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ABSTRACT

This paper introduces a simple model for modeling
inertial sensors and expands on this model to paate
terms that model the errors associated with high
dynamics. The paper uses the techniques of Allan
Variance Charts, Monte Carlo Simulations, and
Autocorrelation functions to characterize senshrsugh
identification of the error statistics. The ergmowth of
the position and heading navigation solution foo tand
six degree of freedom scenarios using static error
parameters is developed. Analytical expressionsife
error growth with wide-band noise are presented sl

as an error baseline for investigating the effeftsensor
drift, or walking bias. Experimental data is usea t
validate the error growth bounds in both scenarids
advanced sensor model is developed for both an
accelerometer and gyro with an explanation of fifiects

of the dynamic error parameters. A simple rocket
trajectory simulation is used to illustrate the aihe
effects of high dynamic sensor errors when dead-
reckoning with a tactile-grade IMU. Analysis ofeth
advanced model is concluded with an investigatiao i
the relative effect of each error parameter on the
trajectory target.

INTRODUCTION

In dead-reckoning navigation scenarios, the intagneaof
noise and bias-corrupted measurements produce large
errors in position, velocity, and heading calcaas. In
order to compensate for the errors and evaluate the
effectiveness of the inertial sensors, the chosen
accelerometers and rate gyros used must be idehtfid
characterized. A simple model has been developgt],i
which classifies the common errors found in
accelerometers and rate gyros into three categoaes
constant offset error source, a moving bias erource

and a random error source. A procedure has also be
developed to obtain the statistics of each of therser
sources. When the statistical values for eactheferror
sources are known, it is possible to use the simpdel

to statistically simulate an accelerometer’'s oe rgyro’'s
output.

The raw output of a rate gyro is integrated to iwbta
heading estimate. Because the rate gyro measutemen
have errors, the resultant heading calculation eatitain
errors as well. Error equations that depict theagh of

the error in the heading calculation have beenvddrin

[2]. These error equations were derived with the
assumption that the rate gyro has only one errarcgg
wide band noise. The value of this error modehéat it
may be used to obtain an estimation of the standard
deviation of the heading estimate error over time.

More advanced models have been developed that
incorporate errors affected by the true accelematior



rotation rates [3]. These errors include scaletofac
misalignment, and nonorthogonality errors.

The primary purpose of this work is to use thedstiexy
simple sensor models to identify the common error
sources found in accelerometers and rate gyrostheemd
validate the procedure used to evaluate the statist
properties of each of these error sources. Thelsim
model is then used to classify accelerometers ael r
gyros into different grades. Error bounds of some
component grades are provided which can be used to
determine the utility of a specific grade sensor.

This work also evaluates the effect gravity hasa@roup

of accelerometers and rate gyros when used inextiah
measurement unit. The error growths of the pasitio
velocity and heading calculation are shown when a
gravity field is in place, and then the error grbsviare
shown when the gravity field is removed. The
comparison reveals the effect a gravity field hasam
inertial measurement unit’s total error due to ititegrity

of the gyro measurement.

The final purpose of this work is to identify thiéeets the
error terms in more advanced sensor models havbeon
position, velocity and heading calculations [3]. A
simulated trajectory will be used to evaluate the
contribution level each of these errors has on the
calculated position, velocity, and heading. Thauated
trajectory is designed to be practical and stiltiexthe
advance sensor model’s error terms.

SIMPLE SENSOR MODEL

The simple model of a gyro assumes that the gytpubu
(9,) consists of the true vehicle rotation rate) (plus a

constant offset €, ), a moving or walking biast(,), and
wide band sensor noiseM,,,). This model is shown
below.

1)

The wide band sensor nois&v( ) is assumed to be

g, =r+Cr +br +Wgyro

normally distributed with a zero mean and sampled
covariance [1]

EMW2,,|= 02,1, )

The moving bias termb, ), or sensor drift, is modeled as
a first order Markov process and is outlined in &tpns
2.3 — 2.5. The Markov process takes into accohet t
sampling frequency of the sensor and has the fatigw
statistics.

Elb]=0 4 Elb’]= 0% 3)

(4)

Where,

(5)

The noiseY, that drives the bias, is normally distributed
with zero mean and a sampled covariance of one.

v~N[o]] (6)

An Allan variance and autocorrelation analysis $edito

determine the time constant (), random walk @),

and bias variation @’ ) for the simple model. The

9YrOyias
numerical values for the various grade sensors are
evaluated with an analysis of collected data anified

with the manufacturer’s specifications and document
containing published values. This method, oncelasdd

can be used for future sensor analysis when exact
specifications are unknown.

The simple accelerometer model, similar to the gyro
relates the accelerometer outp@() to the true vehicle

acceleration K), a constant offset or biag{), a moving

or walking bias bx) and a white sensor nois&/(_, ):

8, = X+ G by W,y ™

The accelerometer sensor noigg ., is assumed to be
normally distributed with zero mean. The movingsior
sensor drift, is modeled as a first order Markowggsss as

shown in the gyro model where the noise is alsonady
distributed with zero mean and the sampled coveean

[4].

E Wsccel ] = Jsccel fs (8)
2
i -2

%

VALIDATION OF INERTIAL SENSOR
PARAMETER IDENTIFICATION

It has been shown that Allan variance techniquesg lea
used to identify and verify sensor characterisfitk
This work uses the simple sensor model and Allan
variance charts to verify that simulated sensor et®d
match actual sensor data collected. The simukgedor,
once verified, can be used to determine the enrowtip

of the desired integrated measurement and the



propagation of error in the final navigation sabuti
Allan variance charts of simulated and experimental
KVH-5000 gyro and Humphrey accelerometer data are
presented in Figures 1 and 2, respectively.
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Allan Variance Comparison Il of the KVH 5000
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Figure 2.
Allan Variance Comparison of the Humphrey
Accelerometer Experimental and Simulated Data

The close match of the experimental data to theilsited
data indicates that the simple sensor model isceift to
characterize the sensor wide-band noise and walkimg)

for static tests. Figure 1 shows that the primeamor
source for the KVH5000 is wide-band noise. The
KVH5000 is representative of a sensor with taagitade
specifications. Figure 2 shows that the Humphrey
accelerometer sensor is corrupted by both wide-band
noise and a walking bias, or sensor drift. The Haoray
accelerometer is representative of a sensor witiswwoer
grade specifications.

INTEGRATION ERRORS DUE TO WALKING
BIAS

The effect of walking bias in the sensor measurerigen
investigated by comparing simulations with and with

the moving bias term to an analytical solution fbe
standard deviation of integrated wide band noise as
derived in [2]. This analytical equation will berkafter
referred to as Equation 10.

o=0,T.Jk (10)

W~ N[O, JW] (11)

A KVH-5000 gyro was chosen for comparison becatsse i
dominate error source is wide-band noise. Theltesu
from Monte Carlo simulations produced using theog/r
manufacturer specifications are expected to makeh t
results from the analytical solution with a highgtee of
confidence. Figure 3 shows the error bounds of the
Monte Carlo simulation with moving bias term inchatd
Figure 4 shows the Monte Carlo simulation with nmayvi
bias excluded from the sensor model.
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Figure 3. KVH Error Bound Comparison |
Walking Bias Included
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Figure 4. KVH Error Bound Comparison Il
Walking Bias Excluded

As expected, the Monte Carlo simulation of thetdegs
sensor in Figure 4 matches closely to the analytica
solution whereas the sensor model simulation inufei@
grows at a faster rate. It is reasonable to assume
therefore, that the bounds derived from the MondelcC
simulation with both walking bias and wide-band s&oi
adequately represent these error sources. Furbinerm
the plot in Figure 5 shows that both the simulased
actual acquired KVH sensor data fall well withineth
bounds of both the Monte Carlo simulation and aidy
equation. The simulated and experimental heading
measurement from the KVH sensor, with its tactiladg
specifications, falls within the analytical bounlscause

its primary error source is wide-band noise.
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Figure 5. KVH Error Bound Comparison I

DERIVATION OF POSITION AND VELOCITY
ERROR GROWTH DUE TO WIDE-BAND NOISE

The following derivation is presented and estakelssta
baseline for comparison of the effects of bias antse
corrupted measurements in the position and velacityr
computation. The derivations for the analyticatoer

growth of position and velocity errors due to the
integration of the sensor model with only wide baise
are performed with a 2DOF IMU model, which includes
one accelerometer and one gyro.

The constant bias of the accelerometer is neglextetlis

an easily corrected error source. Therefore, the
accelerometer measurement becomes:
aii = 5(-i-Waooei (12)

Where W, is the uncorrelated wide band noise of the

accelerometer an is the true acceleration.

Integration of the accelerometer times the headigje

to get longitudinal velocity\; . ) results in

VNorth +Vl\70rth = I(X + Waccei )CO*{/I + l//e)dt

Assuming the mean acceleration and heading ard &xua
zero gives

(13)

(14)

Therefore, the longitudinal velocity errdv/{,,) is due

to the integration of the accelerometer’s wide baoide
times heading error.
Vl\?onh = J.(Waccd )COi[//e)dt

A Euler integration of the accelerometer outputittssin

(15)

e —\/e e
VNorthﬁ1 _VNorthk +TsWacce|k COil// )
K (16)
—\/e —
- VNorthk -'--I-swaccelk - Z:Tswaccelk
k=1

Squaring and take the expected value of both eapsti
results in

E[\/l\?orth (Vl\(leorth )T ] = E|:(i:TsWaccelk ][Zi:TsWacceck jT } (7)

Simplifying Equation (17)

E[\/I\?orth (VI\?orth )T ] = Tszg E[Wacceh< (Waccelk )T ]

Substitute in the covariance of the acceleromeide w
band noise to obtain

El.\/"i’fth @ﬁorth )T J = TSZO'V%,acce| k Tsk =t

The above equations yield the following approximati
for the longitudinal velocity error growth due tet
integration of the yaw gyroscopes and accelerormeter
noises.

(18)

(19)



eV ) = Tt07 (20)

Finally solving for the standard deviation of the
longitudinal velocity results in:

g
VNorlh Waccel S

Longitudinal Position Error Equations

The integration of the longitudinal velocity resuih the
longitudinal position.

North + PI\Torth - J( North +Vl\?or1h )jt (22)
Assuming the mean longitudinal velocity and positawe

zero gives:

Puorn =0

Viorn =0 (23)

Therefore, the longitudinal position errgse( ) is due to

the integration of the longitudinal velocity eri@z: ).

North J.VNorth (24)

Again, an Euler integration method is used andliesu

e — pe
PNorlh(1 PNor(hk Nor(h ZT Northy (25)

Squaring and take the expected value of both eapsti
results in,

il $ren [ £ )| m

Simplify to get the following.

k
E[Pl\Torth (Pl\?orth )T ] = T52 z EL/I\?or'rhk Nor'rhk ] T : z O-VNO,M k (27)
k=1

From the above section 3.4 the covariance of the
longitudinal velocity was found to be,

o, =Tlo} k (28)

Viorth Waccel

Therefore, substituting in this for the longitudinalocity
covariance results in the following.

[ e e T] 4 2 « 2
E PNonh (PNonh) = Ts O-ng z k =
o (29)

S

Tlo? Lo e 1y
‘accel 3 2 6

The above equations result in the following
approximation for the longitudinal position erraogith
due to the integration of the longitudinal veloatyor:

el

1 1
E[ North North ] 5 k3T540.v2vamd = étsTsav%/am (30)

Finally solving for the standard deviation of trartherly
position results in:

=0, [|r1e (31)

g,
Prortn Wagcel 3

Lateral Velocity Error Equations

As in the longitudinal case the bias of the acostester
will be assumed to be negligible in the acceleremet
measurement. Because of this the following eqnasio
derived:

a, =X+Ww (32)

accel

where W, ., is uncorrelated wide band noise of the
accelerometer. Integration of the accelerometeggithe
heading angle to get lateral velocity (. ) yields

Vews +Vi = [ (R + Wy )sinyy +°) (33)

Assuming the mean acceleration and heading ard &xua
zero gives:

=0
=0

)

(34)

<

=0

North

Then, the lateral velocity erroMg,, ) is due to the

integration of the accelerometer’s wide band ntiree
heading error.

Vi = [ (W )sinfp?) (35)

An Euler integration of the accelerometer outpsutes in

VEeastk = VEeaa + T WacceI Sm(‘r[/ )
e e e (36)
VE TsWamel 7'9 z acceI K wk

Squaring and take the expected value of both eapsti
results in,

Eh;sé/smf]:E{[kzk_;nwmkw:][gnwmkw:f} (37)

Knowing that the expected value of the square ef th
accelerometer noise is simply the covariance of the

accelerometer wide-band noisgjacw ) and that the

gyroscope wide-band noise is uncorrelated to the
accelerometer wide-band noise the lateral variaacebe
simplified to the following.



E[\/East(ana ] TzZE[ accelk accelk ]ELV ‘//k ] (38)

e e U g e e U
E[\/Easl (VEasl) ] = Tszz 0'\/2vaccej ELﬂk (l//k ) ] (39)
k=1
From reference [2] and the above section 3.5:
Elpelyr) |= 02 =12k02, (40)

Therefore,

ee.fve. )T]=T;‘ki_kaw o

) (41)
=Tio? o2 Yk=Tlo o2 =(k? +k)
k=1
_ 1 4 2 2 2 —_
~ ETS ol 00 K Tk= (42)

The above equations result in the following
approximation for the lateral velocity error grovathe to
the integration of the yaw gyroscopes and acceleters
noises:

E[\/East (VEast 7T t a-wam, Uw (43)

Finally solving for the standard deviation of tldekral
velocity results in:

oy =0, UWWTJ\E (44)

Lateral Position Error Equations

The integration of the lateral velocity resultghie lateral
position.

o P j(\/East FV2 bt (45)

Assuming the mean lateral velocity and positionzme
gives:

(46)

So that, the longitudinal position erroPnfaS[) is due to

the integration of the longitudinal velocity erl(c\/,;st ),
ie.
Pla = [Vt (47)

Again, an Euler integration method is used andltegy

PEeastk,1 = PEeastk +Tsteast ZT VEastk (48)

Squaring and take the expected value of both eapsti
results in,

E[P.;s (P )T]= E{@TSVSMK ][ZT VEMKJ } (49)

Simplify the position variance to get the following
k

e P [y e b =13 onk s0
k=1

From the above section the covariance of the lodgial
velocity was found to be,

1
o =Tlol o2 —K?
East

Waccel Wgyro 5

(51)

Therefore substituting in this for the longitudinalocity
covariance results in,
1 2 L 3
“Tlo? o k
2 e P 2

e g (Lkatiadi
2% eVl 47 20 4

elpe. (P |-
52)

The above equations result in the following

approximation for the longitudinal position erraogth

due to the integration of the longitudinal velocétyor:
1 1

E[P,fas(P,fas)T = Koo 0%, =0 ol (59)

Finally solving for the standard deviation of trertherly

position results in:

JPEag = O-Wacoei U_Wgysttz\/g (54)

BIASCONTRIBUTION TO THE IMU
INTEGRATION ERROR

Given the derived analytical equations for positemd
velocity error growth with wide-band noise only,eth
respective growth effects due the sensor moving témn
be investigated. Figures 6 and 7 show both theilsited
and analytical plot of the wide-band noise onlyoerr
growth as a basis for comparison of the simulatitnich
includes wide band noise and walking bias.



=]
[

Monte Carlo (Both Errors)
Equation 31 J
Monte Carlo (Wide Band Noise)

=]
o

Worth (meters)
o

o

=]

m
T

L
15 20 25 30 35 40
Titne (sec)

(=]
o
n
SH

10"

—— Monte Carlo { Both Errors)
— Equation 54
—— Monte Carlo (Wide Band Noise)

]
[

n

East (meters)

o
n
T

L L
5 10 15 20 25 30 35 40

[=]
(=]

Titne (sec)

Figure 6. Comparison of a Tactical Grade IMU
Position Error Bounds (Static)

0.015
Monte Carlo { Both Errors)

Equation 21
Monte Carlo (Wide Band Moise)

o
o

0.005

Morth {metersizsec)

o

.
20 25 30 35 40
Time (sec)

o
m
2
>

7

2 w10
—— Monte Carlo ( Both Errors)
—— Equation 44 ]
—— Monte Carlo (Wide Band Noise)

in

o
n
L

East {meters/sec)

.
15 20 25 30 35 40
Time (zec)

=]
o
m
=i

Figure 7. Comparison of a Tactical Grade IMU
Velocity Error Bounds (Static)

It is clear from the figures that in both the pmsitand
velocity calculations, the errors from the duabeonte
Carlo simulations grow at a significantly highetergahan
those of the wide-band noise only case. The sensor
moving bias does indeed significantly affect thesipon

and velocity error growth and should be consideasch
cogent error source in the inertial sensor modei¢gn in

the case of a tactical grade IMU.

The 2-DOF IMU simulation is now expanded to a 6-DOF
model to simulate a scenario representative osgieeific
inertial measurement seen in GPS/INS coupling. ont
Carlo simulations of both tactical and consumerdgra
IMUs are compared. The simulations performed to
emulate the sensor include a Markov process modeled
moving bias and wide band noise, but excludes the
constant bias term. The simulations are run witld a
without a gravity field to investigate the effecsgravity

on the error growth.

Figures 8 and 9 show the growth of the attitudersrdue
to the integration of tactical and consumer graldéJs,

respectively. The angles shown are between the/ bod
frame and the ENU coordinate frame.

The tactical grade IMU as represented in Figures8 i
dominated by wide-band noise as its shape is congru
to the derived error bounds seen in Figures 3-5% Th
individual heading errors match well on the plotthsy
share similar statistics.
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Figure 8. Attitude Error in a Six DoF
Tactical Grade IMU

The consumer grade IMU represented in Figure 9 is
dominated by wide-band noise in the first few selsoof
calculation but eventually appears to grow at edmrate
beyond the initial region. This IMU, seconds after
initialization, is soon dominated by sensor walkbigs
and grows linearly as is expected from the intégnaof

the moving bias present in the sensor measurement.
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Figure 9. Attitude Error in a Six DoF
Consumer Grade IMU

Figures 10 and 11 show simulated position errors as
determined by the double integration of the
accelerometers for tactical and consumer grade IMUs
respectively.
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It is evident that the error for the consumer gridé)
grows much more rapidly than the tactical grade MU
both plots of attitude and position. Additionallthe
consumer grade position error has a more pronounced
error growth in the presence of a gravity fieldrththe
tactical grade IMU. Because an accelerometer mesasu
specific force, the acceleration due to gravityuices a
bias in the sensor and must be subtracted from the
measurement when it is oriented in the directiorthef
gravitational field. Since the orientation of the
accelerometer is determined by the IMU gyro
measurements, false attitude measurements cause the
acceleration calculation to incorrectly include #féects

of a gravity field in proportion to the orientation
determined by the false gyro measurement. Thezefor
the accuracy of the IMU-based attitude (which is
significantly worse using the consumer grade gyros)
directly impacts the position accuracy obtainedrfrthe
accelerometers.

ADVANCED SENSOR MODEL

The previous sections have presented an analysis of
position and attitude error growth for the statise where

the inertial sensors experience no motion. Thidice
presents an advanced sensor model that includess ter
that model an inertial sensor’s response to motidte
advanced accelerometer model includes the following
terms: misalignment, nonorthagonality, scale factoale
factor asymmetry, and nonlinearity. The advanezths

in the rate gyro model include misalignment,
nonorthagonality and scale factor.

The inertial measurement accelerometer triad emmael

[3], which contains a scale factor error, an asymice
scale factor error, a nonlinear scale factor error,
misalignment errors, nonorthogonality errors andtlze
non-motion-dependent (static) error terms is giaen

a, = (1+ S )%+ SFAJK + SN, X +sin(A,,, + 3, )y +

55
sinAAy—dAy)2+cx+bx+wm|x (55)
a, =(L+SF, )y + SFA |51+ SFN, 2 +sin(a ,, - 3, )%+ 56)
sin(AAx + JAX)2+ Cy +by + W
a, =(1+ SFZ)2+SFAZ\21++SFN222+sin(AAy+5Ay)X+ .
Sin(AAx _JAx)y+ c, + bx +Wacce|z ( )
Where,
a,, ay anda, are the measured accelerations,
X, § and Z are the true accelerations,
And,

|XI , |y| and|2| are the absolute value of the true
accelerations.

The inertial measurement rate gyro triad error rh¢sle
which contains scale factor errors, misalignmemorst
nonorthogonality errors and all the error terms as
presented in the static case:

g, =1+ F, Jo+sin(a, + 3, )9 +sin(Ag, - W +c, +b, + Wy, (58)
g, =1+ SF, )9+ sin(AGy + 5Gy)¢+ sin(Ag, I W +¢, +b, +wy,, (59)
g, = (1+ F, )zp +sin(Ag, = O, J@+sin(Bg, + g, )3 + C, by, + Wy (60)
.where,
9, 9, and g, are the measured rotation
rates,
¢, 9 and { are the true rotation rates,
and

M ‘19‘ and |¢/| are the absolute value of the

true accelerations.



A list of all of the error terms present in theatti
accelerometer model (Equations 55-57) and the tadel

gyro model (Equations 58-60) are given below inl&ab

Table 1. Advanced IMU Error Parameters

Error Parameter Symbol Units
Roll Gyro Constant Offset C(ﬂ 0/ sec
Pitch Gyro Constant Offset C, o/ SecC
Yaw Gyro Constant Offset Cl// o/ sec
Roll Gyro Scale Factor Error S:¢, ppm
Pitch Gyro Scale Factor Error S, ppm
Yaw Gyro Scale Factor Error S:l// ppm
Gyro Triad Misalignment about X 5Gx yrad
Gyro Triad Misalignment about Y 5Gy urad
Gyro Triad Misalignment about Z JGZ urad
Gyro Triad Nonorthogonality about X AGX r ad
Gyro Triad Nonorthogonality about Y AGy M ad
Gyro Triad Nonorthogonality about Z AGZ r ad
Longitudinal Accelerometer Constant Offset CX. g
Vertical Accelerometer Constant Offset Cy g
Lateral Accelerometer Constant Offset C2 g
Ié?rnogrltudlnal Accelerometer Scale Factor S:x ppm
Vertical Accelerometer Scale Factor Error S:y ppm
Lateral Accelerometer Scale Factor Error S:z ppm
k\g;ﬂmglt?;l Accelerometer Scale Factor S:A< ppm
x;rltr:;:r?qleﬁrcycelerometer Scale Factor S A\/ ppm
I';gt;enrq.zalﬂI chselerometer Scale Factor o= Az ppm
kl?)?]%lrtlic:r?fyl Accelerometer Scale Factor S:NX ppm
\,\/J((e)rr::icnag aArﬁ;:lelerometer Scale Factor SN y ppm
I’:I%tr?lzﬁleﬁﬁfflerometer Scale Factor SN , ppm
Accelerometer Triad Misalignment about JAX r ad
Accelerometer Triad Misalignment about JAy M ad
Accelerometer Triad Misalignment about Z O_AZ M ad
Qggﬁlte)r(ometer Triad Nonorthogonality A o~ L ad
aAtc)zzjlte\r(ometer Triad Nonorthogonality A Ay L ad
Qggﬁltezrometer Triad Nonorthogonality A N L ad

MODEL ERROR PARAMETER DESCRIPTIONS

Figure 12 illustrates the individual input/outputrce
types as are present advanced sensor model.

Outpu A Output A

A

A

A

(c) £ Asymmetry (d) Nonlinearity
Figure 12. Inertial Measurement Unit
Input/Output Error Types

Figure 13 illustrates the individual input axis
misalignments. The large arrows in the figure espnt
the nominal input axis directions (labeled X, Y arfgd
The smaller arrows (labeled;jnrepresent the directions
of scale factor deviations wheni =] and axis

misalignment wheh# | .

Figure 13. Inertial Measurement
Unit Triad Misalignment

The following equations are used to obtain the &rgu
misalignment about a particular axis.

m, m
J, = arcsin—= | = arcsin —
Y 4

(61)



5 :arcsi{&j :arcsi{%] (62) accelerations and heading angles are shown in &igbir
y The rocket velocities in the North-East-Up (NEU)
(m (m (63) coordinate frame are also shown in Figure 15. @pgrof
9, = arcs'{wj = afCS'{WJ the rockets actual vertical path is shown in Figlie

Figure 14 illustrates the individual input axis B
nonorthogonality. ~ The large arrows in the figure o g
represent the nominal input axis directions (lattele Y — Lateral (1)

and Z). The smaller arrows (labeled))mepresent the
directions of scale factor deviations whef | and axis

nonorthogonality wheh# | .
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The following equations can be used to obtain tiguéar oo L——_Bast A
a 20 40 B0 a0 100 120 140 160 130

nonorthogonality about a particular axis.

64
A = arcsi{r:(yzj = arcsir[nzzyJ (64)
65 Figure 15. Rocket Launch Trajectory I: Body
A, = arcsirE%zj = arcsi{n?”] (65) Accelerations, Body Headings and ENU Velocities

A, = arcsir{nxyj = arcsir{nyxj (66)
X Y

INTEGRATION ERRORS OF THE SIX DEGREE
OF FREEDOM ADVANCED INERTIAL -
MEASURMENT UNIT MODEL

Time (seconds)

25

o

A comparison of the advanced model versus the simpl
model is illustrated with a common rocket launch
trajectory. The comparison identifies the effeofsthe
advanced error parameters by observing the capebfli sl
the inertial measurement unit to hit a desired dgarg

location. .

Altitude Qo

=]

o WID Qh 3ID Ah Eh Eh YID Eh a0
Range
A simple rocket launch trajectory is simulated &rfprm e
the comparison. The rocket is elevated to a mtujie of
55 degrees before ignition. The longitudinal aattdal
axes are aligned with the north and east axisetsly.
A maximum thrust of 8 g’s is introduced in the
longitudinal direction. The thrust is sufficiertt project
the rocket a distance of 84 km due north. The Hoamiye

Figure 16. Rocket Launch Trajectory
Altitude vs. Range

The simple and advanced six degree of freedom raodel
are run in a Monte Carlo simulation for 200 iteva8



using tactical grade IMU specifications. For this
comparison, the constant bias offset of the tactMb is
neglected and the initialization errors are setebm. The
point of comparison is the impact point as shown in
Figure 17. The scatter plot of Figure 17 shows lihe
scatter with all advanced error terms neglected thed
offset red scatter, the result of the Monte Cardgetctory
simulation with both static and advanced error term
included.
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Figure 17. Rocket Launch Trajectory
Impact Point Scatter Plot

The standard deviation for both clusters is 50 msete
downrange and 50 meters cross range as determined b
the resulting 1-sigma bounds. However, from that fil

is evident that the two clusters have significaxtifferent
impact means. The mean of the simple model blagesc
has a mean center line at the origin of the dowggaand
cross range axes as determined by its zero-metistisga

The advanced red scatter model makes impact with a
mean point 450 meters east and 86 meters southeof t
desired location. Since the moving bias and widadb
noise statistics are the same for both modelsshiife of
the impact point is the sole contribution of theli@dnal
input/output parameters in the advanced model.
results of the simulations above exemplify the @fen a
navigation solution when using an IMU in high dyriesn
with uncorrected advanced errors. Note that thaackd
model parameters were held constant for each stedila
trajectory. In practice with an actual IMU, thesglues
are not necessarily expected to be constant anddwou
lead to a more stochastic final result.

The

ADVANCED MODEL ERROR PARAMETER
CONTRIBUTION LEVELS

For further analysis, the contribution level of keaif the
advanced error parameters was determined by rurtheng
simulated trajectory including only one parameteraa
time. The contribution level for each error partends

simply the second norm of the error vector at thpdct
point. Figure 18 is a bar graph depicting the dbation
levels resulting from each simulated trajectory.
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Figure 18. Rocket Launch Trajectory |
Error Parameter Contribution Levels

The gyro misalignment about Z has the highest
contribution level for the simulated trajectoryhi3 is due

to the fact that the yaw measurement is directfgcaéd
when there is a pitch rate applied to the body &aas
determined by Equation (60). The accelerometer
misalignment about Z is the second highest contiwibio

the target error. This effect is due to the fdwttthe
downward acceleration is directly affected wherretie a
longitudinal acceleration applied to the body frame
modeled by Equation (57). The particular errorapaster
contribution level distribution (Figure 18) is oburse
specific to the trajectory simulated and is expadtevary
with different trajectory characteristics. It isls@a
important to note that the error parameter contidiou
levels are not necessarily super-imposable duehé& t
interdependence between error terms.

CONCLUSION

This paper has investigated the propagation oftialer
sensor measurement errors into the dead-reckoning o
unaided navigation solution. A simple sensor mouas
developed using the techniques of Allan Varianagspl
Monte Carlo simulations, and Autocorrelation fuoos.
Analytical derivations and Monte Carlo simulationsre
used to compare and depict the various effectsfiairent
error sources in the simple model. It was shovat the
moving bias or drift of a sensor measurement presluc
significant error growth increase in the positigalocity,
and heading calculations.

The simple sensor model was used to compare the
calculated position error growth for both tactilade and
consumer grade sensors in 2DOF and 6DOF scenarios
using manufacturer specifications and Monte Carlo
simulations. It was shown that tactical grade tiaer
sensors significantly outperform consumer grades@en



though both continuously grow without the aid of
referencing information.

The simple sensor model was expanded to includes mor
advanced terms associated with motion. An expienat
of the various misalignment, nonorthagonality, scal
factor, scale factor asymmetry, and nonlinearitpmrr are
explained in terms of their effect on the direchsw
measurement. A simulated missile trajectory wanth
used to show the effects of the advanced errorcesusn
an inertial sensor guided rocket. The terminagiomt of
the advanced error trajectory was notably corruptethe
errors introduced in the advanced model. The aimly
was concluded with an evaluation of the relative
contribution of the individual advanced error s@s®n
the final resulting impact point for the given gefory.

Future work may include a derivation of analytical
expressions which describe the error growth coutidion
due to the walking bias in the position, velocignd
heading calculations. The developed equations bmn
used in conjunction with the wide-band noise equmtito
yield a firm quantification of the error growth fargiven
inertial sensor. With an analytical solution fonet
position error bounds over time, it would be pokssito
determine what grade sensor is necessary for aylart
application when dead-reckoning or in GPS outagdse
analytical equations could provide worse-case edénof
the error growth for a given navigation scenarkeurther
derivations may include those that analyze thecedfe
gravity has on the error growth in a two degree of
freedom scenario and possibly a six degree of &eed
scenario. Finally, the advanced model should lthéu
investigated in different environments and high aiyic
scenarios similar to the trajectory in this papér.more
in-depth analysis of the contribution levels sholdd
continued as to further document and possibly gfyant
the effects of the advanced sensor errors for dcpar
navigation scenario.
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