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ABSTRACT

In this thesis, the improve Kalman filter for maneuvering target tracking with feedback

error addition model is presented. The accuracy of target tracking is improved by feedback error

addition model. The error is compared between conventional, interacting multiple model, and

propose Kalman filter. The same condition, the simulated target motion in 2-dimension, the

propose Kalman filter has satisfied results.
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. 4' ‘:' -4 [ -.I' d' o o a o v
filter) Faludavas1iuiinnswmunluFeaneatunislszasnadyyrRanaaiuadng



10

v ves ¥ [ 2 ° - o
N1t nansesuuaaulifuanusulaiuedraunnuasdiinnsminundnmise
d' 174 dl | o o ]

Wedsegnald Insanislusnuieaiussuunmsasuguuasnisinges

“ 23933789 ( Filter ) * Tngudiazeudaetaasmnetianssuaunisdssananadaya ( data

. - o d

processing ) tauidnlnanaliisnenaazuesaasnsss ( filter ) walleunaassnganaly
Usznavdanasasinfia wiluponniluaiuds unnefiifisetanudinsasses ( fiter )

- - ] Jd o
haieallsunsupaufianaflumionilssurananans ( central processor ) #iflinagnneu
Tudsaauuugudtygrondludes q viadassn ( discrete ) wnndrRiaziinsinemiy

C ,
dryryntuntingsiailias ( continuous ) [5]
-t ° 3/ o . L% P
29InsaILLLAaINY  Hgtuuunsitsuudaundy (recursive ) Tastindayadils

19

o t’ -J ' o~ o’ o
annisuludunauiiaunduin i lunislssananaluiunauilaqiuf12)

2.4.2 WUUIREITBINITNTAIUUVAIAINY
Taenialudauntdnansrasasasnsaauuanaanisougneantfidu 3 daundn

An (1) wuudrasamniagedaya ( state  model ) , (2) wuudraBITEINIR
( measurement model ) ¥ (3) WUUATGBTRINNINLITTNN ( state estimation model )

Auanalugiii 2.4

Xn
G z >
Xp-1
F |« delay |«—
n. wudnassmaiagadeys
Xn Zp

Vn

1. LWUURTIRDITBINSIA

] °
gﬂ'ﬁ 2.4 LUURIADITNINATNIDIULUUATRINY
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A. WLLATARTRINENTLsTHNY
al ' °
FUN 2.4 (18) WLLANIABITDINAEINTBALLLATAINY

2421 wWUUSEINEINAYATRYA ( state model ) ABuLLANaBITTIEUNULIN
ﬂJ ' v o b - o ] [ & @ i e ]
ngnisafinelWifiagadaysetiidu sumbiaesdng , Asudalunanafeuh , annudly
J J J 74 4 L o o q'- ] [d : } 4 [ A
nmaaaeuh Jadufayanuriaieresing  Sulse@ngsine 9 luuuudreeiiavsenadeiy

nqenunasaninsafeufizesing laeilsaas®ansing q uandeuluglaunislddell

Xn = FXn_l R GUn_1 (2.1)

X X all] o« 173 J Jd’ L [ %4 -‘
o %ot e wawafunudeyamsiatauniuiaieresing ( state vector ) Maa n uay
N-1AMNAAY T9NRUTTNAUARE AWMU , ATNNEY , AATHLES
< s - i A4 .
. AR wATndreuUuSIasInadindtanfunuannisnisindaufizedng
( transition metric )
L) J 1] [] : H or
G Ae wstndnldunuannizacnuliviueuluninafauieesdng ( model
uncertainly metric )
i 4 [] 1 ‘ll J [ & .
U, Aa  amafunuannliuiveulunmsaiadaufivesdtig ( model uncertainly

4 J L4 ) < ]
vector) e n- 1T NNSARIAARDUTDIAUNUY , AMULTT UKRTAITHIN

' ' i af [ . - -1 - ]
awlininenlunaiafauniaesdng ( model uncertainly ) Wailiazgniiansoundniizy

wuungnsrarentlunuuindide ( Gausssian distribution ) Tae¥

EU,}=0 uaz E{UU,T|=Q, (22)
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° s ° -
2.42.2 WUUIADIIBINNGIA ( measurement model ) ABULLIAIABITUNUGY]

L4
Vv o

wwunsldunrasdayaiinld InefisesnBansing q uesidouluglaunagldsed

z, =Hx, +v, (2.3)

Jl’ or g

d Ao
z, AB  wawefunudeyanisiedeufizesingiiléannnisdneesans ( measurement
vector)
H A2 wEindunusunseeInisda ( observation metric )

Vo AR LABRTUINUAMNRANSIAAINNNIIATRNIANT ( measurement noise vector )

afinesespuianaisannisinvisenanes v, ( measurement noise ) it

argniiansnndnfigduuumsanssanenfluuuuindiden ( Gausssian distribution ) Taedl
Ev,)=0 usr EfvI}=R, (2.4)

2.4.2.3 wuUARDITRINTNEUTIINNN ( state estimation model ) (iludoutns
) 1 ] ] J J
nmsnzlszinnuadayanisinfeuiitesdngien n - Swnudes %, Anal 2.1 (1)

annsadeuluglannislfid

X, = X, +K, (2, ~HX,) (2.5)
n\en n

K, A8 mmwwny ( Kaiman gain ) Wweemaflunistamaninufanaiadiuiunis
ne Uszuu ( estimation )

o = <. A ddns o o A4 d o

% A uamefunufaysnmanteuninldnninwedeyanmasdaniitesing ( many

v ]

UszannuaRiusnuunedn 4 sielandn prediction ) TnaanAaaunimninata
deaetng 3
Mresing 34

%n = FS(n_l (2.6)
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4 {1 -] J 4 o . »
aunsfl (2.6) Fondaaunisvesmsinwnedayanisadeuivesdng (prediction
. J 1 1 ¥ ” ° ~
equation) a1 n Tazlddayansedeufizasingainmsinnady X, lneerdense
AN gadayaannisnslsynos (estimation ) #aan n-1 vide &, seeRANTANEN
J J - At [ ) ¥ 1 :
M (2.1) axnudmelfifsnacbisnansansugluuuamaliviveslunsageuiives
o o :" [ 4 - o AJ ] » { 0 m
agld Andwaawmef U, uszsiing G daluaunish (2.1) Adhinsudrfiassirfianson
& o y T - . a
dneamgiisunisrasmainnedayaniaindaufiaesdng ( prediction equation ) Muamelu

(2.6) f‘aq”l:iﬂ‘mngLommﬂﬁmzmm?‘n{ﬁandw

243 MINNUTBINATNIBILUAIRLNY
wannaninuaragludnruenisansuinianFaudsasacnsiianainainnisng

sz (estimation emor covariance ¥#8lFtn4n posterior covariance ) WAnligadeana

Weulalugl
Ef.el}- 0 2.7)
e e, RaARANAIARINNAENTUsTINNL ( estimation error) F4

€, = Xy - X, (2.8)

alcl Y a °

o A9 WAmafunuiayanaadauniiuiatiredng

<t [ & Y o - o aly v -t' v °
X, A2 Lfmmmuwmaqam?maﬂummqmqw”lmmnm:‘nzﬂ?zmmm‘lmqn NIINNY

TAINATNTIRUVUAIALNY

4 dd
lumnnlszinuaassamesuuumain  azendedeyaniaadauiinldainnig

v
& ot o

04 9 aly 3 1% < o A« s
nue ﬂﬂ!;{ﬁ‘/ﬂﬂ@ﬁﬂﬂ"li"lﬂ‘ﬂﬂ\ili‘ﬂﬂ? UATA0INUINUNNTALZENINAIRLNULINY ( Kalman

gain ) Faquns (2.5)

Ransangunnsi (2.7) uat (2.8) avla

Efenel J2E{0xn - X0)(0xn - %)} (2.9)

UNLANNTT (2.5) palls auNIR(2.9)
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E{ene: }=E{(xn ")\(‘n _Kn(zn "H?('n))(xn _r)\(ln ‘“Kn(zn - H')\(‘n))T}

Eéneg}r'E{(xn - ';('n)(xn _';('n)T }+E{(Kn(zn - H;(In)(Kn(zn - H’;n))T }
~E{ Gy = %0)(Kn @0 ~HR) T E{Kn (20 - HE D00 - %)} (210)

sl

ﬁ'\ =E{(Xn "gzn)(xn ")\(’n)T } (2.11)

~ 1 . J 1 [} o 1
%, sngagluaunisl (2.11) wsamefunugadaysseininnaeuiivasingilsun
anmsnzlszunnedenie 7 luafusn ( prediction ) TagaABuuuANa8INIg

- ﬂJ 2 -l' d' o ‘." ] ﬂJ 1 7
AR LA NAINaNNIMaAReuTiTeing  dan x, tuAsAnefMunugadesyanis

iwdnuifufiasarasdng  suumen x,-X, Awneefianaisainnsinnadayans

A

4' dl o _® = ~n -] - o [ 73
IARAUNTIAIAY L31R9LTEN PnQﬁtﬂu‘imm?ﬂwhmmwumwa’mmnms‘mmﬂmqa
i« v : ; ' . .
m?mﬁﬂummfmq ( prediction error covariance ¥38i3ein97 prior covariance )

WNLENNET (2.11) aely (2.10) aglgilu

Eéneg }=?>:1 +KnE{(zn ’ H’)\('n)(zn N H’;n)T }KnT "E{(Xn Y ?(’n)(zn W H’)\(’n)T }KnT
K oE{(z0 ~ HXa )k ~ %) | (2.12)

- Y - .y - o
unu z, Mlsngegluannisilu (2.12) Fraauntsi (2.3) azlé

E{ene,’,' }='|5:, +K,,E{(Hxn +V, —HX, )(Hx,, +v, -HX )T }KnT
~E{ (X ~ Ra)(HXp + Vi =H%) T KT —KoE{ (X, + Vo —HR )Xo = %)T } (2.13)

Aansniaunu E&nv;} nUsingegluannish (2.13) fae R, luaunisd (2.4) azla

Elnel J=P +KoHE{(Xn — %100 = %)™ HTK,T +KaR Ko — E{xn - %a)(Xo = %)™ 1K,
— K HE{(x, - %) %) } (2.14)
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-l o

NANNIN (2.14) qzwudqmmmmqumﬂuﬁ"mmﬁﬁ nunsAdunIsh (2.11) Hdu

~N o

P, Al
Efnel J= B, + K HBHTK,T +K R Ko ~PHTK, T ~KHP, (2.15)

© - [ & - . N J J ° ! 4 o 174
vansavinefisutien ( differentiate ) aunsil (2.15) inemamangataugaiinlious

- I S o
20INTAANAINAINNNINELSEINAS ( estimation ) Aiga avlsidu

iE T } ~ ~ ~

aEaKnen =2HPnHTKnT +2RnKnT "Hpn ‘(anT)=0 (2'16)
n
K, =(HP,HT +R,) " HP, (2.17)
K,=PHT(HPHT +R, )™ (2.18)

] . d 014 o o
AUNTTA (2.18) WNUIVIATBIANSINWNY ( Kalman gain ) Safhanmme sty lunseuau
n1snEseann ( estimation ) 1899935N5RILVLANALNY ( Kalman filter )
- P - . -
RasanlaniFaudeesaaunanainainnignsilszaunns (expected error covariance s

-J L ¥ o o a
posterior covariance ) anaxN1s (2.15) laannmualfidauunusaasuls P, Aail
P, =Efnel J= B + K,HBHTKT + KR KT - BHTKT - K, HB, (2.19)

y o K
unuy K, Aveannaai (2.18) asluaunish (2.19) avld

Py = B:‘l + KnH";n (2.20)
P, =(I-K H)P, (2.21)

Farsaungunsi (2.11)
B =E{(xp - X )Xn - %) }
UNUANNITN (2.1) uaz (2.6) adlugunish (2.11) agld

P =E{((FXng + GUpy) ~ (Bt (P + @) - (B )T} (222)
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B =E{((Fx ~F n.1)+Gu )Py ~Fag ) + QU )T ) (2.23)
By =E{( (Pt =B (P =Py )T +(GUp 1 X(GU) T ) (2.24)
By = FE{Xns ~ %01 )0n1 ~ X0 JFT + GE{U,1UT, J67 (2.25)

o~ ‘.’r - -~ 04 )73 o a o .
auuTﬂfJ'mﬂwhmmwmwmW-nnmmﬂmmﬂgﬂm?maﬂummqmq ( prior

covariance ) ayldiflu

L 4 L
Tumaunsinnurasasnsesiuuatasiullnnauniesing q Aell

1)

2)

3)

4)
5)

P, =FP,FT +GQ,,G" (2.26)
n n-1 1

o

%o =FXns (2.27)
sn =FP,4F" +GQ4G" (2.28)
K,=PHT(HP,HT +R, )™ (2.29)
X, = X, +K, (2, -HX,)) (2.30)
P, =(I-K,H)P, (2.31)

J o ' aJ o : ©

auna (2.27) unsinwnedeysmsadeuiiaasingiaan n lasaidunisAiuans
I P «l o  any -

andayanisadeuiiresingiidaannismnzilssanniiog n-1

- - - - ° [y
aunisi (2.28) lunismawnalanGeudeesaeiufianainsannisnminunadeya

1 1] ] J o
nsadeuieeedng el llAtwnmanarasaiaaniny

J . ; 0, -
AuNIN (2.29) WunisAanmnaria assndsiudaudslunisasgeaanuiin

NAIAUDINTINLUTTHING

-

aunsf (2.30) iunisnsdszanadieyanisiafeufivasdngiivaen n

aunish (2.31) unisvnswisessiranFaudaasanuianainaannisnsssunn

( posterior covariance )

- - -l -
ANRNNgIRIlAFERdIaIANRanaIaannIsnzdssin L TaanGaudaesranuiia

namannsmMminnedayanineteniitesing , lanGaufrssnanuiianainainnisdn

asUElAA 2.5 el 2.7
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P(z(n) | Xn)

N
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variance=c,% =R
deviation=o,

N
=

34.1%

z(n)

P ] o - o
ﬁl.l‘ll 2.5 uamlAgnFEuIfIRURANAInAINNIR

P(X(n) | %p1)

X(n)

al - o ] i &
3% 2.6 uamlanGaudraspnufianammanmansinnedeyanineaeuiizasing

P(X(N) |z, Xy )

X(n)

-l . -
7% 2.7 uanlannGaudresrnaianainarnnianzlszanc

02458
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uFRAIEIMTIA
( Measurement model ) unudRastaimsniissinn
( State estimation model )
nuudiRastaMsidayadayl e e et ee e e eeaeeaeeceenaeaaaaean '
( State model) : g('n .
-------------------- T ey H (e Fled E
3 %1 :
H .
! :
! :
G (= S SR
. 7}
. 1
P Una L1 B
S W I AP o R. Pl PE Y
et
lQn-l
: T -1 :
' 606" HOH 0 :
: 7 Ky
Co(z n » PHTO »—T ;
: S :
: T j :
| FOF I-K ()| < ' :
T Pa dumsdnnn Kalman gain
. 7 ¢
' P
: i V\ fusddodudium to

al °
Eﬂ'ﬂ 2.8 ULAAINTTUIUNITNINIUIDINRTNIBINUUATIRINY



19

& -
2.4.4 AIRIRY (initial)
o ‘l" -1 . D) - o o dlo
TN1ITNINUTBINATNIAMLLARNUNY  azdunmininlAdulse@nsuesanan
hudaanimumesesie sefansanldainannisi (2.27) taaunish (2.31) T@naunisy
(2.27) dsingwentey X, =Fx,, WwefaneGusiussuiuiasrinomuarnnees X,
] v
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POk -1)= Zj"glﬂ’fﬂ(jk—l){g(kqﬁ

[,k =1)- x50k - ) [, (k -1)- %2 -))] 3 (2.43)
€ =3 pymk-1) (2.44)
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nNsLUuNIg interacting/mixing atlauliiussasnsasutuaiaiuuga? ; ( mixed state
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P, (k) =F, P (k-1)F,” +G,Q(k-1)G," (2.46)
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K, (0=, (H; 5007 R, " (2.47)
% k) = %500 +K,(0l0)-H, %, (0) ) (2.48)
P, (k) =(1-K, (K)H)P, () (2.49)
S,()=H, P,(k)H," +R, (2.50)
Vi (K)=2(k)-HX ; (k) (2.51)

S, (k) Aa laanEeudmanAng (residual covariance estimate )

Vy(k) Aa  Arcicninvinaanizdn ( measurement residual )
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function )
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: N “ a v v .o a .
,uj(k) mququtﬂu‘nm?maﬂummqmqqzmmamnmw?n?ﬂquuumaqumn J
( model probability )
S,(k) uaz Vy(k) lFanannisii (2.35) use (2.36)

25.4 dauraimsnzssinuuasniswAIlASEuT (estimate and covariance
combination )
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Estimate F——>
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o} - o -
quUn 3.2 nezuaunisnslszanuniinmstieunduanutiananm
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fiansaungLn 3.2 GeldiRndudsr@niidnanluniudnaamiliione w, Taeft w, unu
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Fatgunis AR

W, =X, — Xy (3.9)

(8314

Y, =X, +W, (3.4)
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Yn =Xn +(Xn_1 - 5(“_1) = Xn ‘—Gn_l (3.5)

annAimsnedstanndudesasiiagiiu (n ) auiannaianaimannnenzlszann

-J ° v o i ¥
Wy o, anaun1sh (3.1) Mmansdszanumumiseasingiuad n andeulfegluslannis
i

Xn=Yn +on (3.6)
4
anann (3.5) agld

S(n = Xn —Cn__l +O'n (3.7)

ANNFAITUIRTRINTRANAIRANNITNEU TN s an IndAe iUl au sl ssunnayin

3 v
M on =0,y AMNEUNIN (3.7) MEN -0y 4 +on NAMsSREEnlS Anluarld
AXn =Xn (38)

A‘ J d ' [ -‘ 5 N v o o~
Tamangand Aunisesingiiléainnisnsulszanns (estimation ) axlndiAaeiu
o 1 -~ o 1
AuMiaaseresinguIna
- J’ - o - : )
ANNAFULNAY :  annAgivissmslfulplss@niandendtl azfiadimnn

all 4

- | e : o J o + 1 o
ATURANAIATN AsINMINEsEan mmmwmummqmwlné'tﬁmnuf-a::nmﬁﬁmmqnu

3.3 HUUSIa9luNITIATIEN

K, N
model on g
unit
delay
unit |
delay [~
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fuldurannszuaumsnsdssinn  asgndandunnaagalditunisnsdssanndayalugag

antaqiiv
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fiarzamaialudouusn angtinaunsaidauaunisresnuudnassldnall

Zn = HYn +Vnp. (39)
= HXn + HWn +Vnp (310)

-
Tﬂﬂ'ﬂ Wn =Xn_1 "'S(n_l

3.4 ngAIUINMANLSEANE

mnaum?ﬁ (2.12)

Eéneg }=BII1 +KnE{(zn > H’)\(’n)(zn F/ H')\(’n)T }KnT "E{(xn "‘)\(‘n)(zn - H’;('n)T }KnT
~KoE{(zn —H )0 = %) }

UNANNST (3.10) aalu (2.12) agld

E{ene,‘,'}=ﬁ, +KnE{(Hxn +Hw,, +Vv,, —HX, )(Hx,, + HW, +v, —HX )T }KnT
—E{(xn — %) (HX,, +Hw, +v, -HX,)" }KnT
—KoE{(Hxq + HWy + v —H%, )¢ ~ )T ) (3.11)

Anglaunsii (3.11) Relvailieglugy

Efqel =P, +KnE{(H(xn ~Ro )+ Hwg + v, )(Hikn = %o )+ Hwg +v,, )T }KnT
- E{ (xn - '>‘<',,)(I-|(xn - '>‘<'n)+ Hw, +V, )T }K;{

—KnE{ (H(xn -%, )+ Hw,, +vn)(xn -%, )T } (3.12)

NTLANERNNTN (3.12) aZld



Eae J=, +KoE{ Hlen — %ok ~ o) HT +Hcy ~ S0 WTHT + by - %,V
+Hw (k= %, ) HT + HwwIHT +Hw,v]

+Vnlkn = %) THT + v WIHT £y, VT }Kg
~{ o — Xt = %o HT g = S WTHT + o - VT KT

—KnE{ H(xn —')‘(',,Xx,, —'f('n)T +Hw,,(xn —'f(’n)T + v,,(xn ~?('n)T } (3.13)

Efener =B, +KHBHTKT +KHE{(k, - %, WI HTKT + K HE{(x, - % VT KT
+ KnHE{wn(xn _%, )T}HTKI + K HEfw wT HTKT + K HEf v HTK]
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An Improvement to the Adaptive Kalman Filter with the Feedback of
) Estimation Error

Nicom Promkajin, Suthichai Noppanakeepong
Department of Telecommunication Engineering
Faculty of Engineering, King Mongkut’s Institute of Technology Ladkrabang
Bangkok 10520, Thailand

e-mail: $3061039@kmitl.ac.th

Abstract: This paper present a new novel technique for
implementation of the adaptive Kalman filter. The
algorithm is based on Kalman filtering tracking method
with the addition of feedback estimation error. The
performance of the algorithm is compared with that of a
standard Kalman filter and also with that of an IMM
algorithm . This proposed filter is simple to implement
and requires less computational load while produce
better estimates than the standard Kalman filter
algorithm and closely to the IMM algorithm:.
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L INTRODUCTION

The Kalman filter is a mathematical power tool that is
playing an increasingly important role in tracking filter
as we include sensing of the real object position in space
systems. The good estimate is you don’t have to be a
mathematical genius to understand and effectively use
Kalman filters.

A Kalman filter is a set of mathematical equations that
provides a recursive solution of the least squares method
of estimation in which one tries to find a “best fit” to a
set of data using all of the previously gathered data up to
the present time. There are many excellent references to
Kalman filter theory and derivation{1],[2] , so only the
filter equations are presented here.

The Kalman filter solves the general problem of trying
to estimate the “state” x of a discrete-time controlled
process described by the equations :

Xy = FieaXge + Uk
and

2z =Hyxy + vy,

where z is a measurement vector. The matrix F,,
relates the state a time step (k-1) to the state at time step
k and the matrix H relates the states at time step k to the
measurements at time step k.

The random variables Uy and vi represent the process
and measurement noise and are assumed to be
independent of each other, white , and with normal
probability distributions p(U) = N(0,Q) and p(v) = N
(O,R).

Under these assumptions, the set of discrete Kalman
filter equations can be written as:

Xk =FXy_y M
(state estimation extrapolation)

R =FP1FT +6Qi4G” @
(error covariance extrapolation)
~ ~ 1

Ky =RHT (H RHT +R)_ 6))
(Kalman gain matrix calculation)
5(k =')2'k +Kk(zk —H’)\(’k) (4)
(state estimate measurement update)
Pe = (I-KH) R, ®)

(error covariance update)

where ;(‘k denotes the condition at time step k before

the measurement update and S(k is after a measurement
update.

The five recursive Kalman filter equations above
operate as follows. Equations (1) and (2) propagate the
state and covariance estimates from the previous time
step to the current time step, making use of the state
transition matrix F , and the variance of the uncertainty,
in the state transition equations, Q.

Equation (3) calculates that Kalman gain matrix, K,
which will be used in the update equations that follow.
The Kalman gain is a measure of the relative weighting
that will be given to the new measurements, z, and the
current state estimates, X . If the ratio of the uncertainty
associated with the measurements, R, is large relative to
the uncertainty associated with the current state
estimates, P, then the Kalman gain will be small and the
new measurements will not have a large influence on
the state estimates.

Conversely, if the uncertainty of the measurements is
small with respect to the uncertainty of the states, then
the Kalman gain matrix will be larger and the new



measurements will have a greater impact on the state
estimates,

Equations (4) and (5) utilize the Kalman gain matrix, K,
calculated in equation (3), to update the state and
covariance estimates. The term {z, —H’)‘(’k in equation

(4) is called the measurement residual. It is the
difference be the new measurements, z, and what one
would expect the measurements to be based on the state
estimates. The measurement residuat is then multiplied
by the Kalman gain and the product is added to the state
estimates to yield an updated state estimate.

Equation (5) updates the state estimate covariance based
on the Kalman filter gain.

For targets with varying or multiple kinetic behaviors ,
( e.g. maneuvering targets }, the standard Kalman filter
efficiency may be degrading. In this situation , other
algorithm may be used such as interacting multiple
model Kalman filter(IMM) [3].[4] , multi sensor system
{5] , as the cost of increased computational burden and
complexity.

In this paper a novel method is presented to feedback

the position estimate error for increasing performance of
the standard Kalman filter.

1L SYSTEM MODEL

In this paper , the measurement medel of the standard.

Kalman filter is added by position estimation error of
the last state ( W,,) as depicted in Fig. 1 for compensate

the output- estimation-error-of the next-state.
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Fig 1. Measurement model with position estimate
error of the last state.

‘where
Wn =(Xnq —Xny) ©
X4 isthe true position of the target at state7-71 ,
X1 is the output estimation position at state #-1.

The concept of operations can be described in Fig. 2.
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Fig 2. Concept of operations.

In Fig. 2 (a) , assumed the state model at state »-/
provide the true position of target X, ;. The target was
measured by measure equipment and to be estimated by
Kalman filter . Now assumes the estimation of Kalman
filter provide the error of'the target position which- move

to the right as X,y =Xp1 + 654 - So the magnitude of

-the-position-estimation-errer is .

Kna. = Xpg)=—0n4.

In this paper , the position estimation error ¢ in closely
state is. assumed. to be.equal (a,.y.=c¢,). Instaten,
( Fig 2 (b) ), the true position of target from process
model is X, . This position is added with the position
estimation error of the last state , so we have:

Yo =Xp +(Xng —Xng) =Xq—6ny

When Y,, was estimated by Kalman filter. The error
will appear at-the output-of estimation-as

Xp=Yn +0p

Xp =Xp —Gpy +69

But in this paper ,we assume 6, =6, S0,

Xp =Xp

Therefore the estimation of the position at state » will
have more correctly.

The factor of new adaptive Kalman filter can be
described following.



100nv/s in both axes and then proceeds for a further 45
seconds turning with. turn rate. 5 deg/ss  and there is
another straight line path for 5 seconds. After-that the
target exhibit a second turn , with tum rate is 6 deg/s
(from scan time 80-100 second) and nonmanuever flight
mode from scan time 100-110 second.
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Figure 3. Test scenario 1
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Figure 4. Test scenario 2

The second scenario illustrate in Fig 4 , include a non
manuevering flight mode during scan time 1-30 second
with speed 100 m/s in both axes and then proceeds for a
further 45 second turning with turn rate 6 deg/s and
there is another straight line path for 5 seconds. After
that the target exhibit a second turn, with turn rate is 5
deg/s ( from scan time 80-100 second) and
nonmanuever flight mede from scan time 100-110
secornd.

The performance of the purpose algorithm is compared
to those.of an IMM 3 model algorithm and standard
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Kalman filter where measurements noise is assumed to
be white Gaussian noise with standard deviation of 50 m
and 100 m for both axes.

Performance of algorithms was examined in term of
normalized position error (M.P.E.) [2] , which is ratio of
the- root mean- square- of position- error to- root mean-
square of measurement error given by

‘[z.’il [0 )2 +(yh - Yh)2]
, N-
N.P.E.(n) = (19)
> LOxh —zh)? +yh ~zh)?]
’ N

where X}, , yh and %}, , ¥} stand for the true and
estimated positions: of the target at-the #-scan in i th-
simulation run respectively. z, and iiv are the

measured x and y positionts of the target and Nis the
total number of Monte Carlo runs.

Nomnalized Position Error ( N.P.E.)
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Figure 5. The normalized position error (N.P.E.) of the
standard Kalman filter and improve Kalman filter for
the scenario 1 with Gaussian measurement error
standard deviation of 50 m.

Figs 5 and-6 show the N.P.E. -of standard Kalman filter
and" improve Kalman filter of the séenario-1. Figs 7 and
8 show the NPE. of standard Kalman filter and
improve Kalman filter of the scenario-2.

The simulation results showed that the N.P.E. -of
improve Kalman filter lower than the N.P.E. of standard
Kalman filter except at first from the beginning. This is
mainly because the position estimation error .in closely
state is assumed to be equal. In actual , for the first from
the beginning , the posterior covariance Pis fast in
change .
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Figure 6. The normalized position error (N.P.E.) of the

standard Kalman filter and improve Kalman filter for:

the scenarioc 1 with ‘Gaussian measurement érfor
standard deviation of 100 m.

Normalized Position Error ( N.P.E.)

1.05 T T T
! —— NPE of Kalman filter )
— NPE of imiprove Kalman filter"

ecan time (second )

Figure 7. The normalized position error (N.P.E.) of the
standard Kalman filter and improve Kalman filter for
the scenario 2 with Gaussian measurement error
standard deviation of 50 m.

Figs'9 and 10 show the N.P'E. of standard Kalman filter
, improve Kalman filter , and IMM filter of the scenario-
1with Gaussian measurement error standard deviation of
50 m. and 100 m. respectly.

The simulation results showed that the N.P.E. of
improve Kalman filter lower than the N.P.E. of standard
Kalman filter and closely to the N.P.E. of the IMM
filter.

The interacting multiple model (IMM) filter that was
used to simulation consist of the 3 — model Kalman
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fiter with difference acceleration bias. The state
representation for. each model are:

Xn+1=FXn+Ba
B! =B2=B3=[0 0 1 0 0 1]

at=-5;a%=0 ;a’=5

0.572
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Figure 8. The normalized position error (N.P.E.) of the
standard Kalman filtet -and improve Kalman filter for
the scemario 2 with Gaussian measurement emor
standard deviation of 100 m,

_ Scenariol. | 'Scenario2

deviation'(m). OO e

Standard Kalman | 05414 | 052 | 0.897 | 0.5

Improve Kalman | 0809 | 07947 | 0808 | 07980

IMM 0.7985 0.7760 0.7949 0.7821

Table 1 the average RMS of normalized position error
(N.PE).
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Figure 9. The normalized position error (N.P.E.) of the
standard Kalman filter , improve Kalman , and IMM
filter for the scenario 1 with Gaussian measurement
error standard deviation of 50 m.
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Figure 10. The normalized position error (N.P.E.) of the
standard Kalman filter , improve Kalman , and IMM
filter for the scenario 1 with Gaussian measurement
error standard deviation of 100 m.

1v. CONCLUSION

A novel technique to improvement Kalman filter has
been presented. The N.P.E. of standard Kalman filter is
reduced by adding feedback estimation position error in
to the measurement model. This method is less
computational load and low complexity than the
interacting multiple model (IMM) algorithm while it
provide lower estimation error than the standard Kalman
filter and closely to the IMM algorithm.
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Kalman Gain

From Fig. 1 and equation (6) The measurement
function can be written as

Z, =HY, +v,
=Hx, + Hw, + Vv, )

From the state prediction function of standard Kalman
filter {1]

%, = X, +K(z,, - Hx,) ®)
let e, =X,-X,
and P, = E{e,e] } ©)

where P, is the Posterior Covariance at state n.
Consider

Elenel FE(n -%)0a - %07} (10)
Substitute equation (8) into equation (10) ,
Py = EKXn "')\('n-'Kn (z, —H‘)\(’n))
~ ~ T

(Xn = X _Kn(zn "Hxn)) } an

Solve equation (11) where let
B, = Efx, - %a)(n — %) T } s the Prior Covariance
and replace z,, with equation (7) we have

=B, + K HE{x, - %) - %) THTKT +
KnHE{an,f }-!TKI +KRKT +
Ekxn - %n)(xn - ’)\('n)T}'ITKI =

K HEfx, — %)% - %)} (12)

Where E{wnw; }= Ekxn-l ~Xp1)(Xpg - 5(,,_1)T} is
the Posterior Covariance of the last state or P, ; , and

R =E§/nvl} is the measurement noise covariance.
Substitute P, 4 and R into equation (12) so ,
E ne.rI\.}= ?):1 + Kn”(ﬁ'u + Py JHTK] +
KRKY ~PHTKT K HP,  (13)

At minimum expectation error covariance ,

T ~
%&} = 2H(P, +P, ;1 HTKT +2RKT -

n

HP, - (BHT)T =0
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KT =(H, + Py 7 4R B, (14)
~K,=PHT (H(E,, +|>,H)|-|T +R)—1 (15)

Posterior Covariance
From equation (9) and equation (13)
P, =Efnel }= B, + KH(, + Py HTKT +
KRKY - BHTKT —K HP,
replace K, and K with equation (14) and (15) so,

P, = P, +KHP,
=(I-KH)P, (16)

Prior Covariance

Prior Covariance can be derived from

G ~ T ~ ~

B -E{8 8"} =l -S0n -7} an
From State model and State Prediction[1]

Xn = FXn_1 + GUn_1

kX
Substitute in to equation (17)

Pn = FEfXp.q =~ X1 Xxng ~ %) " }FT +

GE{Un1UL 57
P =FP._FT+6Q,,G” (18)

Where Q is the variance of random acceleration [1].
G is the input distribution matrix [1].

115 SIMULATION RESULTS

The Kalman filter model that used in this paper is base
on two-dimension three-state filters {1].

The simulated target motion was generated in two
dimensions { i.e. x-y- plane ) with 2 sampling interval
of 1 second. Measurements were assumed known at
the origin of the cartesian coordinates for the x-y
positions of the target with Gaussian measurement

-error standard deviation -of 50 m and 100 m used for

both axes.

Two realistic target tracking scenarios are simulated to
examine the performance of purpose algorithm. The

simulated target motion was generated in two dimension

with sampling interval of 1 second. The first motion
scenario illustrate in Fig.3 , includes a nonmaneuvering
flight mode during scan time 1-30 second with speed of





