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BIOGRAPHY ABSTRACT

Mr. Hang Liu is currently an MSc graduate studentntegrated GPS/INS Systems are recognized as the
in the Mobile Multi-Sensor System (MMSS) ideal tools in the application of land-vehicle
Research Group at the Department of Geomatigsavigation. The complementary characteristics of
Engineering, The University of Calgary (UofC). Hethe integration overcome the shortcomings of each
obtained his BSc degree in 2005 from Shandongystem. Kalman Filter (KF) is an applicable optimal
University, Weihai, China. His research interest®stimation method to provide real-time navigation
include real-time and post processing estimatiosolutions. However, in the GPS/INS integration, the
techniques for integrated navigation systems. accuracy of the KF navigation solutions degrades
rapidly with time during GPS measurement gaps.
Dr. Sameh Nassar is currently a Senior Research€&herefore, optimal smoothing methods are required
in the MMSS Research Group UofC. He obtainedo accommodate for this problem. In this paper, two
his PhD from the Department of Geomaticsfixed-interval smoothers, namely Two-Filter
Engineering at UofC in 2003. In additions, he holdSmoother (TFS) and the Rauch-Tung-Striebel
an MSc in Surveying & Geodesy (1999) and a BS&moother (RTSS) will be discussed and utilized.
in Civil Engineering (1995), both from Ain ShamsThe details on the revised TFS algorithm will be
University, Cairo, Egypt. Dr. Nassar's researchinvestigated. Two-land vehicle field tests are used
interests include multi-sensor systems integratiopvaluate the KF performance and the smoothing
such as INS, GPS, DR, MEMS and imaging sensosficiency. The position errors accumulated during
for positioning, navigation & attitude determinatjo GPS outages are expected to be substantially
inertial systems error modeling, mobile mappingmproved using any of the two implemented
and optimal estimation techniques. smoothers. In general, the accuracy enhancement
level was above 90% in the obtained results for the
Prof. Naser EI-Sheimy is the Head of thetwo utilized land-vehicle tests.
Department of Geomatics Engineering at UofC. He
holds a Canada Research Chair (CRC) in Mobile
Multi-Sensors Geomatics Systems. Dr. EI-Sheimy’$SNTRODUCTION
area of expertise is in the integration of
GPS/INS/Imaging sensors for mapping and GIS
applications with special emphasis on mobildand-vehicle navigation is currently a major subjec
mapping systems. Currently, he is the President afi both commercial and civil markets. The Global
the ISPRS Commission |, the Vice-Chair of thePositioning System (GPS), which provides absolute
special study group for mobile multi-sensor systempositioning information and long-term accuracy
of the IAG and the Chair of the Internationalunder all weather conditions, has found wide
Federation of Surveyors (FIG) working group C5.3applications in vehicular navigation. However, due
on Integrated Positioning, Navigation and Mappingo its dependency on Line-Of-Sight (LOS)
Systems. measurements, GPS suffers from frequent outages,



multipath effect, and poor satellites geometry an@&moother (TFS). The RTSS does not require the
visibility when a land-vehicle is traveling in uMga process of the full-scale Backward Kalman Filter
dense foliage or canyon areas. Under theg®KF). By utilizing all the information stored ime
situations, GPS cannot provide continuous an&orward Kalman Filter (FKF), the RTSS recursively
reliable positioning solutions. On the other haheé, updates the smoothed estimate and its covariance in
Inertial Navigation System (INS) is credited as thea backward sweep. The RTSS has been widely
ideal complement to GPS by offering short-termapplied due to its robustness and effectiveness. On
accurate navigation solution with high data rate. Ithe other hand, the TFS is performed by combining
addition, GPS can restrict the INS errorthe FKF and BKF. Since the BKF is implemented
accumulation over time and assist in calibrating threversely with time, the BKF prediction results are
inertial sensor errors on-line. Therefore, the GP$orresponding to the FKF update counterparts in the
and INS integration overcomes their individualTFS implementation. In this case, both solutions of
disadvantages and is capable of achieving superitite two filters (FKF and BKF) are combined
performance in land-vehicle navigation. through minimizing the smoother error covariance.

Kalman Filter (KF) is recognized as the mostHowever, the traditional TFS was originally
commonly used optimal estimator in GPS/INSdesigned for linear systems. Therefore, it was not
integrated systems. With the development o&pplicable for some INS-based multi-sensor systems
tactical-grade and low-cost Inertial Measuring Wnit because of the high nonlinear characteristics @ th
(IMUs), Extended Kalman Filter (EKF) is INS navigation equations. The further attempt of
commonly accepted to resolve the systenapplying the common EKF both forward and
nonlinearity and accomplish the real-timebackward failed to accurately estimate the INSrerro
navigation. KF is a recursive algorithm thatstates. This problem was resolved by a revised
implements a series of prediction and measuremesimoothing algorithm that was proposed specifically
update steps to obtain the optimal estimates baséal a pipeline survey using inertial measurements
on the minimum variance criterion (Gelb, 1974). In(Yu et al., 2005). The main idea in this modifioati
the context of GPS/INS integration, the KF willis that the BKF nominal trajectory is assumed to
work in prediction mode during GPS signal outagetrack both the FKF prediction and update results
where the navigation solution is completelyrather than about the predictions only. Thereftdre,
obtained by stand-alone INS. During these GP®ain objective of this paper is to implement the
outages, the navigation accuracy degrades rapidaforementioned two optimal smoothers for GPS/INS
with time due to the INS time-dependent errodand-vehicle navigation. In this context, the reds
behavior (Nassar et al.,, 2005). As a result, thiSFS algorithm will be discussed with some details
performance cannot meet the requirement of highkince little research has been published before for
accuracy land-vehicle navigation. Hence, postthe subject.
processing methods such as backward smoothing
can be employed in such cases to provide a better
navigation solution. The performance of both optimal smoothers will be
demonstrated using two land-vehicle GPS/INS data
sets with intentionally simulated GPS outages. The
Optimal smoothing is a post-mission estimator thafirst data set incorporates a tactical-grade IMU
provides the optimal estimates by utilizing all(Litton LN200) while the second one utilizes a low-
available past, current and future measurementsost Micro-Electro-Mechanical System MEMS IMU
The fixed-interval smoother has been used in mo$wilt by the MMSS Research Group at UofC. The
navigation applications compared to the otheachieved results for both data sets will be analyze
smoother types such as fixed-point and fixed-lagnd discussed. Moreover, the TFS results are
smoothing algorithms (Shin and El-Sheimy, 2002)compared to those obtained by the RTSS. Finally,
In this paper, two different fixed-interval smoatfi conclusions will be drawn from the analysis and the
algorithms will be utilized and evaluated. The tfirs comparison.
algorithm is the Rauch-Tung-Striebel Smoother
(RTSS) while the second algorithm is the Two Filter



EKF FOR GPS/INS INTEGRATION where the superscriptp denotes the p-frame

assumed to be the hypothesized inertial stabilized

In integrated GPS/INS systems and by applying thgjatform axes set in which the measurements from
perturbation analysis, the INS error model is d&tiv the inertial sensors are resolved.

to represent the dynamics of navigation error state

The reference values used in the perturbation

process are essentially the values of the nominghe Jinearized system model and the measurement
trajectory, about which the original INS model for integrated navigation systems in diserete

mechanization equations are linearized. Moreovefime form are shown as (Brown and Hwang, 1997):
while the determinant parts of the sensor parameter

are calibrated in advance, the random sensor ermogg - x, , +w,_, 7)
are modeled by linear stochastic processes. Eq. (1), _ H. o + 5 8
(3) describe the definitions of the system skatthe L 8).

nominal statex"°™ , and the corresponding error

wherek denotes the current estimation time epoch
stateax as follows:

t, ; k-1 denotes the previous estimation time
X=[(r™T, ()7 (gh)T, epocht,_,; w _|s the system h0|se vector with the
(1) spectral density matrixQ ; /7 is the measurement

noise vector with the spectral density matkx
az, denotes the measurement difference between

INS solutions and GPS observations as:
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F.., is the linearized system dynamics matrix, or
where r",v" denote the position and velocity the system transition matrixi, is the linearized
vectors respectively in the navigation frame (nobservation design matrixF, ,,H, are derived
frame); g, denotes the quaternion vectorfrom the non-linear INS mechanization and

representing the rotation from n-frame to the bodyneasurement relationshifjs, h as:
frame (b-frame);f denotes the perturbation angle

vector from n-frame to the plat frame (p-frame); _Tfins|o _ aoNOM

b,SF denote the bias and scale factor vector; thgk-l ‘Wx_xk 1=k (10)
subscripts g,acc denote the gyroscope and the o

accelerometer; the subscripd denotes the H, =ﬁx=§<; t=k (11)

determinant sensor parameter.

~_. NOM . .
X denotes the predicted value of the nominal
The relationship between the states above is givepjectory, which equals to one step INS

by: mechanization solution from the updated nominal
~+ NOM .
= xNOM _ 4 (@), value X, _, as (Grewal and Andrews, 2001):
where the attitude parameter correction isX, oW fins >A(;_1NOM) (12)
specifically processed by the quaternion production
rule as in (Shin, 2005): The group of KF prediction and update equations
are recursively processed to achieve the optimal
ap =ap - ab =qp - g (5) estimates of the error state as follows:
sin] 057 Hy = Feadhis (13)
it el | o . 1
a= || 6), R =FRRGFRa+Q (14)
cog 05f| K,=P H[HP H +R]™* (15)

& = +K [ - H& ] (16)



P’ =[I - KH, IR (17), A completely independent BKF is a choice for TFS,
in which the backward INS mechanization is
where the superscripts,+ denote the prediction programmed to prc_)vide the INS solutions for both
and update respectivelf? denotes the error state the backward nominal trajectory and the _backward
. i ’ ; measurement updates. However, this often
covariance:)K denotes the KF gain. encounters difficulties during the backward
initialization, as the unpredictable ending corudit
cannot assure the serious requirement of thetitatis
S initial  alignment.  Conversely, the

In EKF, the error state correction in Eq. (4)-(6) i
applied not only on the system output as

feedf?rwgtr)d IEOIp, bUtf?ISO c}n”thKanotmlna}I trag&(‘i‘.r‘,[t.orimplementation of BKF without a backward INS
as a feedback loop after a 1u Step. I addilio o hanization relies on the stored FKF results.

.tzg.cl;rt)gaiﬁg iréx.nsgﬁtea\l'v'g bse :ﬁzets:;ezzrso trtﬁ{/lore specifically, the nominal trajectory and the
Indi ' vaiue 1 easurements of BKF copy their counterparts of

updated estimation. In. this case, the nomln811—'KF. The TFS algorithm structure is illustrated in
trajectory trusts the filtering estimation resudtsd Fig.2

varies accordingly. The error state feedforward and
x,
e | O
(0]

feedback loops are described respectively as:
Forward 23
+ _ ~.NOM .
ok 09| ()l
NOM ~_ NOM A
C=X - dk =Xdk °0 "

x>
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Backward :';
Kalman Filter = e A
X

The EKF algorithm structure for integrated
navigation is illustrated in Fig. 1.

Forward Nominal
Trajectory

Fig.2 TFS Structure
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The backward INS error model as required by the

’”[|N0M=&nvpn Fo = Srs(Fg -1 . . .
7 BKF, which represents the inverse dynamic process
o BriGTiGTSE Predicton e veiom onaics of the system error states from the current time
o At = P B + 9, epocht, to the previous epoch, , , is simply
i B =F_ BF_ +0., k -1
S [y ¥ obtained by inversing the dynamics matrix from Eq.
eeabacl
L oo g . 7});7"23?}17 o e (7). The BKF system model as well as measurement
RHERH AR easurement Mo model can be written by:
x5 &= + Ky,
B =U-KH)F, - ;
Fig.1 EKF S for INS-based | i Bs = Fi 10y + Py 22
ig. tructure for -based Integration @, =H, eyr +Vies (23)
—5INS  35GPS
Hy1 =7y - Zca (24),

TWO FILTER SMOOTHER (TFS)

where Z,"? remains the same INS solutions as in

Fraser and Potter (1969) proposed that the fixed=KF; the backward system dynamics matrix and the
interval smoother can be accomplished from &bservation design matrix are linearized about the
combination of two Kalman filters manipulated FKF prediction results as:

forward and backward, i.e. FKF and BKF. Since

BKF is processed reversely, its prediction and th}&_ _ s
FKF update are combined in the form as: k-1

X=Xg,t =k (25)

X=R5  t=k-1 (26),

~ +-lay C-1a H _ﬂ_h
Xsk = Po(Prc  Xg + Pa Xa) (20) 17 o
+-1 o -1
Py =(Pi +Pa )7’ (1), _ _
which suggests that the backward nominal trajectory

where the subscript§,F,B denotes smoothing, estimates are predetermined as the FKF predictions,
FKF and BKF. 1.€..

. .. NOM A )
Xgk = Xgk - Ky = Xy - By (27)



In order to avoid the undesirable matrix inversionsy + =M; +H/JR:*H, (36)

and to provide a valid boundary initialization, the ., . .,

following new variables in BKF are defined as Y = Mgy Xai

(Crassidis and Junkins, 2004): =My X5 - H{R Y&, - H X5) (37)
=y, - Hi R}, - H, X

M, = P;t (28) Yer - He R (a - HiXg)

A =Py ks =M gKg (29), However, the straightforward practice of IKF on
non-linear INS navigation model failed to achieve

where M is the covariance matrix inversion. the expected superior estimation results. This

problem was resolved by the revision that was
proposed originally for the pipeline survey using
inertial measurement units (Yu et al., 2005). As
shown in Fig.3, the main idea of this modificatisn
that the BKF nominal trajectory is reset to the FKF
Ksn = Kens Pon = Prn (30), updated results at the BKF prediction step, which

means the BKF nominal trajectory is revised to
which leads the BKF initialization derived by Eq.track the EKF estimation of the forward filter.
(20)-(21) as:

--
1 -1

Mgy =Piy  =Pin- Py =0Ps =¥ (31)
- F+
X —I— I .

The smoothing is initialized using the FKF resualts
the final epocht, as:

- - + 1 o4
Koy = Psr\lld(SN - Py dkey =0 (32),

which indicate that the BKF initial error statig,,
is finite but uncertain.

Referring to Maybeck (1994), the discrete-time form

BKF prediction equations are derived with the new -
defined variables. Additionally, Joseph form of _I_l_|l<_l_>

K N
covariance equations will be applied to yield stabl 0 B+ B-
solutions as:
L Error State
@ Prediction @ Update I Estimation
Kaei =Ma QM Q+1) ! (33) Fig.3 Relationship between BKF, FKF and

- - + Smoothing Using the TFS
Haer = Fa(l - Koy (34) g g
Ma1 = Rl (1 - Kge)Mg (- Kgep)' 35
+Ko Q7K T}F (35), This concept resembles the EKF error state feedback
Blk-1 Bkl k-1 step. The details begin with a series of expression
as (Yu et al., 2005):

where Kg, is the BKF prediction gain.
N

OM A~

- Ry = Xey - K (38)

. . . ot o+ NOM + o- +

The formulations of Information Kalman Filter Xgx =Xax - @Kge = Xpy - Ky (39)
(IKF) using the new defined variables are . g NOM B o & (40)
introduced for the BKF update equations in order to ¢~ "Bk Bk~ Tk Bk ’
overcome the potential computational and numerical
difficulties for large measurement sets (Crassidis
and Junkins, 2004) as follows:

ot o
Xpk = Xk



where X5, kg, is the revised BKF predicted Rg, = Ps (Pl Ki + Py Ky
nominal value, and the error state prediction fer t _— + oot Ny .
predicted perturbation); Eq. (38) irF\)dicates that th PalM et +M?k(XFK ORBK)]A
FKF updated system state is perturbed from the FKE Psi(M & + Mg )%y - PoM gy
prediction as discussed above; Eqg. (39) indicates x5 - Ska%k =% - Rey

that the BKF updated system state is perturbed from

the FKF prediction; Eq. (27) |n_d|_cates that the BKI:Another form to express the combination is derived
predicted system state is originally be perturbegs_

from the FKF prediction; Eq. (40) indicates that th ~
BKF predicted system state is reset to be perturbed . o N N

from the FKF update. Xg = Xy = (&g + Py g, ) = Xg - g, (46),

(45)

which indicates that the smoothing result can be
By using the Eq. (38)-(40), Eq. (37) is rearrangedegarded as the simple fixing of the FKF estimation

as: moreover, either the FKF update or the FKF
prediction can be considered as the smoother
ME &S =M* (% - & nominal trajectory. These concepts are shown in
BK_ Bf_ BKT( F: Bk) N F|g3
=MgyXg - H R (g - H(Xg) (41)
=My (K5 - Cﬁék)' HIR (&, - H, %2 The two descriptions of the smoothing error state

estimate corresponding to Eq. (45) and Eq. (48) are

The desired form for error state is derived from Eq N
(41) as: Ky = Ps g

A “ N (47)
. v s Ky = Ky + Py
Flg =M gy Ky
=M i Ry - M (R - Kay)
P TR T RAUCH-TUNG-STRIEBEL SMOOTHER
+H, R (&, - H Xg) (42)
_ + O- - ot Tp-1 $-
= Mg Xp - Mg Xp - H R7H Xg The RTSS was first presented in Rauch et al.
+H,R ', +M éKd’%ék (1965). It was proven to be an optimal smoothing

method for linear systems on the basis of Maximum

Likelihood (ML) criterion. It was demonstrated that
the traditional TFS proposed by Fraser and Potter
. (1969) and RTSS are mathematically equivalent in
Fex linear cases. The RTSS has been widely applied in
=M ék+HkTR'1Hk)>“(Fk - Mg Xey navigation applications due to its robustness and
Tlry A T S effectiveness. The implementation of RTSS does

- He RPH X+ H R a + Mg K (43) not require the process of the full-scale BKF.dhc

= Mg (Rg - K5) +HIR Y, +M 5 dis, be regarded as an add-on correction to the KF.
. T S RTSS is consisting of one forward data processing
=M@ + H Ry + Mg gy part and one backward data processing part. The
=My &, +HIR e, +dj;, former is the FKF as discussed earlier. The
backward processing part propagates the filtering

Therefore, Eq. (43) along with Eq. (36) constitutedesults and achieves the smoothing system state

Substituting Eq. (36) into Eq. (42) yields:

the modified BKF updating equations. estimate by utilizing a set of equations as follows
— p* - y-1
The smoothing estimate, i.e. the combination of the<sk = PrcFi (Priia) (48)
'(:2K1'): upqﬁtebandf'th?j BKF prg_dicticin a?hin Eq. .(2%)-p5k =P + Ko Psis - PralKar (49)
, will be fixed according to the revise e .
relationship equations as (Yu et al., 2005): [f(Sk = ‘f(Fk + KASk[dZSkﬂ - Ky (50)
Xg = Koy = 0Ky, (51),

+-1 S + -

Pse =(Pi +Pg )" =(Mf +Mg)™" (44) _
where K, denotes the RTSS gaitkg, denotes the
RTSS perturbation.



RESULTS

Three GPS outages, each with 60s length, are

intentionally simulated in the first test to veriflye
smoothing efficiency. Five GPS outages are

Two land-vehicle GPS/INS tests carried out insimulated for

the second test. The reference

Calgary will be used for the performance analysesajectories, as well as the GPS outages for bath t
of the two discussed fixed-interval smootherstwo field tests are illustrated in Fig.4 and Fig.5
NovAtel OEM4 GPS receivers were used to provideespectively. The positioning accuracy levels, in
DGPS solutions for both tests. A tactical-grade IMWerms of the Standard Deviation (STD) for the
(Litton LN200) was used in the first test (L-shapeDGPS (' test) and GPS SPP"{2est) solutions are
route). The second test was conducted along a larghown in Fig.6 and Fig.7, respectively.

clockwise cycle route using a custom-built MEMS
IMU that includes inertial sensors from Analog
Device Inc. (ADI). A navigation-grade IMU
(Honeywell CIMU) was used to provide the inertial
reference trajectory for both tests by processimg t
DGPS/CIMU without any GPS measurement gaps
However, for the @ test analysis, a GPS single
point positioning (SPP) solution without outages
will be utilized.

Fig.4 Reference Trajectory and GPS Outages in
the 1 test
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Fig.5 Reference Trajectory and GPS Outages in
the 2 Test
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As discussed earlier, KF will only work in
prediction mode during measurement gaps.

Therefore, the positioning accuracy achieved by
stand-alone INS will degrade rapidly with time.

Fig.8 depicts the KF position errors of the LN200
IMU during the three GPS outages in the first test.
The LN200 position errors are calculated by
subtracting the filtering results from the

corresponding reference solution. It can be noted
that the horizontal position error increases to the
meter level during the outages, and the heightrerro
reaches the centimeter level.



The summary of the FKF, TFS and RTSS LN200
results (maximum positional errors) of th&tést is
given in Table 1. These results showed that the
navigation errors are significantly improved by bot
smoothing algorithms during GPS outages. In
addition, the smoothing effect of the TFS is simila
to the RTSS where the improvement level of both
smoothers is about 95.

Fig.8 LN200 FKF Position Errors in the T Test

The accumulated position errors can also be

observed in the backward filtering results, bwtilt

diverge towards the uptrend reverse to the FKF

counterpart, i.e. the time increasing direction.tBy

combination of both the filtering results, the pimsi

error drifts are expected to be suppressed or

removed by the smoothing approaches. This effegtig 10 LN200 TFS Position Errors in the 1 Test

is illustrated in Fig.9, which compares the LN200

north position errors between FKF, BKF, TFS and

RTSS during the first 60s GPS outage. It shows thah a similar way, the summary of the ADI MEMS

the position error drifts is restricted, or smoathe MU FKF, TFS and RTSS results (maximum

the middle of both the forward and backwardpositional errors) of the"2test is given in Table 2

directions. for the corresponding five GPS outage periods. Note
that the system here integrates GPS SPP (and not
DGPS) with the MEMS IMU. Also, the
corresponding ADI MEMS IMU TFS position
errors are shown in Fig.11. As obtained in tfie 1
test using the LN200 IMU, the enhancement level of
the positioning accuracy of the two smoothers is
about 95% compared to the FKF results.

Fig.9 LN200 North Position Error Comparison
in the 1% Outage of the ¥ Test

The corresponding LN200 TFS position errors are
shown in Fig.10. It can be noted that the horiZonta
position error is restricted to centimeter levelilerh

the height error is restricted to the millimeterde
Fig.11 ADI MEMS IMU TFS Position Errors in

the 2" Test



Table 1 LN200 IMU Position Errors for the FKF, TFS and RTSS in the ¥ Test
(Using LN200/DGPS Integration)

Table 2 ADI MEMS IMU Position Error for the FKF, TF S and RTSS in the ¥ Test
(Using ADI MEMS/GPS SPP Integration)
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