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Research on post-processing algorithm of tactile electrical impedance
tomography based on S-PNet

Rong Zhou

(College of Automation & College of Artificial Intelligence, NanJing University of Posts and

Yuan Jingjing

Telecommunications, Nanjing 210023, China)

Abstract: Electrical impedance tomography (EIT) provides a feasible method for visualizing the distribution of pressure
points in flexible tactile sensors of robots due to its non-invasive characteristics. However, the inverse problem of EIT is
highly nonlinear and ill-posed. When multiple pressure points are close to each other, the artifacts of the reconstructed
image will lead to adhesion between pressure points. To solve the above problems, a post-processing algorithm named S-
PNet for EIT is proposed, which is composed of three modules: Feature extraction., feature reconstruction and enhanced
feature extraction, to achieve the segmentation and shape reconstruction of adhesive pressure points. The algorithm uses
a pyramid pooling structure to enhance feature extraction and can extract multi-scale features to distinguish the
boundaries of close pressure points with minimal additional calculation. The post-processing image quality is evaluated by
root mean square error (RMSE) and structural similarity (SSIM). The average value of RMSE is 0. 02 and the average
value of SSIM is 0. 97. Both simulation and measured results show that compared with the existing algorithms, the post-
processing algorithm based on S-PNet can obtain images with clear boundaries and accurate shapes.

Keywords: electrical impedance tomography; inverse problem; image post-processing; deep learning

AARARS 2 I R TR 2 GRS T2 6
FIE L R AR SR A AR EIT R B T AL &
NG fih 5 A RS Y S BT . T EIT R M bL 2%

0 35

L BH $% B 2™ Celectrical impedance tomography,

il

EIT) J& —Fh IG5 3 19 S R PE B AR BRIV AE H AR 4 1k
V8 320 0 S R 38 3 Rk Ak SRS 1 PN T 1 L R A A
DIEMGIEAX R, T EIT BAAJER A2 T8I L

W #s HHA.2023-12-27

— 68 — [EHABRTMEHLAR

N M s A TR PN T 4 44 1T B EL o) T AR B L A T
Az P2 B AT ATE . ER L ETT 398 ) 230 Al 26 M LA 3
PR BEAR T B R RS B, — 2 R B BRI T EIT etk

Hh BB O T



2024F 6 B
$43% FHH

fi o A% SRR A SR

H, BHL TR B T 43 SR B 1 L3 Rl AR 1
T BE SR A S UET Y . B e R A B T R AR AE IR X B
AR B LB I X AR 2Pk R BUHE AT LM A b B
i) G ug W I B B (filtered back-projection method,
FBP)™* % W7 25 {5 43 f# 1% (truncated singular value de-
composition method, TSVD) ™™ &5, 11 2 58 vk 1 AR AF BE
AR, WA EIT SR ) AUy 28 8 i 2k U s R
BT BE AL AL 2 3 (particle swarm optimization, PSO)™" |
AL B (genetic algorithm, GA) ™45 | A8 3 o A
W AR AE , AR TT LA )0 B 8 v 1 B A R H 2
CHEXE T 0 R P R 15 2 A LU L i 2 T B R R
BATER Z . BB RS WK, MR 2 1% &
B MR kG AR EIT WEBRERE L. FRZ N EIT
M RESR 5 . B BESR AR RE S T EIT IE W) R RUR B
R R 114 R 8 [ 1 £ R A AR 3, O ELI 1 3 R T 3
SR T DU SO 4 R PR R R O R A A R e . AR
AR T T IRE E B EIT BR & d5k,
2 A A e TR 2 M W PR AR I B L
SR PR R BE ) A PR A o) B, Ao T T V-
ResNet 1 H B BT B A5 5507 52 30 %k A A il 355 25 1) %) 7T 44k
LRIl

B2 %0t EIT 8 B8R i 1% 8 25 14 BRI A7 AL — 2t
Y747 () B ) 40 AR ) A 0 TE IR R S HER L B AR R 2
[ AE DO S ORI S5 G 00 . WOR D22 B 4R i T H B T
BAG R AL PR L L DA 2> EIT 5 59k A0 3 iR 22 L TH bR
AR R D 5 B2 ER B i, Duan %0l U-net
PO 28 AL R X 3 a5 43 A AR HEA T IS b B iR RCR 13 8 T
— B HRAHAT TOE ) FE, R FIEEE A
RSB . Haddad 45" [6)£¢ o il 28 1 U-net 1 X
SrEIRE AL, HAH U-net 45X AG A9 ETT Hig i P& 247
S AL B A A AE I R BT R R ME R Ry 74,230 /8
A JE R BRRCR — . B 4R —FP LT MobileNet V2
+ 25 11 PSPNet 1 343 B R LY B iR th 52 . O #E47
KR AR S 56 DL IR T R A kAT R
— P20 7 — 4 5 B 48 W 45 B (multi-branch one-di-
mensional convolutional neural networks, MB-1DCNN) %f
EIT B RRHEAT T )5 AbE, 3% W 45 5k F £ o 2 454, 9F
I 5% 22 A PR H X B 808 3 AT e AR SR I, 9/ T 4% G 5 1k
MG AR B o DA 5% . 2022 4R, T 046 42 1 —
it O-Net £ B pl 28 1 45 X A 14 i fis o g B8 17 )5 b
B, ZM SRR TR A B TR EE, 5
U-net # I, HR A0 B R 0 A5 8 B2 A T 42 71 (HJ2& O-Net
REAYAN X (7 ELBCHE HE AT T 300 E , e /0 S B8 1 S 4

SR BUAT 1A 3K 26 J5 A B 3 20 J0 ik fift e I A 3 2%
AT AEAE — 22 (09 P52 10 [a) 380, O W A SCHR T — i i T
S-PNet(segmantation-pyramid network) % £ #& &1 (1] fih 5%

Hh B O T

MRS HA

H BELHT B S A A B . 0 DL A AR & N 4% (ewo
dimensional convolutional neural network, 2DCNN)™/ & 7
& B 5 FR 22 1 ) IR RS AE i ALl 3 — F B
“ Gt i 7 45 R ) TR A B P 28 T 4 X iy A AR AT R
TR SR B i, I 4 5 5 Ak 5 4 I B R AR 4R R, LA
W/ EIT B R tha AL AR .

1 EIT #E&ER

ARSI HLAR N S filh 5 4l ] — 4 ETT AL, A
BIXCHE — A 2BR g B 1Y (B L 5 P fi) 46 I R R 16
ASHURE o SR R 408 T80 R 408 0 ek it A 2L B B RO o
— LELRH 208 F RS AR Sy D o SR T AU R A A 408 H Al X
Z 8] 4 R T 352 390 IR BT A4 5 BOAH 408 v AR X AR A
Jil» JF SE R TR B . HE AT B AR D IR R T T AT R 4R
LB X LRI RAE ] 208 AU EE . EIT 0 B AR i
ARG 1 R,

i e PR
Bl 1 EIT {j BRI b R 58

The measurement system of EIT simulation model
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