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Nomenclatures

Uu calculated voltage

n unit outward normal vector

o conductivity or state vector

z contact impedance at the Ith electrode
U, measurement voltage at [th electrode
I, current injected at the Ith electrode
L the total number of electrodes

S area of electrode

€ [th electrode

N area of the object

ay2 boundary of the object

R resistance

c concentration

t continuous time

K diffusion coefficient

v velocity of fluid

" modeling error

A constant of proportionality between concentration and conductivity
F state transition matrix

k, K discrete time-step

Sy input vector at the k'th step

s ¥ input noise at the k'th step

Ly modeling error at the k'th step

i unit vector in x—coordinate

j unit vector in y-coordinate

m the number of state transition

Sy input noise at the kth step



modeling error at the kth step

input vector at the kth step
process error at the kth step
nonlinear function

measurement noise at the kth step

state transition matrix at the kth step

measurement voltage at the kth step

computed voltage at the kth step

state vector of the kth step predicted with measurement voltage
of the (k—1)th step

state vector of the kth step estimated with measurement voltage
of the kth step

measurement noise covariance

error covariance matrix of the kth iteration time estimated with
predicted error covariance matrix of the kth step

error covariance matrix of the kth step estimated with estimated
error covariance matrix of the (k—1)th step

jacobian for oy

measurement noise including v, and the truncation error resulted
from Taylor method at the kth step

cost functional

measurement noise covariance including the truncation error
process error covariance matrix at the kth step

Kalman gain at the kth step

measurement residual

covariance matrix for e,

identity matrix

input noise covariance matrix

modeling error covariance matrix



Qy, coefficient to compensate the unexpected measurement noise at

kth step

0, coefficient to compensate the unexpected process noise at the kth
step

O true true conductivity distribution

M total number of models in IMM

T Markov model-switching probability from the 7th model to the
Jth model

L, model probability of the jth sub-filter at the kth step

c j normalization constant

Li likelihood function of the jth model at the kth step

N total number of nodes

Iy identity matrix with the size of N XN

I identity matrix with the size of LX L

Sem ™! siemens per centimeter. 1 Sem ™! =1 (2em) !

ref. valuel constant reference value for computing «,

ref. value2 constant reference value for computing (3,



Summary

Process monitoring system based on electrical impedance tomography(EIT)
monitors the condition inside industrial processes by wusing indirect
measurements from the boundary of the object. Since the electrical
conductivity is estimated in the electrical impedance tomography, the
concentration of fluid can be obtained from the estimated conductivity by the
assumption of linear relationship. In this paper, a dynamic reconstruction
algorithm is proposed to monitor the concentration distribution inside the
fluid vessel. The interaction multiple model scheme is employed to enhance
the performance of the extended Kalman filter. The main focus of the
research is on the compensation of covariance for the extended Kalman filter
in the presence of unexpected measurement noise. Extensive computer
simulations are provided to evaluate the reconstruction performance of the

proposed algorithm.
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= (Webster)7F 71£9] XA A7 @329 HX-ray CT), 2A71&H I
H(MRD So] 72 52 9429 (dynamic imaging) ¥A1E &l 237 93] =

o2 Aot 7| o= (Webster, 1990), B ¢F-o A=S Fasta 1 A=
°F2 HFE FYH 4L A HeolHE o &ste] =4 W] dutHlE
¥ ¥ (impedivity distribution)& Ze WHS o2t ol FRAASZ IAA F
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(Brown)¥} A]7H(Seagar)ol] ©]3] A2 oz A2ty ) 31 (Webster, 1990), o] ¢
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o
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= Rom A7 dd s o
= FE 7]EY 3222l A 64
& 2A 7 7HA A (8 &
1B & Atelse A &l
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Aol AEA Ao E UMIST d7das3 A=
Kuopiot 8+¢] Inverse Problems 17713, UCL 9171+ % (Bill Loinheart et
la, 2000)°] ©]38] &w+&}7] 4 (portable) ol #oll 73 (robust) 2T E o] A4k
S X2 3to] 7EE EIDORSEE MATLAB A27F f838HA g 2ol
Ak FEA M FAH FEAEDN S FAE 7E-HSH (modified
Newton-Rophson method)& ©]-&3% A9 4 dolH 7t Algte] wet Wstst
v AS 1yg A FAEAAAY AR dEHE o] &3 AUt wWol Xy
o gty 53] 54 g4EdS A3 Zv dE(linearized Kalman filter)&
o] &3l= AFHE Kuopioth e Inverse Problems QA+1E% 4 Zvk Fg
(extended Kalman filter; EKF)& o]&3t= AFdgdn A7 15(Kim KY &
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Al iAol M= Fig. 13 #2ol, A5FE Algdelds a7 98 v <

g
AEE BEE olgde] 24 A% HolHE oo AdaFA A

Fig. 1. Schematic diagram of the forward solver for the process monitoring
system based on EIT

ol F&Al AL thed Fe MAd(Maxwel) BAHNRRE fEE 4
21 o] 29 AAxAE YEhU= AT AA(22) ~ 24 &l FA7
1 WS ol &sto] afAstA
V- (oVu)=0 in 2 (2.1)
u+zlag—z =0, one forl=1,2-- L (2.2)
/ oL gg=1, for | =1,2,--,L (2.3)
‘o on
5 L
o 2% — 0 on s\ ¢ (2.4)
on =1

o714, Qv A WHF ddE, 0Nx EAY AAWEE, o= A HER
) =

g, ue =A AAMCAANY 4 Ak, 2 HA d=&



ze 1A A=Y JF AS U2 A A4 54 dds, 1[& 1
HA d=oAe] o A/FE, ne Ao FAg G HAuHE 77}
vrebich a8z F71E e A4 (existence) ¥ £ DA (uniqueness)S T

3} o] A

L
=0

L
MU, =0 (2.6)

21(2.1) ~ (2.4)+= v XA o] "]3}9—i 7 AR BE e W ol
wpeha] FA QL P o2 A frgk e A (finite element method; FEM), 78 7l &
2% (boundary element method), -‘r’rfﬂx}—ﬁr W (finite difference mehtod)S ©]-&
SstA EH=dl, 2 AFddA = 53 g4 Sz AARAS Ad AvE
WA Aol Aget ke AS ]%3}&1 e 712208 gt Al w4

2 sase
U, = R(o)], for [ =1,2,,L (2.7)

714 R(o)2 Ut I, Abele] AE% ool die Ads ojnlsiA wrt.
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1) A=A

é%;:o at x € (02N\02u) (3.1.2)
OEET

¢(z,0) =c(2) (3.1.3)

C(m,t) = Cm(t) at x € 992, (3.1.4)

2] (3.1.2)2 & Y (pipe walD)oll A= &2 Aol dojupA] &S yEITH
a8 F7E A9 v EE=A (incompressibility) S tHe-3 o] 714 gk}

Vv =0 (3.15)
2 (315w FrAe dEvt 3 AAAeE #d3S vERAT aga d7] ¢
Ax GFHAYS o]&3t7] 918t Fig. 29 #o] X9 HEE Apolo] 4
3 XAgH vdBAE v 2ol 7Hg g

o(z,t) = Ae(x.t) (3.1.6)
21(3.1.6)% o] &3t 2(31.1)& olitsstd e wAaAS 4 F AY

O'k’:FO'k’,l"FSk"f'(a;k"i_Mk’) (317)

o714 kK& o]al AlZk-2¥l(discrete time-step)S, sy KHA AEloAM Y
¥ E (input vector)Z, s & B A7 FS(input noise)S, pyE k¥
8ol A mdd o ¥ (modeling erron)E 7tz YERATH 714 5.9 ppE

Els,ull=0, BElufs)=0 o zae wzat mgu Fe Adgdodd

2

(state transition matrix)& UER I, o]= U v =}
ozZA FHHoR FHAHET, ol FAHQl WHoRE FHAAYY T Q9

2] W (backward Euler method)o] A& % U},
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Uy, mfan|:1 - (y Tyo) :|Z x (318)

=0i, (3.1.9)

@Cl

o714 2] (3.1.8)~(3.1.9+=

-
Uy omean= T35 WFOR FA9 FAEHES, yyo ¥ T4

£
o
2
ol
=
o
4
!
o
o
=]
o et
ol

WFozel woME S etk olul F ode WHe Az A At—0
9w oxsh AsstHme, FeEAAe 74 HRER mue] e Aol (state
transition)7h ®ehe /b okl whewt gel £AELh o714 Aueld e
Af7h g 99 9 AR FYAe] AR AFS ANG oA Ao
A EA BW AGS FHtE AL o= drk

Oy :Fo-k'fl—i_sk'—’—(gk'—"_,uk')

o1 =Fop+se+ (g1t gy)
:F{Fak'fl—"_sk'—f—(gk'+uk')}+sk'+1+(gk'+1+/1’k'+1)
:FQUk’—1+(F5k/+3k’+1)+{F(§k:’+ﬂk’)+(§k/+1+ﬂk’+1)}

O-k'+(m71):Fmak'~1+(Fm71$k'+ L +F8k'+(m72)+Sk’+(mfl))
+{Fm71(';k'+:u’k')+ +F(‘;kur(mf?)+:u/k'+(m72))

+(';kur(mfl)+.uk'+(7nfl)>} (3110)
O]UH }l} (3110)% Sy = _Sk+(m 2)_5k+ —1) gk_ :‘;k'+(m72):
Sk+ y M= _:uk+ (m—2) MkJr ,,,,1)2 7]-]4?1—23}\1 qoj’}’ 71—0]

Z_Pii}%li}.

O'k'Jr(mfl) = F"la.k,71+(Fm*1+ o +F+[) Sk’+(mfl)
+(mel+ o e [) (§k3'+(m—1)+lu’k'+(m—1)) (3.1.11D)
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or=F"oy +(F" "4 o £ FH D) s+ (F7 4 -

LI

R

111

)

o= Fop_ 1 +stwy

Uk:h(ak)+yk
A7IA, v WA 7EAIE S (white Gaussian noise) FE|S]
el Aeletd, 2(3.1.13)~ (31142 FFH o iHde it e
o] Yepd 4 Qltt.
op=Fyop 1+ s, +wy
Uy =h(oy) +v,

047]}‘1 V]fﬂ' wk"L—; E[kakT]:O, E[kakT]:O 94 Z71& E'_é—?_g}
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B3 s, = (F" b e FED)s, we=(F" 4 o

(3.1.12)

+ F+1) (s 4+ py) 2

(3.1.13)

e ZZ2A 2~ o (process
Ds olitstete] EHA 2glol A SAH = ASH
S gy go] LA s R
=

HAEE
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D &3 20 By dndF

2k 27t I H (extended Kalman filter; EKF)ol A o] el 4L 3 &4

1
P (o) = bl {” U= Vi) o+ llog — O-k\k—1||(ck%71)fl} (3.2.1)

A7 Vilow) e ZEE g0l o8 AxEE A4S sty o714, oy
= kAR EAZIg A £ HoHE FAHE FHAY AEEE u| s
aga Pst Gy = A4 e 2ol AoHe= A4 #e eiddE
(measurement noise covariance matrix), A7 ZBAlE o HFEAFH

(time-updated error covariance matrix)< e T

P,= E[VkaT] = E[(Uk_ Vk(ak\k))(Uk_ Vk(aklk))T] (3.2.2)
Cip—1= E[ (O-k\k_ak\kfl)(aklk_Uk\k—l)T] (3.2.3)

21 (31155 ol wAA A" EHEH oy S VIELE HAY
(Taylor) A8t o3 2o}

U,= Vk(ffk\k—1)+¢]k(Uk\k*Uk\k—l)‘H;k (3.2.4)

AANA, v EH A

B

£ 3} Zdbol] & (truncation error)E EF E3H3 =3
A JF5S, v s Aoz Aoy At d) ™ (Jacobian matrix)

7} vpehie,

o
N
N,

O =01

o] 714 o] A=A HEA 4] (pseudo-measurement equation)S TS Zo] T
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= U,— Viloy-1) + o

4
E

tgo AEstE =494 4 (linearized measurement equation)S &<

Yp = S O+ ;k (3.2.7)
kA A (3.2.1) the Ao =2 AgEHh
1
P (o) = 0} {”yk_ Iy Uk\k”(fpk)fl +llow— Uk\k—1||(oWl)—l} (3.2.8)
A7NA Po=Elvw e AB240 F42 23 &9 pol dd T2 3
4S5 yehdn, aela 4 (3279 SAWAAozREY g Ant dy A2
o3 o] el = 9l
(i) A1ZF 7841 GA (time update step)
Uk|k—1EFk—1Uk—1\k—1+;k (3.2.9)
Cip-1=F, Cp_ -1 FkT+ Q@ (3.2.10)
(ii) =4 784 &7 (measurement update step)
G, = Cy1 S (8) ! (3.2.11)
Oy = Opr—11 Grey (3.2.12)
(3.2.13)

Ck\k = ([_ Gk Jk) Cklkfl

2t g3 gol Jieakst ofe e vEAIFERAM A

0:17]}‘1, Gkg]r Sk;'iLf 7—}"1

EEES
(3.2.14)

€, =Yr— i Opr—1

Se = i Chp—r (J) "+ I_Dk (3.2.15)
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Q.= Uy Zol AYHE ZTzA2 o7 FEAE(process error

covariance matrix)< e
Q.= Elw,wy] (3.2.16)
TP 4 (3112)~ (LIS ERH @ v 2ol YERE 5 Atk

Qu=(F" '+ o + F+D(spsL+pppl ) F" 4 oo + F+ DT
=vier+el) vt (32.17)

2) AAE 4 B B

B A} (compensation)2 3 % 374 (target tracking) okl FE Ao w3k

2 w2
g odle st FAe g Wt gt @Wol =l gt &, o=
W3l7E A gk 3% 34 (maneuvering target tracking)S thd o= sho] 3434
of e Fd AHad x4 Wt A%s O ARE FASE Ae
SHow sta vk 53] A FEe & ]{— Aol Fydor Fa3% 3
A, weld BH5H Ropo i Aol Fgo] & nAdZE G 3
& 2Rt FErE @ol 2ola v adga 53], HE E}(Mehra)ﬂ A 2~ 7]
(Jazwinski)7} A A% 34 Zk dEoA Z2 A2~ o FEAS ZAHI}E W
AHREC] B2 F5S ok th.(Chang C.B.¢} Tabaczynskl JA, 1984) 1
glar T ofe] BElE elels Fol7] A% A5 #E (adaptive filter)©] A7 ¥

o] zlsj x| oA QLE‘r = madAE 7IdA &2 SA ey ZEAX JdYE
9k 2 E](covariance compensation extended
Kalman filter; CCEKF)% A A st S ohs 2 9 (interacting multiple model;

S Arstdth WA FERARA 2 Awk A
-

T
-
2

ol

N

fo

_?L

okl

-{E
>«
2

I

o

A Jﬂ'f
ol
N rlr

R

o
M
>
>,
4
oz
_I {
o)
i)
r\j
L
)
2
>
lo
ox
=
o
o
rlo
i)
dlo
JH

_15_



1
P (o) = 5 {|| U.— W(Uk\k;)n(akﬁk)q Flow— o1l q‘q‘kqﬂ{ﬁm@‘)—l}
(3.2.18)

24 (324)~@2N% L Ao AYstd =8 WANS e 2ol ¢

&
o

2 (3218)2 th3t 2ol A4t

1
o (Ok\k) - 5 { ”yk— t]k O-klk” (), P) ! + ”O-klk_ Uk\k—l” (Fiy Coope s B+ 8, Q) }

(3.2.20)

(3.2.21)

ap =

( ly,— J Uk\k” )2

ref. valuel™®

5, = (MT (3.2.22)

ref. value2*

0ot gol 2AlasiAl wih.

_ 2
o, = (”yk o “k"“”) (3.2.23)

ref. valuel

ﬁk;(”Jklkl_Ukle”)Q (3.2.24)

ref. value2
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N
=
B
&
rlo
[l
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k=1~6 2" o] Z=Axxdo] AHAHOT Ars =
lowe— o1l 3t 7R e ZRAA oz 23 Asste] 5.8 FR
Astd 7] wel AR Aottt oA B dugFe] FAAd TS vl
s FAE e ogyol e 2AH(root mean square error; RMSE)E U

&3} o] Relahglrt.

— T —
( RMSE for O-k\k ) — \/(Utrue Uk'\k'T> (Utrue O'k\k) (3225)
O true0 true
aE]al A(3.223)~ (3.224)ZHE FiEAtRA; B ZAvk dE 22 T #Zo
e 4 gl
(i) AIZE 784 &A
O—k\k—lek—lak—l\k—1+‘;k (3226)
Cup—1= Fy Co_ 1 1y B BLQx (3.2.27)
(i) =748 B2 @A
Gr= Gy 1 & (8)7! (3.2.28)
Oy = Ope—1+ Grey, (3.2.29)
Ck‘\k - <[_ Gk‘Jk) Ck‘k*l (3230)

€ =Yp— JrOpr_1 (3.2.31)
Sy = Jy, Ci— v +akpk (3.2.32)
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Fig. 3. Estimation performance evaluations for CCEKF.
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aglan FRANEA G ZAnk dE e R 5ol Aot dAds BesFUI
A8 Ak Asosrd Fxo B dugFdd dE) dAryiE st
FatderRde Aige] Fdo] Auidoz HowA Al FAHALTS &
Aoz NAAZA F e durstd W8 dagFolth o= &35 (Blom)¥
Hl-4HE (Bar-Shalom)ol  9J&] 1988 AlAl o] H+=ul(Blom HA.P.9}
Bar-Shalom Y., 1988.8), A Sol& ths A APA oA Fojzxl ths =l
= TFst7l fg g A spEd A T E Y 28 Al o] &2 (Houles) 9}

-4k Eo] o3 1989 tE AA F4 ) (Houles A.¢} Bar-Shalom Y., 1989.3),
o Yoyt e & up-AEd o8 Wyt A% A F4 o (Bar-Shalom Y.,
1989.3) 27zt &=l gt 1 ol F AsuTERAL olF V|HeR s
ol ®AF%(Averbuch A. 5 19915), &4 7] dydx FZFHF 9 H(Kim
KY & 2005.3) & W&d 2okl ®o] S&5ojA skt o= Fig. 49X+
AGA ] AR FE BoE A Hed 1 A4 e 2ok

ﬂll

2

D FAANEY #4353 &% dA(Interaction / Mixing step of the estimates)
FAANES] HE Y dAdAE Foix  ER g E(updated model
probability)S vlEX RE-291% &5 (Markov model-switching probability)

Trateted, AdefuE o oy FEAAE S 47 ogd 72

wE e olg 4
o] ’\LE :e.ztsLo]_yﬂ %q_.
M i
j i Tl
0'2‘]_ 1k —1 == Zak—llk—l(_‘—;k] (3233)

M i

0lj i 0lj i olj i T M
Gy = Z[Q:—1\k—1+(0k:—1\k—1 O-k:—l\k—l)(o-k’—l\k—l Uk—1|k—1>T] —
. .
J

1=1

AZIM mys Rl ol qRE Edj7bA] A E vpEz BEA-s9d] B85S,

=k 2"oA jHA BZEe o g5, o) 9 GV

=
!
i)
i
N
S
N
Y

of

5 3R e gy FRAAEe A4 deL o Bed 2ol A4
o] = A3t 344 (normalization constant)E YERHTE 7|M j=1,2,... .M
o}

[¢)

—
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;= Y (3.2.35)
1=1

@ FE ¥ @A (Filtering step)

2eg WAL FAAE 45 BF DA T EFHID ey
Bk ol FRADEL olgekel @Al FelolAe eueis e FRAY
Qe FA4FA Bk B mRAt Qe AwEe j=1~ (M-1)A%
wEel B3 2w AEs JuR g 24 Aew ZRAs odE mAdF
7l 9% FRARAY g 2w WHE FbekAl Ak ol o714 FE 74w
So 24A5E oA 2N 45 E£F @A 9= (feedback) S F

@ mdsts A4 @A (Model probability update step)
2dstE A dAol M= likelihood S o] &3l F=Ho 3
O} A] == (most likely) 3t @I ES v o] A& FA ),

; Lic,
= i (3.2.36)

NiZic
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Fig. 4. Proposed reconstruction algorithm based on IMM
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Fig. 7. RMSEs of CCEKF with different ref. valuel in the presence of

5% unexpected measurement noise
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IMM in the absence of unexpected measurement noise
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Fig. 11. RMSE of the proposed algorithm and EKF and model probability of
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