o (55

Computerized Tomography ohy andiApplicatons,

HTRESEBRIME ML AR R

koK, LEAE, Bk, R

Dense Sandstone Material Decomposition Based on Improved Convolutional Neural Network
ZHANG Ran, KONG Huihua, LI Jiaxin, and SONG Yijiao

TELR B2 View online: https:/doi.org/10.15953/j.ctta.2024.131

BT REBSB Y H A ST

Articles you may be interested in

BT IRAERZE M ZS I RLRECTI MG A BT T

Research on Material Decomposition of Dual—energy CT Image Based on Iterative Residual Network
CTEE 5 1 ST, 2022, 31(1): 47-54

TP U-Net G BUBH 22 9 25 ) fith 22 Tt

Reservoir Prediction Based on Improved U-Net Convolutional Neural Network
CTHEIE 5 ST, 2021, 30(4): 403-416

BET BTS2 B AR R T 22 2% 1) C TR i o A

Sparse CT Reconstruction Based on Adversarial Residual Dense Deep Neural Network
CTHEIE 55 FHIFFT. 2022, 31(2): 163-172

FET AR RN 28 P25 1 W72 T 5 v

Fault Prediction Method Based on Convolutional Neural Network

CTHEE 5 B FHBFFE. 2020, 29(5): 522-533

PR 4 S R X AU T C TR R AL TR 1

The Application Value of Accurate Diagnosis of CT Image of Skull Base Fractures based on Convolutional Neural Network
CTHEIE 5 R ANFFE. 2021, 30(6): 769-776

BT AR ZE T T AL U—net i TR A7 2351

Segmentation of Liver Tumors Based on Bottleneck Residual Attention Mechanism U-net

CTHE 5 R FHBFSE. 2021, 30(6): 661-670

KIEMFEART, PRHELZHOEE


http://www.cttacn.org.cn//article/doi/10.15953/j.ctta.2024.131
http://www.cttacn.org.cn//article/doi/10.15953/j.ctta.2024.131
http://www.cttacn.org.cn//article/doi/10.15953/j.1004-4140.2022.31.01.05
http://www.cttacn.org.cn//article/doi/10.15953/j.1004-4140.2021.30.04.01
http://www.cttacn.org.cn//article/doi/10.15953/j.ctta.2021.032
http://www.cttacn.org.cn//article/doi/10.15953/j.1004-4140.2020.29.05.02
http://www.cttacn.org.cn//article/doi/10.15953/j.1004-4140.2021.30.06.13
http://www.cttacn.org.cn//article/doi/10.15953/j.1004-4140.2021.30.06.01

F34% B CT 3 5 W HIBFFL (h3e30) Vol.34, No.1
2025 41 A (117-128) Computerized Tomography Theory and Applications Jan., 2025

SRR, FLEE R, AR, 45 3R T 5k 2R B I b A 2 W 4 R R R i L. CT B 55 W 9T (R 330D, 2025, 34(1): 117-128. DOIL:10.15953/j.ctta.
2024.131.

ZHANG R, KONG H H, LI J X, et al. Dense Sandstone Material Decomposition Based on Improved Convolutional Neural Network[J]. CT Theory and
Applications, 2025, 34(1): 117-128. DOI:10.15953/j.ctta.2024.131. (in Chinese).

BT 2 15 I R 760 22 4 B 53 1R
KA, LT FEKD R

Ll R22 22 B, KR 030051
245 R 5 Ab B 7 48 B A SR %, K 030051

W A8 CT e R MM R E RS R, SCOUM R . TR 2 2% (KRR i J7 A7 R s ik T 456 5t
IEAREEAE 7 M AR BRI R, AR AE AR T AR AR T IAAFAEAN AL o D T M R0 ARG E T £ B R )
AR R, FRATTHR A T R 2 B U Y 4 (RS-Net) I RL i 777 AT VERI T U-Net 9 2% ¥ 5 1),
KM Resnet-152 1F 4 T MR B R MIAIFAT IR FRG BRSO G TL,  2b W 2% 10 2 40 A
VAR EARIY A58 20 51N HD-SE 3500 L3 B W0 48 kO MR AR AL SRR S HUR B M2 2A 2], fm
LRI RRE L o AE07 FUE AV B AR AN NG b Bt A LI AR VAR AT M, D5 FORI S PR 9B 4 SR KW, RS-
Net Z5 (iR RO B B 2 BN B AR A B, 0t T PG 5 S8 Db, IR0 3

XA (BN CT: GRPHEME: MORME: RIS

DOL10.15953/j.ctta.2024.131  HE53ZES: 0242; TP391  CEKFRIRAS: A

Dense Sandstone Material Decomposition Based on
Improved Convolutional Neural Network

ZHANG Ran'?, KONG Huihua"**, LI Jiaxin"’, SONG Yijiao"’

1. School of Mathematics, North University of China, Taiyuan 030051, China
2. Shanxi Key Laboratory of Signal Capturing and Processing, Taiyuan 030051, China

Abstract: Energy spectrum computed tomography can provide quantitative information of scanned objects and realize material
decomposition. At present, the material decomposition method based on neural networks overcomes the limited decomposition effect
of traditional iterative algorithms. However, the performance of traditional neural networks in feature detail recovery is still not
satisfactory. To improve the material decomposition accuracy, a material decomposition method based on a Resnet and Squeeze
excitation network (RS-Net) is proposed. The proposed method uses the structure of the U-Net network and Resnet-152 as the
backbone network to extract multi-scale features. Parallel asymmetric convolution is used to complete the large kernel convolution,
which reduces the number of parameters and computation of the network. The HD-SE attention mechanism is introduced in the
decoder part to help the network recover the image features. Hybrid loss supervised network learning is used to improve the
decomposition accuracy of the network. The feasibility of this method is verified on simulated rock and artificial sandstone datasets.
The simulation and experimental results show that RS-Net combined with mixing loss can retain more internal details of the image, the
decomposed image edge is clearer, and the image quality is higher.

Keywords: spectrum CT; convolutional neural network; material decomposition; attention mechanisms
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Table 1 Backbone network structure

H Conv 2D (kerne_size,out_channels)

3 x 3 Conv

BN

ReLU
Maxpool, strid 2

[1><1,64

3x3,64 ]X3
1x1,256
[1><1,256

CMB

Resnet152-layerQ
Resnet152-layerl

1x1,128

3x3,128|x8
1x1,512

Resnet152-layer2 3x%x3,256 ]X36
1x1,1024

1x1,512

Resnet152-layer3 3x3,512

]x3
1x1,2048
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#2 GCB. BRB. CMB %i#4
Table 2 GCB, BRB, and CMB structure

GCB BRB CTB CB
3 x 3 Conv
1 X 16 Conv, 16 x 1 Conv 3 x 3 Conv 3 x 3 Conv
3 x 3 Conv
BN
16 X 1 Conv, 1 X 16 Conv 3 x 3 Conv2 DTranspose 3 x 3 Conv
ReLU
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Fig.2 (a) HD-SE network structure, (b) Resnet + HD-SE structure diagram
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Fig.3 Cross-sectional diagram of the simulation body
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Fig.4 Decomposition results of image domains using different methods. From top to bottom: SiO,, FeS,, and CaCO,
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IR R . MRS FKT, U-Net J775H1 Incept
Net M 25 HBA GEA5 2 FRAL I 20 AR 20 s $2 HH Y RS-
Net J7 VA 45 6 A8 R HR I 73 i 80 R4 U-Net J7
15 Incept Net M 264 2 Z5e T, HIEIASARA
U, Ar SiO, M4 il R v ] IR I S )& s RS-
Net Jj 1545 Gl et 4 n] LU U 1) Wk R i S A5 BT
PR ARG . 3R 3 e EATIE R,
SERITE R WoR, Bl a1 RS-Net HHA

B ) SSIM {E F1 PSNR {i, 1E 3 Bl oy 11 45 # A
BUE 43 )3 31 T 88 0.9550. 0.9703 1 0.9656.
JtFL FeS, ) PSNR {H & 3 T 37.7823. (it RS-
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Table 3 Quantitative measurement results of projection domain multi-material decomposition using different methods

L WARES U-Net Incept-Net RS-Net A8 3 Jp#i 2k RS-Net JAHK
sio. SSIM 0.6066 0.4616 0.4823 0.9550
PSNR 28.0910 27.9885 29.2897 29.8026
Fes, SSIM 0.6924 0.6033 0.7823 0.9703
PSNR 37.1515 32.9031 36.0319 37.7823
CaCo. SSIM 0.3748 0.5835 0.6381 0.9656
’ PSNR 28.1097 30.8245 32.1277 33.8001
212 IR AR Fl Incept Net J5ik, HMRERAA T BEFT. A1,
T R T o SR 2 b 2 RS-Net J5 i AE L G RCRTT MG A AL, R B it A
FICR,, KPR LB (E 3 A RERBIE PAT, 4 " 1T
54 [60, 80). [80, 100D Fl [100, 120D keV 11 70 Caco, (lenr)
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R 9 4 1 22 A Rl R PH A 1 e " ol
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MIHRERAA, AIRER G VIZRAFAEBK O 0 a0 g0 50 100 120 o Ts0
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Fig.5 Linear X-ray absorption coefficient

(a) [60, 80) keV
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(b) [80,100) keV
IR

(c) [100,120) keV

Fig.6 Sample training set
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Table 4 Quantitative results of test set decomposition

ek D U-Net Incept-Net RS-Net 28 X R 2k RS-Net G K
sio SSIM 0.8875 0.9034 0.9946 0.9989
1
’ PSNR 37.6035 40.3960 48.7807 49.8026
Fes SSIM 0.9684 0.9553 0.9959 0.9986
) PSNR 453823 449185 48.1235 49.6732
CaCo SSIM 0.9879 0.9795 0.9779 0.9970
aLU;
PSNR 47.8170 45.0905 44,7654 49.3658

M4 R rh 5 s 73 B, RS-Net 45 & 1R A 01 K s S, BRI AR b B 2 58 i T
FEFTA MRS RL P R IO T HoA 7. 78 Sio,  BREdEI. SEIRERWIE 9 PR,
(R 53, RS-Net 45 G IR 5 401 2k 0 H d5 11 43
AR, BT U-Net A1 Incept-Net. 2Ll
7 FeS, 5rfif, RS-Net 455 IRAHI MR £
PHIGIR, RUEME Gkt 5 B R A B L.
BRI, RS-Net 45 &R G 10 K AL % TR 23 i
K LARR I, LT U-Net £ Incept-Net, JUIL
TEAN T VKSRGS R AERF P 7 T HAT & 0

H T R PP B K PERE, Segeh, gt
BRI 8 Broas, b iEJiiE o Si0,, KI7IEA
CaCO,, —fAJE FeS,o MNHARERML, &4 B8 A EL R
TEMAR B A A, B Bt & 7 R I 2Ry Fig.8 Example of test set diagram
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Fig.9 New test set decomposition results
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K5 OB L AR

Table 5 Added quantitative results of test set decomposition

R Jiik U-Net Incept-Net RS-Net 28 X i 2k RS-Net & H1K
sion SSIM 0.9353 0.9769 0.9867 0.9987
1
PSNR 52.9134 51.7182 55.9413 67.0735
Fes SSIM 0.8928 0.9340 0.9281 0.9597
€S,
PSNR 51.3739 51.4266 54.9261 57.7916
CaCO SSIM 0.9304 0.9364 0.9285 0.9806
aLU;
PSNR 52.7683 52.9481 53.9886 56.4517

RN B R, B Incept-Net [ k% S TR AR AT [ AT BLSE B0 RO b, X AT g A
BT U-Net, (HZEHIFABIE. WEHEENAM  pohilgigerb it B8R s, 2 )5 s s
KL) SSIM 5 PSNR 1H #B 1% T- RS-Net. RS-Net 7t B K (T AL R
FTA MR o iR AR BRI AL, AL S
WAHUIE, W RSN, o, 213 IIRRSEE
Si0, M4 R B WAL T FeS, Al CaCO, 7, XK h T BT H IR RS-Net % g
AR B R RO B (R BUK, el B B G

N
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I'=1+N, (8)

JOrp 1 ROR MR T I G 1 RoR I SR 1 S
N A\ N(0,6%) I 04T, 0 RosME A FI(E A 0,
A B IR BB RE, 02 FRoRmE SR, SO HUE
59 0.6,

Tt J5 4 G IR E G a1 10 Fios . i s 1
EUGIR f g R 11 s .
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AR T . 1% M 4% BE AT R DR R
2.1.4 HRLSCI
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A HD-SE {E & ALHIRE IE M 4% . MR 4% HD-SE Bith
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AR 25 (1) 65 BR AL B S I HD-SE Bl — 2 7 9w
28 Hh s 0 HD-SE Btk 2 fE g g s B rh s i
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SEHG 2 FRW, AR GR D s RAR D 2 IR FR AL B
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THAN, {H HD-SE BHRAE T RAE I v G REAE
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P, A S AR T HERA PR T R

P 13 i/~ T RS-Net £ 700 RIEAR 5 45 5%
AL DL .
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MG, CT S50 it 1 £k RAE = R 3% A% Ty
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Fig.10 Images in the image domain under three energy levels after adding noise
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Fig.11 Decomposed images in the image domain under three energy levels after adding noise
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Fig.12 Results of ablation experiment
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Fig.13 Training loss function

PRI BE B O 14.6mm, S 2 5 2RI E5 1) E E
648.9mm.

BB LR . BRIRES A 28 AL fd 3 T4l 7E
NIEWD & B i 1) CT AR 7T DA [RA R 7 HAr AE
It H R 2 b A — AR o6 X5 2 ol 5 % 14

(d) frhdesss
—HEn

(e) fRTDEs%S ) fARS2%—. (g) fRGaRE—
—. “HE =L EHUE LS A
HD-SE Jin HD-SE Jin HD-SE Jin HD-SE

T LB BRI RN A A R X X R A
FHAERY, BREUER 200 ~ 349 2L 150 5k CT U] 4 1%
M, EHCER 400 ~ 419 3L 20 5K CT 97 7l 44
%, 14 JBoR T AR Re B IIZRER FE AR o
Kl 15 JE7R TANFETTEI o iR g R

Seu o, Ui CaCoO, Al SiO,, 25 A BB 4> 1
AFLBR. LhitE4s U-Net, udt Inecpt-Net F11 RS-Net
(1953 ff R P AN ) 7 i 1 oy il a5 R R e 3R n 1] 15
FiRo

15 %5 1 41 JySEBR ) CaCO;v Si0,, 2 2 4
FNEE 3 5143 3 A 4645 U-Net J5 21 Incept-Net J7 7%
YRGS, SRR WAE CaCO,. SiO, Lo fil4h Bl
ANHER, 7 Incept-Net J5 5l BG Hnl UK B 5
BRHEEGI . 450 8FK HHE H I RS-Net ¥
28 25 G ORI R B A R A5 3, (B ar 43
fERE FEAN T o 25 5 10 SR R4 H Y RS-Net 19 2% 45

(a) [25,35) keV

(b) [45,55) keV

14 AN[F e B N I ZREE HEA R

Fig.14 Examples of training data samples under different energy segments
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(c) Incept-Net
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Fig.15 Experimental results of artificial sandstone samples. From top to bottom: CaCO3, SiO2, and pores
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Table 6 Quantitative analysis results of decomposition effect of different methods

o Jii: U-Net Incept-Net RS-Net A8 I 2 RS-Net JR &2k
SSIM 0.4979 0.5859 0.8216 0.9590
CaCo,
PSNR 30.8033 322043 33.4598 33.9354
so SSIM 0.9073 0.8653 0.9638 0.9790
1
’ PSNR 31.9615 31.1594 32.7502 33.2538

6 B T AT AN 5 ik AT UG o0 i )5 1
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If, SSIM H PSNR {E# ik, RS-Net &4 28 X/
PR BB RS EAE— e R B4, 2 aE ik
MR WA RS-Net 25 G IRA UK ISR E, (25 #
SERIE R N RS S I, SiO, ) SSIM fH th n]
ik 0.979.

3 g

ARTCER T — Pl - RN 8 o 25 FRIUR 27 2
MG (RS-Net), il RAEFRL R SILF,

B RS B2 AN ). %07 VK 4 R A RN
Fraf Pk SEILA R A AR o FE AR AL 4R 3 43 35 I HD-
SE BiHk, SRS i FE 4 FE 1) [A] — 7 B 7 AN R )
BCE,  RIUAS[R] i B4 LI RFAEAS o X EE T U-
Net. Incept-Net P %% . RS-Net M % 25 5 28 X H i
2K B EUR] RS-Net W 28 25 5V 45 408 2% bR B ) o 4y
filf R, SRR, A H K RS-Net 595 71
SSIM {H A1 PSNR {H 4RIt S 4 (1 g, RE
R P o HE, 0T NSRS 2R AT R,
IIRRS BE A AT, A SR S o R i ) i At
— T

Zx Bk, RS-Net VL 7E 42 mi b BE o i A5 B
TR A AR KRN Sy, ] ARSI GRS F S fiE A7
VIBE S



128 CT Bt 5N WL (h3e30) 34 %

%%‘j{fﬁk DenseNets[J]. Journal of X-ray Science and Techno-

logy, 2019, 27(3): 461-471. DOI:10.3233/XST-190500.

(1] ALVAREZ R E, MACOVSKI A. Energy-selective re-  [15] J| X, LU Y, ZHANG Y, et al. SeNAS-Net: Self-super-
constructions in X-ray computerised tomography[J]. vised noise and artifact suppression network for material
Physics in Medicine and Biology, 1976, 21(5): 733-744. decomposition in spectral CT[J]. IEEE Transactions on
DOI:10.1088/0031-9155/21/5/002. Computational Imaging, Computational Imaging, IEEE

[2] GENG M, TIAN Z, JIANG Z, et al. PMS-GAN: Parallel Transactions on, [EEE Trans Comput Imaging, 2024, 10:
multi-stream generative adversarial network for multi- 677-689. DOI:10.1109/TCL.2024.3394772.
material decomposition in spectral computed tomogra- [16] FME, B, &2, 2 JEF- 00k 22 W 45 (R AU GE CT
phy[J]. IEEE Transactions on Medical Imaging, 2021, EURAT R FT[0]. CT g5 N HRFFT, 2022, 31(1):
40(2): 571-584. DOI:10.1109/TMI1.2020.3031617. 47-54. DOI:10.15953/j.1004-4140.2022.31.01.05.

[3] FANG W, WU D, KIM K, et al. Iterative material WANG C X, CHEN P, PAN J X, et al. Research on
decomposition for spectral CT using self-supervised material decomposition of dual-energy CT images based
Noise2Noise prior[J]. Physics in Medicine and Biology, on iterative residual network[J]. CT Theory and Appli-
2021, 66(15): 155013. DOI:10.1088/1361-6560/ac0afd. cations, 2022, 31(1): 47-54. DOI:10.15953/j.1004-4140.

[4] YAOY, LI L, CHEN Z. Dynamic-dual-energy spectral 2022.31.01.05. (in Chinese).

CT for improving multi-material decomposition in image- [17] ZIMMERMAN K C, SCHMIDT T G. Experimental
domain[J]. Physics in Medicine and Biology, 2019, comparison of empirical material decomposition meth-
64(13): 135006. DOI:10.1088/1361-6560/ab196d. ods for spectral CT[J]. Physics in Medicine and Biology,

[5] BARBER R F, SIDKY E Y, SCHMIDT T G, et al. An 2015, 60(8): 3175-3191. DOI:10.1088/0031-9155/60/8/
algorithm for constrained one-step inversion of spectral 3175.

CT data[J]. Physics in Medicine and Biology, 2016, [18] NADKARNI R, ALLPHIN A, CLARK D P, et al. Mate-
61(10): 3784-3818. DOI:10.1088/0031-9155/61/10/3784. rial decomposition from photon-counting CT using a

[6] LEHMANN L A, ALVAREZ R E, MACOVSKI A, et al. convolutional neural network and energy-integrating CT
Generalized image combinations in dual kVP digital training labels[J]. Physics in Medicine and Biology,
radiography[J]. Medical Physics, 1981, 8(5): 659-667. 2022, 67(15): 155003. DOI:10.1088/1361-6560/ac7d34.
DOI:10.1118/1.595025. [19] HU J, SHEN L, SAMUEL A, et al. Squeeze-and-excita-

[7] LI Z, LENG S, YU L, et al. Image-based material de- tion networks[J]. IEEE Transactions on Pattern Analysis
composition with a general volume constraint for photon- and Machine Intelligence, 2020, 42(8): 2011-2023.
counting CT[A]. Proceedings of SPIE the International [20] WANG Q L, WU B G, ZHU P F, et al. ECA-Net: Effi-
Society for Optical Engineering, 2015, 94120T. cient channel attention for deep convolutional neural

[8] SUKOVIC P, CLINTHORNE N H. Penalized weighted networks[C]// 2020 IEEE Transaction on Pattern Analy-
least-squares image reconstruction for dual energy X-ray sis and Machine Intelligence. 2020: 11531-11539.
transmission tomography[J]. IEEE Transactions on Med- DOI:10.1109/TPAMI.2019.2913372.
ical Imaging, 2000, 19(11): 1075-1081. DOI:10.1109/42. [21] WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional
896783. block attention module[C]//Lecture Notes in Computer

[9] HEISMANN B J, LEPPERT J, STIERSTORFER K. Science, 2018:3-19.DOI: 10.1007/978-3-030-01234-2 1.
Density and atomic number measurements with spectral [22] BEE, VML, sk o5 #o, 3 TR E B mihid =
X-ray attenuation method[J]. Journal of Applied Physics, I WU B (7], TF &ML, 2022, 42(8): 2353-2360.
2003, 94(3): 2073-2079. DOI:10.1063/1.1586963. DOI:10.11772/7.issn.1001-9081.2021061037.

[10] SCHLOMKA J P, ROESSL E, DORSCHEID R, et al. LV Z H, XU X Z, ZHANG F Y. Lightweight attention
Experimental feasibility of multi-energy photon-count- mechanism module based on squeeze incentive[J].
ing K-edge imaging in pre-clinical computed tomogra- Computer Applications, 2022, 42(8): 2353-2360. DOI:10.
phy[J]. Physics in Medicine and Biology, 2008, 53(15): 11772/.issn.1001-9081.2021061037. (in Chinese).
4031-4047. DOI:10.1088/0031-9155/53/15/002. [23] SEIF G, ANDROUTSOS D. Edge-based loss function

[11] CARMI R, NAVEH G, ALTMAN A. Material sepa- for single image super-resolution[A]. 2018 IEEE Interna-
ration with dual-layer CT[A]. IEEE Nuclear Science tional Conference on Acoustics, Speech and Signal
Symposium Conference Record, 2005, 1876-1878. Processing (ICASSP). 2018: 1468-1472. DOI: 10.1109/
DOI:10.1109/NSSMIC.2005.1596697. ICASSP.2018.8461664.

[12] WANG G. A perspective on deep imaging[J]. IEEE (24] EE R, LM, X8, 5. NERD AR 2 RO

[13]

[14]

Access, 2016, 4: 8914-8924. DOI:10.1109/ACCESS.
2016.2624938.

GONG H, TAO S, RAJENDRAN K, et al. Deep-learning-
based direct inversion for material decomposition[J].
Medical Physics, 2020, 47(12): 6294-6309. DOI:10.1002/
mp.14523.

WU X, HE P, LONG Z, et al. Multi-material decompo-
sition of spectral CT images via Fully Convolutional

b B AT AR AR U B BRI 1 VG K2 2 4R (B3R
RE2£ 0, 2023, 46(6): 1378-1385. DOI:10.13451/j.sxu.
ns.2023030.

WANG J X, WANG H P, LIU R, et al. Multi-scale micro-
structure characterization and fluid flow simulation of
artificial sandstone samples[J]. Journal of Shanxi Univer-
sity (Natural Science Edition), 2023, 46(6): 1378-1385.
DOI:10.13451/j.sxu.ns.2023030. (in Chinese).


https://doi.org/10.1088/0031-9155/21/5/002
https://doi.org/10.1088/0031-9155/21/5/002
https://doi.org/10.1088/0031-9155/21/5/002
https://doi.org/10.1088/0031-9155/21/5/002
https://doi.org/10.1109/TMI.2020.3031617
https://doi.org/10.1109/TMI.2020.3031617
https://doi.org/10.1088/1361-6560/ac0afd
https://doi.org/10.1088/1361-6560/ac0afd
https://doi.org/10.1088/1361-6560/ac0afd
https://doi.org/10.1088/1361-6560/ac0afd
https://doi.org/10.1088/1361-6560/ab196d
https://doi.org/10.1088/1361-6560/ab196d
https://doi.org/10.1088/1361-6560/ab196d
https://doi.org/10.1088/1361-6560/ab196d
https://doi.org/10.1088/0031-9155/61/10/3784
https://doi.org/10.1088/0031-9155/61/10/3784
https://doi.org/10.1088/0031-9155/61/10/3784
https://doi.org/10.1118/1.595025
https://doi.org/10.1118/1.595025
https://doi.org/10.1109/42.896783
https://doi.org/10.1109/42.896783
https://doi.org/10.1109/42.896783
https://doi.org/10.1109/42.896783
https://doi.org/10.1109/42.896783
https://doi.org/10.1063/1.1586963
https://doi.org/10.1063/1.1586963
https://doi.org/10.1088/0031-9155/53/15/002
https://doi.org/10.1088/0031-9155/53/15/002
https://doi.org/10.1088/0031-9155/53/15/002
https://doi.org/10.1088/0031-9155/53/15/002
https://doi.org/10.1109/NSSMIC.2005.1596697
https://doi.org/10.1109/ACCESS.2016.2624938
https://doi.org/10.1109/ACCESS.2016.2624938
https://doi.org/10.1109/ACCESS.2016.2624938
https://doi.org/10.1109/ACCESS.2016.2624938
https://doi.org/10.1002/mp.14523
https://doi.org/10.1002/mp.14523
https://doi.org/10.1002/mp.14523
https://doi.org/10.3233/XST-190500
https://doi.org/10.3233/XST-190500
https://doi.org/10.3233/XST-190500
https://doi.org/10.3233/XST-190500
https://doi.org/10.3233/XST-190500
https://doi.org/10.3233/XST-190500
https://doi.org/10.3233/XST-190500
https://doi.org/10.3233/XST-190500
https://doi.org/10.1109/TCI.2024.3394772
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.15953/j.1004-4140.2022.31.01.05
https://doi.org/10.1088/0031-9155/60/8/3175
https://doi.org/10.1088/0031-9155/60/8/3175
https://doi.org/10.1088/0031-9155/60/8/3175
https://doi.org/10.1088/0031-9155/60/8/3175
https://doi.org/10.1088/0031-9155/60/8/3175
https://doi.org/10.1088/1361-6560/ac7d34
https://doi.org/10.1088/1361-6560/ac7d34
https://doi.org/10.1088/1361-6560/ac7d34
https://doi.org/10.1088/1361-6560/ac7d34
https://doi.org/10.1109/TPAMI.2019.2913372
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.11772/j.issn.1001-9081.2021061037
https://doi.org/10.1109/ICASSP.2018.8461664
https://doi.org/10.1109/ICASSP.2018.8461664
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030
https://doi.org/10.13451/j.sxu.ns.2023030

	1 方法论述
	1.1 图像域的材料分解模型
	1.2 基于RS-Net的材料分解模型
	1.2.1 RS-Net网络结构
	1.2.2 HD-SE模块结构
	1.2.3 损失函数


	2 实验设置与结果分析
	2.1 仿真模体实验
	2.1.1 基本算法比较实验
	2.1.2 衰减系数相似实验
	2.1.3 加噪实验
	2.1.4 消融实验

	2.2 人造砂岩样品实验

	3 结论
	参考文献

