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Image reconstruction for electrical capacitance tomography based on
forward problem solution using extreme learning machine

Zhang Lifeng, Dai Li

( Department of Automation, North China Electric Power University, Baoding 071003, China)

Abstract ; For the iterative image reconstruction algorithm of electrical capacitance tomography (ECT) , linear forward problem solution is
usually adopted to speed up image reconstruction. However, image reconstruction error is inevitably produced. In this paper, a nonlinear
forward problem solution based on extreme learning machine ( ELM) of ECT is proposed. The inputs and outputs of ELM network are
permittivity distribution and predicted capacitance measurements, respectively. Image reconstruction is carried out based on the
combination of the presented method and conventional Landweber iterative algorithm, which is named as ELM-Landweber iterative
algorithm. In order to make the samples more representative, the distribution positions and sizes of objects in each phantom are randomly
generated , and the corresponding normalized capacitance values are calculated as ELM network training and test samples. Simulation and
static experiments are conducted for ELM-Landweber iterative algorithm and the reconstructed images are compared with those of
conventional Landweber iterative algorithm. Experimental results show that the convergence speed of ELM-Landweber iterative algorithm
is significantly enhanced, and the quality of the reconstructed image is obviously improved compared with conventional Landweber
iterative algorithm. The average image relative error of training samples and test samples decreases from 0. 728 to 0. 504 and from 0. 596
to 0. 475, respectively.
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Fig. 1 Structure diagram of the ECT system

FERR IR N B B It (1) R

Ve (elx,y) - Vo(x,))=0 (1)
Aol e (x,y) BB, d(x.y) KB AL
A R H, B X iy 2 A C, T R (2)
R AR

fhe (x.y) T (x.y)da
0 i

R S S =
e b, — &, HEH AL i 5 E B A2, A
Sy AL B R R BT, @ S R b Y RN
fif it
1.2 ECT R&IE @

ECT IF [l 352 48 8 1 5037 3 04 A L 8000 A0 R 3
B AE . 2 (2) TovkoR A E B AT A, T A
FROCTEIEA TR R A, BSAR XS54 an 181 2 BT, 343
H 1728 =BT,
1.3 ECT R& i afR

ECT 396 [ 3502 A 4 L 25 1 ke AR B H 8 55000 A, IR
FrRom R E B AR b ) BRI B O 2 i #%




wo R ¥R

F42 8k

66 X
Y
X7
V 1
L,
A
A
e S
4!
0
..’{3

K2 &R
Fig.2  Mesh grid

207 (linear back-projection algorithm, LBP) , W= (3)
B .

G=S'C (3)
AP G E A EMR KA C I A 10 55 S
R R KA
Ci(k) - C; 1
00 =m(h) S (4)
A w (k) HEBER kYOS B RE T SOl S
MG ZBREBRZ L, C, .(C; 435 45 P 58 il IR A
AN (N B R e, Koe, ) I i IR HLES
(B, €% A I FEI AR 5 A I i ARG 0300 v
.

B ARFENG BEAS, brh l ERZ ry 2 kR
KRR, BRI R R, (L E A Bg, W
FHIY 2% 82855 5 8 Landweber #5855 15, =X (5)
PR,

G,. =G, +a,5"(C-SG,)
(5)
G, =G,
Ab: G, W5 kPR EG KA G, ikt
{&, it LBP FE1G 3]s o, A5 kD RYEAN 7, A
K HEMERH T, K (6) Frs,

&y T &

L S'Q,1°
Colss'g, Il (6)
0,=C-SG,

Forb, @, Wk ALHIIRZE AL,

Landweber 35 AU 1 1 /)y A 00 rit 25 {8 5 o
PR EE (A i oo A) 22X (1) ((2) T IE R Y
HL AR B D) 5% 2, DT B3 A PRI E DR I 7 22 2

YORMFIE S, (HaEad (1) F(2) SREE [ i, Ho 5
PG Tkl 2 SR K

H, 7220 (5) F Landweber 3510875 R L e IE
5289 (linear forward projection, LFP) (26) 5k B HHLA(E,
X(7) F.

C=S5SG (7)

H1 TXF ECT A AR AR AR AT T et fbab 2
PRI T2 77 1 R AT T o SRR A B

2 EF ELM L IE [k fiZAY Landweber
ERE

2.1 EE[FE

AT ELM 485K i ECT LM E [, LASR =
SRIGAE B PR . 5 £ 5 Landweber 0B AHEE &, F
A VA5 i At Bk S HAE [ T ] 3 T, S ARG O i
%7108 ELM-Landweber 24.7%

Gk
+ G,
%

(:m -'f\ o s T

L.

ELM

K3 Bk RAE
Fig.3 Principle diagram of algorithm

B3, C, AIEHEE, C,, ML ELM M4
DAL AE
K ELM P26 T 75 380 (1% R 25 (60 07 FH 358 22 1] oK
fi# , ELM-Landweber 1% C& 24050 (8) FiR .
G, =G, + akST(Cm - Cyy)
G, =G, (8)
ELM %28 T 45 3] fr) i 25 8 0 FH 1 32640 I - 1 oK
fite B F o, FRIXXIN(9) B,

. - Is'g, |
Coss'e, I’ (9)
0. =C,-Cy,

2.2 ELM ERFE
XTAERE N DA AR (x,,8) , Hd x, =[x,
Xia ’xi3""’meT e Rt =[1,,1, ’tiS’“.’tim]T e R", E

SCBJZEAT B N BT BRECH g (x) 10 B2 BT 5 100 245
('single-hidden layer feedforward neural networks, SLFNs)
AR



5 10 ]

JRaT I AF BETARBR2: DR IE IR Y ECT BUG E i 67

2 Bue(x)= XBeglw - x;+b)=0,

j=1,K,N (10)
KB, =[8:1.8y,.B,, | SRR LR U2
TR W, = [w, 0,5, 0w, | RIEERAZ TG o
ANRJZETT R RCE ; 0, AT A 28 R 45 0 i AR w, - x,
sEw, Flox, BINAR b, 255 i DR T R BE ; g () AT ik
A ) Kk PR B Sigmoid RS

RIS I, N AN BRZTT SR g (o) R BTG pRE A I
SLFNs REJCiR 22 BT X N MEA 3K WG 1ATE b, ,w,
B, i (11) BT

ﬁﬁig(wi.xj+bi):tj’j:]?K7N (11>
BRI SR
HB =T (12)

AH L H S ELM W45 B2 A0 % AR R H 1958 i 9o =
HIA x,, - ,x, BB i DRRUZT S0, T ke
A ER S
2.3 ELM WM& &+
ELM 1Y P& 25k anE 4 Frios, M & i A JZE B
N =l
X, 0,

b

LN 53

1 728N T 1 080MHZ T 66 M
K4 ELM 25455

Fig.4 Network structure of ELM

Do 28 i ARy RS ) I AL, AR SCR FHIEL 2 BT 7 11 1)
SRRIRE A1 728 AN BTG, WUk A JZ BB 4T S BCh
1 728 B2 5802 EIM M —FRIRENS
B BRSO BT o MR B 10, L 10 fE
NGB 3 000 4, LA R RE AR (1 5 R 7 235
ZE RV bR o, B e R R /DN 15 2 6 0L 1 B2 T A Ak
1 080 ; % i 4y I i L 25, A< SR 12 LR ECT 1% %
i, A 66 ANl ST L I AR, B B2 2T AN Ok
66,

3 XBRERKRSH

3.1 FEXE

D) i FLA A S OL 3R

fFEZAF A cintel (R) Core (TM) i5- 6300HQ CPU,
4G PIAFHRLING . >R FH R84 2 ) 19 36 T MATLAB (1) ECT
A BR IO B A HEAT 5 2, 7 BRGSO AR 43 A1
THURAC Y AH XA R B i 3 F 1, R ELM-
Landweber Fk T EMR E#, I 5155511 Landweber 5.
LT,

ELM-Landweber B AR .

1) FEARAE BT, BEHRER PRI, =3 402 SORE 5
Tl SR AR S A A B A7 00 1, IR P B ALY 5 1 A B
FEAS, QLR 43 A5 1 [0 A2 AR 2 o0 BEAILAE B, 5 F 40
B 1000 PEEA, BT 5 000 MEEAS, TR 3K
5 000 /™3 AR IR X 18 F) 45 B H 290 e

2) MIERYNGR, KB Fh o A0 LA YT 900 A A
RVNGHEA, J5 100 MEAVERIMNAFEA . 4 4 500 1]
YRFEAR YA B R B A AE N ELM 45 A A K v,
FAEAER ELM 28 i i, 52 B ELM 2% )l 25 5

3) EMGWMESE, f#i 1] LBP B vE A RIS REA fir
XoF 7 1) o e VLA B i e, I I — Ak

4) R ELM P2 Tl e 2508, # HARA S (8) i,
TG E R,

NER L ELM-Landweber 2.3 il {4 4t Landweber
SR ) R R PR T A, AR SCOR FH UG AE X R 224 1A
Bhn, Hoe O

RE = M ( 13)
gl
K. g Rl g™ 43000 BRI 43 B o S MR AR I RE LI
2) RRAG 5

YIGAEA Y B AL R 5 s,

Hi & 5 AT, eI e MR A B BRI B W)
1B X 4375 T , ELM-Landweber 9% 5 28 (%1% #) ] B¢
F Landweber 208, W I K = 0 43 AR A A0 b F
5 1) Landweber 38535 | & FG HARL i, JoEE X 47,
1Ml ELM-Landweber 537 5 2 K44 1) 56 B L5075 T, fiE
BIX AT LAWK LANIAIE 4347, Landweber 1505 1 &
HEEIRIR 22 5K, ELM-Landweber T £ 814 5 J5U 43 4
AT | G B IS R R

T 5 PR s IR E PP, W3R 1 R

% 1 B5 £ W, ELM-Landweber 3% (1 % A4 % 5
ZHLT Landweber 535, 5 5 FE MM 4E R —FL,

(7] B, 6 B0 30 AR A7 PR i e, G o g IR
6 .



68 I # I F

S ¢ B4

ELM-Landweber

TR Landweber

©9000
® &0
® 008

K5 INgRbEA i B R

Fig.5 Reconstructed images of training samples

&1 %A RE
Table 1 RE of training samples

A Landweber ELM-Landweber
iy 0.838 8 0.481 3
M 0.804 5 0.698 0
=il 0.635 8 0. 620 4
932 0.439 6 0.275 8
HIE 0.9215 0.446 2

i 6 AT 50, X F IR EEA , ELM-Landweber 105
AR FAZSEY Landweber F95 HAA B RO PE A, 0wl
052 =31 53 417, ELM-Landweber 332 5 4t K14 b i 49 4
XA, PR b Je X TR 43041, 15 G2 1
Landweber 2.7 B H M 5E 422 B | T ELM-Landweber 2.1
RERC O b i A PRR AR PR B R LG

[, AR 1 6 JI7 7 3 (RIS Y 2 SR A an 3k 2
B .

2 LA L, 555K Landweber 5 34 L,
ELM-Landweber F 32 (A XS 15222 BT/ BG4 B AE

3) WS B i

RIS AR SCHE 8 13X P AP A 1) RE WS B, DA
B B Sy 4], R A ELM-Landweber % 7% Fll Landweber
S AR 50 W, HE A R Y RE FE RStk it 2k
7 B

ELM- Landweber

FEAY Landweber

Hif

i

Y

6 REAS i F A 1A 5

Fig. 6 Reconstructed images of test samples

Fz2 MAHARRE
Table 2 RE of test samples

R Landweber ELM-Landweber

SEN0) 0. 656 4 0.462 8

[ENEN 0.701 6 0.5819

= 0.645 7 0.6152

Wi 0.159 3 0. 096 1

HIE 0.818 9 0.619 7
3.0

—— Landweber
--~--ELM-Landweber

705 10 15 20 25 30 35 40 45 50
AU Hn

Bl7  HHBTEY RE 2k
Fig.7 RE curve for single bubble phantom



5 10 ]

FRALIE A BT BRI HLR A IE R RE Y BCT PR dgt 69

&l 7 W LLFE ), ELM-Landweber 5%k 75 12640 P =
KZJG, RE PR3 T B i W S0 BE W) B T T 4% 46
Landweber 535, H RE {8 . ZF (X T £ 4t Landweber 57,
3.2 EE¥Xw

SR AL L g 2 e b i 90 50 % 1) ECT RS0k
17T HARSE  ECT SEm R iniAl 8 fiw

AL RARRES

TR
/

R T

8 ECTZLE AL
Fig. 8 ECT experimental system

RIE LI DRHBURLAS DL AH , 2E 47 A 1 3/
PR AT 9 3 2505 0052 98, W o 0 2k 11 o 2 [T R
K9 fR,

ELM-Landweber

/ ° ‘
\
% . .
b
’
' l I

Landweber

9 WAL EERE

Fig. 9 Reconstructed images of static experiments

A1 9 R UL I A A S B W | =R )
LR34, X TS 28 9 45 2R | ELM-Landweber
LI WAL FAE 4t Landweber 53, H 8 g KIE W IE AR
TREFERGF i H 20 UG SR TOR & | & RE
BA 5 X 43,

2E TR, ELM-Landweber 5 Landweber 1103 % 4H
P, S R TP o A PR AR T ) 4 A

4 & &

ARSCEP X B ECT 28 I [ BIR A 7 ik 51 A EI%
HRZEX — [ AF5Y TR A ELM 253547 ECT R4t
1E[A)BOR M, F45 4 Landweber S0 b7 R B 22
15 B A S A R R W Ty AR TS,
IS EERG RS Bk, Fit, T ECT B4k
P T [ R i — P4 i o R RS T i A T

B 125 T DR ATAE — 2 ) SRy R 5 4 (A ) 4 1
LR 09 S5 50 R R IR e AR, TR
ECT A4 MEE A1 R5 14 5K A A B, A B JE 4% 22 i )11 2
Bl , It Hask sl g 2L LA — e AR . sk, 4
P 5% B W 1) T P R B8 A e A BT 0 200 B A AR BRI
IREA S 25 ELM %% P (il 28k

Ja 2 TAE R 58 A U /)y ELM-Landweber 58.3% )
Jry B Bl S B 52 e, i AR R G TR, R DLCR
GPU KT ELM M4 (I 25, $ MR, M8k, IRl
ECT JELR M 1F 1) 551 1) sk e 25 & e & @4 1 00 47 ECT
BB,



70

fiC % 0 %

e Fa2k

S 3k

(1]

I, e, 2RSSR T]. A
A2, 2013, 39(11) ; 1923-1932.
TAN CH, DONG F. Parameters
multiphase flow process [ J]. Acta Automatica Sinica,
2013, 39(11) : 1923-1932.

TR AL BRE ) ik MG, A5, T UGHE ECT 1YW #0b Rt
Jie 2 Te AR B 5 [ 0], AR AR 2= iR, 2016,
37(7) . 1596-1602.

WENY T, JIA Y, ZHANG Y Y, et al. Research on

non-destructive testing of thermal insulation material

measurement for

adhesive layer based on improved ECT [J]. Chinese
Journal of Scientific Instrument, 2016, 37 (7):
1596-1602.

A, 1, = 7 A — Bl TS R 2 2% 11
R R B Jm AR DT A [T ] 7 D 5 AR 2 Al
2020, 34(4) . 172-179.

QIN J, ZHANG L P, YE Y F, et al. An eddy current
metal identification method based on convolutional neural
network [ J ]. Journal of Electronic Measurement and
Instrumentation, 2020, 34(4) . 172-179.

XU, BT, XA A & s A BT &
BUREER [ 1], A4, 2015,36(10)
2355-2362.

LIU J, WANG X Y, LIU SH. Dynamic electrical

capacitance tomography image reconstruction algorithm for

multiphase flow measurement [ J ]. Chinese Journal of
Scientific Instrument, 2015, 36(10) ; 2355-2362.
AT XIS, FHV . T He 48 SR 09 L 25 2 A
BGEGEFERILTIT]. BT, 2017, 45(2):
353-358.

ZHANG L F, LIU ZH L, TIAN P. Image reconstruction
algorithm for electrical capacitance tomography based on
compressed sensing[ J]. Chinese Journal of Electronics,
2017, 45(2) : 353-358.

CUI Z Q, WANG Q, XUE Q, et al. A review on image
reconstruction electrical

algorithms  for capacitance/

resistance tomography [ J ]. Sensor Review, 2016,

36(4) . 429-445.

LEI J, LIU Q, WANG X. Deep learning-based inversion
method for imaging problems in electrical capacitance
tomography[ J ]. IEEE Transactions on Instrumentation
and Measurement, 2018, 67(9) . 2107-2118.

ZHENG J, PENG L H. A deep learning compensated
back projection for image reconstruction of electrical
capacitance tomography [ J |. IEEE Sensors Journal,
2020, 20(9) . 4879-4890.

ZHENG J, LI J K, LI Y, et. al. A benchmark dataset

[13]

[14]

[17]

[20]

and deep learning-based image reconstruction for

electrical capacitance tomography [ J]. Sensors, 2018,
18(11) : 3701.
ZHU H, SUN J T, XU L J, et al

reconstruction in electrical capacitance tomography based

Permittivity

on visual representation of deep neural network [ J].
IEEE Sensors Journal, 2020, 20(9) ; 4803-4815.

HU H L, LIU X, WANG X X, et al. A self-adapting
Landweber algorithm for the inverse problem of electrical
2016 IEEE

Measurement

capacitance tomography ( ECT ) [ J].
International Instrumentation and
Technology Conference Proceedings, 2016: 1-6.

TIAN W B, SUN J T, RAMLI M F, et al. Adaptive
selection of relaxation factor
algorithm[ J|]. TEEE Sensors Journal, 2017, 17(21):
7029-7042.

SUN J T, TIAN W B, CHE H Q, et al. Proportional-integral

controller modified landweber iterative method for image

in landweber iterative

reconstruction in electrical capacitance tomography[J]. TEEE
Sensors Journal, 2019, 19(19) . 8790-8802.
MARASHDEH Q, WARSITO W, FAN L S, et al,
Nonlinear forward problem solution for electrical capacitance
tomography using feed-forward neural network [ J]. IEEE
Sensors Journal, 2006, 6(2) . 441-449.

HUANG G B, ZHU Q Y, SIEW C K. Extreme learning
machine ; Theory and applications|[ J].
2006, 70(1-3) : 489-501.

HUANG G B, ZHU Q Y, SIEW C K. Extreme learning

machine: A new learning scheme of feedforward neural

Neurocomputing,

networks [ J |. IEEE International Joint Conference on
Neural Networks, 2004, 2.:985-990.
LEI J, LIU Q B, WANG X Y. Deep learning-based

inversion method for imaging problems in electrical

IEEE Transactions on

2018, 67 (9).

capacitance tomography [ J ].
Instrumentation and Measurement,
2107-2118.

CHU P, LEI J, LIU Q B. Prior image induced
regularization ~ method  for  electrical
tomography[ J]. TEEE Access, 2019, 7. 2490-2501.
LIU X, WANG X X, HU H L, et al

learning machine combined with Landweber iteration

capacitance

An extreme

algorithm for the inverse problem of electrical capacitance
tomography[ J]. Flow Measurement and Instrumentation,
2015, 45. 348-356.

FAHFR XA TR A AR AT R = AR
O S BEBE [ 0], AR AR A 4, 2004,
25(6) : 701-704.

WANG H G, LIU SH, YANG W Q, et al. Virtual 3D



5 10 ]

JRaT I AF BETARBR2: DR IE IR Y ECT BUG E i 71

[23]

[24]

[25]

[26]

[27]

[28]

imaging and software design for electrical capacitance
tomography [ J ]. Chinese Journal of Scientific
Instrument, 2004, 25(6) : 701-704.

GAO X, CAO Z, TIAN Y, et al. Inverse radon method
based on electrical field lines for dual-modality electrical
tomography [ J]. IEEE Transactions on Instrumentation
and Measurement, 2020, 69(10) . 8250-8260.
MERIBOUT M, SAIED I M. Real-time two-dimensional
imaging of solid contaminants in gas pipelines using an
[EEE
Transactions on Industrial Electronics, 2017, 64 (5):
3989-3996.

YE J M, YANG W Q, WANG C. Investigation of spatial
resolution of electrical capacitance tomography based on
[J].
Instrumentation and Measurement,
8919-8219.

WANG H G, CHE H A, YE J M, et al. Application of

process tomography in gas-solid fluidised beds in different

electrical capacitance tomography system [ J ].

IEEE Transactions on

2020, 69 (11).

coupling  simulation

scales and structures [ J |. Measurement Science and
Technology, 2018, 29(4) . 044001.

YE J M, WANG H G, YANG W Q. Image recovery for
electrical capacitance tomography based on low-rank
decomposition [J]. IEEE Transactions on Instrumentation
and Measurement, 2017, 66(7) : 1751-1759.

HUANG G B, CHEN L. Enhanced random search based
learning  machine [ J ].
Neurocomputing, 2008, 71(16-18) ; 3460-3468.

RONG H J, HUANG G B, ONG Y S. Extreme learning
machine for multi-categories classification applications[ C].
2008 IEEE International Joint
( TEEE World Congress
Intelligence ) , TEEE, 2008, 1709-1713.
SRAL UG ARSI A R 27 > BILTE F 28 J2 BT LA o B i

LI 54, 2020, 57(9) : 146-152.

incremental extreme

Conference on Neural

Networks on Computational

ZHANG L F, ZHU Y F. The application of extreme learning
machine in electrical capacitance tomography[ J . Electrical
Measurement 2020, 57 (9):
146-152.

EFIH], RIEIE , TR, 5. A 20T UR R Gl
b B[], AR R 2 4, 2015, 36 (3):
515-522.

WANG LL, CHENDY, YUXY, et al. Optimization design

and Instrumentation,

[29]

of electrical capacitance tomography system sensor [ J ].

Chinese Journal of Scientific Instrument, 2015, 36(3) .
515-522.

fEZ 't

KLU (Gl {51 4) , 2001 4F TRk
TR AR AT 2, 300 F 2004 4F H
2010 4F T RER AP ARAF A S -2, 30
AL T R R , RS TT 1 A 2%
FRVR S RO L2 2 R MR A
E-mail ; lifeng. zhang@ ncepu. edu. cn

Zhang Lifeng ( Corresponding author) received his B. Sc.
degree from North China Electric Power University in 2001, and
received his M.Sc. and Ph.D. degrees both from Tianjin
University in 2004 and 2010, respectively. Now he is an
associate professor at North China Electric Power University. His
current research interests are multi-phase flow measurement and
electrical tomography.

B, 2018 4F TLRUTRER ARG 1
AL BUOR AR AL B R s e A,
WEFETT 101 g Z2 A
E-mail: zdhx_daili@ 126. com

Dai Li received his B. Sc.
Anhui Polytechnic University in 2018.

degree from
Now he is a master
student at North China Electric Power University. His current

research interest is multi-phase flow measurement.



