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Fig.2 Workflow of the feature extraction module
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Fig. 3 Dual-path processing module guided by the dynamic mask
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Fig.4 Visual comparison of EIT reconstruction results from simulation data using different methods
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Table 1 Quantitative reconstruction results of different methods on the simulation dataset

Method icc RMSE PSNR Boundary Dice Small-target recall
GN 0.743 4+0.105 6 0.208 8+0.096 7 13.564 6+£3.565 9 0.642 0+£0.118 5 0.583 0+0.142 0
CNN 0.820 2+0.099 2 0.149 1+£0.077 2 16.613 8+3.488 5 0.815 7+0.163 3 0.799 3+0.173 9
U-Net 0.860 2+0.041 8 0.086 4+0.057 5 19.756 8+3.227 8 0.892 7+0.060 1 0.829 2+0.093 5
Deep D-Bar 0.897 1+£0.067 3 0.083 5+0.048 7 17.853 5+£3.877 5 0.851 0+£0.071 5 0.762 8+0.105 0
MADS-Net 0.917 6+0.048 8 0.060 6+0.031 6 23.893 9+2.685 3 0.910 9+0.052 1 0.904 7+0.062 8

Paired -test shows that MADS-Net outperforms all other methods on every metric (P<0.05).
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Fig.5 ICC and RMSE of different reconstruction algorithms under different SNR conditions
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Table 2 Ablation study on training efficiency

Method Total training time/min Average processing speed/(sampless™')  Average test inference time per sample/ms
MAS-Net 88.11 378.34 0.70
MADS-Net 77.93 427.76 0.64
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Fig. 6 Ablation study on reconstruction performance for small targets of varying sizes
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Table 3 Ablation study of the physical constraint module on reconstruction accuracy

Method icc RMSE

PSNR/dB Boundary Dice Small-target recall

MADS-Net w/o PC 0.896 3+0.057 4 0.073 8+0.039 2
MADS-Net 0.917 6+0.048 8 0.060 6+£0.031 6

22.176 4+3.021 7
23.893 9+2.685 3

0.884 6+£0.061 8
0.910 9+£0.052 1

0.812 5+0.075 4
0.904 7+0.062 8

Paired #-test shows that MADS-Net outperforms all other methods on every metric (P<0.05).
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Table 4 Ablation study of the physical constraint module under different SNR levels

SNR levels/dB icc RMSE
MADS-Net w/o PC MADS-Net MADS-Net w/o PC MADS-Net
30 0.856 9+0.039 8 0.881 6+0.032 5 0.096 7+0.033 9 0.083 5+0.027 6
40 0.889 2+0.031 5 0.912 440.024 7 0.078 6+0.025 4 0.067 8+0.020 5
50 0.903 6+0.025 7 0.922 140.019 8 0.069 4+0.020 8 0.060 9+0.016 8
60 0.908 7+0.023 1 0.924 240.017 5 0.065 1+£0.018 9 0.058 1+£0.014 7
70 0.910 5+0.022 4 0.925 3+0.016 8 0.064 2+0.018 1 0.056 9+0.013 9

Paired #-test shows that MADS-Net outperforms all other methods on every metric (P<0.05).
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Fig. 7 Experimental setup and hardware architecture

(a) Measurement workflow. (b) Portable EIT system hardware.
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Fig. 9 Quantitative evaluation of reconstruction performance for agar phantom experiments

(a) Image correlation coefficient (/CC) of all comparative methods across all cases. (b) Root mean square error (RMSE) of all comparative methods

across all cases.

4 A 5L

Al MADS-Net 78 5 22 4= P 41 2115 5¢ K 19 5 2 B
71, WANREE M BLSL G PRELIR I A 1 B

ARSI B RGN A AR AN ] o R 2]
21 MNESZ R HANERE . RAS53.1
Toe AR EIT O R G0 5 240, DA BT
EERENR T AZL (IR 3R) VE RIS A, DUBifef
S AU T R RO AR (R 5 5%6) fE
Sy EbR, B HAR RS S50, R E
APERE R

BARm i@t , ¥ ERd4=10. 15,
25 mm [ AL 200 Sl S ik A R D S,
DAPTA £ 50 X AN ] R B8 H AR 19 it T g
BEJT , K5 AN ) ROST (4 B A LA — s [ B
DIk Ee 2 Hindgae N R Ene 1.

TEM RS, & RE A E a4 2R n &
10 77, GNBEIEFMEREL 22 RM AT L EPESY
BraBl, CNNJTkmaeen Hbn, (HEEEIRAF
FERER T S, HARIGEN, R it 2
B, U-Net #£ H b a2 7 5 75 580 1 7 1w 8 +
CNN, {HA G 58 B3R J 10 mm /N H AR B9 AR .
Deep D-Bar J5 i RE 5 5 1A v o7 5L il H AR IEAR
B S X, vl A — @ Wi M
BUMERE ST BRI, 25X /NS HRR AR 8 5
Re STAIAT B, /N E b A X A 85 . 5 Z AR,
MADS-Net /£ i S5 LB ¥ R M it . EEH
FRIBARFEIN | h P a5 535 T, SEERSE

552 PR bR EEW) A s BV 7R e e 5 1Y 10 mm
/N BARKEI T, MADS-Net {7 fig 5 b . phsr
IS, RIS/ BARAE A i
T EMER S FIAE R Hin S 2 Hinlg 5t

1 A PERE, XA A EERR M ICC 5
RMSE #t47 T 411 (B 11) . fEFTA SRl & i,
MADS-Net ¥ 523 | f = 1Y ICC{H 5 5 AR i) RMSE
B, RUHLEEZER S S — St s . 1%
2t/ eHAEZ Bbnerh, HICCIETRFELE
0.90 A I, PLFHAMAEL ., FiREEREEIEss, 75
BRI R AT 55T, MADS-Net e &
o H RS B S SR A 22 H AR ERE ST .

4 45 i

X EIT BIG 8 g s [m) ™ s & 5/ B
PREMDE ST A% OPR R, AP T —Fhal G £
FUEE 1 B L 5 3l A58 B A% ) MADS-Net 5 &t
W2, 2 RGEREUME DT B S YRR e, 51 L
T45ie.

a. BT S, JRER SRS B
TR RS ARIEAE) , WIS e UR Y G A e,
R R SRR 40 56 23.5%,  BAREASHE FHUN [R) K 2
0.64 ms, Z5G IR HHE— DT T RIALRZ fk
fe I SE A RN HEE Y, EelTRT,
5 RS 2 ICC 35 0917 6. RMSE ik & 0.060 6.
PSNRik23.893 9 dB, Fifi#.dsbrd 2wt T



-2492- EYUFSEYYIEH#E  Prog. Biochem. Biophys. 20265 53 (9

CNN U-Net Deep D-Bar  MADS-Net
Vs o
Case /14 | 1.0
0.9
0.8
Case 15 0.7
0.6
0.5
Case 16 |
‘ 04
0.3
Case 17 0.2
o ‘ .:’( @Q Q @
Fig. 10 Reconstructed images from pork tissue experiments
(a) (®)
[J:CNN EN:U-Net :Deep D-Bar ZA:MADS-Net [J:CNN EN:U-Net @:Deep D-Bar EZA:MADS-Net
1.0F
o 19 y
N - —+
8 0.6F l§ 0.1 _ _ Nl
= [ M
KIS N
K
0.4 i L1l
il "’
W N
02F \ \ 2
0 0
13 14 15 16 17 18 13 14 15 16 17 18
Case Case

Fig. 11 Quantitative evaluation of reconstruction performance for porcine tissue experiments
(a) Image correlation coefficient (/CC) of CNN, U-Net, Deep D-Bar and MADS-Net across all cases. (b) Root mean square error (RMSE) of CNN,
U-Net, Deep D-Bar and MADS-Net across all cases.
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Abstract  Objective To address the key challenges in breast electrical impedance tomography (EIT)
reconstruction including the severe ill-posedness of the inverse problem, limited measurement information from
the electrodes, low contrast of small lesions, as well as the common drawbacks of traditional reconstruction
methods such as boundary blurring, low spatial resolution, and weak small-target detection capability, and to
overcome the limitations of existing deep learning approaches namely low training efficiency, insufficient
physical consistency, and substantial information loss during the low-to-high dimensional mapping process, this
study proposes a multi-scale attention and dynamic sparse mask fusion network (MADS-Net). The proposed
method aims to enhance high-resolution reconstruction accuracy, small-lesion detectability, noise robustness, and
computational efficiency in breast-screening-oriented EIT, thereby providing a feasible solution for the
application of EIT in breast functional imaging. Methods The proposed network adopts a strategy of “locate
first, reconstruct later”. It realizes adaptive allocation of computational resources through a dynamic mask
module, alleviates information loss in the low-to-high dimensional mapping process via a multi-scale attention
mechanism, and embeds physical constraints to improve the physical rationality of reconstruction results. The
performance of the proposed method was validated through systematic numerical simulations, agar phantom
experiments, and porcine tissue experiments. Comparisons were made with mainstream methods including the
Gauss-Newton algorithm, convolutional neural networks, U-Net, and Deep D-Bar. The image correlation
coefficient (ICC), root mean square error (RMSE), and peak signal-to-noise ratio (PSNR) were adopted as
quantitative evaluation metrics. Furthermore, lesion-level evaluation metrics were introduced to assess the
capability of different methods in reconstructing abnormal target boundaries and small-sized target regions.
Results Experimental results demonstrate that MADS-Net outperforms all comparison methods across all test
scenarios. In numerical simulations, it achieves higher accuracy in target morphology and spatial location
recovery as well as better background suppression. In agar phantom experiments, its detection and imaging
reliability for small targets is significantly superior to the comparison methods. In porcine tissue experiments, the
model maintains good generalization performance and can adapt to complex biological tissue imaging scenarios.
Quantitative results show that MADS-Net achieves an average /CC of 0.917 6+£0.048 8, an RMSE as low as
0.060 6+0.031 6, and a PSNR of (23.893 942.685 3) dB. It successfully detects tiny targets as small as 5 mm
within a 100 mm diameter sensing field, reduces the total training duration by 23.5% compared with the baseline
method, and maintains stable reconstruction performance even under strong noise interference. Conclusion The
results demonstrate that MADS-Net achieves favorable EIT reconstruction performance in numerical simulations,
agar phantom experiments, and porcine tissue experiments, even under common practical imaging challenges
including low signal-to-noise ratio and blurred tissue boundaries. This study provides a methodological reference
for further research on EIT in breast-screening-related scenarios and other medical functional imaging tasks, and
also offers a low-cost, radiation-free alternative for breast lesion screening that aligns with the clinical demand for
non-invasive diagnostic tools. It should be noted that real clinical breast data have not yet been used for validation
in this study, and the clinical applicability of the proposed method requires further investigation. Future work will
prioritize collecting multi-center real clinical breast datasets, and further optimize the model’s generalization

ability to adapt to individual differences in breast tissue composition to promote its clinical application.
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