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Abstract

The objective of this paper is to present a method which bounds the error of an inertial navigation system (INS) when Global Navigation
Satellite System (GNSS) is not available. Inertial navigation systems utilize gyroscopes and accelerometers, and calculate velocity,
position and attitude, essentially by integrating the measurements obtained from these sensors. Due to the nature of integration, INS are
notoriously prone to sensor biases and drifts. Typically, GNSS is used to correct the navigation system errors caused by the inertial
sensor measurements. However, in GNSS degraded or denied environments, alternative solutions are required. If the platform on which
an INS is mounted is known or estimated to be stationary, zero-velocity update (ZUPT) and/or zero turning update (ZTUPT) algorithms
can be applied in order to bound the navigation system errors. Under certain assumptions, ZUPT based algorithms can be applied when
the platform is not stationary. If a vehicle’s motion is constrained by the design of its kinematics, i.e. if it can be assumed that the vehicle
cannot move or rotate along one or more of its body axes, ZUPT assisted Kalman estimators can be used to correct the errors along
those axes. Potentially, ZUPT based estimation algorithms can also be utilized when a sufficiently high fidelity vehicle model is
available. In this paper, the implementation of zero-velocity update (ZUPT) and zero turning update (ZTUPT) algorithms are analyzed
for the purpose of estimating and bounding inertial navigation errors. The basic principle in navigation is based on combining the data
obtained from the sensors onboard and the inertial navigation system through an Extended Kalman filter. Although this process requires
additional software components, it potentially offers increased system accuracy and reliability. Incorporating the kinematics of the
vehicle, along with a ZUPT and/or ZTUPT algorithm, provides additional data to feed into the Kalman filter and increases the efficiency
of error estimation. Estimated error is then fed back into the INS algorithm in order to counteract the sources of error.

Keywords: Inertial Navigation Systems, Zero Velocity Update, Zero Turn Update, Extended Kalman Filters.

Kiiresel Konumlama Sisteminin Olmadigr Ortamlarda Navigasyon:

Sifir Hiz ve Sifir Donii Giincelleme

Oz

Bu makalenin amaci, Kiiresel Konumlama Sisteminin (KKS) mevcut olmadigi durumlarda, bir ataletsel navigasyon sisteminin hata
sinyallerini sinirlandirmay1 amaglayan bir yontem sunmaktir. Ataletsel navigasyon sistemleri (ANS) doniidlger ve ivmedlgerleri kullanir
ve —6zde— bu algilayicilardan elde edilen sinyallerinin integralini alinarak hiz, konum ve yonelimi hesaplar. Integral alma isleminin
dogas1 geregi ANS, algilayicilarin kaymalarina ve sapmalarina karsi son derece hassastir. Tipik olarak, KKS, ataletsel algilayici
6l¢timlerinin neden oldugu navigasyon sistemi hatalarini diizeltmek i¢in kullanilir. Ancak, KKS’nin kalitesinin bozuldugu veya KKS
verisinin erigilir olmadig1 ortamlarda alternatif ¢oziimler gereklidir. Eger bir ANS’nin monte edildigi platformun hareketsiz oldugu
biliniyor veya tahmin ediliyor ise, navigasyon sistemi hatalarini sinirlandirmak amaciyla, sifir iz giincellemesi (ZUPT) ve sifir donii
giincellemesi (ZTUPT) algoritmalar1 uygulanabilir. Belirli varsayimlar altinda, platformun duragan olmadigi durumlarda da ZUPT
tabanli algoritmalar uygulanabilir. Eger bir aracin hareketi, kinematiginin tasarimu ile sinirliysa, yani aracin hareket edemeyecegi veya
donemeyecegi bir veya daha fazla eksen varsa, ZUPT destekli Kalman filtre algoritmalar1 bu eksenler dogrultusundaki hatalari
diizeltmek igin kullanilabilir. Potansiyel olarak, ZUPT tabanli tahmin algoritmalari, yeterince yiiksek sadakatli bir ara¢ modeli mevcutsa
da kullanilabilir. Bu makalede, sifir hiz glincellemesi (ZUPT) ve/veya sifir donil giincellemesinin uygulanmas: yoluyla ataletsel
navigasyon sistemi hatalarinin tahmin edilmesi ve sinirlandirilmasi konusu incelenmektedir. Navigasyondaki temel prensip, platform
tizerindeki algilayicilardan elde edilen verilerin bir Genisletilmis Kalman filtresi araciligiyla ataletsel navigasyon sistemine entegre
edilmesine dayanir. Bu islem ek yazilim bilesenleri gerektirse de, potansiyel olarak artan bir dogruluk ve giivenilirlik sunar. Sifir hiz ve
sifir donii algoritmalarina arag kinematiklerinin de eklemlenmesi, Kalman filtreye ek veri saglar ve hata tanmininin dogrulugunu artirir.
Tahmin edilen hata ANS algoritmasina geri beslenerek hata kaynaklarinin etkisinin azaltilmasi saglanir.

Anahtar Kelimeler: Ataletsel Navigasyon Sistemleri, Sifir Hiz Giincelleme, Sifir Donii Giincelleme, Genisletilmis Kalman Filtre.
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1. Introduction

An inertial navigation system (INS) is comprised of an
inertial measurement unit (IMU), aiding sensors and a sensor/data
fusion algorithm. In the case where the aiding system is a global
navigation satellite system (GNSS), an integrated INS/GNSS
provides absolute position and attitude information (Titterton and
Weston, 2004). When GNSS is unavailable, denied or degraded
due to jamming, disturbances, or physical conditions, external
aiding sensors and systems are required in order to bound the
position, velocity and attitude errors of an INS (Schmidt, 2015).
Accelerometers and gyroscopes in an IMU are subject to
numerous error sources such as bias, scale factor, nonlinearities,
dead zone, quantization, and bandwidth limitations. Since
computing position, velocity and attitude is performed essentially
by integrating the measurements obtained from these sensors, the
navigation solution will diverge from the true solution.

The objective of this study is to provide an extended Kalman
filter based algorithm that can be utilized in order to bound
navigation errors. Specifically, zero velocity update (ZUPT) and
zero turning update (ZTUPT) methods are investigated (Akcayir
and Ozkazanc, 2003). Hence, in this study, the vehicle is assumed
to be stationary in a GNSS denied environment. Various methods
are proposed for zero velocity detection (Wagstaff and Kelly,
2018), (Wahlstrom et al., 2019), (Xiaofang et al., 2014), and it is
outside the scope of this study.

Determining position and attitude when a vehicle is at rest is
crucial in military applications. US Army’s Bradley Fighting
Vehicle and Turkish Firtina (Figures 1 and 2) are some of the
leading examples of such vehicles.

Figure 2. T-155 Furtina Howitzer
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For high precision target engagement, these vehicles require
high fidelity position and attitude (angular orientation)
information under conditions where GNSS is not available.

Navigation equations are highly nonlinear. They need to be
linearized in order to implement an extended Kalman filter for
state estimation. This is performed by approximating the
nonlinear state equations, implemented either in Euler angles or
quaternions, by a piece-wise constant system (PWCS) at each
iteration. Approximating the nonlinear system at the current
iteration’s state-input combination helps capture the characteristic
behavior of the system with little loss of accuracy (Goshen-
Meskin and Bar-Itzhack, 1992a,b).

Through this implementation, expected outputs (zero
velocity and/or zero turning) of a stationary vehicle and the
outputs of the navigation equations are contrasted to obtain
estimates of the navigation error states. In this sense, the control
system is an output feedback controller. Error states are fed back
to the navigation equations for the purposes of bounding INS
errors, and simultaneously, estimating sensor drifts and biases.

The remainder of the paper is structured as follows: Section
2 states the problem to be addressed and describes the navigation
system model, Section 3 describes the proposed solution and
includes two scenarios, and finally Section 4 summarizes the
paper and presents future directions.

2. Problem Statement and Model

The problem that needs to be addressed is the determination
of position and attitude (Euler angles) of a vehicle, when it is not
moving linearly. When GNSS is available, latitude (L), longitude
(A), altitude (%), north velocity (vw), east velocity (vg), down
velocity (vp), roll angle (@) and pitch angle (6) can be obtained
with very high accuracy. When GNSS is jammed or becomes
unavailable for any reason, inertial sensors and other sensors such
as barometers and magnetometers can be used. Although these
sensors require no other external information source, their
measurements are prone to measurement noise, biases, and drifts.

Inertial navigation systems utilize a variety of sensors such
as gyroscopes, accelerometers, magnetometers and barometers in
order to compute velocity, position and attitude, essentially by
integrating the measurements obtained from these sensors.
Integration results in the problem of drifts in the solution, due to
the biases and noise characteristics of these sensors. Typically,
sensors which provide accurate position information are used in
order to correct the navigation solution. A very common sensor is
the GNSS. However, in environments where GNSS data are not
available or degraded, alternative solutions are required.

A side note should be given here for the heading angle:
Determining the heading angle () is more complicated because
it is closely associated with the North Finding Problem (Titterton
and Weston, 2004). Magnetometers may be helpful, however, it
should be noted that magnetometers will yield the magnetic north,
which is different than the geodetic (true) north. True north can be
determined by very high accuracy and low noise gyroscopes
(expensive), or by using lower accuracy sensors. Lower accuracy
sensor outputs may need to be collected for long periods of time
for averaging (Titterton and Weston, 2004). North finding is left
outside scope of this study and the effect of this exclusion will be
apparent in the simulations results given in the following sections.
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In order to describe the method devised to bound inertial
navigation errors, navigation equations need to be described.

2.1. Navigation Equations

Navigation equations are nonlinear differential equations
which define the position, velocity, and the attitude of the
navigation system. They consist of three highly coupled
components: (i) a set of equations to compute latitude, longitude,
and altitude (L, 4, &), (ii) another set of equations to compute the
north, east and down velocities in the navigation frame (v, Vg,
vp), and (iii) another set of equations to compute attitude, i.e. the
roll, pitch and yaw Euler angles (¢, 6, w). Notation and
terminology used throughout the document is due to (Titterton
and Weston, 2004).

Throughout the document references are made to the
reference coordinate frames (Groves, 2013). Inertial frame is a
non-rotating frame with respect to the fixed stars with origin at
the center of the Earth and z-axis along the Earth’s polar axis.
Navigation frame is local geographic frame. Its origin is located
on the navigating platform and the axes are aligned with north,
east, and down. Navigation frame is tangent to the surface of the
Earth. Body frame also has its origin on the navigating platform
(usually at its center of gravity), and the axes are aligned with the
Euler angles of the platform.

Gyroscopes measure the angular rate of the body frame with
respect to the inertial frame as resolved in the body frame and are
given by

wﬁ."

b — | w
Wip = y
Wy

where w,, w,, and w. denote the measurements obtained from a
gyroscope’s x, y, z axes, respectively.

In order to compute the Euler angles, one needs the angular
rate of the body frame with respect to the navigation frame as
resolved in the body frame given as

why = wh — Ch(wit + w?,) (1)
where
Qcos L
Wip = 0 )
—Qsin L

denotes the turn rate of the earth, and

Ug

R+ h
UN

wo = | TR+ A 3)

vptan L

| R+h |

denotes the turn rate of the navigation frame, the transport rate,
due to its vy, north velocity, vg, east velocity, and vp, down
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velocity on Earth. In Equations 1, 2, and 3, R denotes the mean
radius of the earth, L the latitude, / the height above ground, Q
the turn rate of the Earth, and C2 denotes the transformation matrix
from the navigation frame to the body frame.

The transformation matrix from the body frame to the
navigation frame CJ} = (C2)T is given (for Euler angle
implementation) by (Titterton and Weston, 2004)

CyCy CySySy— SyCy CuSeCly+ SySy
SuCy SySeSy+ CyCy SySeCly — CyS,
— 5, CoS. CoCl

n __
Cy =

where C, £ cosx and S, £ sinx.

The first set of equations, so-called the kinematic equation, is
used to compute the Euler angles from the body angular rates
measured by the gyroscope, and is given by

qf:) 1 singtanf cos¢tané
g=10 Ccos ¢ —sin¢ why. @
0 0 sing/cos@ cos¢/cosd

The second set of navigation equations are associated with
the north, east, down velocities of the navigation system (frame),
given by

‘L";\r Un )
op | =Cpf’ — (2wl +wh) x | ve |+ 0 |5
Up Up g (h)

where, assuming a perfectly spherical earth,
g0
h\E
1 —
(%)

In Equation 5, gy denotes the gravitational acceleration of the
Earth and f* denotes the accelerometer measurements, i.e.

Ja
fr=1f,
[

g(h) =

where f;, f,, and f. denote the measurements obtained from an
accelerometer’s x, y, z axes, respectively.

The third set of navigation equations are associated with the
geographic coordinates and altitude. It is given by

j;/ ﬁ . ‘QL U UN
A=) 0 =0 || (©)
h 0 0o -1 Up

Equations 4, 5, and 6 can be combined to form a first order
nonlinear differential equation to represent the navigation
equation such that
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= fr(a",u") @)
where
* 2L XN h oy vg vp ¢ 0 P]"

denotes the navigation state vector, and

ut = [fe fy Ir we wy MZ}T

denotes input vector, i.e. the vector of inertial measurement unit
(IMU) measurements.

A more complete and comprehensive model can be formed
by augmenting Equation 7 by 6 decoupled differential equations
in order to include the inertial sensor errors, specifically
accelerometer drifts and the gyroscope biases. Hence, the state
vector is augmented to be

z2[L XNh vy vgvp ¢ 0 d, d, d b, b, b]"

where d, are the accelerometer drifts and b, are the gyroscope
biases for each axis. The added differential equations are

dy =0, dy(0)=d,
d, =0, d,0)=d,
d. =0, d.(0)=d.
be =0, b,(0) =b,
by =0, b,(0)=b,
b. =0, b.(0)=b.

in which the initial conditions denote the constant residual drift
error of the accelerometer and gyroscope. The IMU readings are
then modified to include these errors, i.e.

us|fo+d, f,+d, f.+d. we+b, w,+b, w,+b]"

Finally, we arrive at the 15-dimensional nonlinear navigation
equations in the form of Equation 8.

&= f(x,u) ®)

2.2. Navigation Errors

Inertial navigation dynamics (Equation 8) are unstable
(Groves, 2013), i.e. its solution diverges in time when no aiding
(correcting) sensor output is available.

In the simulations below, the vehicle is assumed to be
equipped with a tactical grade inertial measurement unit (IMU).
The accelerometer bias is assumed to be / mg (10) and gyroscope
bias is assumed to be / deg/hr (10). These values are typical for a
tactical grade IMU. Bias instability is ignored.

Consider that this vehicle loses access to the GNSS, at which
time its geodetic coordinates, altitude and attitude (i.e. Euler
angles) are

L 40° ) 5°
A = 33° and | € | = | 10° 9)
h 200 m Y 15°
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and its velocity vector is

UN 0
VE = 0
Up 0

Given the above, using Equations 1, 5 and 9, ideal (no bias,
no noise) accelerometer measurements can be computed as

fo —gsind 0.855
fo | = | geosOsing | = | —1.697 | m/s* (10)
f gcosfcos g —9.6242

and the ideal gyroscope measurements can be computed as

Wy Qcos L 0.00033048
w, | =Ct 0 = | —0.0012302 | deg/s (11)
w —Qsin L —0.0022195

z

The ideal measurements given in Equations 10 and 11 are
dubbed as such because these sensor outputs (when there is no
noise or bias) results in

fx,u) =0,

i.e. the navigation solution is exact. However, in the simulations
below, the ideal measurements given in Equations 10 and 11 are
corrupted by bias and noise (with variances of 1/10 of the bias
variances) in order to compute the navigation errors when noise
and bias exists in the system. So, the following results
demonstrate a typical navigation solution without GNSS or any
other aiding sensor, such as a barometer or a magnetometer.

Latitude and Longitude Error

0.4
0.2
0
-0.21

Error (deg)
S
BN

0.6}
0.8}
-1

1800 2400 3000 3600
t (sec)

Figure 3. Latitude and Longitude Error

0 600 1200

Figure 3 shows the latitude and longitude errors. About -0.8°
of drift for the latitude and about 0.35° of drift of longitude
correspond to approximately 90 kilometers of position error in
one hour. This performance is typical of a tactical grade IMU. The
relative boundedness of these errors are due to the well-known
Schuler Pump mechanism.
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Figure 4. Altitude Error

Figure 4 indicates that a much severe error accumulates for the
altitude. Altitude channel is particularly sensitive to drifts and
biases of the IMU (Groves, 2013, pp.231).

North, East, Down Velocity Error
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Figure 5. North, East, Down Velocity Error

Figure 5 indicates that the error for north, east, and down
velocities are considerably large. Down velocity is more sensitive
to IMU errors. This sensitivity is exaggerated by the altitude
channel. Note that by Equation 6, altitude is the negative integral
of down velocity.

Roll, Pitch, Heading Angle Error
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Figure 6. Roll, Pitch, Heading Angle Error

Figure 6 shows that the attitude solution of the navigation
equations are not as large after one hour compared to the other
navigation states. This is due to the fact that angular rates obtained
from a gyroscope is integrated once to obtain Euler angles
(Equation 4), while accelerometer outputs are integrated twice in
order to obtain positon (Equations 5 and 6). Nevertheless, since
the navigation equations are highly coupled, even small errors in
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the Euler Angles will have a large impact on the remaining states.
It is also apparent that the heading channel is more sensitive to
measurement errors.

The above results show that the error of the navigation
solution of a tactical grade IMU is intolerably large, if the solution
is not corrected by an aiding sensor or an algorithm. 90 kilometers
of positional error and 10s of kilometers of altitude error give a
clear sign that the absence of GNSS drives the error to
unacceptable levels and that alternative strategies are needed.

3. Proposed Solution and Results

In this paper, INS errors are aimed to be bounded by utilizing an
Extended Kalman Filter (EKF) along with the information that the
vehicle in consideration is stationary. Figure 7 describes the EKF
process. EKF is considered as a standard in the theory of nonlinear
state estimation and navigation systems (Julier and Uhlmann,
2004), (Musoff and Zarchan, 2009), (Wan, 2006).

Predict:

U Fo=2

dz

\

(g up)

&y = f(@k w)

_ H,= %
k dx (i k)
X Py = Fi P FT + Qy, i
] Th+1
27! Update:
F . _ I— 1
0 Ky = Py, Hy [H P HE + Ry

Py
m Py ; B k+1
! Piyy = [I — Kl Py

Bppy =& + Kilie — g(dy, , ue)]

Extended Kalman Filter

Figure 7. Extended Kalman Filter Structure
In Figure 7,

denotes the IMU

o w=[fy fy fz wx Wy, wz]£
measurements,

o R =[LAhvyvgvp, ¢ 0 Yd,d,d, by b, b,];
denotes the current estimate (computed) of the navigation
states,

e X, denotes the next estimate of the navigation states,

e f(x,u) denotes the navigation equations described in
Equations 1 - 8,

e  g(x,u) denotes the output function, which usually is simply
a state selector,

e J, denotes the auxiliary inputs, such as outputs of an
assisting sensor, or derived information,

e (., and R, denote the extended Kalman filter design
parameters (covariance matrices),

e F, and H, denote the discrete state space matrices of the
linearized navigation dynamics (explained below),

e P, and P, denote the current and next covariance matrices
of the Kalman solution, respectively, and

e K, denotes the extended Kalman filter gain.
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In order to employ the Extended Kalman Filter (EKF), state
equations need to be linearized at each time instant when a new
measurement becomes available. Given

T = f(I u),

y =gz, u)

z(0) = z, (12)

(13)

Such that x € R™, x, € R*, u € R™, y € RP, f(x,u) € R",
g(x,u) € RP, where n is the number of states, m is the number
of inputs, and p is the number of outputs. Described below is the
process by which a linear state space representation of a nonlinear
system is derived.

Linearization of Equations 12 and 13 about a fixed point
(x.,u.) is obtained as follows. Defining small perturbations

Sx(t) 2 x(t) — =z, and Su(t) £ u(t) — u,

a small signal linear state-space representation is obtained as:

6x(t) =Adx(t) + Béu(t) (14)
y(t) =Céx(t) + Ddu(t) (15)
where
df1 Of1 ]
i ox Oxn
A — ﬁ N -1 :
Ty U dfn Ofn
dxq An | (2, u)
afr af1
Jdu T OQum
g_ o) :
Oloiny | o o
Ty Ux % ﬂ
()111 ai’:‘-m . {:,r:,g.’u*)
g1 g1
daq dn
C— @ 2| . :
0%y | o 2
Ory 77 0%n  (1,u.)
99 091 7]
ou e Aum
D dg sl
= % = : :
() Agp Ogp
Gur T Qum d (z4u4)

A, B, C, D matrices are essentially the Jacobians of the input
and output functions with respect to the states and inputs. The
Extended Kalman filter is implemented in discrete time. ZOH
discretization of the equations given in 14 and 15 at a sampling
period of 7 are (J’s are dropped for brevity)

Lpy1 = F,(:.’L'k + Gkuk
yr = Hyzy + Nyuy,

where
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(3 3173 %)

Discrete state space representation of the 15-state augmented
navigation system, after linearization about a fixed (x,uy) is
given by

Tp4+1 | Fr. Gy Ty Gy
L T[S

Ly,

w0 |3

and

:| + Nkuk

where z, 2 [d, dy, d, by by, b,];; denotes the inertial sensor
errors.

Finally, an extended Kalman filter can be implemented (Ma
et al., 2020). At each step, a Kalman gain, K, is computed and
correction in state estimation is achieved (see Figure 7) by

Tppr = Ty, + Kil[ik — 9(Zy , u)]

In the following subsections, ZUPT and ZTUPT algorithms
are demonstrated on selected scenarios.

3.1. Zero Velocity Update (ZUPT)

Zero velocity update (ZUPT) refers to the condition that north,
east, down velocities of a vehicle is known or estimated to be zero.
An EKF is devised that will utilize this information in order to
bound the navigation errors.

Consider the scenario described in Section 2.2. The initial
navigation states given in Equation 9 constitute the initial state
vector, and the initial estimate of the EKF is assumed 0. The ideal
sensor outputs are given in Equations 10 and 11, and the vehicle
is assumed to be equipped with a tactical grade IMU as in Section
2.2. At the initialization of the simulations, bias values are
determined and are kept constant throughout the simulations.

ZUPT algorithm assumes no knowledge of the position and
attitude (Euler angles) of the vehicle. The only information that is
available and fed to the algorithm is

Uy 0
Y= | vE =10
vp 0

Note that J, = 0 is not a sensor measurement, but can be
considered as a constraint. Hence, the associated covariance
matrix is zero, i.e. Ry = 03,3.

Latitude and longitude errors are given in Figures 8 and 9.
Although position and Euler angles are known to be not varying
under the described scenario, estimation for these quantities is still
required because the sensor measurements are biased.
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Figure 8. Latitude Error (ZUPT case)
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Figure 9. Longitude Error (ZUPT case)
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Figures 3 in Section 2.2 showed that, when the ZUPT algorithm
is not active, latitude and longitude errors were large and resulted
in a position error of approximately 90 km. However, as Figures
9 and 10 indicate, when the ZUPT algorithm is active, almost no
position error is made. According to the above results, position
error is less than 1 m after one hour of operation without access
to GNSS.

Note that no aiding sensor is used to achieve this result. Just
the information that the vehicle is at rest results in significantly
smaller navigation errors.

x1 00 Altitude Error

0

—h—h

h — h |m]

-1.5 ‘ : ‘
1800 2400 3000 3600
t (sec)

Figure 10. Altitude Error (ZUPT case)

0 600 1200

It was shown previously in Figure 4 in Section 2.2 that altitude
diverges when the EKF with ZUPT is not running. However, the
altitude error is virtually nonexistent when the EKF with ZUPT is
active (Figure 10).
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Figures 11, 12, and 13 display north, east, and down velocities
respectively.

107! North Velocity Error
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Figure 11. North Velocity Error (ZUPT case)
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Figure 12. East Velocity Error (ZUPT case)
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Figure 13. Down Velocity Error (ZUPT case)

Figures 11 — 13 show that the EKF with ZUPT is performing as
expected for the north, east, and down velocities. That this result
is expected is due to the fact that (zero) velocities are made
available to the EKF and north, east, and down velocities are
enforced to remain at zero. The case where the EKF with ZUPT
is not active exhibit large velocity errors (see Figure 5 in Section
2.2).

Figure 14 show the roll and pitch angle errors when the EKF
with ZUPT is active.
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Roll and Pitch Angle Error
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Figure 14. Roll and Pitch Angle Errors (ZUPT case)
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Figure 14 demonstrates that the EKF with ZUPT algorithm also
bounds roll and pitch angle errors, although it cannot drive them
to zero. This is because the EKF is not given any information on
Euler angles. Roll and pitch angles are initially computed with
some error; about -0.02° for the roll angle and about -0.035° for
the pitch angle. This error is due to roll and pitch rate biases of the
gyroscope and the time required for the convergence of the
extended Kalman filter. The smaller the bias, the smaller the error.
(Note that there is no discontinuity in the computed roll and pitch
angles. The seemingly discontinuous behavior is due to the time
scale of the plots.) By comparison, this result is better than the
scenario without the EKF as shown in Figure 6.
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Figure 15. Heading Angle Error (ZUPT case)
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Figure 15 shows that the EKF with ZUPT algorithm is completely
ineffective on the heading angle. The main reason behind this
result is the fact that the heading angle is an unobservable state
(Titterton and Weston, 2004). It performed even worse than the
nonfunctional filter scenario (see Figure 6 in Section 2.2).
However, this is completely due to the random sensor noise
generated in the simulation. In other simulation runs, EKF with
ZUPT could be better, although that would still not negate the fact
that ZUPT has no effect on the heading angle. As stated before,
dedicated North Finding algorithms are devised for heading angle
estimation (Titterton and Weston, 2004).

In short, ZUPT is a very successful algorithm in bounding
position (L, 4, &) and velocity (v, vg vp) errors. Roll and pitch
angle (¢, 0) errors may be considered more than acceptable,
however, it is completely unreliable for the heading angle ().
This motivates the next improvement on the ZUPT method.
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3.2. Zero Turn Update (ZTUPT)

The main invention of ZTUPT is to feed into the extended Kalman
filter the additional information that a vehicle at rest is also non-
rotating, i.e. its Euler angle rates are zero. As given in Equation
4, Euler rates evolve in time in accordance with

é
P
where
1 singtanf cos¢tanf
T=10 COs ¢ —sing

0 sing/cosf cos¢/ cosd

ZTUPT utilizes the additional information that
¢
g1 =0 (16)
)

when a vehicle is stationary.

For Equation 15 to be equal to zero, either 7" must be a zero
matrix, which it clearly is not, or it must have a non-empty null
space. For a land vehicle, it is safe to assume that —z/2 < 0 < 7/2.
Then,

1

det(T) = cos 0

£0

for all 8 € [—m/2, /2], which in turn means that the null space
of T is empty, i.e.

N(T) = 0.

Therefore, for Equation 15 to be true, it must be that
b __ b be n LU R
Whp = Wip — Cn(wze + (’“en) = 0.

However, since a vehicle at rest has zero linear velocities as well,
by Equation 3, w}, = 0. This further simplifies the zero turning
condition to

wh — CPuwit =0 (17)

n-ie
which describes what the gyroscopes should measure under such
zero velocity and zero turning conditions.

In order to implement the ZTUPT algorithm, an output
function,
) A b Cb’ n
g(.I?_._ U) — %ib T “n"ie

is devised to incorporate Equation 17 as an additional output of
the navigation equations. Hence,

by +wy — Q515 — QCLCuCy
by +wy + QCy, (C@S;;J — S,QSQC,.;J + Q5.5,Cy (18)
bz +w, — QCL(SOS?, + C"OSQC[A":) + QSLCLDCQ

gl u) =
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where where C, £ cosx and S, £ sinx. Equation 18 is clearly a
function of the system states. The Jacobian of Equation 18 is also
computed numerically in order to obtain the H; matrix to be used
in the EKF routine.

As in the ZUPT case, consider the scenario described in
Section 2.2. The initial navigation states given in Equation 9
constitute the initial estimate of the EKF. The ideal sensor outputs
are given in Equations 10 and 11, and the vehicle is assumed to
be equipped with a tactical grade IMU as in Section 2.2. At the
initialization of the simulations, bias values are determined and
are kept constant throughout the simulations.

ZTUPT algorithm assumes no knowledge of the position and
attitude of the vehicle. The information available to the algorithm
are

UN 0 ¢ 0
vg | =10 and 6l =10
vp 0 " 0

Therefore, the auxiliary sensor output provided to the EKF
with ZTUPT is

gk =lon vg vp & 0 Y] =0

Similar to the ZUPT case, please note that J, = 0 is not a
sensor measurement, but acts as a constraint. Hence, the
associated covariance matrix is zero, i.e. R = Ogy6.

Latitude and longitude errors are given in Figures 15 and 16.
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Figure 16. Latitude Error (ZTUPT case)
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Figure 17. Latitude Error (ZTUPT case)

Figures 16 and 17 indicate, when the EKF with ZTUPT is
active, almost no position error is made. According to the above
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results, position error is less than 1 m. It is also apparent that the
order of magnitude of errors are very similar for both scenarios.

x107° Altitude Error

—h—h

3000 4000

0 1000

2000
t (sec)
Figure 18. Altitude Error (ZTUPT case)

As shown previously in Figure 4 in Section 2.2, altitude diverges
when the EKF with ZTUPT is not running. However, the altitude
error is virtually nonexistent when the EKF with ZTUPT is active
(Figure 18).

Figures for north, east, and down velocities when EKF with
ZTUPT is active is not shown here to save space. However, it is
stated that the results are as expected and very similar to the
results obtained for EKF with ZUPT. The north, east, and down
velocities are enforced to remain at zero and the magnitude of
error for all three velocities is of order 102!,
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Figure 19. Roll and Pitch Angle Errors (ZTUPT case)

Figure 19 shows that the EKF with ZTUPT algorithm bounds roll
and pitch angle errors, although —as for the ZUPT case— it cannot
drive them to zero. This is because the EKF is not given any
information on Euler angles, but just the rates of Euler angles.
Roll and pitch angles are initially computed with some error;
about -0.02° for the roll angle and about -0.035° for the pitch
angle. This error is due to roll and pitch rate bias of the gyroscope
and the time required for the convergence of the extended Kalman
filter. The smaller the bias, the smaller the error. (As in Figure 14,
please note that there is no discontinuity in the computed roll and
pitch angles. The seemingly discontinuous behavior is due to the
time scale of the plots.) By comparison, this result is better than
the scenario without the EKF as shown in Figure 6, however very
similar to the result obtained from EKF with ZUPT as shown in
Figure 14.

All the results presented so far to demonstrate that the
performance of the ZTUPT algorithm are very similar to the
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ZUPT algorithm. However, Figure 19 shows one of the expected
benefits of the ZTUPT scenario.
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Figure 19. Heading Angle Error (ZTUPT case)

Empowered by the information that turn rates are also zero,
heading angle errors are successfully bounded by the ZTUPT
algorithm. This is an expected result because ZTUPT specifically
“tells” the extended Kalman filter that the system is not rotating.
Please note that, this result is not the same as North finding.
ZTUPT simply prevents the initial heading angle from diverging.

4. Summary and Future Work

Two methods that aim to bound navigation errors under
GNSS denied environments are discussed in this paper: Zero
Velocity Update (ZUPT) and Zero Turning Update (ZTUPT).
Both methods show potential in bounding position and velocity
errors. However, they are less successful at bounding attitude
(Euler angle) errors, although roll and pitch angle error bounds
may be deemed acceptable. While the ZUPT method is
completely ineffective at bounding heading angle errors, ZTUPT
performs much better. Although, estimation of the IMU bias is not
the objective of this paper, these methods can be utilized for such
a purpose. The main advantage of these methods is the fact that
they do not require any additional sensor to be implemented in
order to bound the errors. However, they are restrictive in the
sense that they only work when the vehicle is not moving, or
moving in kinematically constrained manner. Although this is a
hard constraint, there are military applications where the position
and attitude of a stationary vehicle is of great importance.

This study can be considered as a first step towards utilizing
vehicle dynamics as an aiding algorithm to an inertial navigation
system. Although, in this paper, a dynamic model is not
introduced, properties of a non-moving vehicle are utilized.
Reducing navigation errors while at rest is challenging because of
the observability issues associated with the linearized dynamics
of the system. Additionally, at rest, some of the sensors do
measure zero, which makes estimation even harder. In this study,
two methods, ZUPT and ZTUPT, are discussed and simulation
results are presented. ZUPT manages to bound the navigation
errors except for the heading angle. As a matter of fact, ZUPT has
no effect on the heading angle. ZTUPT performed better than
ZUPT overall, and also managed to bound heading angle errors.
Both methods, as expected, failed to drive the attitude states to
zero. Future work is going to try to incorporate a vehicle
dynamical model and kinematic constraints into the extended
Kalman filter structure and investigate the possibility of bounding
navigation errors via an implementable framework even when the
vehicles in consideration are moving. In addition, future work will
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incorporate more realistic IMU errors such as scale factor and
nonlinearity.
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