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Abstract: To address the challenges of distortion and insufficient accuracy in image reconstruction of lung electrical impedance
tomography (EIT), a multi-scale dense attention network ( MsDA-Net) is proposed in this study to improve the reconstruction accuracy
of lung ventilation and lesions based on EIT technology. As a direct estimation framework, MsDA-Net integrates dilated convolution,
multi-scale dense connection, and attention mechanism to establish the end-to-end image reconstruction architecture with strong feature
representation and reuse capabilities, aimed at fully exploiting deep nonlinear features from voltage measurements to improve the accuracy
of lung EIT imaging. Both simulation and mapping model experiments are implemented to comprehensively evaluate the performance of
MsDA-Net. Simulation results show that the lung contours and lesion structures can be effectively reconstructed by MsDA-Net. Compared
with traditional imaging algorithms, the reconstructed images achieve significant improvement in visual quality and quantitative
indicators. The average correlation coefficients ( CCs ), structure similarity index measures ( SSIMs), root mean square errors
(RMSEs) , and peak signal-to-noise ratios ( PSNRs) can reach 0.987 1, 0.903 5, 0.060 5, and 31. 671 6 dB, respectively. The
accuracy of MsDA-Net is similar to that of the frontier model (two-branch hyper-convolution U-Net and attention-based deep convolution
neural network ) , which further confirms the effectiveness and progressiveness of MsDA-Net. Meanwhile, MsDA-Net shows excellent

noise robustness, and the images can still maintain basic usability under 20 dB Gaussian white noise interference. Constructing the
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mapping models within a circular domain based on lung CT images to validate the practicality of MsDA-Net, the results indicate that the

shapes and sizes of targets within the field are more accurately reconstructed by MsDA-Net. As the conductivity distribution within the

field becomes more complex, the reconstruction accuracy shows a decreasing trend. However, the average CCs, SSIMs, RMSEs, and
PSNRs of the reconstructed images can still reach 0.943 1, 0.857 5, 0. 109 6, and 19.392 1 dB, respectively.

Keywords : lung electrical impedance tomography; image reconstruction; multi-scale dense attention network

0 3l

il

VE g JUA-4F 2 A A (1) — P LT H 3 38 0 A 1y )
AL TC 451 A I B R, HLBE BT 2 B iR (electrical
impedance tomography , EIT) A 22 TAE B ; il
TR A R i R PG R A, X
HARBAAERA TR AL RS0, 912 N
FI Z ARG b VRN —Fh I RE R A
EIT FEATE i v s 0 77 1 o EAT T I B9 07 P 55, 2
8 /G R il BELZE Wiy

SZHHRFIE R K EIT BN HI T i 50 e 0 477
PR R LAY )T, 418 g o A 5 vk 0 8 M i BIF 5 ) 4
RO A G BT AR S A M 3 ) R £ £
PERIEUR g JFE TG E N LS s e v, ki
1L GE T TR S TL AL RE S (L R DL e A AL, PR o o
JERR, 2R ) REAZ R BE W] VR 2 0F 50 b
FMRE MY BIT KU EERESE5E el 17—
FRYNEET 2 A S G TR T R

TV EE T2 A I T LA o B A TR AL A A5
AL, B R Al TR, RIVRI TR 2 25 >0 00 265 Ay )
VARG e 0 W peaal IO 65 1 D R 8 =2
S i a5 B A4S 4, S BURRE (9 RO DR IR B
£, Wu SO L] 2SR 55 45 i B R AR 4% 2
07 FH 380 S AR, e s 28 TS Rt A 5 T D A 8 e
Wang %O B2 HH T X 3B U-Net BUIRZEH, 5IA
TSI A AR AL A o s B i A B £ 2 ) £
BRAERR Ty S 4 TS AF i A B R M Lou 4511V 4RI
TEETIER WG B A 2 M 45, AT S B B K A
S L DR AR . 2D A TR BRI R A
>J 0 2% 2% bk O 52 R POk A A ) B B KR, Ren
SURIIE R T W B A 2D Bl i 22 URRAE 53T OR
T I T R PR P A R 25, Zhang 5 T T
B FL MR o 45 SR FH 2 MR e A1 25 B AR IBURR M i DX Il PN 1Y
TN L RO AT RRAE . Li B BR T —Bh A R O
UL F T AL Ge 5005 EMR AR 1 T D L]
R 2GR IR AR R A, Ko %IRRT
oy SHL 5 G D 85 AR UL (D 25 A ol P T B 2 S AR | 5 A
N3 PR O JE DX, A L R 2 fL RE

JUEHE T2 ) ik R T T EIT B 2 (i

TP AR B S i H D B A e i AR R
oy EARE e, X T A TR 2 S R4k
e AT ) e A L R 0 A (08 W ST R PR 1Y 1 SRR A Y
FRERAE 5 52 HIAE I 2 32 THRS B2 1 SC i o 1 W2 Al i
BEAY AP AR W 25 S BUR 2 A ) 2 v R A A
i I 7 AR T 4 i A R A i

BExf BRI, 5 TAE B T MR E
M 2% ( dense attention network , DA-Net ) 35 HUIfi#038 < DA M
WAEME R O T i — R TR R A R AE S B fE
J1,7E DA-Net 26l F8E th 17 2 RE LT F )1 M%
( multi-scale dense attention network , MsDA-Net) , 3= 2 4]
S S TOERAU TS . 1) MsDA-Net B35 UK 9 ik B 2 R
FE S G TR MU AT BB, A T S FL i R Ry
TEFEIUEE TT | = UCRFAE 52 RO o 459 iE 05 228 1) s 39) oy L
P TR 2) i IR AT 2 RSB R IR REERHE O
A AR LR SR AL FRAE AR T TR i R 3 5 E 5 3)
SIS A2 B 35 R HEREAE L 3006 5 s
AE G B R AR, 47 R 00 5 0 AR SC BRI . AHER T DA-
Net, MsDA-Net 7] 52 B ST ARk At 48 142

1 FHiEig

i OF W W 7 o S O W N 2 S SR G L
I 6 o 22 408 A X [ s S0 5 30 % A 408 Hh B 0 22 )
R0 S T B A5t A B R BT, AT R T
HE A P AR

________________ J

BT R EIT R e
Fig. 1  Principle of lung EIT detection
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Fig.3  Construction of dataset
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Table 1 Accuracy of simulated images
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MsDA-Net  0.987 1 0.903 5 0. 060 5 31.671 6
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Fig.4 Reconstructed images of simulated samples
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Table 2 Accuracy of noisy images

[EZN e Tolg s 50 dB 40 dB 30 dB 20 dB
CCs 0.992 9 0. 988 3 0.981 6 0.971 3 0.934 9
SSIMs 0.928 2 0.893 1 0.875 6 0.760 3 0.683 1
I
RMSEs 0.051 1 0.058 8 0.070 3 0.121 4 0.220 5
PSNRs/dB 32,2772 29.226 2 28.435 1 20.424 5 15.999 1
CCs 0.987 2 0.985 1 0.979 2 0.966 9 0.932 3
SSIMs 0.914 7 0.881 1 0.849 1 0.748 9 0.6712
WA 2
RMSEs 0.061 7 0.077 6 0.107 1 0. 145 2 0.205 7
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Fig. 6 Result of module verification
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Table 3 Reconstruction accuracy at different growth rates

MEHRE  F¥CCs P SSIMs P RMSEs - PSNRs/dB
16 0.975 4 0.8519 0.080 5 27.4327
24 0.981 3 0.889 7 0.067 9 30.311 9
32 0.987 1 0.903 5 0.060 5 31.671 6
40 0.988 9 0.906 2 0.059 1 31.873 1
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Bk T4 CCs  FHg SSIMs P14 RMSEs V-1 PSNRs/dB

TR 0.748 7 0.386 8 0.320 2 9.581 4
TV 0.799 3 0.425 8 0.277 2 11.005 8
1D-CNN 0.871 4 0.698 7 0.222 4 13.407 3
ResNet50 0. 886 5 0.770 1 0.446 6 15.089 2
ADCN-Net  0.930 7 0.840 7 0.1315 18.223 1
DHU-Net 0.944 2 0.854 3 0.1102 19.571 7
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3 % e

ABFTEES X EIT $ARAEN I 251 R i A7 78 1 1%
KA JE T —FP 24 MsDA-Net f) i o (A5 Y
T AR | 2 RO R AR 4R B R AL
MsDA-Net BEASA7 R AR L I i 540 v ) 4R k435 8]
TRUGHEE, 07550 a BRI kT LA %
B T i 80 4 86 5 72 DX Sl ) JAGORS BE , JU AR 52 A 0 A
IR P BRI T AT P 455 250 v 1) T o 5 8 PR A, o i
JRRARAL T — Pl (9 R T 58, B — 5 i B f
51l R TR

SR , ABIEFE Hh 418t 1) 75k A0 5 o 205 2R o A7 A —
TE R JRBRIE 1 e, R 2 2 B P I aE 2 Y R
T B A5 A4, (R A B 5 A 56 T 11 5 1) ¥ 42 18 1]
5T A 5 LU, B ) S 6 6 A T e KR A S RS R AR
SEE, I B BEAT S PR AR A0 i AR, A R R
BETE R, 4 7% 1 1 T A 5 22 S 1k, S0 3 R 4R PR AL R
VR T8 A e s e ) R A B [ I T R AR i
SEHG B A SR I 37 b B S, A, i

Fof 2 R | A R RO e B T T itk — 20 4R T 5

B B AN L

(1] WIMREE, sKObAR, BREEiE, 45 W BBTRAT B AR
TENl BB 2 Wr AN eI R B R T[T ], AR B TR
gk, 2025, 42(2) : 389-395.
HU X M, ZHANG SH F, CHEN P F, et al. Application
of electrical impedance tomography in diagnosis and

diseases|[ J ].
Biomedical Engineering, 2025, 42(2) : 389-395.

[2] FANGXT, JIANGYD, JIHF, et al. A new CCERT

monitoring of pulmonary Journal ~ of

system with shielding for gas-liquid two-phase flow[]].
IEEE Transactions on Industrial Electronics, 2023,
71(4) . 4241-4251.

[3] XIEYD, LIUFL, SUNJT, et al. Measurement of gas
fraction in gas-liquid dispersed bubbly flow with EMAT
array and EIT

sensor[ J|. IEEE Transactions on

Instrumentation and Measurement, 2024, 73; 1-10.
[4] ZE357, WM, =M, % 5T BBy 2 gm0 e v

FHZE B PRSIk it s [ ], ik 5499

FHPER ) 2025, 52(7) : 1866-1877.

LI F, CHEN B, WU Y, et al. Research on a COPD
method based on electrical

diagnosis impedance

tomography imaging [ J]. Progress in Biochemistry and
Biophysics, 2025, 52(7) : 1866-1877.

(5] 2R, RS, i, 55 mBEITsIE R AR e

Jifi i S RE VPG T RS RS I [0 ], MR A B A B
24302024, 45(11) : 1191-1196.
LI ZH, ZHAO ZH Q, WEN R X, et al. Review on
research and application of electrical impedance tomo-
graphy in pulmonary ventilation function assessment[ J].
Academic Journal of Chinese PLA Medical School, 2024,
45(11): 1191-1196.

[6] THIE, R, 8M K, & FET /U B8 i
AR TR A (1], T IR S AR
2, 2025, 39(6) ; 284-292.

DING M L, SONG J, ZHAO SH F, et al. Electrical
impedance tomography imaging algorithm based on eight-
modeexcitation mode data fusion[J]. Journal of

Electronic Measurement and Instrumentation, 2025,

39(6) . 284-292.
[7] WANG Q, WANG J M, LI X Y, et al. Exploring



268 O & M F47%
respiratory motion tracking through electrical impedance [17] EifA, F4, 553, &% HTHEETESERZSH
tomography (EIT) [J]. IEEE Transactions on Instru- MR ECT BMRE @B IRML[ 1], AR,
mentation and Measurement, 2021, 70, 1-12. 2024, 45(9) . 111-119.

[8] LI F, TAN CH, DONG F. Electrical resistance WANG SH W, WANG CH, GUO Q, et al. Optimization
tomography image reconstruction with densely connected of ECT image reconstruction algorithm for flow field
convolutional neural network [ J]. IEEE Transactions on measurement of supersonic  separator[ J].  Chinese
Instrumentation and Measurement, 2020, 70, 1-11. Journal of Scientific Instrument, 2024, 45(9). 111-

[9] WUY, CHEN B, LIU K, et al. Shape reconstruction 119.
with multiphase conductivity for electrical impedance [18] TAN ZH K, ZHANG J W, LIU B, et al. A lightweight
tomography using improved convolutional neural network air-conditioning monitoring method based on periodic
method[ J]. IEEE Sensors Journal, 2021, 21(7) ; 9277- statistical features and one-dimensional convolution[ C].
9287. 2024 5th International Conference on Computer Vision,

[10] WANG Z CH, LI X Y, SUN Y K, et al. Electrical Image and Deep Learning, 2024. 1522-1527.
impedance tomography deep imaging with dual-branch [19] YANG J H, LI AN Q, QIAN J X, et al. A hyperspectral
U-Net based on deformable convolution and hyper- image classification method based on pyramid feature
convolution[ J]. TEEE Transactions on Instrumentation extraction with deformable-dilated convolution[ J]. IEEE
and Measurement, 2024, 73. 1-16. Geoscience and Remote Sensing Letters, 2023, 21, 1-5.

[11] LOUYJ, YANGK, SHIY Y, et al. An attention-based [20] b, JPHMER. 5T 2 RUE A S N RRE R G 4 1
deep convolutional neural network for brain imaging with ECT R [ J]. UL F 23, 2023, 44(6) .
electrical impedance tomography[ J]. TEEE Transactions 264-272.
on Instrumentation and Measurement, 2025, 74, 1-11. MA M, LIANG Y R. ECT image reconstruction based on

[12] REN SH J, SUN K, TAN CH, et al. A two-stage deep multi-scale adaptive feature aggregation network [ J].
learning method for robust shape reconstruction with Chinese Journal of Scientific Instrument, 2023, 44(6) .
electrical impedance tomography[ J]. IEEE Transactions 264-272.
on Instrumentation and Measurement, 2019, 69 (7). [21] SHI' Y Y, LOU Y J, WANG M, et al. Densely
4887-4897. connected convolutional neural network-based invalid data

[13] ZHANG X Y, WANG Z CH, FU R, et al. V-shaped compensation for brain electrical impedance tomo-
dense denoising convolutional neural network for graphy[J]. IEEE Transactions on Computational
electrical impedance tomography[ J]. IEEE Transactions Imaging, 2024, 10. 143-153.
on Instrumentation and Measurement, 2022, 71 1-14. [22] ANWAR S, BARNES N. Real image denoising with

[14] LIXY, ZHANG R ZH, WANG Q, et al. SAR-CGAN; feature attention [ C ]. 2019 IEEE/CVF International
Improved generative adversarial network for EIT Conference on Computer Vision, 2019 3155-3164.
reconstruction of lung diseases [ J]. Biomedical Signal [23] LIU R N, WANG F, YANG B Y, et al. Multiscale
Processing and Control, 2023, 81, 104421. kernel based residual convolutional neural network for

[15] KOY F, LINY D, SU P L. Reconstruction of heart- motor fault diagnosis under nonstationary conditions[ J].
related imaging from lung electrical impedance IEEE Transactions on Industrial Informatics, 2019,
tomography using semi-siamese U-Net[ J]. Current 16(6) : 3797-3806.

Medical Imaging, 2025, 21(1) : E15734056408077. [24] REN J K, TAN CH, LIANG G H, et al. Image

[16]

ZHANG H Y, WANG Q, LI N. DA-Net: A dense
reconstruction network for electrical
impedance tomography( EIT)[J]. IEEE Internet of

Things Journal, 2024, 11(12) . 22107-22115.

attention lung

reconstruction for electrical resistance tomography using

convolutional neural network and visual geometry

group[ C]. 2024 43rd Chinese Control Conference,
2024, 3351-3356.



%1

TR eR T S LT 2 RN R AR T T S M AN R EIT A 269

[25] HE K M, ZHANG X Y, REN SH Q, et al. Identity
networks[ C].

mappings in deep residual European

Conference on Computer Vision, 2016; 630-645.

fEEE N

3K R, 2019 4 F WK 2 3R AG 2 - 2F
07,2022 4FF R E Tl KR+ 40,
H R PE b Tl R 2 B 1 240, 22
G5 18] W B2 BT if R B 27 ) 5 etk
Bk,
E-mail ; zhanghanyutg@ 163. com

Zhang Hanyu received his B. Sc. degree from Liaocheng
University in 2019, and his M. Sc. degree from Tiangong
University in 2022. He is currently pursuing his Ph. D. degree at
Northwestern  Polytechnical ~University. His main research
interests include electrical impedance tomography, deep learning,

and flexible sensing.

=i GRISES) , 2004 4E TG54 M+
B KRG 24127, 2008 4 T 2 Wi R
KA 22407, 2010 4EF P92 B F R

S R, BN TGS TR K2
‘z . PP HL T 6 HLFEL 2 P 7 4 T 175

W R, B B 5 Iy 1 K T B
1 FERRIR 5 0 5 B AT

E-mail : nan. li@ hotmail. co. uk

Li Nan ( Corresponding author) received his B. Sc. degree
from Xidian University in 2004, his M. Sc. degree from the
University of Manchester in 2008, and his Ph. D. degree from
Xidian University in 2010. He is currently a professor with the
State Key Laboratory of Electromechanical Integrated Manu-
facturing of High-performance Electronic Equipments at Xidian
University. His main research interests include nondestructive
testing and evaluation, sensor design and automatic control, and

process tomography.



