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ABSTRACT

There is a need in military operations for reliakieh-
accuracy, and low-cost vehicle navigation systeonsi§e

in both manned and unmanned ground and air vehicles
Geodetics' Geo-LDV product is an integrated GPS/INS
navigation system providing real-time, high-accyrac
Time Space Positioning Information (TSPI) in a loost,
light-weight ruggedized package.

Positioning accuracy in the Geo-LDV is achieveatiyh

the use of dual-frequency carrier phase differem@as
solutions provided by Geodetics' Epoch-by-Epoch®
(EBE) technology. EBE performs Precise Instantaseou
Network (PIN) positioning utilizing data from one o
more GPS reference receivers and the vehicles ardbo
GPS receiver to produce a rigorous network solugibn
each measurement epoch. Unlike traditional diffeaén
GPS approaches, there is no need for re-initiédizat
immediately following loss-of-lock problems, sucls a
occurs when GPS satellites are occluded from the
antennas view. This feature of instantaneous intege
ambiguity resolution is of utmost importance wheying

to position dynamic platforms operating in enviramnts
where GPS reception is lost and regained ofterh agdn



urban terrain or a maneuvering military aircraft emdn
GPS becomes blocked by airframe masking.

EBE generated GPS solutions are integrated on-ttbard
Geo-LDV with data from a 6-DOF IMU using a loosely-
coupled Extended Kalman Filter (EKF). The functiain
this integration is to propagate the strapdowntuaté,
inertial velocity and position using the IMU angulate
and acceleration outputs, incorporating EKF coroast
However, since this integration is sensitive to the
systematic errors of the IMU, correct modeling bfu
errors is essential for achieving high-accuracy TSP
this paper, we focus the approach used in the G¥é-L
for modeling IMU errors. The approach was impleradnt
in an IMU calibration tool box. We present results
obtained when the toolbox was used to calibratersgv
IMU's supported by the Geo-LDV platform.

1. INTRODUCTION

U.S military strategy calls for developing low-cost
robust, and seamless plug-and-play vehicle (grdaasskd
and aircraft) navigation systems. To meet this
requirement, Geodetics has recently developed &leeh
navigation system (Geo-LDV) with the goal of obtam
Time Space Positioning Information (TSPI) with kett
than 20 cm and 0.2° accuracy under low and high
dynamics.

Several design options were investigated, but they
focused on GPS data (Faymahal., 2007). For instance,
Geodetics' Attitude Determination System (EADS)
employs three GPS receiver/antenna pairs to compute
vehicle attitude (heading, pitch, and roll) witharcturacy

of 0.05° and position with an accuracy of 5cm
(http://www.geodetics.com/publications/9_ITC_Veétor
nal08202004.pdf). The main attribute of this dedigs in

the use of the Epoch-by-Epoch® (EBE) GPS processing
technique. EBE performs Precise Instantaneous Nktwo
(PIN) positioning utilizing data from one or moredP&
reference receivers and the on-board GPS receover t
produce a rigorous network solution at each measeme
epoch (Bockget al., 2004). However, like all GPS-based
navigation systems, EADS performance degradeseiasar
where GPS coverage is diminished or not availahleh

as urban environments due to GPS satellite and data
signal blockage, foliage or tunnels.

With the goal of bridging this gap in the new Ge\
design, a GPS/Inertial navigation system was deeslp
which provides real-time, high-accuracy TSPI inoa-
cost, light-weight ruggedized package. The cur@ab-

LDV hardware can accommodate both single and dual
frequency GPS measurement engines, a time stamping
module to accurately timestamp IMU observations, a
microprocessor running the Windows CE operating
system, and an external enclosure hosting diffelidit

sensors. Three grades of IMU were integrated ihto t
Geo-LDV: a tactical grade Honeywell HG1700, a
MEMS-grade Honeywell HG1900, and a low-cost,
consumer-grade MicroStrain 3DM-GX2 MEMS IMU.

To integrate the EBE generated GPS solutions viitt |
data, a loosely-coupled Extended Kalman Filter (EKF
was developed. The function of this filter is t@pagate
the strapdown attitude, acceleration, velocity podition
using the IMU angular rate and acceleration outputs
incorporating EKF corrections. Since this integratiis
sensitive to the systematic errors of the IMU, itertial
sensor errors demand careful analysis. Appropeater
modeling of the IMU sensor is also important for
maintaining navigation accuracy during GPS outages
when the system operates in free inertial mode.

The errors of an inertial sensor are usually caiegd
into deterministic errors and random errors (Kiehal.,
2004; Naranjo, 2008). A deterministic error wilkeily
produce the same output from a given input-outpodeh
from dynamics of the IMU sensor. In contrast, ad@n
error is difficult to predict, and may come fronetiMU
measurement instrument and/or changes in the oqeaht
environment, such as temperature, magnetic fields,
dynamic rates, etc. (Jekeli, 2001). IMU calibratien
intended to identify and compensate both deterninis
and random errors. IMU sensors, like any other
mechanical devices, are also subject to aging and
degradation from a variety of sources, and require
frequent calibration to maintain accuracy.

This paper presents an IMU calibration toolbox geed

to calibrate the various IMU sensors used in th®-Ge
LDV system. The paper also will discuss filter
modifications used to incorporate the IMU, an assest
of the error characteristics of IMUs and the oJeral
performance achieved.

We begin with a description of the Geo-LDV hardware
with an emphasis on the time-stamping module and
accuracy/resolution requirements used to drivedésgn

of the Geo-LDV. Next, we provide an overview on
advanced IMU error modeling, highlighting the
requirements of in-the-field calibration. The IMU
calibration toolbox and numerical results are pmese in
Section 4. In Section 5, we provide a performance
analysis of the Geo-LDV system. Finally, the sumynar
and conclusions are presented in Section 6.

2. Geo-LDV HARDWARE DESIGN

Figure 1 shows a block diagram of the Geo-LDV. Not
shown in this figure is the GPS data coming throtigh
data link from terrestrial reference receivers ubgdhe
EBE process.
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Figure 1: Geo-LDV block diagram

All the components in this configuration, with the
exception of the IMU, are packaged into a singlé- se
contained enclosure with a volume of 25 cubic ische
The system is powered by a 24-V nominal external DC
supply, with internally regulated DC supply (i.£Q-36V
input). The on-board computer runs the Windows CE
operating system, and can support an IMU sampéeaft
600 Hz. and a GPS sample rate of 20 Hz. The sy&em
equipped with two RS-232 ports and an Ethernetfite
that allows it to be connected to displays, renstbeage,
and other devices via a TCP/IP network.

To provide accurate IMU time stamps in the Geo-LDV,
we have developed a generic approach for accuraée t
stamping of any IMU. The Geodetics Time Stamp Unit
(Geo-TSU) inserts accurate time-stamps into the IMU
standard data stream$he 1 PPS signal from the GPS
receiver is used by the Geo-TSU to synchronizdithe-
stamp value with GPS time. Considering the range of
dynamics handled by Geo-LDV, IMU data must be time-
stamped with a maximum resolution of 600 Hz. and
accuracy of 10 usec. To verify the time stamp aoyr
provided by Geo-TSU, we post-processed 14-hours of
data collected from an HG1700 IMU (the sensor itk
highest sampling rate in our test) and showedttieat. 00

Hz. time stamping accuracy (meantstd) is 0.01008005s
+ 9.451usec. Figure 2 shows a histogram of the T&J-
data in this test.
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Figure 2: Fitting a normal histogram to Geo-TSUadat

with 14-hours of collected data

Geo-TSU accuracy can be viewed from two perspextive
1) the timing offset between the GPS 1 PPS sigmailtlae
next IMU signal, and 2) the timing offset between
consecutive IMU signals before hitting the next GPS
PPS signal. The first offset defines the accurdcnoe-
stamping, and the second offset defines the poecisf
time-stamping. Although both offsets are well witlihe
offset expected, the second offset is likely to rbere
stable than the first as it is caused by the harewa&/e
performed an error-budget analysis to estimatedtiay
caused by different components of the hardware. The
analysis showed that the most likely sources ohyel
were the oscillator of the microprocessor and kdda
USB interface. This study provided some important
insights into the system timing as well as waysrprove
the time-stamping accuracy for up to 1 usec. Medewh
since 100 Hz. IMU data is 5x the 20 Hz. GPS date, ra
the 9.45usec standard deviation was acceptablestoin
the Geo-LDV.

3. IMU ADVANCED ERROR-BUDGET
ANALYSIS

In this section we present an IMU error-budget ysial

for performance validation in real-time operatioRgjure

3 summarizes the mathematical relationship betwken
IMU physical signals and sensory outputs along the
sensitivity axes, expressed as a non-linear functd
misalignment, sensitivity, bias, and random ereoms.

Bias Random

Errpr
Physica . Sensor
WFH Misalignment ]—}[ Scale Factor }_’é_’é)*put

Figure 3: IMU abstract error modeling (Skog and ¢#in
2006)

Misalignment results from imperfections in IMU
mounting and manufacturing of the IMU's
accelerometer/gyros. Misalignment is usually &dats a
deterministic error. Scale factor represents theesof
change in the input quantity, and usually resuftsmf
aging or manufacturing tolerances. The scale fastar

is generally divided into two parts: a linear and a
nonlinear part. The linear scale factor is treagsl
deterministic error, and the nonlinear scale fad®r
treated as random error. The bias term is generally
divided into two parts: constant bias and randoas bl he
constant bias is commonly known as the determisti
error and can be estimated through in-the-fieltbcation
(Hou, 2004).

We begin with an analysis of the deterministic ero
(misalignment, linear scale factor, and constans)bia
followed by an analysis of the random errors (nodir
scale factor and random bias).



3.1. DETERMINISTIC ERROR MODELING

Figure 4 illustrates the concept of the misaligntremnor
due to nonorthogonality of IMU axes.

Figure 4: The principle perpendicular frame andoen
frame built by IMU sensitive axes

The IMU accelerometer sensitivity axes measureth@n
body b-frame(x®, Y®, ), spans a three dimensional space
in the form of a tensor frame. Because of imprecish
the IMU manufacturing process, this tensor frameads
always an orthogonal frame. In order to transfonm Ib-
frame to the ideal orthogonal fram&F, YF, Z7), one can
create a relative space (Shin, 2001) for the acmeleters
as follows: 1) alignx” with X°, 2) define they” axis
within the (2Y)® plane to be perpendicular ¥§ axis, and

3) express th@” axis by successive rotations arouxitd
andY®. Thus, the IMU tensor frame can be aligned with
the orthogonal frame by using 3 angles 6,x, andd,yin

the symmetric case:

X =X
vP =RZ(9YZ)Yb (1)

P b

Since these angles are small, Eq. (1) can be diethto:

XxP 1 -6, 6, )\ x°
YP =0 1 -G,|Y° )
zP 0 O 1 )| z°

accel accel

To create a gyro perpendicular space relative ® th
primary perpendicular space built by the acceleteme
frame, an additional direction cosine matrix isided to
transform the gyro axes into the platform coordinat
system (Skog and Héandel, 200&q. (3) expresses the
misalignment model of gyro axes:

Cd: 1 Vo Vu CJ;
@| =R|0 1 -p|d| @
WP 0 0 1 )l

gyro gyro

where,yyz, vzx, andyzy are small angels required to align
the gyro axes with respect to the primary orthogona

frame, anng is the rotation matrix transforming the gyro

axes into the platform body coordinate system, lthe
frame.

Adding the deterministic parts of the scale faetod bias
terms to the misalignment error, Eq. (4) expregbes
total deterministic error models for the accelertenand
gyro measurements triads, provided in the b-frame:

=b _ -1 =-p = ~
faccel = Saccel M accel faccel * Paccel * €accel

. (4)

B _ -1 _p.p _
@gyro = SgyroM gyroRb Pgyro * Pgyro *+ Egyro

where, S, and §,,, denote 33 diagonal matrices, with
elements representing the linear scale factor aksuh
axis, Maceer and Mgyro denote the 83 misalignment matrices
composed of cross coupling error coefficients esped

by Egs. (2) and (3),Rtf) is the inverse oﬁzg in Eq. (3),

bacce @Nd bgyro

€gro are the noise terms, usually assumed white Gaussia
Note that Eq. (4) has 9 and 12 unknowns for detastic
errors of accelerometers and gyros, respectively.

are X1 constant bias vectors, aBg.q,

In order to estimate these deterministic errorg omst
precisely measure IMU acceleration and angulasriat@
controlled environment. Also, since the acceler@miet
output is affected by gravity, it is necessary tww the
precise orientation of the IMU with respect to the
gravitational field in order to measure the constaas. In
practice, this approach requires lab facilitieschsias a
rate table, on which the IMU is mounted and sevstep
motors measure its orientation precisdbofobantu and
Gerlach, 2004; Woodman, 200Aslan and Saranli,
2008). To relax this requirement, we followed the
approach proposed by Shin (2001), and Skog and éfland
(2006). In this approach, we took advantage oktieavn
magnitude of the measured acceleration and angular
velocity for an IMU at rest. Regardless of the otation

and nonorthogonality, the magnitude values sengateb
accelerometer and gyro should be equal to the local

normal gravity|g|, as a function of location, and the

Earth's rotation rate, | &), |- 7.292115%<10 > rad / sec.

Thus, the primary goal of deterministic error mautglis
to evaluate the magnitude of Eq. (4). A least semiar
solution can be derived by minimizing the quadrédien:

2
ST = () e &

2 2
3o = Eldoror e <1l



where = represents the non-linear function of

observations,fatz:Cel or a)b and unknown deterministic

gyro’
errors,{. The linearization of Eq. (5) with respect te th
initial unknowns, =, results in a Gauss-Helmert model:

w=A¢&+Br (6)
where,w is the observational incremerrl{,EO , the design

matrix A denotes the Jacobian matrix of full column rank,

a
—I|=z_, & represents the corrections to the unknown

26170
vector of bias, scale factor, and misalignment &I
accelerometer/gyro, the observation matix is the

, 9 ,
Jacobian matrix—g ‘: ‘50 , andr is the

=% T
accel a‘Z’ero
vector of corrections to the observations. Theoadii,

by observing the magnitude of accelerometer/gytputs

at more than 21 different positions and orientatig8
unknown for accelerometer and 12 unknowns for gyro)
Eqg. (6) can be solved by the least squares adjmstme

(Syed,et al., 2007%:
ToaTta Y T o aTa
éz(A (BP B ) A) A (BP B ) w 7
with dispersion and residuals of:

D& = og (AT (BP_lBT )A)_l,

-1 &' pe
s=p g (BP_lBT) w, 65 =

®)

df

However, this approach is impractical if the IMUnoat
measure accuratig| or | &), |. The accuracy of the local

normal gravity vector estimate depends on the dleont
stability of the accelerometer biases and the lmrgn
stability of the accelerometer scale factors, wagrthe
accuracy of the Earth's angular velocity estimapethds
only on the short term stability of the gyro biasex
scale factors. Since MEMS gyro bias stability isially
less than 0.2%sec, static data cannot be usedessure
Earth’s angular velocity. Hence, to estimate deieistic
errors of MEMS IMUs, one should replace the physica
signal with an oriented systerdiang,et al., 201Q. The
numerical tests, shown in Section 4.1, confirm this
statement.

3.2. RANDOM ERRORS AND ALLAN
VARIANCE ANALYSIS

The Allan variance technique is commonly used to
analyze and model moving bias errors of the inertia

sensors used in IMU's. The Allan variance is astieal
model, originally developed to characterize théifity of

a time series over an interval of time (IEEE stadyla
After further developments, this was used to aratye
underlying random error processes of IMUs (Woodman,
2007; Yi, 2007). The basic idea is to take a loagugence

of data, collected from a stationary sensor, amnitleliit
into clusters based on an averaging timegs shown in
Figure 5.

= ng
Oof—0jobe—0joo0—0) — beE—o
v 1 1 !

n 2n 3n m.n

Figure 5: Allan variance and cluster time analysis
(Naranjo, 2008)

Assume that there are N consecutive time-seriea dat
points, each having a sample timetgf Associated with
each cluster is a time,, which is equal to ©3. Each
cluster is then averaged over the length of thadtef. If
the output rate of the IMU sensor §3(t), the cluster
average is defined:

1 tk+2T

Qe == |
k+r Pt

Q(t)dt 9)

Next, the subsequent cluster averages are caldubeer
the length of the data:

f+T
Q () =— 1 Q(t)dt (20)
T

The Allan variance of lengthis defined as:

1 N—Zn(

i _ 2
O P a— Qk+,(r)—nk(r)) (11)
2(N-2n) k=1

The key to Allan variance analysis is that by asisig
different values of time clustet, to Eq. (11), one can
obtain a log-log plot, called Allan variance pléttypical
Alan variance plot is shown in Figure 6, where ykaxis
is the square root of Allan variance, and x-axithestime
cluster. As seen in this figure, several noismgecan be
identified including:

= Quantization noise, Q

= White noise or velocity/angle random walk, N
Sinusoidal bias, S

Bias instability or flicker noise, B

Rate (acceleration/angular) random walk, K
Drift rate ramp, R
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Figure 6: Typical Allan variance analysis plot

These are the principle errors addressed in thpempdn
general, any number of random noise components may
be present in the data, depending on the type &f dvid

the environment in which the data are acquiredoAls
some noises may nhot be recognized by inspectiothen
Allan variance plot because of overlapping curvitgras

and slopes (Zhang, et al., 2008).

Quantization noise is the error resulting from skmgp
continuous analog signals with finite resolutioralag to
digital converters. For many MEMS IMUs, quantizatio
noise is the dominant error, and can be measured av
short cluster time. The velocity (angle) randomkyalso
called white noise, is correlated with thermo-metbal
noise, impacting sensor measurements with high
frequency noise and low correlation time. This aois
fluctuates at a much higher rate than the samphitey of
the sensor, and appears as a white noise in theityel
(angle) measurements. Sinusoidal noise is resutted
periodic environmental changes and characterized by
number of sinusoidal frequency patterns. Bias bibtg,

or flicker noise is considered low-frequency noise,
describing stability of sensor bias over a spedifiaite
sample time. This error can be estimated over @ lon
cluster time. The rate (acceleration/angular) ramdealk
represents exponentially correlated noise with aglo
correlation time. A longer correlated noise, dritite
ramp, has a quadratic correlation with time clysted is
often treated as a deterministic error.

From the Allan variance analysis plot, it is cl¢iaat the
guantization noise and random walk noise are the
predominant noise terms in short cluster times lenthie
rate random walk noise and rate ramp terms exikirig
cluster times. Correlation times required for cotimu
each noise term are shown on the bottom of the plot
Table 1 summarizes the information required toneste
each random noise term across different IMU sensors
including noise type, the associated root Allaniarmze
noise, corresponding units, and their slopes indgedog
plot. A more detailed description can be founderg.,
(Mathur, 1999; Shin, 2001; Naranjo, 2008).

Tablel: Allan variance analysis and random error

characteristics
Noise type Parameter| Gyro Accelerometer Root AV Curve
unit unit slope
uantization Arcsec m/hr 3 -1
. @ o)=0"
Angle N Deghhr m/shhr N -112
(velocity) o(n)= I
random walk
Bias B Deg/hr m/sthr a(r)=B/0.6664 0
S EL1
Sinusoidal @ Deg/hr m/s/hr _(sirf(#yr))| Sine
o(r)= %[4,%; curve
Angular rate K Deg/hrihr [ m/s/hrihr z +1/2
(acceleration) a(n)= K\E
random walk
Drift rate ramp R Deg/hr/hr m/sthr/hr o(r)= R% +1
2

The magnitude of each random error, listed in Tdble
can be obtained by intersecting the slope line \lit
corresponding time clustet, For example, as shown in
Figure 6, the drift rate ramp is derived from thepe line

at +1 with time cluster at2hr of averaging time. This
allows easy identification of various random noises
existing in the data.

3.2.1. IMU ERROR MODELING

Combining the deterministic and random errors dised

in the past two sections, the error models for the
accelerometer and gyro are:

~b = ~hard  -~moving
faccel = Tatual * Paccel * Paccel

+ (SF accel * FFaccel )f.actual

*+Maccdl fac:tua] +d+ Waccel

~hard  -~moving
bgyro +bgyro

12)

b B
Wayro = Pactual + + (SF ayro + Fgyro [Pactual

+M qyro@actual * Wgyro

The bias termpb, is split into two parts: a constant, or

hard bias,Bhard, which is treated as a deterministic

error, and a random, or bias driftvng, which is treated
as a random error. The linear scale facbr s initialized

in deterministic error processing, and its resig#al, is
treated as a random error. Misalignment is generall
treated as a deterministic error in the error eqoat
model. The noise errow, is the wide band sensor noise,
assumed to be normally distributed. The gravitpers; ,
expresses gravity anomalies and deflection of @réocal
(DOV). This disturbance state is usually modeledaas
first-order Gauss-Markov process. The moving bemt
represents the overall magnitude of random biasesd|
in Table 1.

Assigning one moving bias term in error modelingtigy
reasonable for high grade IMUs. For other IMUs, the
moving bias term requires an accurate error-budget
analysis.



4. IMU CALIBRATION TOOLBOX AND
NUMERICAL RESULTS

We have developed an IMU calibration toolbox to
estimate the errors described in Section 3. Weegath
data from various IMU's and used our toolbox taneste
their errors. In this section, we show the resaftour
analysis. First, the deterministic errors are estéd using

a modified least squares model. Next, the stoahasti
components of the moving bias term listed in Tdbkre
evaluated using the Allan variance analysis.

4.1. DETERMINISTIC ERRORS

For our short-term error study, one hour of stdtita was
collected at room temperature, 65°F, from a Hondywe
HG1700 IMU. The IMU was placed into more than 13
different orientations. At each orientation, manart 500
samples at the IMU rate of 100 Hz. were acquired.

As shown in Egs. (5) and (6), the linearized eaqumti
results in a Gauss-Helmert model, with unknowns of
constant bias, scale factor, and misalignment ofJIM
accelerometers and gyros. However, after estabtistiie
Gauss-Helmert model and associated matrices, it was
found that the model was rank-deficient, indicatintack

in the system observability. The study showed that
singular values were related to the eigenvalueghef
misalignment terms. This deficiency also was obsgtwy
Skog and Handel (2006), confirming the fact thas th
misalignment estimation requires an oriented system
otherwise, the physical signal noise dominates the
evolving observation components.

An alternative approach for obtaining a stable timfuis

to retain the smaller, problematic eigenvalues,vieight
them by the addition of a small, positive constémt
dampen their effects on the linear system. Thishotkis
referred to as Total Least Squares (TLS). The T&.8n
extension of the usual least squares estimatiorighwh
handles uncertainties in both observation and desig
matrices (Schaffrin, 2006). The uncertainty isadtrced
as an error variance (EV) and added to Eq. (7) as:

2= (AT(BP'lsT)'1A+ EV * I) Al s tw (13)
with an uncertainty:
oté = o2(aT (ep 8T Jasev i) e
O N C N

In an ill-conditioned model, an appropriate choidethe
damping factor EV will reduce solution variance,dan
hence substantially improve the mean-squared efor
estimation. Thus, the problem reduces to findingake

(14)

for the EV, which is just large enough to stabilithe
solution, but small enough to minimize the predieti
properties of the solution. To this end, a rangeEwfs
from 0 to 0.4 were simulated and introduced to @§).
Figure 7 shows the trade off in EV and maximum
eigenvalues of the normal matrix as well as thédued
error, €.

Accelerometer: Total Least Square and Error Variance Estimation
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Figure 7: TLS and error variance simulation

The EV value of 0.05 was chosen, because beyoisd thi
value, as seen in Figure 7, the accelerometer/gyro
solutions become steady state. For the accelerontieie
value also meets the minimum error. To minimize the
gyro error, one also needs to observe the eigeaevalu
Indeed, the effectiveness of the EV depends greatithe
eigenvalues. Table 2 summarizes the deterministarse
estimated for the HG1700 IMU used in the test.

Table2: HG1700 IMU and deterministic error estimation

HG1700 IMU X-axis Y-axis Z-axis
Hard bias| 9.609288 | -1.621417 | -1.405595
3 [m/s)] e-05 e-05 e-04
g Scale 1.0000005| 0.9999886 1.0013825
factor
Hard bias| 0.0071331| 0.0008607 0.0120975
2 [rad/s]
o Scale 0.9975054| 0.9999996 0.9999273
factor




To avoid these complexities, some researchers have
equated the hard bias with the mean of the sengputs,
and the scale factor with unit vectéii€nniken, 2005)

4.2. RANDOM ERRORS

A detailed comparison of the specifications for thikJs
mentioned above, including manufacturer's stochasti
parameters, is provided in Table 3. For a detailed
description of the noise specifications and ternaigyp
used in Table 3, see Grewal and Andrews (2010)e Th
objective is to compare the estimated error pararset
with the manufacturers calibration parameters. Walkkn
errors are identified and quantified, the resultiegor
model will be applied to our loosely coupled GPSUM
system to bridge the gap between the estimated and
published parameters.

For our long-term error study, 16 hours of statitadat
100 Hz. were collected at room temperature, 658F, f
both the HG1700 and HG1900 IMUs. Additionally, 5
hours of static data at 20 Hz. at a temperatur&58fF
were collected from the MicroStrain MEMS IMU. The
IMU measurements are m/s/hr for the acceleromeieds
deg/hr for the gyros.

Table3: Manufacturers datasheet; provided by Honeywell
Product Brochures: www.honeywell.com and
MicroStrain, Technical Product Overview 3DM-GX2,
http://www.microstrain.com/3dm-gx2.aspx

IMU HG1700 HG1900 MicroStrain
(AG58) (CA29) (3DM-GX2)

Gyro Performance

Bias in-run stability 1%hr 1°/hr 0.2°/sec for 300 °/sec

Bias repeatability (drift) | 1°hr 5°hr 0.2°/sec
Angular random walk 0.125%hr | 0.09°4hr 3.5°Nhr
Quantization 13.47urad 10urad

Scale factor linearity 150ppm 150ppm 0.2%
Axis alignment stability | 500urad 200urad
Non-orthogonally 100urad 200urad

Accelerometer Performance

Bias in-run stability 1.0mg 0.7mg 0.01g for+ 10g range
Bias repeatability 1.0mg 1mg

Scale factor repeatability 300ppm 300ppm 0.2%

Scale factor linearity 500ppm 500ppm

Non-orthogonally 100urad 100urad

4.2.1. HG1700 IMU

For the HG1700, the Allan variance method discussed
Section 3.2, results in the log-log plot of theetnraxes
accelerometer of the root Allan variance shownigufe

8. It is clear that the quantization noise, Qhis dominant
noise term in short cluster times, while the vdlpci
random walk noise term, N, bias instability, B, and
acceleration random walk, K, are the dominant noise
terms in long cluster times.

Accelerometer Root Allan “anance

Root Allan Deviation [m/s/fr]
=
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Figure 8: HG1700 accelerometer and Allan variance
analysis

This plot also confirms that the z-axis acceler@négs a
velocity random walk almost twice that of the otlveo
accelerometers. To read out the existing noisenpeters,

a straight line with a principle slope, illustratedTable 1,
should be fit to the long cluster time part of fiet. This
was achieved with a piecewise line fitting techmiqu
Figure 9 shows the result applied to the acceleteme
z-axis. Four lines were formed to recognize random
biases, Q, N, B, and K. Note that with real datadgal
transitions exist between the different Allan vada
slopes, because of uncertainties that exist in the
measurements.
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Figure 9: Piecewise line fitting and Allan varianeeor
component analysis

Hence, the HG1700 accelerometer can be modeled as
Q+N+B(@)+K, where Q, N, and K are modeled as
Gaussian random walks with independent Gaussiaenoi
variance ofag , oy, andok, while the bias instability is
modeled as first-order Gauss-Markov process with th
corresponding time constant.



Accelerometer quantization variance is generallgdut
represent the uncertainty in velocity state randeatk
modeling. The time constant for bias instabilityswebout
288 sec for the accelerometer z-axis, as showrigaré
9. In other words, after an approximately five nténu
static period, this bias creates a second-ordedoran
walk in vertical velocity with uncertainty that gvs
proportionally tot¥?, and a third-order random walk in
altitude that grows proportionally t¢®*> (Woodman,
2007). To this end, the bias instability term isall used
to represent the best achievable bias in the fulbgeled
inertial system. The zero slope line (yellow) fit the
bottom of the curve, determines the upper limitbais
instability. Table 4 shows the estimated noise sgiaot
variance for the accelerometer axes.

Table4: Allan variance and identified noise square-root
variance for the HG1700 accelerometer axes

Accelerometer X Y Z Average
Q [m/hr] 0.878| 0.540 0.354 0.591
N [m/sAhr] 0.004| 0.003 0.003 0.003
B | variance[m/s/hr] 0.090 0.099 0.065 0.085

time constant [s] 96 96 288 160
K [m/s/hrAhr] 0.162| 0.458 0.181 0.201

The different errors of the gyros can be charaotelri
through analyzing the log-log plot of the three saxgro

of the root Allan variance, see Figure 10. From Alian
variance plot, it is clear that the quantizationseds the
dominant noise for short cluster times, while thgla
random walk, represented as wide-band noise, is the
primary error source for long cluster times. Thtise
HG1700's gyros can be modeled as Q+N, where Q and N
are Gaussian random walks with independent Gaussian
noise variance ofg andoy . Table 5 lists the estimated
noise square-root variance for the gyro axes. Tyre g
guantization of average 10 arcsec is equal to 4fl,ur
while this number is specified as 13.47 urad in the
manufacturers datasheet, see Table 3.

Gyro Root Allan Wariance

EEEE]

Roat Allan Deviation [Deg/hr]

10 10 10’ 10 10 10 10*
Time Clusters [Sec]

Figure 10: HG1700 gyro and Allan variance analysis

Table5: Allan variance and identified noise square-root
variance for the HG1700 gyro axes

Gyro X Y Z Average
Q 6.360 | 7.853| 16.687 10.30
[arcsec]
N 0.041| 0.037| 0.045 0.041
[o/\hr]

In analogy to the accelerometer quantization vagathe
gyro quantization variance is used here to reptegen
uncertainty of attitude state random walk modeling.

4.2.2. HG1900 IMU

Figure 11 shows the Allan variance plot for
accelerometers, and Table 6 summarizes the random
errors extracted from the plot. As shown in Table¢h@
HG1900 accelerometer is dominated by a short-term
guantization noise up to a few seconds, followea lwyas
instability up to 26 sec. Next, the measurementgatie
due to noise coming from rate random walk. The aiglo
random walk is usually used to evaluate the sensize
intensity. The absence of velocity random walk adjis
was insignificant, 0.003 m/dir) and the presence of a
long-term rate ramp noise indicates that there is a
deterministic bias source in the accelerometer
measurements.
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Figure 11: HG1900 accelerometer and Allan variance
analysis

Table6: Allan variance and identified noise square-root
variance for HG1900 accelerometer axes

Accelerometer X Y Z Average
Q [m/hr] 0.359| 0.315 0.376 0.35
B | variance[m/s/hr] 0.049 0.027 0.028 0.035

time constant [s] 17 28 33 26
K [m/s/hrihr] 0.618| 0.951] 0.817 0.795
R [m/s/hf] 1.546 - 0.03| 0.788




Thus, it is necessary to identify this constantsbiar
HG1900 accelerometers and compensate for it in the
deterministic error modeling. The nature of thdaAl
variance plot suggests the HG1900 accelerometer is
modeled as Q+BJ+K+R.

Similarly, the different errors of the HG1900 gy be
characterized by analyzing the Allan variance plot
Figure 12. Table 7 lists all the identifiable erro
coefficients for the gyros.
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Figure 12: HG1900 gyro and Allan variance analysis

Table7: Allan variance and identified noise square-root
variance for HG1900 gyro axes

Gyro X Y Z Average
N [°~hr] 0.045| 0.054| 0.04 0.05
B | variance [°/hr] | 0.514 0.551 0.421 0.49b
time constant [s]| 192 192 192 192
K [?/hr/hr] 2.18 | 3.126| 1.846 2.384

The HG1900 gyro measurements are dominated by angle
random walk noise for up to 190 sec. Bias instgbiif

the gyros starts afta=192 sec. Therefore, it is expected
that after a 3 minute static period, the attitudmles,
especially yaw, will start to wander. When the time
cluster reaches=210 sec, the Allan variance of three axes
diverge, while the z-axis gyro (green dot curved haate
random walk almost twice that of the other two gyrAs
shown in Table 7, the angle random walk is 0%/
which shows an uncertainty similar to the HG1700QJIM
The HG1700 gyros thus have long-term stability
substantially better than that of the HG1900 gyros.
However, the HG1900 gyro measurements are biased by
two additional long-term errors, B and K; hencs,étror
modeling is more complex than for the HG1700.

4.2.3. MicroStrain 3DM-GX2 MEMS IMU

The MicroStrain 3DM-GX2 is a low-cost 6-DOF MEMS
IMU with medium to high performance. The 3DM-GX2
also has three orthogonal magnetometers, and six
independent A/D converters (one for each sensorprE

budget analysis for MEMS IMUs usually focuses oe th
gyros, because the accelerometers performance tis no
significantly different. According to the product
specifications in Table 3, this sensor has a gyias b
instability of 0.2 %/sec and angle random walk & Bvhr.

The accelerometer has bias instability of 0.01 lgjoat

ten times worse than tactical grade IMUs. For fiveirs

of static accelerometer data, the Allan varianseilte are
shown in Figure 13. The characteristics of the
accelerometers are summarized in Table 8.
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Figure 13: MicroStrain 3DM-GX2 accelerometer and
Allan variance analysis

Figure 13 shows that the accelerometer outputalarest
immediately corrupted by quantization noise, tum-o
bias, and for roughly the next 8 sec, they all elgpee a
velocity random walk. Following this, all axes exignce
a flicker noise in the time domain of up to 10 sec.

Table8: Allan variance anddentified noise square-root
variance for MicroStrain 3DM-GX2 accelerometer axes

Accelerometer X Y Z Average

Q [m/hr] 0.02| 0.26| 1.52 0.60
N [m/s~hr] 0.08 | 0.07| 0.077 0.07
B | variance[m/s/hr] | 3.42 3.62| 1.80 2.94
time constant [s]| 4.5 9 18 10.5

K [m/s/hrihr] 13.56| 29.70, 5.70 16.32

In times of less than 200 sec, the output noise is
acceleration random walk of average K=16.3 m/sht/
The z-axis accelerometer exhibits an acceleration random
walk almost triple that of the other two accelertens
This is likely caused by gravity that constantlydan
randomly drifts the-axis.

A log-log plot of the three axes gyros of the 3DMZ5
Allan standard deviation versus cluster time isvamnan
Figure 14. Based on the plot, the random charatiesi

of the gyro are showed in Table 9. Figure 14 shthas
similar to the accelerometers, the gyro outputs are
corrupted by turn-on quantization bias. For rougthlg
next 40 sec, they all experience an angle randofk. wa



When the time cluster reachas40 sec, the Allan
variance deviations of the three axes diverge.nifheds,

the gyros exhibit a short term instability, whid@ntls to
dominate the output noise after about 50 sec iRix-&2

sec in y-axis, and 144 sec in z-axis.
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Figure 14: MicroStrain 3DM-GX2 gyro and Allan
variance analysis

This bias instability describes the sensitivitytbé gyro
bias changing along different axes over a specfietod

of time. A bias instability of an average 43 °/heans that
the bias in the next hour is a random variable with
expected value B and the standard deviatioagofOver
the long term, this noise appears as a first-ofa@unss-
Markov process in the gyro bias, with time constaht
90 sec. The initial upward slope of approximatell/2+
indicates that the output noise in long term is
predominately driven by a rate random walk of agera
145 °/hrilhr. Our study of this MEMS IMU confirmed
that angle random walk error and bias instability the
most important sources of error over short-timehjlev
the angle random walk error is the lower bound of

in the system noise covariance matrix with respedhe
corresponding sensor. We expected that the coupled
GPS/IMU can obtain TSPI accuracies of 20 cm and® 0.2
Considering Eq. (12), the EKF used in the Geo-LBV i
based on a flexible state complementary filter|uding:
12-dimensional navigation TSPl error; 3-dimensional
anomalous gravity; 3-dimensional accelerometerdtesi
scale factor; 15-dimensional accelerometer moviiag;b

3-dimensional gyro residual scale factor; and 15-
dimensional gyro moving bias.
To assess the Allan variance based IMU error

characteristics, several datasets were collected ali
IMU's. The goals of the experiment were performance
analysis of IMUs, comparison analysis of IMUs, and
stability analysis of the Geo-LDV in free inertialode.
We utilized three configurations of the Geo-LDV guat.
The first consisted of a dual-frequency GPS measent
engine coupled with both the HG1700 and HG1900
IMU's. The third consisted of a single-frequency SGP
measurement engine coupled with the MicroStrain 3DM
GX2. We were able to run the Microstrain configima
with either the HG1700 or the HG1900 configuration
simultaneously in any given run. Thus we compaee t
HG1700 with the Microstrain and the HG1900 with the
Microstrain.,

5.1. HG1700 AND MICROSTRAIN IMUs

Figure 15 shows the 2-Dimensional RMS positioning
error between HG1700 and MicroStrain IMUs for the
12.5 km trajectory. Notice that the MicroStrain IMias
coupled with L1 GPS data.

mean: 1.225[m]  STD: 1.1247[m]

T
HG1700
= MicroStrain

uncertainty.

Table9: Allan variance and identified noise square-root

variance for MicroStrain 3DM-GX2 gyro axes

North [m]

Gyro X Y Z Average
Q[ 0.18 0.23 0.18 0.19
N [°~hr] 3.54 423 | 3.17 3.64
B | variance [°/hr] 39.96 58.16| 32.73 43.49
time constant [s]] 55 72 144 90
K [° /hr~hr] 198.63 | 99.92| 136.08 144.86

5. PERFORMANCE ANALYSIS

Once the Allan variance analyses of all IMUs were
complete, the stochastic models for different congods
of the IMUs were applied in the loosely-coupled E&fF
the Geo-LDV system to generate TSPl data. The
amplitude of random walk coefficients were direaised

East [m]

Figure 15: Trajectory comparison: 2-Dimensional RMS
positioning error between HG1700 and MicroStrain

Table 10 presents the statistical analysis of ti&PIT
solution of two IMUs after the initial tuning pedaf 300
sec. The average RMS of fit in the position, velpeind
attitude of about 1.2 m, 0.2 m/s and 1.B3pectively, are
computed for the selected period.



Tablel0Q: Statistical analysis of the navigation parameters
between HG1700 and MicroStrain IMUs

avigatio Component RMS
paramete Mean+ STD
Position East -0.08 + 0.35
[m] North 0.14 + 0.50
Down -0.65 + 1.39
Velocity Ve 0.02 + 0.17
[m/s] vn -0.01 + 0.22
vd -0.01 + 0.06
Attitude Roll -0.95 + 0.35
[deq] Pitch 0.50 + 0.19
Yaw -1.03+ 1.55

5.2. HG1900 AND MICROSTRAIN IMU's

Table 11 presents the statistical analysis of ti&PIT
solution of two IMUs for 10.5 km trajectory afteritial
tuning. The average RMS of fit in the position, oty
and attitude of about 0.58 m, 0.31 m/s and 1.8 °
respectively, are computed for the selected peBaded
on the results presented in Table 11, it can beladed
that the MicroStrain MEMS IMU can provide steady
navigation accuracy mostly in low maneuver cond#io
but in high dynamic situation the results are lssurate.

5.3. NAVIGATION PERFORMANCE DURING
GPS OUTAGES

To assess the calibration quality of IMUs usingaaill
variance, simulated GPS data gaps of 1, 2, 5, dd 1
minutes were introduced to each configuration. To
examine the real performance, the GPS gap was éoduc
after the filter was tuned and during dynamic maeest
Table 12 summarizes the maximum drift observed for
TSPI solutions at the end of the corresponding G&%
period.

Tablell: Statistical analysis of the navigation parameters
between HG1900 and MicroStrain IMUs

avigatio Component RMS
paramete Mean+ STD
Position East 0.01 + 0.39
[m] North -0.01 + 0.36
Down -0.12 + 0.65
Velocity Ve -0.01 + 0.25
[m/s] vn -0.001+ 0.36
vd 0.002+ 0.23
Attitude Roll 1.69 + 0.38
[deq] Pitch 1.30 + 0.34
Yaw 1.32 + 1.13

The results show that the HG1700 IMU drifts lesanth
0.1 °in pitch/roll, and 0.2 ° in heading afterhrutes of
GPS outage. This is due to high bias instabilityitef
gyros that keeps the attitude errors small. Theselts
were in the range of the manufactures’ specificatio
(http://www.meridware.com.tw/Documents/Papers/HG17
00_SPANS58.pdf A comparison between HG1700 and
HG1900 shows that the HG1900 in free-inertial mode
drifts at a larger rate in all navigation comporseiian the
HG1700, due to its MEMS grade gyros. For the
MicroStrain IMU, considering the gyro bias institlyilof
43.5 °/hr and rate random walk of 144.859 %r/ (see
Table 9), we expected the attitude to drift abduf hfter
10-minutes. The overall consistency of the TSPutsmh
provided in Table 12 at the end of 1, 2, 5 and 1Qutes
GPS outages shows that the Allan variance analysis
resulted in a reliable estimation of HG1700, HG180d
MicroStrain MEMS sensors error characteristics.

6. CONCLUSION

The Geo-LDV is a GPS/IMU navigation system based on
a loosely coupled EKF, designed to provide accurate
TSPI solution, e.g., 20 cm in position and 0.2 atiitude.

Table12: The maximum drift of TSPI solutions after GPSagés

Geo-LDV performance Position [m] Velocity [m/s] Attitude [deg]
during GPS outages East North Down Ve vn vd Roll  Pitch Yaw
1-minute 5.2 273 145 0.11 0.07 0.08 0.01 0.02 0.04
HG1700 2-minutes 9.36 3808 314 010 0.10 0.12 0.01 0.0D.06
(AG58) 5-minutes 30.78 89.08 1132 0.10 041 065 0.03 20.00.1
10-minutes  209.03 1565 4432 105 0.23 0.72 0.06.040 0.17
1-minute 6.6 390 374 042 028 041 002 001 035
HG1900 2-minutes 5.17 53.54 12.89 0.47 066 0.63 0.03 0.00.6
(CA29) 5-minutes  32.74 4188 749 040 032 0.88 0.03 0.04.0
10-minutes  1618.3 356.4 120.0 6.04 48 441 0.21220. 12.1
1-minute 1025 779 156 127 119 188 056 049 3.56
WIERIEDN  2-minutes 26.21 22711 1.65 153 1.64 234 0.74 70.85.23
EPIVEEVIR 5 _minutes 1106 1566 17.6 20.64 193 17.27 1.81 1.98.37
10-minutes 2000 15000 250 44.1 33.12 813 275 2.6%0




Three grades of IMU were considered for the systam:
tactical grade HG1700, a MEMS HG1900, and a lowt-cos
consumer-grade MicroStrain 3DM-GX2 MEMS IMU. To
reach to the desired accuracy, this paper expltned
development of an advanced IMU error-budget analysi
and calibration toolbox for performance validatiohin-
the-field operations.

To estimate deterministic errors, we took advanti#gee
known magnitude of the measured acceleration and
angular velocity for an IMU at rest. In order too&V the
ill-conditioning problem, a Total Least Squares L
approach was developed. The random error sources o
the IMUs were identified through Allan variance bsés.

To verify our error modeling accuracy, severaldasere

conducted during GPS reception and GPS outages.

Experimental results indicate that for short GP&ges,
e.g., less than 1 minute, both the HG1700 and HG190
can hold the attitude to within the required ranghijle

for longer GPS outages, up to 10-minutes, only the
HG1700 can hold the attitude accuracy. These tesul
confirm that IMUs were properly calibrated using
coefficients derived by the Allan variance techmiqu
However, both IMUs drift in position over severaktars
during short GPS outages.
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