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Fig.2 The parameter learning process of the RBFNN network algorithm
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Table 1 Electrical characteristics data of some human tissues

flkHz Lung Muscle Fat
o/(S'm™) &/10° o/(S'm™) /10° a/(S'm™) e/10°
2 0.2236 151.86 03295 168.02 0.023 1 10.308
11 0.243 9 31.147 0.3413 23.875 0.023 8 9.5829
19 0.250 2 18.985 0.344 5 16.02 0 0.024 0 0.487 1
53 0.2627 8.158 2 03524 9.887 7 0.024 2 0.163 0
101 0.2717 5.1102 03620 8.064 8 0.024 4 0.092 1
139 0.276 9 4128.1 03702 7294.5 0.024 5 0.0719
193 0.2828 33526 03824 6.4717 0.024 6 0.057 3
269 0.308 3 1.8362 0.449 3 3.5224 0.024 8 0.0339
373 0.320 3 1.486 1 0.476 4 2.607 2 0.024 9 0.030 1

o: Conductivity; ¢: Relative permittivity.
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Fig.3 The mapping model of image reconstruction for wfd—EIT based on RBFNN
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Fig. 4 Partial sample distribution

(a—e) Five different sample models from the dataset.
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Fig. 5 Reconstructions of lung phantoms from modeling with different methods

(a—e) Five different test samples from the dataset.

Table 2 Average ICC values of reconstructed images at different excitation frequencies and LRR values under maximal ven-

tilation in the test set

JfkHz Tikhonov-Noser RBFNN flkHz Tikhonov-Noser RBFNN

icc LRR icc LRR icc LRR icc LRR
3 0.677 0.427 0.946 0.376 37 0.685 0.437 0.947 0.375
5 0.678 0.429 0.945 0.378 53 0.686 0.437 0.951 0.377
7 0.679 0.430 0.951 0.378 73 0.687 0.437 0.952 0.378
11 0.681 0.430 0.946 0.376 101 0.688 0.437 0.951 0.371
13 0.682 0.431 0.945 0.376 139 0.689 0.437 0.951 0.381
17 0.682 0.430 0.953 0.387 193 0.691 0.433 0.950 0.378
19 0.683 0.429 0.941 0.373 269 0.572 0.429 0.947 0.377
29 0.684 0.436 0.945 0.376 373 0.571 0.411 0.943 0.376




2023; 50 (7)

BitR, %: ETEmEFHE N %R IED AR ZE B R G 7 %

<1761

I T 48 1) Tikhonov-Noser 5 22 7 1 B4 fir 5
BGihsim, BERGMERENE (KS .
Tikhonov-Noser T J7 & F 4%~ & ICC1H
IR 070, LRRILFEASL IR LK. 5
Tikhonov-Noser B & /7 {4 L, T RBFNN [ 45
2GR RO T/ R R I
WG F RS B o AR St AS R Bl A A 7
RV T BAnf g, s B EA B4 1CC
(“F1535510.940 L4 I-) . HET RBFNN [ wfd-EIT A~
I HEtE T BRI R TR, I Bk d
EUG T, B e o dA5 21 H bR ERA 25 [ 6 &
BRI

3 AR ZE A5 SEEE

31 REiEE

B XA SCRT IR BRI A5 T s, SR 16 HL A
wid-EIT Z G XA A Tl R 4R, I & wid-
EIT REMEFA S, RG4S 1) SNREL K
Y5, F ¥ SNR Ny 553 dB, F ¥ bR 2= K
+6.2 dB, Wl eashil TIA&EILE, I5H 1] 4
FEITBR5] (FPGA) #ide, XGEIE 1417 125 Msps [
DAC 5 ADCH#i# . #4551 (5 fE 3
Ui 25O L, . AR D S ) ARG RAIL
FT— Ml s Bl RS A (K 15.8 em, 98 10.0 cm) .
Pt s A A 75 S MR AR 5 v e i 4 i 45 A7)
FREESr Y, R 16 A d i, B8 5 2 A
RS 15 A LB B 5 58 TR
32 TWHE

i eb, HIMEEEE6 cm, PG 15.80 ecm,
FEE RS 10.00 em B AS I i Jis 56 J58 AR wid-EIT

— — — — — — — —

f( N [ A \( N I-
DAC H ‘
| 14bit@125MHz BICS
v

Xilinx Zyng-7010 | |

with SoC ARM .
dual core Coterx- e LT I I
A9 CPU STEMlab I I
)
v(n) i
ADCx2
i) b 14bit@125MHz

) ‘MATLAB

| Network

model
Labels

predicting

transmission

——— o e e — —
L}
< =

—

S LTRSS BT Y I TR R TR
0.02 S/m, KRB TR (F555 Lb FIE BB B
ERA A A ), BRI . 0.10~0.20 S/m,
F KR 65%~T76%. FIr v BT A W ] 4L v 5 e 2
5 ESC R N A S SRR 2= R MR L2, H
TR AR, JER RS E

A% SCH) A A 2% AR A A6 19 multisine £ 553
2 PO BT — P 16 42 I (S AR PR X AR
A3 B 2255 15 5% multisine SR (5 5, Hh &R
R — IR Y 0.316 2, FEB AW 4 M
1 kHz, A BN PEERZ (CF, WEE/ARE)
PEALTE Z BRI ARRINARL, LIRS e KT
WHEREEE . 16 HUBZ % wid-EIT 2248 5% FHAH AR I 4 A5
X, B — A3 D ) A9 multisine 15 5 B #01k AL
4 096 1 15 i SC M8 1E FPGA B ROM H1, DAC 7E43
FHER (PLL) #4552 ROM Hr ) I (i A=
ABL multisine (55, 2o B Ay A B A= )
BRI AR (16-3) x 16/l i 7E— A JE
WIN (1 ms) FEATHAYCI 5 R AT 58 Jlg 4 431 B Bl
o, B A0 16 A M R A B BT e Z
(16x208)

wfd-EIT Z 45 4 2 kHz 38l F /3 A BT 5
1R B 2= 2% 5t A5 B AU 22 BH Bt 5
i AZ,:
(2. Z.)
(Zasti> Lo
Horp, fRBR, Z R AR S0 Y
FHATEEE . 4 AZ K ATRIIALFSEB. C. WY
PR ZEHESR TP TR P L SR AR 3 A Ao

AZ/.:Zf— .ZZkHz (16)

Y

Image
reconstruction

Thoracic
lung
model

Mirfote— ,
constant

current Red
J source pitaya

——— o — — — — — —

16 Electrode
interface

Fig. 6 Experimental equipment hardware system

(a) Image reconstruction principle diagram of wfd-EIT system. (b) Physical system equipment. DAC: digital to analog converter; MCS: mirror

constant current source; ADC: analog to digital converter; AFE: analog front-end.
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Fig. 7 Experimental reconstruction results of wfd—EIT based on Tikhonov—Noser or RBFNN
Table 3 ICC and LRR values of experimental reconstructed images
fkHz Tikhonov-Noser RBFNN flkHz Tikhonov-Noser RBFNN
icc LRR cc LRR icc LRR cc LRR
3 0.537 0.229 0.813 0.301 37 0.568 0.258 0.851 0.318
5 0.552 0.238 0.909 0.357 53 0.565 0.258 0.922 0.367
7 0.560 0.239 0.826 0.304 73 0.561 0.260 0.862 0.326
11 0.567 0.241 0.801 0.295 101 0.559 0.269 0.862 0.326
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Weighted Frequency—difference Electrical Impedance Tomography of Lung
Based on RBFNN®
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Abstract Objective It is an urgent need for patients with mechanical ventilation and clinicians to monitor the
process of pulmonary ventilation with real-time continuous images at the bedside. Electrical impedance imaging
(EIT) of the lung can reflect the distribution of changes in the electrical characteristics of the chest caused by
breathing, which has a natural advantage in the monitoring of pulmonary ventilation. The purpose of this paper is
to establish a radial basis function neural network (RBFNN) based weighted frequency-difference EIT (wfd-EIT)
method to achieve high spatial resolution imaging of pulmonary ventilation. Methods The wfd-EIT method was
used to describe the conductivity distribution of the thoracic cavity in real time, and then the target region was
visualized and its boundary information was accurately identified by the RBFNN. Firstly, through numerical

analysis and simulation, 2 028 simulation samples were established by COMSOL and MATLAB software at each
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excitation frequency, which were divided into training set and test set to verify the feasibility and effectiveness of
the proposed imaging method. Secondly, in order to verify the simulation results, a lung physical model was
established. Biological tissues with low conductance characteristics were selected to simulate the ventilation area
of the lung, and the imaging experiment was conducted on it. The quantitative data of image correlation
coefficient (/CC) and lung region ratio (LRR) were used to measure the accuracy of the imaging method.
Results The wfd-EIT method can reconstruct the image at any time and accurately reflect the electrical
characteristics distribution of the target region. The algorithm based on RBFNN can enhance the imaging
accuracy of the target region with /CC reaching over 0.94, which can better highlight the boundary contour
information. Conclusion The wfd-EIT imaging method utilizes the simultaneous measurement of multi-
frequency impedance spectra to realize rapid visualization of the target area, and combines the advantages of the
RBFNN in approximating arbitrary non-linear functions to achieve accurate identification of the electrical
characteristics changes in the target area, which lays theoretical and technical foundations for EIT image

monitoring of clinical pulmonary ventilation in the next step.

Key words electrical impedance tomography (EIT), the weighted frequency difference EIT (wfd-EIT), radial
basis function neural network (RBFNN), pulmonary ventilation monitoring
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