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Review of high-quality ultrasound imaging and reconstruction
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Abstract: Medical ultrasound, as a noninvasive, radiation-free, real-time medical imaging modality, plays a crucial role
in the early and clinical diagnoses and treatment. Image resolution stands as a core indicator of ultrasound instruments,
which significantly influences precise diagnosis. In recent years, ultrasound imaging devices have undergone a diversified
development to meet various clinical application scenarios, including ultra-fast and hand-held imaging devices. However,
most advancement comes at the expense of reducing imaging quality to achieve high imaging frame rate or portable hard-
ware system, which impacts their clinical applicability. Thus, obtaining high-quality ultrasound images is a pivotal issue.
This study reviews extensive recent work on the high-quality ultrasound imaging by delving into beamforming algorithms
and high-quality ultrasound reconstruction methods. In the aspect of beamforming algorithms, we introduce traditional non-
adaptive methods represented by Delay and Sum techniques, as well as four types of adaptive beamforming methods with
superior imaging quality but higher computational complexity. In addition, a brief introduction to learning-based models for

beamforming is provided. Adaptive beamforming algorithms are currently a major research topic with the advantages of high
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imaging quality and the substantial development prospects. The study focuses on four main kinds of adaptive algorithms:
minimum variance (MV) methods, coherence factor (CF) methods, short-lag spatial coherence (SLSC) methods, and fil-
tered delay multiply and sum (F-DMAS) methods. Detailed analyses of modified algorithms based on the classic adaptive
algorithms and corresponding applications are presented. For each type of adaptive algorithm, a brief theoretical introduc-
tion is provided. Subsequently, the study lists the most influential related literature in recent years, along with a short sum-
mary to the methodology and final results. The primary challenge for MV-based methods is improving the accuracy of covari-
ance matrix estimation and reducing computational complexity. To address this problem, the study introduces several
approaches, such as reducing beamforming dimensionality, designing covariance matrix based on Toeplitz structure, and
learning adaptive weights using neural networks. For CF-based methods, improved coherence factor methods and other
related methods are introduced. Compared with the traditional CF-based methods, the former can greatly improve the lat-
eral resolution and signal-to-noise ratio of images, while the latter can suppress the dark region artifacts and alleviate the
excessive suppression of coherence factor. For SLSC-based methods, techniques like adaptive synthesis of dual pore diam-
eter, robust principal component analysis, and linear attenuation weighting are explored to address the issue of poor resolu-
tion. For F-DMAS-based methods, approaches to further enhance imaging quality and decrease computational cost are dis-
cussed. For instance, combining multi-line acquisition with the lower-complexity F-DMAS algorithm increases the frame
rates while maintaining the high quality of images. F-DMAS can also be combined with a pixel-based beamformer to
improve the contrast of the generated images and suppress the clutter. Finally, the study provides an analysis of the advan-
tages and disadvantages of each method in terms of resolution, contrast, noise suppression, and robustness. For high-
quality ultrasound reconstruction algorithms, the discussion primarily focuses on two aspects: conventional and deep
learning-based methods. Conventional methods, including interpolation, sparse representation-based methods, and
example-based methods, aim to enhance the spatiotemporal resolution and reduce noise of images. By contrast, deep learn-
ing methods, which are capable of fully utilizing prior knowledge to automatically learn gray distribution mapping between
images from different domains (centers) , present broader application prospects in high-quality ultrasound reconstruction
algorithms. For convolutional neural network (CNN)-based methods, the study enumerates several approaches, such as
learning the nonlinear mapping between low-quality image subspaces reconstructed from a single plane wave and high-
quality image subspaces reconstructed from synthetic aperture measurements through CNN. This approach can accurately
preserve complete speckle patterns while improving lateral resolution. The image reconstruction method based on a two-
stage CNN can produce high-quality images from ultra-fast ultrasound imaging while ensuring high frame rates. Regarding
generative adversarial network (GAN) -based methods, the study introduces several improved algorithms that achieve
higher-quality acquisition of images, stronger robustness of algorithms, and higher image frame coherence to better satisfy
the specific demand for clinical applications. Finally, the study conducts an overall comparative analysis of research prog-
ress at home and abroad and discusses future development trends. Concerning beamforming algorithms, domestic and for-
eign scholars focus on adaptive beamforming methods. Moreover, the future development and research trends of beamform-
ing algorithms can be primarily summarized as follows: 1) reducing the computational complexity of adaptive beamforming
methods to improve their real-time performance; 2) deepening research on learning-based beamforming algorithms; 3) syn-
chronously increasing the imaging frame rate and image quality in ultrafast ultrasound imaging; and 4) integrating different
beamforming methods to fully leverage the advantages of various approaches. In terms of high-quality ultrasound image
reconstruction, studies predominantly focus on deep learning technology. Relatively few studies are available on using tra-
ditional methods for super-resolution reconstruction. The research on deep learning methods has shifted from CNNs to
GANSs or their fusion. Finally, future prospects for high-quality ultrasound image reconstruction are proposed: 1) combin-
ing traditional methods with deep learning techniques, and 2) introducing diffusion models and foundation models into the
field of high-resolution ultrasound image reconstruction to further enhance the quality of generated images. The synergy of
traditional and deep learning-based methods, coupled with the introduction of innovative and advanced technology, holds
great promise for propelling high-resolution ultrasound image reconstruction into new frontiers and contributes significantly
to the advancement of healthcare services.
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FLIR B A BUG IR T SLSC )7 \M-weighted
SLSC 77 LA B R-SLSC J7 i 76 FLIR I 8 7 5245 12
Wi 25 B o SEEEE R R Al SLSC 5 )
T [0 7 A i E A R A bR X R A T R
IXIRRFFE R, bk BAG  i nT  Bl X 43 8 R
[T A 1 L A o B 5 A 1 LR e e, A B B A
Hb DX 52 A 1) HE P, 2 3 T LB S R 1 12 W
fEJ.

4) ERF A B N7 ¥ (F-DMAS) . Matrone 55 A
(2015)$21 F-DMAS J5% . AR 4558 DAS il I
BLAS B R 284 FE ] 5 1 [l 15 5 R AT AH TR AT
F-DMAS {9 532 76 3R RN 2 1 65 5 2R 47 75 1 A 3fe
Bl AN N T aE T BUR - A il e e A3 A
FERER SR IUDONE A3 2 2 i [y 1 e

h T R AR F-DMAS $ 55 ES 5 1 B A i
, Prieur %5 A (2018) %F DAS 1 F-DMAS 47 B i iF
FERGe i e, R Field 11 AT 50 15 SEEcBE Y (&1
18,73 5IE L DAS 9% HFI F-DMAS I o, 7E A8 |- 3F
AT BASR , ARSI A5 S e S AT PR O R
SR 4 W R, F-DMAS JE )8 0 3% 56 [ 9% 15 5 A
THAEAREREE., MERFSMHTHE TR,
F-DMAS % tH R Wi T B A i B2 K F DAS Ik, ik —
FREA BT H2 05 F-DMAS A% 09 %6F H RS Aoy 3R
FEIERXT DAS I 5O WA AH T 254 il 4

it — 2 B R S BUIR O3 BE R Guo BN
(2023) ¥t F-DMAS 5 3 T 4t — {4 % (pixel-based,

PB) WAL AR A4 &, LLSE 7 BT F-DMAS J7 i A
X O BE T T A3, 44 S 2H G IR I AR TR 1Y
45 — JE I A 7 2 (filtered unified pixel-based delay
multiply and sum, F-UDMAS) ., & T4 —1% & (PB)
W R IE 17 5 (Nguyen 1 Prager, 2016 ) ¥ 58 £5 78 &
AN IG5 S IR AR Ay T A BT ik i 4 2 G
i FB RUR B S I A Ik i 22 1) B~ 1 0 9 L A5 DA
BN G DX LA 5T ) e A 1) 2 B A AR
T TAEHGEE B T HE A& RN, Az iy
BAIRAFAEDN S | PR AR & F-DMAS J7 v 48 1L 3
TRHESE R S8 2R e OB 10 2 ) AR T P 2 AR
FE G RE b, DAS e A R P 6 LB A3 AR
PE— 2B 2 il o 5 H Al P AR T v TR,
F-UDMAS 7/ i {5 5 L B34 2], FLAR W L s
fEGEH F-DMAS, A7 518 B B K
113 BREETINE

F N 2 i RO i 7 v S AL AR A I DAS
T AR, T8 UG 3 A A L B2 T T 2A W 1Y
FEFFROCR o SR, H A A Ok i ) A o A
Wt VIR AR TS R R R, IR
J&2¢ ) 207 VR S VI ZRIRFE 1A X 28 ok 2 2] i RO
JSCHR ) 2 BE AR /D I8 RO W SRR A5 2407 125

WFIE N GORE IR B 27 2] D5 ¥R 0 T A g b
Wiacek 55 A (2020) F1| JH ¥ 32 1 25 19 2% £k 112 8] AH
TR, T TR ] B s ) T R AR B, JF %M
AT 45 N AT BT JE T4 ) 45 (CohereNet) o 4%
IRAAT T 18 A [) F 2 1 44 A 3L 5 800 1) 5 )
A PR AR P 7R g A B 2R (central
processing unit, CPU) 115319 SLSC K18 5 1 Coher-
eNet ] 1 1 AH WV 78 B2 fil 28 ) 2% SLSC BR8] 1) ~F-
BIFACNEN 0. 93, HIER B 28 W 45 SLSC Jy vk i1 3 30
J& CPU SLSC J7 & 1 4. 4 £, 5 5E T [ JE Ab 2 4%
(graphics processing unit, GPU) ] SLSC 7 % AH tb A
AL A 35538 AR B e ) PR AR B

FIRIET A 3 N AR RO B 2 RE 8 1 35 A0
G AR s AR B AT TSR A
AR, AN 752 PE . Lei 48 A (2023) B U4 4
T Tl A S {H T 45 3 H Bl 28 X 45 (fully complex-
valued gated recurrent neural network , FCGRNN ) 3 3)I|
S R RO RERL, 4R Y SRR ] T S —
82 AR B JZ R — dropout 2, FT 5 B T B 1)
SO T S T RNz Ak . 5 CohereNet J5 ik
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FHLE , FCGRNN % & 1 2 B0 5 A -5 i ] JE 1, A
M3 T RS, B Ryt d Ot T R 2R 2L A
B2 2% SRR S5 SRR, B EAUE Y 73
B A 5 ] DL s A B 4 M B, o A o O e Y R R
K&
1.2 SREBFEGRERALE
12,1 405k

PAHR T PR AR |l ESS Ab B 7
VAT A SEARPEAT B MR B 1S 5, DU S 5 RO L
JERIr PR

D) EETARE I 7 vk o AL S8R (85 A AL 4G Bl
LB A EL . OBUZ M 4 1B AN = By 4 {EL (Patel 1 Mistree,
2013) 4%, BRI7ERM RS PR A A A
FAR L AT AR AR B AR, AR S O 75 5
% K o Jensen Fll Anastassiou (1995 ) FH 6 I &+
RAF N S, DL AR 0 L 68 3R . Muresan Fl1
Parks (2004 ) 50 1 X £ 2 AR 1 205 7 19 1 2%
it P — 4 Z2 0 A R B E i ms 73 BER KR LiF
Orchard (2001) £ T —F 3 T30 2 5| 5 1) 47 (B 53
b S ) I ] s X SO 60 = W) I (D 6 ¥ X 1
A LA R PR ER AR T 2 . Hung
1 Siu(2012) $7 i —Bh 3 F AR /b — 3k (g it
D55 i 18R 1 JLART AR ARLPAE FORUA D 8 s A R
AR A 4 2R

)BTRS BTV, o BT R s Y 1Y
R E A R TR A G B2,
GG 5 R W], RG] DUAR 4 3 27 D A3
P 10 ok 58 A M P I PR YO0 R Y W B ek 21
Ho ZMIA K, Yang 55 A (2010) AR5 HE 250 A Y
T EHR P S HeM i 2w, 985 % RS 1Y 24
Az o R o T IS N AR PR i o3
P A KR P WA 7 i A1 A o 1 5 T o 22 ] )
B R s AR T EATEA N F i B GMEE. 5
Yang 55 A (2008) LATE YA 5T AR L, 77 ~] B 9 = i
X — B R R RN RORFEAR T3 As . i
A L TTVE W Ry R i AR XS R R HLA SR )
PE BT AT — S — R HE R, AT e g A
T 0T BEAT R Ay PR i g

R ZHI Y — SE I TR 2 1 R o PR
FOETE WAL E R T R AR RE B E X
75 B AL AGA e Bsf T] 025 ] [ B 43 B 4 A 1Y
WFFE . Gifani % A (2016) $ 1 T —Ffd T Fis i 15 5

&7 FRIVRF )75 S5 140 JUEE P A i) v 23 R 38 1Y J=
AEPRTTIE . B SRR R AR P SRR MR R UK
(R iR (intensity variation time curves, IVTC) ¥
HAFETEE 6 ARG — 2 e et i pR L, 10t
R PR 7 R A 8 7 o Jlad DL J
25 1% SR SRR it R 0, TR R AR 23 B 30 5 it v oxof i
AR D, R A5 1 0 A AL X 17 T A i R
A T S5 A e 2 B i i — > B
ZHREASHY BT IVTC , DT FH B 22 it e 2 Ji 4 e 75

3) T FEH (example-based ) B 5k . M52
2 B M TP, R 5 PO AT HY ey o
SR WMATTEAT S50 TR P F ] I 4 s A5 o B
R P AR I — R PR . TR Y Dy vk
BLAR 7 2 BRI R BHR AR | 27 21853 BE2E (low reso-
lution, LR)%Z@‘%IJ%ﬁ%ﬁ%(high resolution, HR) 5%
B Z IR WG O 28, TS B s o HE R A

Trinh 55 A (2014) $1 H T — Fft 2 T4 1] 14 = 22
UG 3 BER Tk o 20T R T B A8 R A T
i L 20t % 140 23 B R T TR OO0 £ B 45 5 Y HR
FVLR IGO0 B0 P, DS I 7 A1 B3 A A
TR PR EUR . 5T X A R S gb AT MR A
I HERAL I X TR 4 e AR B R AR,
it ZEAERR PR P IR PR R b P 4R B AR
S (SR RE R N N (1K [ 2 AN 1R 7 2 Y N
Hh SR AR TR B 2 1 2R 9 ) Rl ARy — IR B
TR, SSRGS T A2 B
TR R G, HAERIOCR LT Z 6 e e i
W5k

5 BRIFE R B KER 53 i 43 HE A A
RIvh TGRS HIRVTAS PR P 2 TRl AR
SR, TR QIR B I AN 2 — MR — B B2 i 7 =0, A
WG — AT O RE AR FEE o R 5, DA B 4 3
W NI ) PG AR BIPE , o  o EA RR A T
N T PRI — ), Tran 55 N (2016) $2 1 T — Ffi
T FastEMD 9 EHRBAR U KL 1 T7 vk, 42 71 T 4015
10 AR ), E 4 e 25 T 43 B A8 1 ] I i 25 A 52
Bl
1.2.2 WEETIE

LG T BORTE— R LRSI AL $E T
AR B ABATSSRAFAEVE 2 BORBE 2 ] AT 2™ A%
FCXT AR SEERCRBUARAF [, EAER IR
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A HRAE G A BRGS0 55 rh B RS 1 S8
PERY R, RS 7873 A FHSE 50 F03H A 3 I ok A
ANV (ot ) PRV TR] B8 I B8 A 22 5, LAEA T S
R Sf5RSEAT 55, by e I e B 7 R EE Rt T
I8 i R JEL B

DT HERMLMLE (CNN) k. ZIREB]H
MM 2% (Jin 55, 2017) 95 % , Perdios 55 A (2018)
PE T — R L 38 i CNN 2% 2 H B — S 1 )%
(PW) 5 ! (1% o TR 1 5[] 3 |y & )L AR (SA)
0k o A ) e S PR 1 ) R ) A AR A
127 ) B F A v 0 B AR (radiio frequency , RF)
F S AR, X T2l = oy B, SR
2 5 AR O B 50 A HORER X i [ g, J o 1
X EEE WA 1L (>8. 4 dB) LR [i] 73 BE 5 (>25% )
I B A E RS (570 dB) o 5340, %07
A BN T2 A, S A R — PW AL S B
Jo i P B A

Perdios % A (2018) $i& H 5 T I Ji 45 UM 22 1
2K P RGBS 5RO 1 TR R AR T ARG
S ER AR (HASE T B DR R 7 iR . R
fifi I, Perdios 55 A (2022) 4 i} 1 —Fh & T Pl B
CNN MR E A5 . Bl AL T R B4R AE
FALDAS PRI T ¥ AR BT i S R k. 3
& i — A B 22 RUEE TN 22 30 38 8RR R Y AR 2
CNN R S i th g B R . Oy 1 2% JE R PRt
P AR R B e B AT B AR e BT T
T 5 X 0446 % 1% 2% (mean signed logarithmic absolute
error, MSLAE){E A Il 25458 2% pR 8 . )12 SE 5 ik H
TIZITEREUS A RO A PW A G B AR,
TE 2530 [ 1d 60 dB AYTE BT, HBTRE AT 5 4
LA BUR AR 3E . X AURE R T R AT K K MR
I A BT T B RS Y R PR SRS, BT D
RS R A

DL B 6 T T A =AY AR RIS, T ki
% (divergent wave, DW) [R]FEVE b —Fi i R 1Y BY,
PR 380 3 0 A S8 ST it AR 7 ) S S TR R )
J5 75 T JS0ME AU 5 8 i, DT A S0 B AT DI 1) 4 ST 35
H, 25T 52 B RS H AR IXURUR o 3X R & SR
FE A% (12 0 8 A= ) B4 0 BRI, 7.0 1l A8 1l AR Sk
HA—ER LR . B DW LS 55K PW &
SEARAL, Pk D B A S 2O AR B 2 1 TR ALY
S MR U 2E o N RDZ IR R, 4 58 o 3 )y 1

SRR i M R SR B Y RS . T
FEREE 2% 2 J5 ey, 5 A CNN SRR 7 — B U2
SR FH I E N A%, PR I PR AR [R] RO AR, 3
Fh AT A BT CNN RIS NS RRAE , B
T PW B . RULDW E4, T DW & S B A
ST P I AT, HEM R 1) B 2 T LART AR | R TR
I T DW BHR EAT HARERE . R, AL BE DW
RS BT R AR Y 0 2 T B CNN L5 TR AR AR T
1E17,

BESXHE S8 CNN 76 4 DW MG H BRI A8 4 115 52
B B4 ) A1, Lu 2 A (2020) 42 Y T — 7 44 7 IDNet
(inception for DW network ) 51 51 CNN Z244) , RE A% F]
FIZte DW ALt i) gy i DW 7 (IR . 100
W% 52 3] GoogLeNet (Szegedy 45 , 2015) H T KM% 5
) B A I A, 38 3 5] A inception £ T DW &
G i 4 AR rf, AT JE )i IDNet, Horr,
inception A HRART AN [ /I 4 FR B IR 48 00 AH 7] 114
AN EAT AL, TR I BRI E N — 2. TR
1 FH maxout 1 R S0 BRI, 3 2R A 2182 B K
ANERFAE , AT B AT RO A FH DW KR (E B . S5
SRR, P 5 vk ) A R B S bR 31
DW 525 A i) RS B i AH Y

2) BT BTN 45 (GAN) J7 % o Nair % A
(2019) H UK GAN izl T AOE i i #t b . %
TG RIF 5 1 FH 50 000 22 UK Field-11 17 BLECHR U 17 X 4%
NGk, B 05 BRI B PW R SRR 2H 2L A
FIRERD BAREATEIHE . GAN Zead Ul 245 1 A A% B AR
G r FIEIR , 1i# I LAVEBCZE DAS I AP i
J 1 B KA, J5 2 FH LA DE e 2 o 55 ] [l 20 2 Y
BRGS0 gk, ARSI A A A ) 45
SRR Ty AN AR AR B 230 3145 T 29. 38 dB
F114. 86 dB AYIEAE 15 M [t (peak signal to noise ratio,
PSNR) 735, Lh K 533313545 1 0. 908 F110. 790 (1) DSC
(Dice similarity coefficient) 3 % ZIWAF 5L UE ] T
GAN REIEKE 2 > B A RRIE BT &% Ak 2 D5 A 55
R T BRBE 7 2 AR — T 1 ) AL Gl 5 5 R
£ G UR R = AR

TEMEZ I L GAN TFAG T2 I FH 3 g Joit o 75 ]
BEERPITE T . Wang 55 A (2020b) 42 1 T —Fii 4k
F ¢GAN (conditional generative adversarial network )
(TR I 2 20 J5 i, il DS S0 DO 75 % S AR BRI J 4y
S (R ) 168 18 50408 21 1y Jo ek B ASE A8 PR ] ) Bl S
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TC s PR T SE I T A 2 A6 I S5 b P AR L %
2% i 17 PICMUS (plane-wave imaging challenge in
medical ultrasound ) 2> FFECHE S FE47 T U Zr A0 3L,
1207 A B R S S PW Y DAS BHRAH L,
fEWE M 1. 112 dB T2 1. 540 dB. cGAN 2 [&]
BRI PW (1 DAS KR 5 754 PW B & G Z 1]
() A & 22 B0 5918 0. 976 F10. 641, MIHLZ T,
cGAN H #E G 5 A W R o AT 5T 45 R IE
BT GAN £ Ak B i B A0 AL 55 DAS B SR BUE 1
W

3R W A T GAN 19 7 ¥ DU M Zhou AF A
(2021b) S A AE — I R IR . LR 35 )
FH UG 308 T8 508 UEA TN 25 it DORE S 41 430 R B
R G 0 T B A — X PR A AR R O
FUEHE A TR ALY S5, 3 BRI 78S R A S 00 M T A
WG ey ae F R L M . BRI ZAb, X e
TN 25 i) PG 8 2 1l A 1 T AL S 805 201
B an By A BR324 6 ] (dynamic range, dR)
{HK 60, X 2 38— L FGQICIES B R BoR .
Ah, R E BRI 0T DL PW B A %, Tl R
I R AR N S

EFXT IR AR, Seoni 55 A (2022) FF GAN £ 13
T — R RHT 1 I A R A DT vk . LAERAS
PW 11 DAS I AE GAN (% A8, DL SR FE A Y
F-DMAS FEUGAE R H AR B (275 B, i Il 2Rt
PUAEAL LS — 3 ] A AR R P it . SRR R A
dR KA E PW DAS [E1% (dR = 55 dB .65 dB.75 dB,
85 dB) , [Al i 2R A 35 dR K fi 1k J £ F-DMAS [#
1% o ZIH BT T —A4> Pix2Pix i) GAN 2244 , ¢
W A MIGAT: 55 338 N — 1~ (PW DAS 1) £ 5
— B (R £E F-DMAS B8 iy 4 . R H U-Net £E
o A, 3 )R AR PatchGAN g HI 8%, 528645
R WIR, g 1 1) GAN 2244 4= il K112 5 F-DMAS [#
QIR BE 43 A AT i AH 2 GIE A 10 R 7 R L
JFU R KR AE T N PW DAS &5 i 5 21 3 £5 F-DMAS
REEWNTIE SN SEE AT

2 ERMRHERE

2.1 BEKERFERFIE
B XL 48 DAS J7 1 AR 45 S e LG 2 v i
T 2RI () R [ PR 2 3 6k ] A5 v o el e R

F 3 1 S O B BRI T T2 IR . BRIt
HbEEXT DAS AR BT i ASE L K [ 38 2 T
O 2 JEE ol vy A W)L, TR 2 ) SR HROE 5 1t
HIEAE AR [ A RIS
2. 1.1 AEREAIE Tk

D fe/NT5 22 (MV) 26774 o [ N 2255 £ X MV
D7 L A5 22 % F MV R CF AR Rl A 19 77 =X, 3l 7k
R 7 288 & G, mT RASE 3 R P A 5
TR, LATR AR F AN 2, DT 3R A5 B e 14 7
Bria . Qi%FE A (2018) 42 ) T —FhER &+ [ 51 A
V£ B9 /N J7 2 (subarray coherence minimum vari-
ance, SCMV) Il I8 Wl &% , 127 15 B SE 70 & 5 Al
W HE i 1 W] B SR B MV AR I AT AR 3L 1 S
BLT MV IALEE SR A R A B b — P 3T
BT BT PEACE IE HEAT Z UM AL B, e 4K
MR AR T R B o %07 R R BT TR T B G,
MV JIASCRE [7) B 107 FH T 2 6 AR L2 52, A5 5508 T
TR A 1) A U 3R T LT TR AE T
OV /)37 €50 NI sepd 2Ei1 W oy €25 L I N
PETE T R AR LR 5 B, PR 38 B fInAGE 4
FIH T 23 AP BOR G BR 1 X 7 1  75 f
2B R SR 1AL G CF 3805 ¥ iy 2 B2 4
[F] R

Wang 5 A (2020a) #E—L 42 T —FME & A 4T
— 4% W (mixed transmitting-receiving, MTR) fL 4% )
MV J5k o %07 Se e & S e e 4 i 1 — 4
FEA R i, RES G BB ST MV LA a8 Bl =
IR A Ty A A SR A i d e L™ )
AT X (generalized coherent factor, GCF) , DAt
(9 GCF AL MTR F i 1 AR 15 B 5 [ER e m S A
B 32 B 53 73 BT (RPCA) 1 2 i Ak 3775126 400 o s
WP A HOR RS . 2l B B DR FNTE IR SR 0 E
JIT 4 J7 1 AH 6 T A% G2 0 AE 15 2 i (DAS) % BB 1
i, HLAS (] 43 HER A0S Lo B A5 2 R i B 42 T

Lan 55 A (2021) 45 MV 3 FUE 845 15 GCF A4S
& FH GCF DA 1 A5 5 A9 AR 11, DA Ts 3 il %
F AR JEAT 0500, R T A 35 0 H 98 55 MV 5 8k v s [
TR B iy 44 S 3 S [T /)
77 2% (adaptive spatial-smoothed MV, AMV) 7k, 24
[l {5 =k A T8 AH T B H AR, H GCF (E 42
R G P AF 2ok BT ARAH T U B AR, H GCF
BB/ FET X 4R WP T E R s p AL,
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23 ()3 T REIHE L (p) W F 8 I B8 T A

L(p) = round[(1 —2x6G(p)) x ]ZV} (7)

L, N R TCECR  round R V04 TLABE, G(p)
R AR R p A GCF A, F RS L(p) &b T 1 5]
N2 2z 18l f (7)) Rl X6 i [ 7 HO A G ]
FRALZEME S | PRI BER R I T8 U H A,
TFREFNRK BRI, BRILZ Ah  WF 58840 FH T R A
M B oA X0 2 AN 55 , ()5 F GCF HEA T [ 38 7
DX IR ASL , DTG E — 25 3 5 PEAGO0S L B . 53 ik
D5 B AR BRFL AR IR B A T S B DA 25 R
IR, GAREMV AH LG, AMV 7647 2RV 286 h 4
IR FROERE A M L 5 I BIR B2 2 T 96. 19% F11 62. 82%,
B 1] 20 BRI 45 5 2.0, 01 mm A10. 17 mm.
DM T HEF(CF) 2Tk, EHNEE X CF2
T s, — 5 G TR S A G
I3 —J7 T W TS XL Ge Y CF 2 DL J GCF ek
Sii R N A DO E 5% s S N R S SRk 2y i
AR @, Wang A1 Li(2014) $2 T —Fi K8 15 M b
PET DA T AT v BB A O2 A T R o
T B 1) B, 3% 07 W AE CR B Fa b, % 08 T R
fE W EE (7 AR A5 e E AR 0 17 0L 12 R348 5
QX LLEEPERE o BRILZ AN, 76 18 P SR R
BT X CF 1 GCF U SROE B 12 R T W 7K P-4 i 1
5 7™ EE A AR ) S U AT DX PG () 8T, Wang 55
N (2019b) 48t 1 — ol [ 57 - 3 O 2k AL AR CF AN
GCF MIAUETHA . T 7 ol — 455 n i e 40k
THEAE S NIRRT S BEA A B, IR A
JEE 8 DA 2 AT R R UCFL AR, DATT k3 CF #1 GCF
FEOFTH P B M AR T B o A AR, Wang 58 A
(2019a) FHER 4 th BhSAH T R AL F RS % A R 4
DL H A8 R H A PR TS i RS A R )
AR BT B . Xie 25 A (2022) 515 e L 15
AT B F 7 i S5 e gl ik i A A A o o 4
YR8 I 78 I T R S A a5 A BN SRR 1 [l A i
BT ks AR, T DAE R 3 50T H Y
T ), 1101 2 90 20 90k 7= A %) 5 IX DR % 08 vk 2 4
PG o ) H B
3) 4 [A] #E 23 8] A0+ (SLSC) B8 ik o &1 xR
7 SLSC 5 ik W R AR )81, Qi 45 A (2019b ) #2
Tl 38 A RS 1 2 TR B A TR A B
(DA-MV SLSC) F ik . 1 Je e WAL 72 4 B F) FH MV

WOV A AT A 385 N INAL, T LSS B A K
WS T 5 LUK, 36075 IEOBUFLAR 1 et [ B s ) AH
PEDREXLAE E AR TR e o e 4 1
T PEAG T RO MER P, 858 T Rk B, 1)
L PR EAR S S5 SR T, P4 7 vk Re S 1 I B
J5t 4 SLSC J7 vk im0 FLBEPERE SR T4 T, R
FETHH AR B 73 B

1% 58 1 SLSC 5535 3k LA [R] I PR-A5 5 0 Bk R A
DEARWRLL , O HZH 205 Sh AR 15 25 25 AR R 2R
FEFT i, AT PR AR SLSC By PERE . Ry 1 il e b 3Ak [+]
L, QiAF A (2019a) b 42 H T — Rt 19 SLSC H%
R e R A T R AR A ) A D T %
(eigenspace-based minimum variance, ESBMV ) #{
Xf SR FLARIEAT A A L INASL, T AR AL T T
SRR A (A A Tk . SRR SRR, P T ik 5
48 DAS FISLSC 5 IEAH LL , 70 B A MR AR R LL 24
PAF—E T

4) SR AH e S N7 o F-DMAS J7 i i 154
T A BE B A5 5 Z B ) RE T, S BB o3 Bk X
PR T ARk, [F N2 3 30 N F-DMAS J5
EAEAR R AR, o — A H T 5 o i DA %
RS 2R B DT R TT 1) 25T o

Wang %8 A (2019¢) $& H — Pt 2 26 R 2 (muli-
line acquisition, MLA) FIE AR & 2% B 1) F-DMAS &
AL A, IR G B fi 5 R (synthetic transmit
beams, STB) i ARk fif the 22 A 420 43 HI 2 W 1 1) )
W, TR A MRS 2% BE 1) F-DMAS 7] DUA 854
TERLAB Y 53 B A5 50 FOBE DRI S 8 1 e K it 32 42
F PG OL T MR e 55/ 58 DAS HI DMAS i
W A AH I (LAY 5 o

X 1 A2 5 AR S, Yan 27 A (2021) #2
T — R T ER SEEAE a T R i B/ Ny 2
(MV) R RT3 1%, 4 s — i DMAS J7 A1
AR G J7 0, A AL AR MV 1552 2% JE /Y Rif
PN T UG T L X S R B e T
BEAN, Yan 45 A (2022) i 35 7 —Fif 2 7 DX ]
i 4iE 3R AH € & N (regional-lag signed delay multiply
and sum, rsDMAS) P ST B A5 , R 1 fff UL 2E B AH 3¢
B JIN 7 15 HORE T 57 1) a4 o) et 82 S DX 531 £
BRI A5 52 AT DI A3, FEAS [) 1 DXCIasE B
PN LB SN T ER (=N i Ry E ) PO S RES
FR W P A T B 7, DT EAS B S A0 23 B 3 ) 1
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T, AR A TN W 0 O B 4R T T AR A
AEJ.
2.1.2 WESAINE

G W S FLAE (synthetic transmit aperture, STA)
WA I v 1R 1w 20 75 58 SR BOR T LASRAT B g 1 B
Tr1] 25 (] 73 B A RGT LU BE 3 B 38 1Y v o 6 8 P AR
SR, 1T STA F-AT AT iy 258 i Eule 46, &
0T AR AR A TS R S P AR AR X — R
Chen 55 A\ (2021) 48 T — Bl IR JE 27 >J Z244 Apod-
Net, LASESUX ) 2y 285 5 A 1) s Wi STA iU, B4
o0 24 kg iy i Bt o FIEER 5 AR de LR HEr , G
Ik — 20 BRI R, A Sy e ot 81 T A% i Y
ASAUE o A AT LA SR IS 15 38 H rhik 52 58
R T S BN A8 R S AR SR AE R R
B, ApodNet A & 45 STA B A% #2417 — FhA3 Ay ik
AR SRS

BEXF PW AR b, IR o AR T 2 S
PW £ B $icit | BRIV S 1 PRIAR 5T AR 2 ) 48
R 1 8] 8, Lu %68 A (2022) JF & T — Fl & T
GoogleNet Fll U-Net 424 AH 20 5 (9 45 B # £8 4%
(CNN) B e A , LABUAL G2 i 4E 38 & i (DAS)
SR, DA S B e WA 179 75 o i AR . CNIN R
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