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Abstract: [Introduction] The acoustic tomography (AT) is regarded to be a promising tomography method for temperature
distribution measurement, and improving the reconstruction accuracy plays a crucial role in actual applications of the technology.
[ Method ] This paper proposed a two-stage reconstruction method. First, the original measurement domain was divided into a group
of coarse grid elements to reduce the number of the unknown variables and to alleviate the ill-posed nature of the inverse problem in
the AT temperature distribution measurement. A new cost function was proposed to convert the AT inverse problem into an
optimization problem, which was solved by the Nelder-Mead simplex algorithm to get the temperature distribution on coarse grid
elements. In the second stage, the measurement domain was further divided into finer discrete grid elements, and the extreme learning
machine was deployed to predict the temperature distribution on the grid elements. [ Result] Numerical simulation results indicate
that the proposed reconstruction algorithm not only ensures the numerical stability of the inverse problem in the AT temperature
distribution measurement, but also improves the reconstruction accuracy. [ Conclusion] The research findings provide an effective
method for the numerical solution of the inverse problem in the AT temperature distribution measurement and the improvement in the
reconstruction accuracy.

Key words: acoustic tomography; temperature distribution measurement; Tikhonov regularization method; extreme learning

machine; Nelder-Mead simplex algorithm

ORI B 40 A (5 B TR &2 7% 4 WTLUAMERR . — Ry, — IR
Pr . AR EE, BAFREAEIEI ERE RIS PR I A S
VELEE AN A | WA | A 25 I e o 4 3
WORE: 2018-1126 fEEIHAR: 2019-03-09 BEAME S . A R AL . BRI T RN

ESWE: hE AL RBRHLT H ML & i R R : me T \ :
KB ABII (EV04001W) PR A B AF L, SRR MTUR (AT) B




W2 2B, A RG22 M R IR R S A B TS 69

WA o — Al HL A i 1) A 4 i Xl 8 A )
Tk HET, ATHEHARCH ZWH T A1k H
M T AFATU A il B AT, JFARAS R AR -

AT 5 J5 2 14 07 FH B T I B8 A1 o 2 F
JE o YT, HEEURE R OCHE IR 2 T AT 4
RN BFFERY], HERFERNMERE 2w 1
AT il BE o3 A I B RS BE o Sy 1 se ik BaR )i, 2
AR TR kR mEE R b
Tikhonov 1E W% " FIERWT 25 5518 70 7 1 ) 2
Fiv A AR AR . ARRAURIT AR L, Ol
BT, REUS S e i, (HE2 HE i
st — g m . R 1 SeIRAR ARSI d RS IR
(e, BFRCE TR L TR . AR E
ARV ALHE Landweber 535 L [RDEEACE HA L
(Simultaneous Iterative Reconstruction Techniques,
SIRT) 77 ¥ . M8 &E # # & (Algebraic
Reconstruction Technique, ART) ', Bc& {0 &
£ QNN
Technique, SART) “ %%, #H b FIEEAC LI 7,
ARTE R AR AR B TR . (B,
T AT SRR S A BT, LA R I e P ) 520
R W IR B A A AT e T PR

L AT kB2 A ER ) T 7 PN R
{ER e B AR AN RS B PE . T SE PR Y42 IRk
e AR ST —E R R i 22, [R5 P&
e M P R SR A B AS B R AR U .
Hb, BTSRRI A SR BRE, FEATIE D, &
R 7 L D TR AR B RO H TR T
ABEERIELZ, KO BB Z AL TR
THeE AR B AR

N T SERAFAER R, R R, AR
R B E A, O, R X
B BOSORL A% BT, T 98020 1 R AR R KL
Hs I —N80 00 B bR R BORE 75 2 003 19 S ) e
A8 N — A e A [ Nelder-Mead 5140 1 575 P
PR A 12% H PRIz o8, ZRAT G 19 4% 25T A8 il 2
o RIE, AR 2% 2] 1 (Extreme learning
machine, ELM) 77 7 Y00 ik B 76 20 Ak ) 4% 20T rh
Mo o BUE TR R 45 RIE S TIZ T B A
LK

(Simultaneous  Algebraic Reconstruction

1 AEEFEENERE

AT BOREE T 9 R IERTE] (Time of Flight,
TOF), i FH—A~ G (9 50 3 7 9l % 42 i) 1l
FEG oA o ROTESEPRIG RN, AT 5 g A 5 ml
kK

Ax=y+r (1)
A ABmxn BB, yiEmx 14E7 0
TOF 4l 5 x hyn x 127 A5 4% W B I 8185 r
mx 1YEI B RS ), — HoR x5, TR
S EERER (¢ = /yRTIM) KR/,
y. R. M. THIcoHlR M E A FE 25 A
Z W ARE R RS AR R A
P AR TP ARG

2 BiREHSKRE

FE (2) B—TwRARE, B EA R
Mo H T SRR R, A s (i
TOF %) habE & —EFEE MRS . RIS AH
B, 20T R A — A SR DA IR A SR
fitt . Tikhonov 1E WAk R & —ANUAT 1 B[R] #UK i 7
%, BTN TR e, Rz,
(1) AR A BB A )

min { D(x,y) + aR(x) } (2)
P D(x,y) RGP s RACER EN
Ty o> 02 IENZ4L,

VFZ (77 B R 8 T 18 11 A 140 RS ff 4 00 3 o
, WLV, LBERE . T ERE AT R B
. ASBIFFE R % 25 1) L S AR A i ok i il
Ell

B O

D(x,y) = llAx - yll, (3)
Ao -0 AR L.

WE DI ST B AR T R . B R R
FES A B 6P, ARBIFSE R R AL L,y 1 R R A
ARt x B IE NI, B

R(x) = IWxlP (4)
A WIR— AR RE, RTARSE ) @AY Se 56015 8
AR 3

WY T (3) f (4), i (2) o] BHikk

LR
min {IlAx — yll, + allWxI?} (5)



70 FE T REVR AR

R (5) S TARDGIE I LA R I
[, PREA RAFREUEPERE . O B AR R AR
B B EEHi#y, ZRCH Nelder-Mead B4 2 B 0k
fifiz T R, 2T WoCHk (8],

3 MRFEIIH

AT GE P i A B AR — B oK
(1AL 2 7 540 2 000 4 A PX 4 B G 1 I B2 0 A1
B AR AL, AT AR
2#>J#l (Extreme Learning Machine, ELM) Tl £
A DR A% BT I I B 53 A

ELM 7 AR Jit b J& — > 8502 i 051 22 9 4%
(anE 1), HFBERAS[FSTE T B2 0 RE F s
BEREHLZG 2, 45 10 I 25 32 202 oK A i HB 2 B9 AL
H . BT RIZBUE R & g ALS 2, 2
(R AE BE A% B PR bR A . 4T, ELM ik
IR T i 2808, W55 5 R AL PR XU i
U AL T

;Outputig

E1 BREMRMEMNL

Fig. 1 Single hidden layer feedforward neural network
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Fig. 2 Acoustic sensor arrangement

(Y TE 553 A BEALER
I = R A S B
= X p(~((x=10)" +(y = 10/)/200) o
" ;88 % ZH("’ 107 +( - 10770 4 750 (17)
T, =300 x (730 (x = 47 = 17x (y = 15°)600) s)
400 X (20 x(x= 177 =30x(-50550) 4 g0
T, = 500 X (730X (=97 ~45x(=1571000)
600 X @l (730%(x =197 =50x(y = 57)/400) | (19)

500 X (730 (=77 - 60x(y - 6))/400) 1 5()()

Arbe T T T, 3 IR BRI | XU AT — I 1 iR
JEI3 A1 o

e 5 v, Tikhonov 1F W & 9 & %0 M 0.01;
ART J7 i s sl R 7 1, A 80N 8005 Land-
weber J7 i AN i K o 1, £ AP ECR 8005 TE
TSRRE i, WiE— AR, ELM 32200
BH R 15000 BLAh, AT RAEL R ST A R BT
TETHE Y TOF £icdli th s e 28 o0 A B LA (B91E N
0, tRifEZEHR3.0x107) KL E M, K32
SEPRAGHR B A A AL & 4~ 7 43 3] J2: Tikhonov 1E
MI%E . ART %495 . Landweber 110 %5 F1 TSRR J5 i
WHMRE . M THETERLE, R1ERDY
AN [) AR () T B AR G R 25

#rUE Tikhonov 1E N ¥ . ART 227% . Landweber
1AL AT TSRR J7 3 55 Al A I 85 40 A1 i 151 4~ 151 8 B
o M, AT & BUFRHE Tikhonov 1F NI 72 B 4 11
TR o3 A 5 LS IREE J3 AAH 22 80K, MELM AT 42 2]
T A3 AR 409 (5 B o A BT 451 Tikhonov 1F 7%
M5, ARTH VL. Landweber 5575 Fll TSRR 4 vk 8
AP IR 43 A T A T LS R A

MUk, TERTA A, ARSI



72 7 RE TR A 7%

2
20 1500 0 1050
1150
1 400 1000
1100 3(5)8
1300
. . {1050 _ A
12 £
£ 10 o0 £ 100 £ z;(s)g
1100 950 700
900 650
1 000 o 650
900 550
5 0 15 20 0 15 20 0 5 10 15 20
x/m x/m x/m
(a) HLUER 53 A (b) AR FE 4347 (&) =R FE A

B3 HXLEBEESM

Fig. 3 True temperature distribution
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Fig. 4 Temperature distribution reconstructed by the standard Tikhonov regularization method
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Fig. 5 Temperature distribution reconstructed by the algebraic reconstruction technique
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Fig. 6 Temperature distribution reconstructed by the Landweber method
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Fig. 7 Temperature distribution reconstructed by the TSRR method
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