without the need for
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a level adjustment. The nonlinear velocity error equations are linearized in both
the coarse and fine stages further. An improved STF algorithm is proposed for the
coarse stage to converge quickly with large attitude errors. After the attitude errors
converge to the small values in the coarse stage, a standard KF is implemented in
the fine stage.

The rest of this paper is organized as follows. The AQE models in the ECEF frame
are provided for the alignment on a moving base in Section 2. The velocity error
equations are linearized for the following filtering. An improved STF is proposed
for the coarse stage in Section 3. The proposed alignment is compared with those
using a fading KF and an existing STF with a vehicle test to verify its performance
in Section 4. Finally, conclusive remarks are provided for the proposed alignment’s
potential applications.

2 | STATE AND MEASUREMENT EQUATIONS USING THE
AQE MODEL

The state equations, including the attitude error, velocity error, position error,
and measurement equations, are derived using the AQE model in the ECEF
frame. Nonlinear velocity error equations are linearized further in the following
filtering.

2.1 | Attitude Error Equations

Herein, e and b represent the ECEF and body frames, respectively. The ECEF
frame is assumed to be the navigation frame. Attitude errors are defined as the
misalignment between the mathematical platform and the navigation frame.
Q=g qf ¢ 1" and q§=[q q¢ G5 G5]" are the true and indicated
quaternion vectors, respectively. The AQE vector of qf and qy is defined as:

~ T
say =5 —ag =[da; da; sas 5qs ] (1)

Then, the attitude error equations based on the AQE model are given as (Yu et al.,
1999):

. 1
5q¢ =M°5q¢ +5U65wﬁ) (2)

where M€ = %(fz}; -Q¢), b =ab —of, of =[wd a)ﬁ’)y w? 1" is the angu-
lar rate vector in the body frame, o, equals 15.041%/h, and of, =[0 0 o, T is
the Earth rotation rate in the ECEF frame. Herein, the tildes indicate values with

error. The other items are defined as:

_ b _5b _mnb
0 Ojpx wiby Wiy,
~b ~b ;b
f)b _ wibx 0 a)ibz 6Oiby (3)
Pole @b, 0 @b
iby ibz ibx

~b ~b _~b
Oy, wiby Ojpx 0
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Obviously, the attitude error equations in Equation (2) based on the AQE model
are linear without any assumptions.

2.2 | Velocity Error Equations

The velocity equations in the ECEF frame are as follows:
ve=f°-2af xv°+g° (6)

where v¢ is the velocity vector in the ECEF frame; Ct is the rotation matrix from
the body frame to the ECEF frame; f¢ =C{f b fe and f® are the specific forces
in the ECEF and the body frames, respectively; a x is the skew-symmetric matrix
of a; and g® is the gravity in the ECEF frame. The quaternions of the two 3D vec-
tors, f¢ and fP, are denoted as f¢" and fY', respectively. Their scalar and complex
components are zero and 3D vectors, respectively. The specific force ¢ =C¢f® can
be written as:

£ =qf of" oqf’ ™

where o denotes the quaternion multiplication and qg* is the complex conjugate
of qf. The error of the specific force can be obtained as:

5 =5 of” 04y —qf o o g’ ®)

where f? is the quaternion related to £°. If 5f¢ is the vector related to the qua-
ternion 5f¢, the velocity error equations can be derived as:

8Ve =8¢ 208, x5V° +5g° ©)

where 6v¢ and 6g° are the errors of v¢ and g°, respectively. ®f,, assumed as a
constant, is the Earth rotation rate in the ECEF frame. For the low-cost INS, og®
can be treated as noise. Hence, only 6f¢ is the nonlinear item in Equation (9).

Substitute Equation (1) and f® = f* —5f?" into Equation (8) and yield:

5f¢ =qg of 05qe* +5q¢ ofY 0 + G 0 SFY 0@

y ) X , (10)
—6q¢ of® 0 5qS* —q¢ o 5fY 0 5q8* —5qE 0 S oqt* +5q¢ 0 5EY 0 5q¢”
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If the attitude errors are small enough that the last four items on the right side of
Equation (10) can be ignored, Equation (10) can be approximated as:

5te zqg of'b, oéqi* +5qg ofb, oqg* +q§ ¥ id oqg* (11)

The item, 6f¢, can be linearized as:

~ e SFb
of¢ =Desq; +Cyof (12)
where:
e e e e T e LV
u =[u1 us  ug uJ =qgof (13)
e e e e e T b fex
S :[s1 sS 8§ S4:| =f*oqg (14)
€ € —1y€ € € € _17€ _ o€
us +s5  —uf+s; ug+sg us§ — 5§
e _— (S S (S S (S (S (S S
D¢ =|u§ +s§ —ug+s; —uy+sy  uS+ss (15)

€ € € € 17 _ ¢€ —1y€ e
ug+sy U +sy —uS—s5 —uf +s§

Substitute Equation (12) into Equation (9) and yield:
SVe xDeSqE — 208, x5ve +CofP +5g° (16)

Equation (16) is the linearized velocity error equation using the AQE model in
the ECEF frame, but it is derived under small attitude errors. In Equation (10),
SfY is related to the accelerometer errors so the values of 5f° are usually far less
than those of f®. The values of & q; are also far less than those of qf under small
attitude errors. However, with large attitude errors, the values of 5q§ are no less
than those of qj, so the linearized errors would be very large if the four items
related to 6qf are ignored on the right side of Equation (10). Hence, Equation (16)
is only applicable for small attitude errors (i.e., the fine stage of the alignment).

However, in the coarse stage of alignment, although the values of Sf°" are still
small, the values of 6q} are large in Equation (10) because the attitude errors are
very large. Hence, the fourth item on the right side of Equation (10) should be
taken into account in the linearized equation while the four items related to 5f"
can be ignored. That is, 6f¢ can be approximated as:

5£¢ ~ (D¢ ~E*)sq¢ 17)

where:
a° =[af as a¢ ag ]T =3qg of" (18)
be=[be by bt b =gy (19)

[ e —€ e [ € —€ — ke

as +b5 —af +bf aj+Dbj as — b

e — € € € € € € € €
E¢=|a{+bf —af+b —af+bf aS+b§ (20)

e e e € —n€ — ke —¢ €
a; +by a5 +b§ a5 —bS  —af +b;
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where 5q; is the estimated dqf. Substitute Equation (17) into Equation (9) and
yield:

5v° ~(D¢ —E°)5q5 — 205, x5VE +5g° (21)

Equation (21) is the linearized velocity error equation using the AQE model in
the ECEF frame for the coarse stage. It should be noted that the estimated 5q¢,
6q¢, is used in Equation (21). Hence, the impact of large errors due to linearized
and ignored items in the filtering should be considered in the coarse stage, which
will be further addressed in Section 3.
2.3 | Position Error Equations

The position equation in the ECEF frame is as follows:

¢ =v® (22)

where r¢ is the position vector in the ECEF frame. If the position error is denoted
as or® =r° —r¢, thereis:

51¢ = 5ve (23)

Equation (23) is the position error equation in the ECEF frame, which is linear.

2.4 | State Equations
If the states are denoted as:
T
x¢=[3q57 oveT orT bl b] | (24)

herein, the errors of accelerometers and gyroscopes are modeled as:

b _
3f*=b, +n,, (25)
dof = b, +n, (26)
b, =n, 27)
bg =n, (28)
where n_, n,, n, and n, are zero-mean white noise.

The state equations include Equations (2), (9), (23), (27), and (28). Because all
the equations except Equation (9) are linear, the state equations are linear, too, if
the linearized velocity error equations in Equation (16) or (21) are employed. The
state equations can be written as:

X® =Fex® + w® (29)
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In the coarse stage:

1
Me 0, 0,, 0,, EUe
(D¢ —E®) —20f x 055 055 0y,
Fe = (30)
3x4 IS><3 03><3 03><3 03><3
3x4 03><3 03><3 03><3 03><3
03><4 03><3 03><3 03><3 03><3
(1
EUenrg
oge
we=| 0, (31)
n,
l‘lg
where I isan nxn unit matrix. In the fine stage:
_ 1 _
M® 04><3 04><3 04><3 EUe
D¢ —2(,0'53 X 03><3 ég 03><3
Fe = (32)
03><4 I3><3 03><3 03><3 03x3
03><4 03><3 03><3 03><3 03><3
| 3x4 03><3 03><3 03><3 03><3 i
- 1 _
—17€
2 U n,
Cin_ +6g°
we = 0 (33)
3x1
n,
ng

In this paper, the estimated b, and bg values are only used to compensate for
the accelerometer and gyroscope biases in the fine stage since they are not accurate
enough for the coarse stage.

2.5 | Measurement Equations

The measurements are the difference between the velocity and position provided
by GPS and those output by the INS. The measurement equations are as follows:

rs rs
zo=| s || S | prege s e (34)
VGps Vins
0 0 -1 0 0
where He=| ¢ 33 PSI34S and measurement noise,
03><4 _I3><3 03><3 03><3 03><3

org
né = l:ﬁ (;P S |. The measurement equations in Equation (34) are also linear.
3%
GPS
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3 | FILTERING

According to the derivation above, the linearized velocity error equations in
Equations (16) and (21) are applicable to the fine and coarse stages of alignment,
respectively, so that the standard KF can be employed. However, the linearized
errors in Equation (21) will be very large in the coarse stage so the linear KF runs
the risk of becoming significantly degraded or even diverged.

The most effective method to mitigate the impact of large linearized errors is the
use of a fading KF which relies more on the latest measurements than the earlier
ones in filtering. The STF algorithm may be more effective than the fading KF in
mitigating the linearized error since it adaptively adjusts the fading factor to the
residuals in real time.

However, both the fading KF and STF methods may not achieve the desirable
results in the coarse alignment because only velocity error equations are linearized
(whereas the others are linear). Hence, an improved STF algorithm is proposed to
address the difference among the state equations herein.

3.1 | Discrete State and Measurement Equations

If the superscript e is omitted in Equations (29) and (34) for brevity, the state and
measurement equations in Equations (29) and (34) can be rewritten as:

x=Fx+w (35)
z=Hx+n (36)
The corresponding discrete equations can be derived as:
X =D Xy + Wy (37)
z, =H,x, +n, (38)

where x, is the state vector at time f,; ®, , is the state transition matrix from
t,_, to t,; w,_, is the state noise vector; z, is the measurement vector; H, is the
measurement matrix; n, is the measurement error; E(w, ) =0, ,; E(n,)=0,;
E(w,w])=Q,8,; E(nn[)=R,5,; E(x) is the expectation of x; §,, is the
Kronecker delta function; and Q, and R, are the covariance matrices of w, and
n,, respectively. Since the updating period, T, is very short (such as 10 ms), D,
is approximated as (I+FT).

If there are no errors in both Equations (37) and (38), the standard KF method
can achieve the optimal state estimation in the merit of minimum variance. On the
contrary, the standard KF will be significantly degraded in performance or even
divergent if there are large errors in Equation (37) and/or Equation (38). Hence, a
standard KF is usually employed in the fine stage while a more robust algorithm
should be used in the coarse stage.

3.2 | Improved STF Algorithm

The improved STF algorithm is composed of two steps, updating and prediction,
which is similar to the standard KF algorithm. Equations (39) through (43) explain
further.
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Updating Step:

K, =P (-)H} [HkPk (-)H{ +R, ]71 (39)
% (+) =% (-) +K, [Zk —ka{k(‘ﬂ (40)
P (+)=(1-KH, )P (-) (41)
Prediction Step:
% (<) =D 1%, (+) (42)
P (-) =B+ B +Q (43)

where f{k is the estimate of x,; (—) and (+) denote the values before and after
the measurement update, respectively; P, is the state error covariance matrix; P,f 0s
and PY¢ are the two matrices determined by the position and velocity measure-
ments in real time, respectively; and K, is the gain matrix.

Obviously, for the standard KF algorithm, P, (—) is determined as:

P, (_) =0, P, (+)q)13—1 +Q, (44)

For the fading KF algorithm, P, (—) is modified as:

P, (_) =s®_, P, (+)(I)I;rfl +Q, (45)

where s is the fading factor and s>1. The value of s is usually preset as a con-
stant so the fading KF cannot achieve a better performance by adaptively adjusting
the value of s in real time. Hence, in the STF algorithm, s is updated to be:

s= max{l ML(L")} (46)
’trace(Nk)

where max(a,b) equals a if a>b or b otherwise; trace (A) is the trace of A;
and:

z, =z, -H X, (-) (47)
C, . +7Z,Z
C, Py T2 2 (48)
1+p
L, =C,-H,QH} -R, (49)
N, =H,oP,_, (+)(DkTHE (50)

where p isa constant less than 1 and C, =Z,z].
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Hence, both the fading KF and STF algorithms enlarge P, (—) with the same
scale for all states as shown in Equation (45). However, only the velocity error in
the state equations have large linearization errors in the coarse stage, so only parts
of P, (—) will be affected by linearization errors. Hence, it is more reasonable to
fade the parts of P, (—) that is more significantly affected by linearization errors
than the others. As shown in Equation (43), the velocity-related parts of P, (—),
PYel, are faded further in the improved STF algorithm. Both Pf° and PY¢! are
determined as follows.

In Equation (9), only 6f¢ has large linearized errors, so the state matrix error
can be specified as:

F=F+AF (51)
04><4 04><3 04><3 04)(3 04><3
AF,; 05, 0y, 05, 0,
AF=| 05, 053 055 05; 0, (52)
05, 055 055 05, 0,
| 054 O35 055 055 055

where F and F are the state matrix with error and the linearized state matrix,
respectively, and AF is the error matrix. Since @, _, is approximated as (I+FT),
the error of @, _, can be derived as:

048 04z 043 045 0y
A(I)Zl 03><3 03><3 03X3 03)(3
AD=| 05, 055 055 055 05, (53)
3x4 03><3 03><3 03><3 03)(3
| 054 035 055 055 04

The matrix P, (—), due to the impact of A®, can be written as:

B (-)=(®,_,+A®)P,_, (+)(D,_,+AD)" +Q,_, (54)
If we let AP, (—) =P, (—) -P, (—), there is:
AP, (_) =0, P, (+)Aq)T +AQP, (+)q)l;r—1 +ADP_, (+)A®T (55)

Substituting Equation (53) into Equation (55) yields:

04><4 APlZ 04><3 04><3 04><3
AP, AP,, AP,; AP,, AP,
AP, (_) =05y APy 055 055 054 (56)
03><4 AP42 03><3 03><3 03><3
L 03><4 APSZ 03><3 03><3 03><3 i

According to Equation (56), only parts of P, (—) are affected by AF. In
Equation (56), AP,,, AP,,, AP,,, and AP, are determined by the firstitem on the

right side of Equation (55). Similarly, AP, , AP,,, AP,,, and AP,, are determined
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by the second item on the right side of Equation (55). However, AP,, is contrib-
uted by all three items on the right side of Equation (55).
Substituting Equation (55) into Equation (54) yields:

1~)k (_) =0, P,y (+)(D1;Ff1 +AP, (_) +Q (57)

In the fading KF or the STF algorithm, only the first item on the right side of
Equation (57) is faded. Herein, the second item on the right side of Equation (57) is
also taken into account. Hence, P, (—) is modified as Equation (43), where:

I Ll]’{os L.,
L, =C.-H,QH; -R, = L LV’el (58)
| Mk,21 k
| Nll:os N1,
N, =H,®P_, (+)OH] = N N (59)
| VK21 k.22
trace(Lfl’fS)
sPos =max{1l,—— 2 (60)
trace(NfOS)
PPos =P P, (+)DF, (61)
N’ N’
' k,11 k,12
N =H, D, ()“Plfos )(DI;FHIE = {N’ N’Vel} (62)
k.21 k
trace(LYe!
svel = L ax 1,—( £ ) +2 (63)
3 trace(N;cVel ) 3
_ 1 _
0,4 sVe szﬁ’% 0, 0, 0,,;
SVelPkPit%s1 (3 SVel _ 2)})}5352 SVeIPkng SVelPkPigft sVelPIE(%%
Vel _ 1
Pk ¢ = 03><4 Sve PIE(B):SZ 03><3 03><3 03><3 (64)
03><4 svelPlzgSZ 03><3 03><3 03><3
1
0,5, sVe P:E‘ész 0,5 0., 0,5

where A is a constant and A =3 in the following vehicle test. As expressed in
Equation (43), the first two items on the right side are faded by the STF method.
The fading factor s*° is related to the position measurements while sV¢! is mainly
related to the velocity measurements. Since AP,, is contributed by all three items

on the right side of Equation (55), P%; in Equation (64) is multiplied by (3sVel —2).

4 | EXPERIMENTS

The performance of the proposed two-stage alignment in the ECEF frame was
verified by two simulations as well as a vehicle test. In both the simulations and
the vehicle test, the biases and the random walks of the gyroscopes and acceler-
ometers were 0.12/s, 0.022/h'/2, 16 mg, and 1.3x10~* m/s*?2, respectively. The GPS
receiver had a position error of 5 m and a velocity error of 0.2 m/s, respectively.
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The GPS receiver’s data were sampled at 1 Hz while the IMU data were acquired
at 100 Hz.

In the vehicle test, a Unicorecomm UR370 real-time kinematic (RTK) receiver
used as a reference had position, velocity, and attitude errors of 0.01 m, 0.03 m/s,
and 1°(0.8-m baseline), respectively. The RTK receiver’s data were sampled at 1 Hz.
The RTK receiver had two antennas so it could measure two attitude angles of the
vehicle. In the test, the two antennas were put along the vehicle’s body direction so
that the yaw and pitch angles of the vehicle could be measured.

The level adjustment was not performed herein. The performance of the align-
ments are evaluated in the local level frame since the output of the RTK receiver isin
the local level frame. The local level frame is herein referred to as the east-north-up
(ENU) frame. The initial attitude errors were set as large as [1002, 1002, 1002] in the
local level frame to evaluate the performance of the alignments under large initial
attitude errors.

The coarse alignments with the fading KF, the STF, and the improved STF
algorithms are switched to fine alignments with the standard KF algorithm if the
criterion for the transition is satisfied (Wang et al., 2020). In experimentation, it
requires the module of the estimated attitude error vector to be less than 5° for
10 s. The coarse alignment with the OBA algorithm switches to a fine alignment
with the standard KF algorithm after a preset epoch. Herein, the switch time was
set at 50 s.

4.1 | Simulations

A car moving in a plane is simulated herein. In the following two simulations,
the trajectories composed of U-turns and lines, which are convenient to implement
in applications, are beneficial to improving observability in the alignment since
the car’s acceleration is changing all the time (Li et al., 2015; Rhee et al., 2004).
Figures 1 and 2 depict the trajectory and car velocities in the ENU frame in the first
simulation, respectively. The car ran along a figure-8-shaped trajectory for six laps
over 288 s.

Figure 3 depicts the yaw errors for the fading KF, original STF, and improved
STF algorithms for the coarse stage and the standard KF algorithm for the fine
stage in the ECEF frame, respectively. The yaw errors with the OBA algorithm for
the coarse stage and the standard KF algorithm for the fine stage in the ECEF
frame are also provided in Figure 3 for comparison. The coarse alignments with the
fading KF, original STF, and improved STF algorithms were switched to fine align-
ment with the standard KF algorithm at 124 s, 58 s, and 36 s, respectively. However,
the coarse alignment with the OBA algorithm was switched to the fine ones with
the standard KF algorithm at 50 s. The converging process of the pitch errors was
similar to that of the yaw errors in Figure 3, so it is not provided.

In Figure 3, the yaw errors were very large at the beginning of the coarse stages
for the four algorithms, but they converged to small values with the coarse align-
ments going on. In particular, it took the improved STF algorithm only 36 s to
reduce the yaw error from 100° to 5° or less as shown in Figure 3. However, it took
the STF algorithm 58 s and the fading KF algorithm 124 s to reduce the yaw error to
5° or less, respectively. Hence, the STF algorithm was faster in converging than the
fading KF algorithm, since the fading factor was adjusted adaptively in the former
but set as a constant in the latter. Moreover, the improved STF algorithm was even
faster in converging than the original STF algorithm due to the specific treatment
of the linearized velocity error equation in the improved STF algorithm.
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—_ 5 T T T T T
‘T(I)
T 0 ]
u
> 5 , , \ . /
0 50 100 150 200 250 300
time/s
—_~ 5 T T T T T
‘T(I)
E of ]
> 5 . . . . .
0 50 100 150 200 250 300
time/s
—_ 1 T T T T T
‘_I(I)
E 0 ]
> 1 . . . . .
0 50 100 150 200 250 300
time/s

FIGURE 2 The car velocities in the ENU frame in the first simulation

It should be noted that the OBA algorithm converged the fastest of all four algo-
rithms for coarse alignment. It took the OBA algorithm just 20 s to reduce the
yaw error to 52 or less. Unfortunately, as mentioned in the introduction, the OBA
algorithm in the coarse stage can initialize neither the states nor their covariances
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FIGURE 3 Yaw errors for the fading KF, original STF, and improved STF algorithms in the
ECEF frame

directly in the following fine stage, which is not good for KF convergence. As illus-
trated in Figure 3, it took the standard KF algorithm in the fine stage more than
50 s to converge if the OBA algorithm was used in the coarse stage, while it took
the standard KF algorithm in the fine stage no more than 5 s to converge if the
improved STF algorithm was employed in the coarse stage. Hence, the improved
STF algorithm is desirable for the coarse alignment compared with the other three
algorithms.

The trajectory and car velocities in the ENU frame in the second simulation are
shown in Figures 4 and 5, respectively. The car ran along the long square trajec-
tory for eight laps over 304 s. Obviously, in practice, the long square trajectory in
Figure 4 would be easier to implement than the figure-8 trajectory in Figure 1.
Figure 6 depicts the yaw errors. As shown in Figure 6, coarse alignments with the
fading KF, original STF, and improved STF algorithms were switched to fine ones
with the standard KF algorithm at 119 s, 62 s, and 29 s, respectively. The OBA algo-
rithm also converged the fastest of the four algorithms for coarse alignment, but it
took the following fine alignment more than 50 s to converge, which was similar to
that in Figure 3. That is, the alignments in the second simulation achieved almost
the same performance as those in the first simulation, but the long square trajec-
tory would be easier to implement in practice than the figure-8 trajectory. Hence,
only the long square trajectory was further employed in the following vehicle test.

4.2 | Vehicle test

The performance of the proposed alignment was further verified by a vehicle test.
In the test system shown in Figure 7, there was an ARM® STM32F103 controller
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FIGURE 5 Car velocities in the ENU frame in the second simulation
with a frequency of 166 MHz, an AD® ADIS16375 MEMS IMU, a u-blox® NEO-6M

GPS receiver, and a Unicorecomm UR370 RTK receiver. More of the main specifi-
cations of the test system are listed at the beginning of the section. The test system
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FIGURE 7 Setup of the test system

was mounted on the top of the vehicle in test. The IMU, GPS, and RTK data in the
test, which are the same as those in Wang et al. (2020), were sampled and saved
for offline processing. As shown in Figure 8, the vehicle ran along a long square
trajectory similar to that in Figure 4. Its velocities are depicted in Figure 9. Herein,
the outputs of the MEMS IMU and the NEO-6M GPS receiver were used to verify
the performance of the alignment algorithms and those of the RTK receiver were
used for reference.

Figure 10 depicts yaw errors. As shown in Figure 10, the coarse alignments for
the fading KF, original STF, and improved STF algorithms were switched to the
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FIGURE 9 The car velocities in the ENU frame in the test

fine ones with the standard KF algorithm at 149 s, 54 s, and 39 s, respectively. The
OBA algorithm converged fastest of all four algorithms for coarse alignment once
more, but it took the standard KF algorithm in the following fine alignment more
than 25 s to converge, which is similar to the results in the previous two simula-
tions. That is, the alignments in the vehicle test had similar performance to those
in the two prior simulations.
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5 | CONCLUSION

Aiming to provide a fast initial alignment algorithm for a low-cost INS in
the ECEF frame under the condition of large initial attitude errors (since the
alignment and the following navigation in the ECEF frame is efficient in com-
putation), a two-stage in-motion alignment with GPS measurements was pro-
posed using the AQE model. An improved STF algorithm was proposed for the
coarse stage while the standard KF was used for the fine stage. Although the
initial attitude errors were very large, level adjustment was not needed for the
improved STF algorithm so the time previously reserved for adjustment is no
longer necessary.

Both of the simulations as well as the following vehicle test proved that the
improved STF algorithm was fastest among the three algorithms for the coarse
stage under the same conditions. The main reason for this lies in the specific pro-
cessing of the linearized velocity error equations in the improved STF algorithm.
Although the OBA algorithm converges faster than the improved STF algorithm,
the standard KF algorithm in the subsequent fine alignment would take an extra
period of time to converge. Hence, the proposed two-stage alignment method is
especially appropriate for low-cost INS applications, such as self-driving cars, due
to its low computational load and fast convergence.
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