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Introduction

Inertial  Navigation System (INS) and Global
Positioning System (GPS) technologies have been widely
used in a variety of positioning and navigation
applications. The integration of GPS with INS can be
implemented using a Kaman filter. Efficiency of
conventional Kalman algorithm is low, when vehicle
dynamics change quickly [1, 2].

Therefore adaptive Kalman algorithms are used to
improve overall system performance. The test results
demonstrate that the presented adaptive algorithm is much
robust to the sudden changes of vehicle motion during
maneuvering.

System dynamic model
The 1-D acceleration land mobile object dynamic

model equations in state-space formulation are described
as[2]:
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where X, -system state vector (distance, velocity,
acceleration), wy , W, , W, — vector of system noise with
zero mean and variances qq , Qv , O, respectively , T —
sampling interval.

The measurement mode! is:
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where Z,,, — measurement vector, ug , Uy, , Uy— Vvector of
measurement noise with zero mean and variancesry, Iy, fa
respectively.

89

Kalman algorithm description

Basically, the Kalman filtering estimation algorithm
comprises two steps, namely prediction and update with
externa measurements. Kalman filtering can be used to
estimate optimally the system states (the unknown
elements of the state vector) at the current time basing on a
combination of predicted states and actual measurements.

The main Kalman filtering equations are given below

[3I:
Updating :
K k
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Predicting :

X k+1( predicted) = (I)kx k1

Pk+1(predicted) = (I)kPk(I)-IE +Qk,

where Ky — Kalman gain matrix, P, —state uncertainty
covariance matrix, H, —measurement sensitivity matrix, Ry
—measurement noise covariance matrix, ®, -State
transition matrix, Q, —System noise covariance matrix .

Velocity and distance estimation during sudden vehicle
dynamic change

The simulation made for the cases when initial
vehicle velocity was 10m/s and acceleration (5m/s” or
10m/s’ ) took place from t,=30s till t,=50s with different
levels of system noise. The random error variance due to
the distance measurement noise was (15m)? and the
random error variance due to the velocity measurement
noise was (5 m/'s) 2

Modeling results using standard Kalman filtering
algorithm (3) are presented in Fig.1-6.
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The modeling results prove that performance of

standard Kalman algorithm is poor during sudden vehicle

acceleration change.
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increase (Fig.4). There are exists several techniques to

decrease estimation error [2]. One of them is to add
fictitious system noise [2, 4]. Modeling results for the case

with bigger change of acceleration, estimation error will
with additional fictitious system noise are presented in

small system noise (qq = qy

acceleration a,

noise (g = o
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Adaptive Kalman algorithm

Kaman gain matrix correction algorithm (KGCA)
can be used to decrease system state variables (position,
velocity) estimation errors. The algorithm steps are :

Step 1. To detect time epoch when acceleration start to
change;

Step 2. To add specia function’ values to Kalman gain
matrix diagonal elements so to improve algorithm
performance during vehicle velocity change and post
change period. Therefore equations for Kalman gain
matrix updating and correcting are following:

HE +Ry),

— T
K = P (preicten) H & (H kPic predicted)

F, = diagf{, }, @
14

K k(corrected) = Kk +Fy,

where f —special function’s values at time epoch k, /-
number of state variables in the dynamic system model.
Three functions f was tested. These functions' genera
forms are shown in Fig.7. The modeling results (using
these functions for correction in (4)) for position
estimation error when acceleration a=10m/s* take place from
t=30still t=50s are shown in the Table 1.

f #1

#3 #2
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Fig. 7. Three types of function f rtéTaer'S&entation

Table 1. Three types of function

M SE estimating error decrease using KGCA and three
types of function

function #1 #2 #3

MSE 26 300 2569

Simulating results show that function #1, used for
Kaman gain matrix correcting allow reducing system
parameter estimation error in a greater degree. The reason
of this can be that function #1 has smooth transition and
hence Kalman gain correction is conducted softly without
extra disturbance just after acceleration has changed.
Function #1 mathematical description isfollowing:

F(ty) = AeBhto)”, ®)
where A,B —fixed values are decided by user or designer,
tp —time epoch, when acceleration has changed.

91

The KGCA algorithm modeling results are shown in
Fig. 8, 9 (diagona elements of system noise covariance
matrix are equal to 10° and function (5) is used for
Kaman gain correction).
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Fig. 8. Mobile object x-coordtiirp]iafe estimation error (KGCA)
when acceleration a=10m/s? take place from t=30s till t=50s and
with small system noise (qq = q, = 4,=10%)

4 T T T T T T
nVS | | | | | | | | |
Evs | | | | | | | | |
| | [ | | | | |
2HF - -7 [l R Y "l e Attt et Rl Bttt et
| i \{ | | | | |
| ‘ | | | | |
I 1‘ I\\ b b ] 4
0 L™ TN I I i v I
| | | | |
i | | | | |
2 - ——1— |t e e Sl B i
| | ‘ | | | | |
| | | | | | |
| | | | | | |
B e e B e At Sl et Al St el
| | l | | | | |
| | | | | | | |
HFr------1l -l L__ 1 _L__
| | | | | | | |
| | | | | | | |
| | | | | | | |
B T e R e e e e et T
| | | | | | | |
| | | | | | | |
| | | | | | | |
'107777\7777777\7777\7777777\7777\77777777777
| | | | | | | |
| | | | | | | |
.12 Il Il Il Il Il Il Il Il L
0 20 40 60 80 100 120 140 160 180 200

time,s

Fig. 9. Mobile object velocity estimation error (KGCA) when
acceleration a=10m/s? take place from t=30s till t=50s and with
small system noise (qq = gy = 0,=10°)

As can be noticed from Fig.8, 9, there’s considerable
estimation error decrease if adaptive algorithm is used. But
also can be noticed that at time of Kalman gain correction,
there are increased variations of estimation error,
comparing with time, when correction’s values became
very smal and no system dynamic change. These
variations are due to effect of Kalman gain increase.

The standard and adaptive Kaman algorithm
(KGCA) modeling results are presented in Table 2, 3
(MSE,~-velocity  edtimation  MSE;  MSEg-position
estimation MSE along x-coordinate). The system noise
matrix diagonal elements are equal to 10° and acceleration a,
take place from t=30s till t=50s.

Table 2. MSE estimating error

MSE estimating error, a=10m/s’, rq =225m’, r,=25(m/s)*

Standard Kalman

algorithm MSE,=579 M SE.=7689
Adaptive Kalman

algorithm (KGCA) | MSE,=1.82 MSE =26




Table 3. MSE estimating error presented algorithm can be used aso for the case of 2-D

MSE estimating error, a=5m/s?, rq =225m°, r,=25(m/s)* acceleration model to decrease estimation error during
Standard Kalman vehicle maneuvering.
algorithm MSE, =145 MSE=1913
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INS and GPS information complex processing is based mainly on Kaman filtering algorithm. During navigation tasks solving
(estimation of velocity and position), tracked object dynamics change occurs quite often. For these cases conventional Kalman algorithm
can not be used, as it's well known that standard Kalman agorithm estimation error increases in cases of quick changes of estimated
state parameters. Different methods are being developed to overcome this drawback. The presented Kalman gain correction algorithm
(KGCA) decreases estimation error that occurs, during object dynamics alterations. The modeling results of adaptive KGCA agorithm
are presented and compared with conventional one. The M SE error reducing benefits for the case of adaptive algorithm use are shown as
well. I11. 9, bibl. 4 (in English; summariesin English, Russian and Lithuanian).
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snexkTporexHuka. — Kaynac: Texnosorus, 2008. — Ne 6(86). — C. 89-92.

Kommniexchas o6pabotka INS u GPS undopmanmu 6asupyercsi, B OCHOBHOM, Ha HCIIOJIb30BaHUH anroputMma Kanmana. Bo Bpems
CIIKEHUS 32 OOBEKTOM I PEICHHS HaBUIAlIMOHHBIX 3a]a4 (OLIEHKa CKOPOCTH U TIOJIOXKEHHs), OYCHb YacTO HAOII0AeTCs H3MEHEHHE
JMHAMUKH JBH)KCHUA 00bekTa. J[yisi JaHHOTO ciydast cTaHAapTHBIA anroput™ KanmaHa He MokeT OBbITh HCHOJIB30BAH, TaK KaK OIIMOKa
OLICHMBAHMs CTaHAApTHOro ajropurMa KajnMaHa 3HAYMTENBHO YBEIMYMBACTCA NPU OBICTPOM HM3MEHEHMH I1aPaMETPOB COCTOSHUS
CHCTEMBI ¥ CTAHOBUTCS HempuemiieMoil. Pa3nuuHbie MeTob! pa3pabaThiBalOTCS UI YMEHbLICHHUS BIMSHUSA 3TOrO HelocTaTtka GuibTpa
Kanmana. IIpencraBnennsiii aganTuBHEIH anroputM Kanmana ¢ koppeknuei koG QuIleHTa YCHIeHHs M03BOJISIeT YMEHBIINTD OLTHOKY
OLICHMBAHUS, KOTJA IWHAMHUKAa OOBEeKTa MeHsercsa. Pe3ynbTaTsl MOAENMPOBAHMS TAHHOTO ANTOPUTMa MPEJCTaBICHBI M ITOKAa3aHO
YMEHBIICHHE OIIMOKU OLCHMBAHUS B CPAaBHCHHM CO CTaHAAPTHBIM anroputMoMm Kanmana. Win. 9, 6u6i. 4 (Ha aHIIMIICKOM SI3BIKE;
pedepatThl Ha JINTOBCKOM, aHITIHHCKOM U PYCCKOM).

V. Bistrovs. Kalmano algoritmo, skirto jvairiy tipy antzeminio objekto judéjimui tirti, analizé // Elektronikair elektrotechnika.
—Kaunas: Technologija, 2008. — Nr. 6(86). — P. 89-92.

INS ir GPS informacijos komplekso apdorojimas remiasi Kalmano filtravimo algoritmu. Atliekant navigacines uzduotis sekamo
objekto dinamika pasikei¢ia gana daznai (greicio ir padéties jvertinimas). Siais atvejais tradicinis Kalmano algoritmas negali biti
taikomas, nes standartine Kalmano algoritmo jvertinimo klaida padidéja. Siai problemai spresti kuriami jvairis metodai. Pristatyti
Kalmano korekcijos algoritmai (KGCA), kurie sumazinaklaida, kuri jvyksta dél objekto dinamikos pokyciy. Pateikti adaptyvaus KGCA
algoritmo modeliavimo rezultatai ir palyginti su tradiciniu budu gautais rezultatais. 11. 9, bibl. 4 (angly kalba; santraukos angly, rusy ir
lietuviy k.).
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