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Advances in micro-electro mechanical system (MEMS) technology bring about revolutionary changes in au-
tonomous vehicle navigation. As a new development, strap-down inertial navigation system (SINS) is effectively
combined with global navigation satellite system (GNSS) to construct an integrated SINS/GNSS system. However,
time-growing navigation error is the main challenge of using MEMS-grade inertial measurement unit (IMU) in
the SINS/GNSS system. Failure of un-accounted inertial sensor error causes a rapid degradation in the overall
performance of low-cost SINSs. This paper aims to enhance the long-term performance of low-cost MEMS-grade
SINS/GNSS navigation system. A new integration scheme is presented for in-move aligned SINS/GNSS system. Un-
modeled nonlinearities in the SINS dynamics as well as error uncertainties in the measurements of MEMS-grade
IMU motivate using a robust data fusion algorithm for the proposed integration scheme. Considering these facts,
a new recurrent wavelet neural network (RWNN)-based algorithm is designed for data fusion in the proposed
in-move aligned SINS/GNSS system. Several vehicular field tests have been carried out to assess the long-term
performance and accuracy of the proposed navigation algorithm.

1. Introduction

Alignment procedure in strap-down inertial navigation system
(SINS) is performed in two steps known as initial alignment and in-move
alignment. In the initial alignment, navigation parameters including po-
sition, velocity and orientation are initialized and corresponding direc-
tion cosine matrix (DCM) is constructed [1]. During the initial align-
ment, navigation block should be remained in a stationary mode prior
to vehicle motion. Owing to poor initialization as well as the cumula-
tive errors of inertial sensors (gyroscopes and accelerometers), initial
alignment is not sufficient to guarantee a required level of navigation
accuracy. Therefore, the SINS are often needed to be re-aligned during
the vehicle motion especially, when micro-electro mechanical system
(MEMS)-grade inertial measurement unit (IMU) is used in the SINS. The
process of computing the true values of DCM matrix during the vehicle
motion is called in-move alignment. In-move alignment is carried out
based on position and velocity vector matching provided by an aiding
system such as global navigation satellite system (GNSS) [2]. Comple-
mentary properties of SINS and GNSS systems motivate the design of
an integrated and comprehensive in-move aligned SINS/GNSS naviga-
tion system. The ultimate aim is to obtain superior performance in the
integrated system with respect to individual subsystems SINS and GNSS.

SINS navigation error arises from two main sources including struc-
tural errors in inertial sensors and computational errors due to numer-
ical integration process. Deterministic errors in the inertial sensors can
be removed during the calibration process. But, stochastic errors must
be appropriately modelled to reduce adverse effects on position, velocity
and orientation estimation [3]. As the main methodology for stochastic
modelling of inertial sensors error, Gauss-Markov (GM) process is often
applied to represent a large number of physical processes with relatively
simple mathematical formulation [4]. Although first order GM process
has been useful for modelling random errors of inertial sensors, but the
performance of this method is related to choosing correlation time and
variance of zero-mean white noise process. In addition, the autocorrela-
tion of the random error in MEMS-grade sensors often seems to follow
a higher order GM process [5].

SINS as a dead-reckoning navigation system is absolutely related to
alignment of IMUs. Dealing with small misalignments, Kain and Cloutier
presented a simple linear model for rapid transfer alignment for tacti-
cal application [6]. Scherzinger proposed psi-angle error model with
large azimuth uncertainty [7]. Dimitriyev et al. developed an SINS er-
ror model with small tilt misalignment and large uncertainties [8]. He
formulated the SINS alignment as a nonlinear filtering problem. Kong
presented quaternion-based SINS error propagation model for in-motion
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alignment of low-cost SINS [9]. Hao et al. presented a particle filter for
nonlinear in-move alignment of SINS with large initial attitude errors
[10]. Ali and Ushagq developed a reliable in-move alignment scheme for
low-cost SINS [11]. In this research work, robust Kalman filter struc-
ture has been used as the estimation algorithm in which measurement
variables are provided by global positioning system (GPS) velocity data.
Combining local observability concept with robust adaptive filtering, a
new algorithm for rapid transfer alignment has been presented in [12].
Allotta et al. evaluated the performance of nonlinear Kalman filter in-
cluding EKF and unscented Kalman filter (UKF) in the estimation process
of inertial integrated navigation [13]. The performance of UKF in the
in-move alignment of low-cost SINS has been also evaluated in [14,15].
Gan et al. presented a new algorithm for in-move alignment of IMUs
by use of quaternion-based representation of misalignment errors [16].
Musavi and Keighobadi used Fuzzy neural network approach for approx-
imation of IMU uncertainties [17]. Chang et al. developed odometer-
aided in-move alignment algorithm for low-cost SINS [18]. They used a
low-pass finite impulse response digital filter for disturbance attenuat-
ing in the odometer.

This research work aims to enhance the long-term performance and
navigation accuracy of MEMS-grade SINS/GNSS systems. Integration
mechanization and state estimation algorithm for data fusion between
the SINS and the GNSS data are two substantial steps in developing an
integrated SINS/GNSS system. In this research work, we concentrate
on both the integration mechanization and state estimation algorithm.
In the proposed integration mechanization, air-data calibration system
in addition to vertical channel damping loop are integrated in an ap-
plied approach with in-move aligned SINS/GNSS system. Barometric
altitude is computed in terms of pressure and temperature measured
by corresponding sensors in the air-data calibration system. Then, the
SINS dynamics is integrated with the vertical channel damping loop.
Accordingly, the corrected values of altitude and vertical velocity of the
host (under navigation) vehicle are estimated. As an advantage, the pro-
posed approach provides appropriate measurements of vertical altitude
and velocity in case of GNSS outage.

There are many researches that indicate the importance of pro-
viding accurate altitude in the long-term performance and reliability
of SINS/GNSS systems. However, vertical channel damping loop inte-
grated with calibrated air-data sensors are dropped in most previous
researches. In the low-cost MEMS-grade SINSs, failure to compensate
vertical channel instability errors results in exponentially divergence of
computed altitude. Therefore, an integrated baro-inertial altimeter com-
prising of a damping loop and optimal state estimation mechanizations
leads to compensated altitude error in vertical channel of navigation
systems. In this paper, considering different environmental conditions
in the form of standard and non-standard atmosphere models and using
a MEMS altimeter, the barometric altitude is estimated and appropri-
ately fed into the integrated SINS/GNSS.

State estimation algorithm for data fusion in the proposed integrated
SINS/GNSS system is based on online recurrent wavelet neural network
(RWNN) observer. As an advantage, the proposed RWNN algorithm is
initialized without any knowledge of nonlinearities and bias uncertain-
ties of the MEMS-grade inertial sensors. Moreover, unlike classical data
fusion algorithm such as Kalman filter, the proposed algorithm is not
limited to a zero-mean Gaussian white noise process with known co-
variance. Here, the RWNN learning rates are chosen in such a way that
the stability of the observer is guaranteed based on Lyapunov’s direct
method.

The main contributions of the paper can be summarized as follows:

+ Design of an applied integration mechanization for in-move aligned
SINS/GNSS using baro-inertial altitude provided from air-data cali-
bration system and vertical channel damping loop algorithm.

* Design of RWNN-based observer for data fusion in the proposed in-
tegrated SINS/GNSS system.
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* Modeling inertial sensors’ error by the proposed RWNN-based ob-
server.

« Stability analysis of the proposed RWNN-based observer based on
Lyapunov’s direct method.

» Experimental evaluation of the proposed approach in several vehic-
ular tests with different dynamical maneuverings.

2. Inertial navigation mechanization

As a major hardware simplification of old stable-platform naviga-
tion system, SINS overcomes the problems encountered with the old INS
system, most importantly cost reduction results from the strap-down
implementation, small size, light weight and low power consumption
[19]. Inertial sensors play a key role in classifying the SINS as a high-
performance SINS or low-cost SINS. Cumulative errors of MEMS-grade
inertial sensors lead to time-increasing positioning error in low-cost in-
ertial integrated navigation systems. The integration algorithm which is
proposed for low-cost SINS should have an acceptable performance in
estimation of inertial sensors errors.

2.1. SINS dynamic modelling

As shown in Fig. 1, the main coordinate frames in the inertial nav-
igation systems are (1) Earth-centred Earth-fixed (e-frame), (2) inertial
frame (i-frame), that has their origin at the centre of mass of the Earth
and contrast to e-frame rotates in inertial space in order to remain fixed
with respect to the surface of the earth, (3) body frame (b-frame) which
has its origin at the centre of the inertial system, and (4) navigation
frame (n-frame). Here, the n-frame is local level navigation frame with
north, east and down (N-E-D) geodetics axes. The body xyz axes are co-
incided to N-E-D axes when the roll, pitch and heading angles are zero
value.

The SINS latitude-longitude-altitude differential equations in the n-
frame are expressed as follows [20]:
p=-N = A

Ry +h (Rg + h)cos L
where, L, | and h are latitude, longitude, and altitude, respectively. The
velocity components in the n-frame are characterized by vy, vz, and vp.
Ry and Ry stand for meridian and transverse radiuses of curvature. The
velocity dynamics of the SINS in the n-frame are expressed as follows

@

h=-vp

[20]:
. VE : UpUN

= fy —vg( 20, + =———E—— ) sinL + =2 2
On = Tn UE( Ve (RE+h)cosL>“n Ry +h @
S : Vg :
vg = fg —2a)e(uN smL+chosL) + (UD+UN smL) 3)

Rp+h
02

op = fp—vg| 20 +U—E cosL——N+g “4)
b= /D= PEN T T (R + hycos L Ry +h

where, w, is the magnitude of the Earth rate and g is the gravitational
acceleration. Specific force vector in the n-frame is specified by f" =
[fv fg fpl" and is calculated from the accelerometer outputs in
the b-frame, f, as follows:

=y fe £l )

According to z-y-x rotation sequence for Euler angles, the rota-
tion/transformation matrix from the b-frame to the n-frame, Cg is ex-
pressed in terms of w (yaw angle about z-axis), 6 (pitch angle about
y-axis) and ¢ (roll angle about x-axis), as follows [21]:

b
=Cif

COCy —CopSy+SpSoCy S Sy +CpSOCy
CZ= Co Sy CoCy +SpSOSy —-SpCy +Cop SO Sy 6)
-560 SpCo CpCo

where, C and S stand for cosine and sine functions, respectively. The
rotation matrix is updated based on the following dynamics [22].

~n n b
C,=C, Q) @
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Fig. 2. Detailed block-diagram of the SINS with vertical channel damping loop.

where, sz is the skew-symmetric matrix form of a)sb representing the
rate of the b-frame relative to the n-frame. In low-cost SINS, sz can be
approximated into Qf?b as the gyroscope outputs.

2.2. Vertical channel damping loop

In the SINS, vertical channel instability leads to divergence in the
altitude and vertical velocity estimation. Moreover, it can impress the
other navigation states in the horizontal plane. Considering this fact,
barometric altitude under a damping loop is proposed to compensate
vertical channel errors and consequently prevent vertical channel insta-
bility. Block diagram of the proposed SINS with vertical damping loop
is depicted in Fig. 2.

Barometric altitude is calculated in terms of pressure and tempera-
ture measured by corresponding sensors in air-data calibration system,
as follows:

_LR
=0 (BY F _ylhn, ®)
=T\ 7

where, the temperature and pressure at sea level are characterized by T,
and Py, respectively and in the standard atmosphere they are assumed
to be 288.15 (°K) and 101.325 (kPa). L, R, and g are the constant lapse
rate, universal gas constant, and gravity constant, respectively. H, is
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taken O for sea level data, and P stands for barometer pressure. It must
be noticed that (8) is only accurate for standard atmosphere condition.
In non-standard atmosphere, the temperature and pressure assumptions
cannot be guaranteed as real atmosphere. Applying scale factor, s and
bias, b, barometric altitude compensation is accomplished as the follow-

ing equation for non-standard atmosphere.
H=Hp+s(Hp—Hy+b )

where, H is the calibrated barometric altitude for non-standard atmo-
sphere conditions. The scale factor and bias are defined as follows:

- AT
=7 10)
g \ P

AT and AP are the deviation of true temperature and true pressure in the
sea level from the standard condition, respectively. To calculate the true
values of local sea level temperature and pressure around tests region,
the following model is used.

T
P

T,+ LHp

P +pgH, 12)
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where, T; and P, represent the true temperature and pressure in sea level;
T, and P, are the values measured by sensors. The calibrated barometric
altitude is included in the vertical channel dynamics. Accordingly, the
following equations are derived as the vertical channel damping loop
model.

h

—vp — Ky(h— H)

VE
(Rg + h)cos L

V2
Op cos L — N
Ry +h

+g-K2(h—H)—K3/(h—H)dt

fp—vE <2we +
(13)

where, the suitable feedback gains of vertical damping loop are calcu-
lated as follows:

2
K, =3¢ K2:482+§ Ky =263 (14)

and ¢ is commonly chosen, 0.01 [23].
2.3. SINS error dynamics

The standard form of SINS error dynamics is organized based on the
dynamics of three error vectors including misalignment error, position
error, and velocity error. The following equation is the state-space form

of the SINS error model [24].
6x = Wéx + Géu (15)

where, the state vector, 5x is constructed by nine states including three
misalignment errors (Sa, 68, 67), three velocity errors (6vy, 6vg, 5vp),
and three position errors (5L, 51, 5h), as follows:

op

In (15), éu is the input noise vector containing gyroscope and ac-
celerometer noises along x-y-z axes of the b-frame.

6x = [6a sy Svy bvp vy 6L 6l (Sh]T (16)

su=[sw, b0, Sw, ofx of, of)" a7
The matrix W is the system error matrix defined as follows:
Woy Wy, Wy,
W= WU‘I‘ Wuv er (18)
VI/r‘I‘ VVrU I/I/rr

Detailed description of the matrix W is presented in Appendix. The
matrix G is the weight-matrix of the input noise vector and is expressed
as follows [24]:

_Czn _CzIZ C213 0 0 0

_Cgm CZzz C223 0 0 0

_CZSI szz C7;33 0 0 0
0 0 0 Con S CZ|3

G=| 0 0 0 Coot Chn  Cin (19

0 0 0 Chsi Chn Cis
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0

Using (16) through (19) in (15), the SINS error state are calculated.
Accordingly, the estimated position, velocity, and orientation are cor-
rected based on the following equations.

L=1L-6L

I =1-6l

h=h-6h (20)
vy = Dy —ovy

vg = 0 — dvg

vp = bp —dvp 21
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1 (6%, u)‘

Fig. 3. Block diagram of RWNN approximation.

in which, the element with (") is the estimated quantity and that without
(") is the corrected quantity. Furthermore, the DCM matrix is corrected
by use of the misalignment angles based on Poisson equation.

¢, =11-Y|C! (22)

where, I stands for identity matrix and ¥ is the skew-symmetric matrix
form of the misalignment vector, [a 64 6y]T. Therefore, in-run correc-
tion of the DCM matrix and in-move alignment is carried out during the
navigation process. However, due to large errors of the MEMS-grade in-
ertial sensors as well as the cumulative computation errors, the SINS
error states computed from (15) are erroneous. Hence, the SINS should
be appropriately integrated with an auxiliary navigation system such as
GNSS to achieve the required navigation accuracy and reliability.

3. RWNN-based observer design

State estimation algorithm for data fusion between the SINS and
the GNSS data are one of the substantial steps in developing an inte-
grated SINS/GNSS system. Standard Kalman filter is probably the most
widely used algorithm for this purpose. However, it suffers from some
drawbacks. For example, it is limited to a zero-mean Gaussian white
noise process with known covariance. Here, a new integration scheme
is designed for in-move aligned SINS/GNSS navigation system based on
RWNN approach. As an advantage, the proposed RWNN algorithm is
initialized without any knowledge of nonlinearities and bias uncertain-
ties of the MEMS-grade inertial sensors. Moreover, it is not limited to a
zero-mean Gaussian white noise process. In the following sections, the
proposed RWNN-based observer is described in detail.

3.1. Observer design

The state-space model of the SINS error dynamics in (15) can be
rewritten as:

6x = Wéx + Géu = F 6x + A(6x,u)

y = Céx (23)

The objective is to design an observer for minimizing the mismatch
between the system output and the reference value. As shown in Fig. 3,
the system dynamics with RWNN observer can be formulated as:

5%

W6z + A(6%.u) + L(y —3) = F6% + 7%, (6%,u.é.7.d) + L(y - 3)
Csx (24)

y

where, 5% and y are the estimated state vector and output vector, respec-
tively. Using the estimated state vector, 5% and also the sensors output
vector, u as the inputs to RWNN, the approximation of uncertainty vec-
tor, éu is achieved. In this approximation, z is output weight matrix;
¥,, denotes wavelet vector; &, 7, and d represent the input feedback
weight, dilation and translation of wavelet respectively. The observer
gain is characterized by L and is designed in such a way that the ma-
trix A = F — L C be a Hurwitz matrix. So, there exists P = P” > 0 as the
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Fig. 4. The main structure of RWNN approximator.

solution of Lyapunov equation A" P+ PA = —Q with Q = Q" > 0. The
RWNN approximated terms for simplicity is replaced by 1(6%, u).

The state estimation error and also the output error are dynamically
modelled by subtracting (24) from (23), as follow:

5% = (F = LC)6® + [40x,w) - L(6%.u) | = Ao% + [A(5%.u) - (6%.u)

¥ = C6% 25)
where, 6% = 6x — 6% and y = y — J are the state and output errors. The
term (A(5x,u) — A(5%,u)) can be rewritten as follows:

A(6x,u) — A(6%,u) = T T, (6x,u, £, 1, d*) + € — T W, (6%, u,E,7,d) (26)

where, T°TW(6x,u,£*,1*,d*) + € is an ideal approximation set of A(6x,
u), and & shows the bounded approximation error (||| <e,, for positive
real constant of €,,).

3.2. RWNN approximation

As shown in Fig. 4, the RWNN approximator is designed as a four
layer structure. First layer is input layer with normalized values; second
layer is recurrent wavelet layer, third layer is product layer and fourth
layer is output layer. This section presents the wavelet function structure
and the corresponding learning algorithm. Here, the mother wavelet is
used in Mexican-hat form, as follows:

o(u(s)) = (1 = || p(s)| [Pe KO/

where, u(s)e[0, 1] is the normalized input vector whereas ||u(s)||> =
u" (s)u(s). Detailed description of the proposed RWNN algorithm is pre-
sented in the following.

Layer 1 (Input layer):

In this layer, the input variables including sensors outputs and
the last update of the state vectorin; = (f* wa H »7,i=
1,2, ..., 16, are normalized to be in the interval of [0, 1]. So, in the block
diagram of Fig. 4, there exists 16 nodes and each node corresponds to
an input variable. The normalizing process is carried out as follows:

@7

lim; |
16 .
Zi=1 |mi|
where y; denotes the i-element of the normalized input vector to net-
work.
Layer 2 (Wavelet layer):
In this layer, every incoming signals (x;) from layer 1 are crossed

from three activation functions specified by j index. This activation func-
tions are derived from mother wavelet of (27), as follows:

0. () =262 u(s) — 1)

where, d and t are the wavelet dilation and translation, respectively.
Then, the past information of the network is stored by use of the term

Uy = 1.2,...,16 (28)

(29)
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04,(Z71(s)) in which the later memory term, Zi;l(s) is calculated from
the previous memory term, Z,.;l(s — 1), as follows:
Z,-;I(S)=ll;(5)+5f0dj,,j(z,-;l(s— 1) (30)

where, .ff stands for the recurrent wavelet layer feedback term.
Eq. (30) can be rewritten as:

-1 j50.5d;; d; -1
Z3 () = () + 20 QM Z ~ 1)
= w() + &7 = 12% Z7 s = 1) = 15117
2% 27 =111
e 2 31

Layer 3 (Product layer):
Each neuron of this layer specified by IT in Fig. 4, is multiplying of
incoming signals from layer 2 as follow:

K= Ho-dijstij(Zi;l(s)) (32)

Layer 4 (Output Layer):
In this layer, the final output of RWNN is calculated based on the
following equation.

(33)

where, out; is the approximated uncertainty vector and 1§ denotes the
connection weight of the output layer.

3.3. Learning algorithm of the RWNN

In this section an online learning algorithm is presents for the pro-
posed RWNN-based observer. The algorithm consists of parameter and
structure learning. The learning algorithm of dilation and translation of
mother wavelet (d and t), recurrent wavelet layer feedback term (5{ )
and connection weight of output layer (¢ ,l ) is based on back propaga-
tion method. In this method, the objective is to minimizing the cost
function based on the gradient descent method. The mismatch between
the reference and estimated values are formulated in accordance with
the following cost function.

Jo(s) = 34)

N =

6
F'5 =05 3i(s) = 94())?
I=1

As a quadratic function, the cost function of (34) has a single and
unique minimum solution. The updating process of wavelet parameters
is described as follows.

3.3.1. Update law in layer 2
The update law of the wavelet translation (tl-j) is constructed based
on the following procedure.

o 0d,  aJ, 09 0 9k,

Aty = —ty=— =————5—
Y "ot "0y, 9], ox; o1

6 . 101(/-
==, 2, ) = 5] Y 7=+ (35)
I=1 j=1 ij
where, ? can be rewritten as follows:
1y
0K ; do(Z-h k, 00(Z71)
A, g(z;jl)a(z,;jl)... | - Y
ot;; ot;; G(Zi; )y ot
K _72
— J _ {—2dlj/2T,'j(3 _ T.z.)e T,j/Z}
d;; /2 o\ ~T2/2 ij
2%7=(1 — T[.j)e i
T.
— a1 (36)
a-7TH
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where, T; ;= 24ij zi’jl(s) — 1 Finally, the update law of & is defined as
follows:
t(s+ 1) =t;;(5) + At @37

The update law of the wavelet dilation (dl-]-) is constructed based on
the following procedure.

aJ, aJ, a9y, a4, Ix;
Adij =M ="M 5 -~ 5. 57
ad;; dy; 94, 0, 9d,,
6 A 3 , 0K,
= —ng D, [yi(s) = §(s)] Tiod. (38)
I=1 j=1 ij
where,
K; In2 2
S - LY -1
o, _Kj{ S 2z T,.j<1 + 2 (39)
and the update law of d;; is defined as follows:
dij(s+ 1) = d;;(s) + Ad; (40)

The update law of the feedback term (5{ ) is constructed based on the
following procedure.

aJ, aJ, 09, 04, OK;
=N 3.
oe oy ol 0x; o

Ag = —n;

6 3 IaKj
=1 ) i) =51} X7 — @n
=1 =1 0
where,
oK ; T;; B )
Ej = { U_—’T_z_)ad,,,,<2,~,- (s = 2% (T2 - 3)} “2)
i 1
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and the update law of 5{ is defined as follows:

E(s+ 1)=& +ag @3)
3.3.2 Update law in layer 3

The update law of outputs connection weight is constructed based
on the following procedure.

A 6
aJ, aJ, 09, 4,
Al =—n,—2 = —n, == — = —n, ) [y(s) = H(9)]k; (44)
g or! 9y, 97y 00, ,; ! e
and then,
! 1 !
‘rj(s +1)= Tj(S) + A‘rj (45)

3.4. Stability analysis

The stability analysis of the proposed RWNN observer is conducted
via Lyapunov direct method. The following Lyapunov candidate is con-
sidered.

6
V(s) = Jo(s) = %ﬁ =05 0i(s) = () 46)

%eZ(S)
=1

The error difference of the above Lyapunov candidate can be written
as follows:

AV =V(s+1)=V(s) = %[ez(s +1) = ()] 7

where, e(s + 1) is the next iteration of the estimation error defined as
follows:

e(s+ 1) =e(s) + Ae(s) (48)
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Fig. 6. Vehicular navigation test.
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Fig. 7. (a) Reference latitude-longitude trajectory of test #1, (b) Reference al-
titude trajectory of test #1.

161

""""" GNSS ——RWNN-based SINS/GNSS = = =EKF-based SINS/GNSS

46.332

46331

46.33

T

ongitude (deg

T 46329}

46.328

46.327 - . . -
38.046  38.048 38.05  38.052 38.054

latitude (deg)

38.056

38.058

Fig. 8. Estimated trajectory through both the RWNN and EKF-based integrated
navigation algorithms compared to the reference GNSS data during test#1.

Using (48) in (46) results in:
AV = %[Aez(s) + 2e(s)Ae(s)] = %Ae(s)[Ae(s) + 2e(s)]
where, Ae(s) is calculated as follows:
Ae(s) = ﬁAw
Jw
By defining w = [1;

js

Therefore, (49) can be rewritten as follows:
1 de dy de dy

-2 |- AN )

2 ow <”We aw> [ ow <”weaw e

de, v\ _oe 0y
K ow'™ Jw

AV

1}
[3]
| —
ol —
VN
(9]
g|®
g
(%]
S

d; I .fij s r;], Aw is expressed as:

49)

(50)

€]

(52)
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Fig. 9. Estimation error of the position components through the proposed
RWNN-based algorithm compared to EKF-based algorithm, during test #1.
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Using the fact that :—S) = %, (52) is reformulated as:

ALY (Y
2 [\ ow ) M ow ) M
4
e (21, 1
Y\ ow 27w (Q)Z
ow

Knowing that #,, > 0, AV is negative-definite subjected to the follow-
ing inequality.

AV

(53)

2
0<;1w<—2
)

ow

(54

V(s) can be a Lyapunov function and asymptotical stability is guar-
anteed. Therefore, by defining Y as:

0yH0y 6y|
ot oe || dw

asymptotical stability will be guaranteed by 0 < 7, < %

Y = max < (55)

0
ad |
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Table 1

Main Specifications of inertial sensors in ADIS-16407.
Parameter Gyroscope Accelerometer
Misalignment (axis-to-frame) 0.05° 0.2°
Misalignment (axis-to-axis) 0.5° 0.5°
Initial bias error (1c) 3°/s 50 mg
In-run bias stability (1¢) 0.007°/s 0.2mg
Random walk (16) 1.97/+/hr 0.2m/s/+/hr
Output noise (no filtering) 0.8°/s rms 9mg rms
Dynamic range +300°/s +18¢g

3.5. Implementation on In-move aligned SINS/GPS

The proposed RWNN-observer is used for the integration scheme of
in-move aligned SINS/GNSS. The system consists of 3-axis gyroscopes, 3-
axis accelerometers, barometer, and thermometer with 50 Hz updating
rate. The reference position and velocity data of the under-navigation
vehicle is generated by a GPS receiver with 1Hz updating rate. The
implementation flowchart of the proposed RWNN is presented in Fig. 5.

As shown in Fig. 5, the IMU and environment sensors data are used
as the input of the RWNN approximator. The measurement data are
provided from GNSS position and velocity. The GNSS updating rate is
very small compared to IMUs, barometer and thermometer updating
rate. So, when GNSS is exist, the RWNN learning algorithm is done and
in 1 s GNSS gap the system used the last update weight to approximation
of IMUs uncertainties.

4. Experimental results and discussion

In this section, the proposed RWNN-based in-move aligned
SINS/GNSS is experimentally verified through vehicular field tests per-
formed by experienced colleagues in University of Tabriz. Test equip-
ment is represented in Fig. 6. Inertial measurements are provided by
ADIS-16407 as a MEMS-grade IMU. Temperature and raw pressure data
are supplied by corresponding sensors in ADIS16407 system. Garmin-35
GPS receiver has been used to produce the measurement/output vector
for the proposed integration scheme. Moreover, highly accurate Vitans
navigation system is used to provide reference values for evaluation. The
main statistical specifications of inertial sensors in ADIS-16407 IMU are
given in Table 1.

Two vehicular field tests have been executed to assess the perfor-
mance of the proposed in-move aligned SINS/GNSS system. Fig. 7 rep-
resents the reference geographical latitude- longitude trajectory and also
the altitude trajectory during test #1.

Test #1 has been executed approximately for 400 seconds along
a trajectory with wide range dynamics manoeuvring. According to
Fig. 7(a), test #1 is started in P; and continues up to Py with several
circulating manoeuvres for example in P, and P,. The reference alti-
tude in Fig. 7(b) shows that the vehicle has an ascending direction in
test #1.

To legitimize the assessment of the proposed RWNN-based in-move
aligned SINS/GNSS algorithm, the results are compared with those of
a conventional SINS/GNSS system that uses standard EKF as the state
estimation algorithm. Fig. 8 shows the estimated latitude-longitude po-
sition of the vehicle through both the RWNN and EKF-based integrated
navigation algorithms, during test #1.

The estimation errors of the position and velocity components with
respect to the reference GNSS data are shown in Figs. 9 and 10, respec-
tively.

For better evaluation of the proposed RWNN-based in-move aligned
SINS/GNSS algorithm, the mean value and the standard deviation of the
position and velocity estimation errors corresponding to both the pro-
posed and the conventional EKF-based SINS/GNSS algorithms are accu-
mulated in Table 2. The quantitative results of Table 2 clearly shows that
the proposed RWNN-based in-move aligned SINS/GNSS system yields to
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Table 2
Mean value and standard deviation of the estimation error in test #1.
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Navigation parameter

In-move aligned SINS/GNSS with RWNN-based integration

Conventional SINS/GNSS with EKF-based integration

Mean value of
estimation error

Standard deviation of
estimation error (+1¢)

Standard deviation of
estimation error (+10)

Mean value of
estimation error

Latitude error (m) 0.0303 0.0508
Longitude error (m) —0.0853 0.0475
Altitude error (m) 0.00092 0.0418
V-north error (m/s) —0.0045 0.0542
V-east error (m/s) —0.0051 0.0552
V-down error (m/s) 0.00024 0.0952

0.1280 0.2630
0.1559 0.3560
-0.1336 0.2934
—0.0470 1.7211
0.0206 1.7542
—0.0094 0.1235

1485
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Fig. 11. (a) Reference latitude-longitude trajectory of test #2, (b) Reference altitude trajectory of test #2.

superior position and velocity estimation in comparison with the con-
ventional EKF-based SINS/GNSS system.

To legitimize the performance and accuracy assessment of the pro-
posed algorithm, another vehicular test has been executed in university
of Tabriz. Test #2 takes long 500 seconds, approximately. Fig. 11 shows
the reference geographical latitude-longitude trajectory and reference
altitude trajectory of the vehicle during test #2. As shown in Fig. 11(b),
the vehicle undergoes more altitude manoeuvring in test#2 compared
to test #1. In test #2, the vehicle starts its move in P; and continues up
to Pg. The distance between P5 and Py is travelled twice by vehicle.

Fig. 12 shows the estimated latitude-longitude position of the vehi-
cle through both the RWNN and EKF-based integrated navigation algo-
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rithms, during test #2. The estimation errors of the position and veloc-
ity components with respect to the reference GNSS data are shown in
Figs. 13 and 14, respectively. The mean value and the standard devi-
ation of position and velocity estimation errors corresponding to both
the proposed and the conventional EKF-based SINS/GNSS algorithms in
test #2 are accumulated in Table 3.

Statistical analysis of the estimation errors in Table 3 shows that
using RWNN-based integration scheme in In-move aligned SINS/GNSS
system significantly decreases the mean value and standard deviation
of position and velocity estimation error compared to the conventional
SINS/GNSS system with EKF-based integration scheme.
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Table 3

Mean value and standard deviation of the estimation error in test #2.
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Navigation parameter

In-move aligned SINS/GNSS with RWNN-based integration

Mean value of
estimation error

Standard deviation of
estimation error (+1¢)

Conventional SINS/GNSS with EKF-based integration

Mean value of
estimation error

Standard deviation of
estimation error (+1¢)

Latitude error (m) 0.0260 0.1115 0.0406 1.2420
Longitude error (m) -0.0220 0.2259 -0.056 1.1285
Altitude error (m) —0.00058 0.0398 —0.0885 0.2463
V-north error (m/s) —-0.0033 0.0377 —-0.0101 0.5176
V-east error (m/s) 0.0240 0.0370 0.0027 0.5449
V-down error (m/s) —-0.00017 0.1161 —0.0060 0.1190
-------- GNSS ——RWNN-based SINS/GNSS = = =EKF-based SINS/GNSS ———RWNN-based SINS/GNSS ===-= EKF-based SINS/GNSS
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Fig. 12. Estimated trajectory through both the RWNN and EKF-based integrated
navigation algorithms compared to the reference GNSS data during test#2.

- ——RWNN-based SINS/GNSS =-=+= EKF-based SINS/GNSS
E s .

5 ."‘ i '\,'.' 5 -

& 0 e R ':“7' Y g ’
.%,; St 'te !' 4
Z-10

~ 0 100 200 300 400 500
E 10

Eoolad t sl - )
E ] i
210

S 0 100 200 300 400 500
E r

&

3

Z

b=

0 100 200 300

Time (sec)

Fig. 13. Estimation error of the position components through the proposed
RWNN-based algorithm compared to EKF-based algorithm, during test #2.

5. Conclusion

High performance inertial navigation systems could not be used in
common civil applications owing to high costs as well as the regulation
by governments. On the other hand, cumulative errors of MEMS-grade
inertial sensors lead to time-increasing positioning error in low-cost in-
ertial integrated navigation systems. Motivated by improving navigation
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Time (sec)

Fig. 14. Estimation error of the velocity components through the proposed
RWNN-based algorithm compared to EKF-based algorithm, during test #2.

accuracy, reliability and long-term performance of low-cost navigation
systems, this research presented a new integration scheme for in-move
aligned SINS/GNSS integrated navigation system. In the proposed al-
gorithm, the integration between the SINS and GNSS has been carried
out by use of RWNN-based observer. The proposed algorithm has been
assessed in several vehicular field tests with wide range dynamical ma-
noeuvring containing significant changes in acceleration, angular ve-
locity, altitude, and heading angle. The proposed RWNN-based in-move
aligned SINS/GNSS has been also evaluated in comparison with a con-
ventional SINS/GNSS that uses EKF as the data fusion algorithm. It can
be inferred from the statistical analysis of the experimental results that
the proposed algorithm significantly enhances the overall navigation ac-
curacy of low-cost SINS/GNSS system. Considering the theoretical and
practical superiorities compared to EKF-based algorithm, the proposed
RWNN-based data fusion is more suitable for implementation in low-
cost SINS/GNSS integrated navigation systems.

Appendix. Each elements of matrix w in the error dynamics of
SINS are constructed as follows

0 —(coesinL+ Z—ﬁtanL) l;—';
Wy = (cuesinL+ Z—ﬁtanL) 0 a)ecosL+%'; (A1)
_N — _E
Ro w, cos L Re 0
o
0
1
W% R 0 0 (A2)
0 _tanl
Ry
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- v
—w, sin L o -=
R2
0 o
Wy, = R_g (A.3)
Vg vptan L
—@ecosL - Rycos?L R?
B 0 0
0 o JE
W =| fp 0 —fn (A4)
-f& SN 0
i Up . Vg Vg
- -2 w,sinL+ —tanL -
o (romiss)
. Up 1 Vg
w,, =|2w,sin L+ —tanL — (vytan L+ v 2w, cos L + —
v RO RO( N D) RO
2
_~ —2<a)ecosL+U—E 0
L R, R
(A.S)
- vp
_y5<2wecosL+ m) R (3 tan L —vyvp)
W, =|2w,(vycos L—vpsinL)+ Ve —U—E(UNtanL+vD) (A.6)
or Rycos2L R?
. 1 5 5
| 2w,V sin L 0 R_g(vN +0%)
[0 0 o 1 0
Ry
W, =10 0 0], We=1 o0 s
Ry cos L
_0 0 0 0 1
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0 0 -£
R}
W, = vptan L _ Vg (A7)
RO cos L R(Z) cos L
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where, Ry is calculated as Ry = /Ry R.
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