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AR 1B AR, % H AR B BGE R T .
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RERIIEC, Hk, X 1 A 2l SR
e BV RIS LG RIE, RGBT TE S
AL 55 22 X 2 R SR B R 2 AR O v,
BT HIEA RS BRI, A S
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TEENLER 58 BESE R & 7 18 R FE
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AT HArfE S . RARBUHR IR S
NSNS 0, WRIEITTRREH, RIS
() S R E s 7€ LA
cosf —/ea/e1 — sin?6
I = (2)
cosf + y/ea/e1 — sin?6

FEC AR BICRE e b 2% 36 1 S S R B T Ao B AR AL
P RE BCE AR, AU s S AU 2 1
IEFR AT Z R, 2N BRAZ B A2 Al B
R ER R B SR B 55, O R RE S
IR I, 2 5IRR L . A,
R = FE R 2 S EUERRIN 22 S, AHEIGRFER B
PR R R “HIE” ML, 7R R T ZE
HriE.

(3) GPR& 2% 1 A 2 AR A% 460 R 11 3 B0 2% K
GPR ¥ & I 9F AR AL R 12 22 51 NBUAP I
B, HTAEEARUCE . W& Z BB (U0
K UKFR) &, R&ESHARIBESIA LR, K5
& T RN R A R TE TR, 13X M S e &
RERERGTRERG, P EIRQEERS, RN
LRI ] 5E I EE AR, AEB-scan g LRI
RNEERA WG T2 KB K 265 . 1ESE
FREIJGPRASH, GPRARZ (Fral2 MR 4) 1)
A PR, RS IR A A, A R R
Vi, WG RREME A, KGR E H AR RRE g
MERE. HEAh, GPRA RSN /£ B-scan B R IR
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T AL EA RAR KK o
(4) T ARSI B el 3R ARSI ot
INER LR T ) R AR . ANFIRAY R34S, IR T
ARV . fEB-csan BHR _3EH R IV 55
FEI 2 AEFEARAL IR U I 26, 2 B 24 e H
PE S, REREAEIR R B R R
(5) AL BB AR AR OB H AR 1 (2] 5 -
FERL RN 5, GPRAEZ G & i 45 14 A B
<6 JFB DR 35 A0S LR TR TR SO B 1) A AT R
Do BRI, T A J57 25 4 A B < i 1 AR 45 ) A
GPRII AT ANGHEAELR R B AR (19 AT B ™
AT, TEE RN T GPRATERE 1B R H
PREGERIN o B, LRSI O B ol B n e . 4%
Bl ANESEIXIEE LR I, e BT A
A, 0 NS E T SR AU . GPRIA ST ) L T
B, A D BN BALAR NN B 2 X
HUR o HIUM B EAT R BRI, IR E 2 21N
IR, T 2R AR A R ST
(R A I, b3 SR 2o i) AL P2
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MHEEAE 5 PR . A SC LU 3k 8 ok v 44 ) 149
GPR B-scanZ: M4 E AT IR, FridI7ikid
HTXGPR C-scanfJAbEE, & H T X HAth 4
i, AR AR S . B R AR A0 A A I G PR R
il A3

3 FOEHNHIEMN A

FEGP R BEAMHIAE 55 . X 2% B30 1) 35 R
FIPPOT FE ARk R R T ) S E T VE R,
w1 E P T AT E BAE R

SE PEVP A RO 56 = RO B N R0 T YRGS
PC PR LA AT Ja I S, D)7 HAR K CRTAH R
ZRIIRKRE Doz TP, BB H AR
LR AE e B E LD G AR FFIE DL ARTT . NHRRS T2
[ERI oy Prae DA B (£92564%, RIsfr), BMEREA
e PR A B 58 2 L BE % v 1 R s 2 i 7
Ko NHRtE CL 3 N K AR . GPR HR
SRR T 5 HAREIER, 2 SR A Al BEAS 2 3
FPECEVEVFOERG . REZK, DOE TP

SE B VP A A B T SR A S 2 ) 1k
e, WEIRIAL. Mg T AR R E R B,
S EVFHNIE F] T B-scan R 46 404 A1 EHE Ho b (40
N YRR, TR Bl R 5 B A i RO
BIER AT BN S K, RIES MR R AR, BB ds
AR LSMEE B fabr it R Z R A K. G

P R B v (AN 32 A BR6 ARV R B, (H 5 PRI
I AT AR S PR AR SRVEME e . SRR I A B A ) T
I N A6 B-scan B4 a8 i 2 HEAT AL 3 (0
REEA%, T—4b. KBS, EBFR), HITRE
AP o

B R AL B SR R A, R R A — 1k
LA AFRIAEETTE, DA IRLF IR
AR EZE L, FEORIE R — S5 7 v Hfs 1 i
AEFRTTE—BRTIR T, B BRI T TR
R S G B RE R, T g i HKGPR
AP E EATEI AR

(1)¥4177 % % (Mean Squared Error, MSE)

MSE= SN (1,60) L) ()
i=1 j=1

X L0, 5) RPN EHE TR, 1, )
RS HEHARII ORI, mAn s i 3R EHE 1174
ANFEr . MSERE A J7 1 308 T KR 3 (A
TEE)EH TR E . MSE/EATEM 4R bR & &
PP A R BE Bk, HS BRI
ARWH PR EHE, MSEBUVN, )5 ES 52 %1E
SRR, R (B S B HERA B Ok
B, MSEMRAUXEWRE LIS MG SRE T 2%
S I, AR RN 1 2%, FrbMEA
SRR I8 S 25 s v E N5 IR AR R i
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(2) VB 15 ME LE (Peak Signal-to-Noise Ratio,
PSNR)

MAX?
PSNR = 10lg ( - > (4)
A, MAXZHIEFIURNHEKE. PSNRET
MSEUE, HZSE AT IERRT H AR 3L
5, WPSNR WS = i FAE i K T 26 15 8 s Ty 2
MILEAE, PSNRAEEA, Mla{E5 5EATIRM
BTN, FEIR BN T R . SR
N (4) P HIMSER T3 (3) T is 5, REK
IR Z (W) SEBUR, W RE R KRR ECK
RZENIECIT . PSNRIE ELEAKBIMSEZE /K 11X —%F
PR, R 2 R P 2R D (A0 22 R 5 U ) 1 T A ARCR
NER
(3)18 5~ 2% Lt (Signal-to-Clutter Ratio, SCR)

> )

N,
SCR = P (5)

Na S ()P
PER.
A, N AN 73 AR Pl ade 2% g X3k R A H ARAS
SR M TCEE, I(p) 2GPREME T Hp NIt
6. SCRAEYE SN HEIRIIIRSE FAB IR
B, SCRAAEEA, UiH]HFRME T BEEA X T A4 B8
0, K R A D . SCRFR E B E S 5 4k
WX, AR SR B B 77 T bR E 3o F
51 B4l FH 32 b 0 R0 BOR A5 2 HR AR Rl AR IX 35
FRTLFE . T SERR IR IR MEAS 2 5 2 A I H A5 2 T
X To A s, WS CRZE W 4R FH LE S i
AN R B PPAG L, JEH A B AN T B Hdfe
G B B
(4) 53 R 2 (Improvement Factor, IF)

IF = 101g(SCR,/SCRy) (6)

X, SCR, 5 SCRq 7 %l & GPRIR AN 7T Ji=
SCR. IF&EA T Al BEE 4 M SCR 7 T 1)
fe, BIECRACERRT S HARE S X T 5 440 13
SRR, TFAEBROR, 10 BH I 40 i) B0 11 20k SR bk
i, HIME SRR HEEME. fEiHE AT S
SCRI, FEIEE B FR DX 80T 25 35 [X 35k 1) SR e 0 25—

, MNWIFETEE L.

(5) &5 A AL FE 54 (Structural Similarity In-

dex, SSTM) ¥

pr,pr, + C1) (2011, + Co) (7
(13, + 3, +C)(of + o7 +Ca)
N, g, g, AN S B L A2 5088 1 1
PIME, o1, o X MR RIARHEZE, o, X

SSIM(I,, Iy) =

[P T 72, CLMICo e W . SSIME B & Ak
PR T PR R PR R FR AR, TR E B AS
PG SRR LR, B ER IR 5 b &
IR . SSTM Y B A Ve [ G o [-1,1],
SSIMBR I, ZR Al Jim B 5 2 2% Hdla 1) 45
F . SEBERUR LEREEARRL,  — A A SSIM/N T
0.6 ] B & K R HE A5 R o SSIMAR 6 T Hicdls o3 4% 1)
GETHRRIE (WA . J728), AR R A6 AR AL 21 1) £
I b I R S — A

(6) % ] 25 M AR ALLIE: 5 50 (Multi-Scale Struc-
tural Similarity Index, MS-SSIM)!¢!

MS-SSTM f& X SSTM ) et , 2% J7 ¥ 4 K i
2 Ui T RO AR SRR, AR AN TR RUBE H
MFRARE, HEIZRETRSSIME, XHTd
RZ RIS SIMAE BEAT IMAL-F- 1, 43 B d 24 (M S-
SSIMAE .

N
MS-SSIM (I, In) = [ ] (SSIM; (I, )™ (8)
i=1

A, SSIM 2 X MR FIUSSIMAA, o 2 B4
RUZRIACE, AU e FE2E T 525, R RA
[FTAZA . INECEIH H 2 2555 EAN R RUE
PAHALEE, @i 2 REESr T, MS-SSIMAE 5 47 3
AR AL HR S A1 15 R 4 J& 445 #) B . MIS-SSTMAK
Wi T SSIMMIH4,  MS-SSIM A HUE a2~ [0,1],
EBE I FoR BIG B, Jf B
TR A BERE NS, ELNETSE 50
[ 52 B

ZR AN d N B S AR 8 B VA H BR AR 4
BARBI N 5. AT R AL PR AR 347 & Bk
£, bERERNIRIRERE TSGR,
T AR AR 1 58 1 4 AT o R IX L8 58 Ak Fia br BASE,
A —Se B 1 2 2 R S5 A2 A8 FH 1Y
S ARAR, WA EE A O R B PR 5T A A A
LPIPS(Learned Perceptual Image Patch Similar-
ity)'FIFSIM (Feature Similarity Index)!. Jo%
Z 1 EME RZ ISR FRNIQE(Natural Image Qual-
ity Evaluator)!", GANA: ik B4 5 & 1 A5 F
FEFRIS(Inception Score) ' FIFID(Fréchet Incep-
tion Distance)®!% . AR Z 50 M (145 & 48 b5
IR . BB 5 GPREHE MRHE, EIEH A
N AR AR R, BoTHiE & T GP RIS B0
PR R A bR . FERRE T AR BN HITEM TR
J& . BUAT LA GPR A AN 7 ik W 78 o 4% 2%
BRI, GPRAREAN G IV 7T Loy N T15
o AT PR 2% U A0 ) 7 2 AP R T e 28 A 2 A R ) i U8
T EIX R
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BT E S B GPRA WIS ik, 2t
XTGP R[] 5 455 70 (1) G AL, R 2% U i 4 i ik I A3
S, AR A R AR R I 2 s IR AL 3 7 2 0 LA )
ZITVER B WIRATE W VR, FERH 2 X 28 Ak
FE 5 I 2 BT AE N E B GPRA AN 757
B 25 GPRAE A 43 A 1R e XT 21k e 110 i 75 3K (1) AN
Wi s, (S5 BAmmEMsra T 24840, T
T3 S0l IS AU 23 A o 22 8D 93 it e 7 e 27 2] 377
TN DA 3
4.1 BSUESAR

JRIME LR (Mean Substraction, MS) & 2:BrE
IR SRR B 7, 83 AB-scan —4E5E
Bl e g 25 BBV R T SR MR R o DT R R 1)
(Background Matrix Subtraction, BMS)ZE£4:MSH]
JEL 1 I 9 2 AR A 7K ST 15 SR 75 (1 55 SR Y
FROKPE e s, & B Al . Bl I 5
%Y (Moving Average Background Reduction,
MABR) WK B — sk £ 55 & H XA .
HR [25]) B2 HY I 25 T 22 SR 2R I 15 S0 (Cross-Cor-
relation-based Background Subtraction, CCBS)Z
F A A-scan 5 TR 1) 275 % T 2 18] (PR ALL 14 >R ik
EHRET . RETERE R EN, EEMIMERE.
PRI e R B, (HER Y PR A
732

B - (Frequency-Wavenumber, F-K)k
PEPE A S 5 I 75 AR F-K 170 A 22 S et JE B 28
SRAMHI RS o SCHR [26) 8] FH F-K i Bk A H bR
R AV K P 22 S, MRS G SRk
REALE B IE NG B LW SCHR[27)H F-KIE%
T C-scandftdfs, 51 N\ & b 8 S 0 1A Dk
Weds, WUE T F-KUEWE = 4E PR b H 8 Bl i B
R 1. SCHR[28]42 T —Fh 73 BEAAF-K gk, &t
XF AR B A F R, A TEME L. SCHR[29]
FH 321 25 v 0~V i i 2% 5 A 8020 5 i U ) 388 iy B
FBE JE B 28, UL T GPRAS 5 75 M3k 2] i 455 A7 6
TR G R IRE T . SCHER[30]) 8 I 7E TR
() T R AN BRI A - K08 R 4 EDUAN A 9 2 08, I A
JRAAEHE R 2Bk . F-KUE WIS A 0 1) o v e s
THEPRGE, 50 R 2%

N AR SR L 22 ROBE 7 AR B H AR il & 5 41
W, EERERRHEALEE . SCHR[31)H 4 H N K
YENFERE /NI R EZBRGPRA S, WA SR/, it
HPUE, 8] (Shearlet Transform, ShT)A] LA
BRI, SINBUIR R 2 07 5
Bo SCHER[32]F FHShT ) 2 JREEFI 2 77 1Al R P i 2

I ELIK P M S e, AW BE AL S . AR AESKT
N B S NHE T AT T ORAE, RRSEES
B B E A, U SISy, AT R
)78 #: (Non-Subsampled Shearlet Transform,
NSST)BUH 1 ixX —id R or I H Bk B . SCHR([33] 1%
T A ) A R B AL BEARNSST 2 H s B 2% 38 il o
TR F 10 1EL R O AL BENSST R U 77 15 I A D
s W UL A AR L A R AN A R A
o SUHR[34)7EAE FHNSSTRAMEI GPR IR I I A
et A E &N AR K, JF Oy TR R AR
BRI HC A7 1) i B )RR LR T — T P R B
TR BVE G 5 P B A BRSO AT AR A o /N
T AR B ARG 5 R ()-8 — 2 X 7
37 5, UnBE AL 75 BRI R A AR AR S
T, WHHEERETAE, NSSTHIES M MK
AN T, AT ASE L7 X B2 2 b R B2 5 ) 03X
FEEDT R E S B E S/ Z RS, it
R
4.2 FEESHR

¥ T B AR P P ACHORT 0 Ak B8 O Ab B T
B, o v 4 2 s e SR HE 7 (8] SR £ BE Hidle 1) 3=
LM BURAE, JB T HLE S 2 FEmE . T T
T AR GPRAR AN T2 n LA ik

(1) % 715 %7 f# (Singular Value Decomposi-
tion, SVD): B-scanf{ ¥ FER 7 ANX =
USVT, HrhURMxMEFERE, §n &N/ b
S B u,, SKREMNEIXAERE, AL ErE
TICER NET el s, HEFFHEZ, VIR NXNHT
FERE, Bl A A A B, W B-scan® 4 7] LA
IR — RBIFEREZ .

X = ulslvif +u232v2T =+ - —i—unsnv,TL (9)

R 7 (B T AE S50 S G HR 1 3 SR AE, B
PR3 8 0 S MR R, ok T )N i A T A TR i D
7

(2) F B 43 7341 (Principal Component Analysis,
PCA): #EA & (A A REARAEAH M, B
HMEFERG R, P LA 1 2 A A 5 ) AR B R AR S AR
KR, HREREEE, It RS IREEEEN
KEHEE, FMHAETSVD, PCAHZRAEK]
77 2R (5 BARAE ) K, B R BRI
By H2ERS, MUREPCAREA AR, @
L SR F U S50 7 22 5 o 5 R AR AN R 4 2
] AR S . PCARY 32 Jm PRAEAE T 8 B 32 B
Iy ANRE 58 A E M TR AR s H bR, SCBR[35]HE R T
¥ 77 # 5 Z (Root-mean-square Height, RMSH)4
b TET 2% 98¢ T2 A SR B S A 5O A IR G LE AR 5%
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KFR, AR HTH 2% B0 ) rh i 3 Ry 1
7] 7L o

(3) 357 %5 4 T (Independent Component
Analysis, ICA): ICARHAr 2B —4H 1 E =
BT, IR AR AR, HFHAES T b
SO REMSLI, T AR 2 AR R SR ST 4y
B b, I8 BOE B E B RN 2 R 2R B IS 23
&, aHERBERIML rEE RS, RIXR
GETX & - EARMBIE TSRS
X =AS. HPARKMIPVEEHFE, ICAKHIR
TR A AR, WK EIEE S
S o BEATIC AR IE F R B AT TP AR B A Ak 3
(BB 77 22 56 PR R AL N AL RE ), TIICAN T X7
MST RSy s A2 e iE & (At 77 22), 1 H
WOBUEEE . A EAS RS Th& . SCHR[36] M 1
ICABVEH MG S A E N, HAEHT%ES
SR IS 73 R G A EEAE G N 77
BEAT 7S I BR (1 P B

()RR B 5 P 43 i (Low-Rank Sparse
Matrix Decomposition, LRSD): PCAIEITFEEEL
I E R R OR B R TT ZE B, HX S EE UK .
B 2% 3 Ry s B o AT, HME LUK B A s i B i A
B, ICA ESIH ALy, HAARESE 5 A
ARMOSTYEBGA, BUERAREE, HAELLEECRR S
So GPRARPGHEE B AR HE . B B0 i
P, LRSDIE I 7 2% 3 B-scan 204 7 il N AR FR AR
MR ER 73, 456 PCA MR EAR AN TC A H M 53 LA
B, ToMAL AR R B A R . DLE AR K
7353 HT (Robust Principal Component Analysis,
RPCA)S A, FIE A AR AR B 41T ikt

RPCAM) H K27 il — IR RE X, R
AR PE LR AEPES X =L+ S, A
TWHE LS, RPCAIEMfEGAA ] 8

min||L||, + X||S|, st.X=L+S  (10)
L.S

BT ) e A B HER AR, lH RS
J7 1Al e e R AR B ENE R B EH LS .
BR[38] M RPCARLFHTE T GPREHE A B b H4E T 2k
B, B S B T TAL B R B iR s A
IR 5 B f AN AZ TS O T AR B3 (R
&), R JEBUH TRE MG (H AR N ), SEIL
TP B 53] SCER[39] 5] A GoDec(Go De-
composition ) HiF I 52 & 5T 1) 77 NI BUICRE AN
M 7y I X BE AL 5 (Bilateral Ran-
dom Projections, BRP) & & ik 1 H ik fyit- &t
P2, RILHE T HORI G E . SRR

B 53 fi# (Robust Nonnegative Matrix Factorization,
RNMF ) UORRE Ji 46 H 4 53 it A 3 A IR A A7 6 B )
Fed, I VR A IE K WA RS, Bt
A RE BRI, F A8 L I A ) 3 A i R Y i
X AR AR AL B SR, DD R R . S
BR[41) 5t 15T B A B R W4k (Factor Group-
Sparse Regularization, FGSR) [ 4% #1777,
K FH AR 0 B 23 i R AR P C A Hh 1 s MG LT
B, HXEMASHARUK, BATEMNERES
Ko SCHR[42) R FH AL R MM A% Y5 £ (Weighted
Nuclear Norm Minimization, WNNM)fAERPCA
T MR TR, T A AT R R 2 S AN T AT
TE LT A ] . SCRR[43]ZELRSDHI il GPRAL
AR R BN T S AR 2 IE WAL (Total Vari-
ation Regularization, TVR), #idSVDREL T
FARRRE Sy, W S AR AR SR AR R 7y, ik
—BRE T ARBR BRI R
4.3 FHFEY

AR TLRSD 7 AR S Wi 70 &, 7372
(Dictionary Learning, DL)i#E 1 2% > £ 4 SX sh 1) 1
56 & W DI GPREME WAESE ), sl Bl &
FFIRFAESR N, 38 5 SR F A8 B A0 A SR s A 154 A\
Xl FUD MG RS EEAR R A
X ~ DA, /MU E R Z ORI AR W] REM B,
FORMRRL N

. 2 .
min | X ~ DA[Z+A|A],. st Do, <1 (1)

ANFETDLE ] — AN EHF 8, B 5
(Morphological Component Analysis, MCA){#
ZANTIE SCF S (/N iR ) B EE X i
AR (NS, % ), AN H
R T T SRR B RN, T AN A2 B 22 2
23, FIHMCA 5 RE R 73 B H w2k i B ik
T HPIERE . SCHR[44) R B S0 Lo I B B
7% 454 (Discrete Cosine Transform, DCT). JEdh
FEE BN AZ # (Undecimated Discrete Wavelet
Transform, UDWT) F 95 38 A 7 31T 4
HlR, UDWT&E S & mEM A&, thk®
P& TR &, SR AE. SCER[45)fE R UD-
WA R A 73 B E N H bRy 8 85 & 1) 7
B EEAL b, AR IR R 08 B ARRAE, $E S
B-scan 1% [ 73 R L3 H AR X 236877 o

5MCAE 2 A7 AR, DLI)FHZEE
ORBNY, &R . SCHR[46] K I Online DLi#E
o BEMLA B AN E R A AR B, fEF-KIR
a5 7 H bR BRI B, B T DL A i
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& B

IS AT %

BE /1o SCHR[47]RH IEAZ UL L IE B% (Orthogonal
Matching Pursuit, OMP) &% H T #isidaid, ¥
K-SVD 22 2] 5] N2 GPR A 1) /= 1 e 75 A il
LA PN S F, ADCT AW 74, Hid N2
APRAE, @S SVDEMREIAE & T, BT
DCT B b FERE LAY 5T A%« SCHR[48] 4 th it 1)
KI¥ME 7 5 7%ESGK (Sequential Generalized K-

means) K FH I, FK-SVDHEREH 2 (i 521
.

MCARKH T 7 8 2 B B ARG, 75200k
WAIE R A E M7, MEDLIFH AR E &,
SEHEHE A ZE R, MR R B H AR
e 5 2 PAE RPN AT 0 B, I ) Ak A
FFHR T o B ) 3L, g AR 4 4B K A 4
PG R e R 2R . I a B 7 [k T UAT 4544,
A GPREYE HA/Nars; DLIES ) I REh
BB F ARG AR, &N PEER, HITE
HARER R, BORELRER . Wik a8 2
AT G gw A, H R LASSO, FISTAMIOMPH
o FESEER TAEH, AT LAJE R ] B VR R TS 5
EATHE AP R G 2B . 7R
B S EHE, AT S sxt /b i i A B s A7 b 2
Xt LEAN R 7 2 R A e il 45 51, YA BAR T E 355t
(1) 24 B R i e P G I 7

5 HETHEMNERENGPRAK NG

FETE SR GPR AR BN ) 5% F B Ak
By, Ak TS SR R AR B D v T R S
/NI AR e S AR AR (WTIN'SS'T) MRS T4 1 1) 180 ik
P 7R ANESE H AR B B RS T AR T A B i
SRR . IR LB I A W] PASEI — e R
B &R, BAHR T AR URE B . AHEE
AT S BN A= ESPTWIIE 32 e R STk ¢
Bl Ik 7 21 2 5 BAME T I AE SR, &
B A5 . BEAR VB RE A AR AR RE T
AWrHE T, 102 2 BRI i S Tz

TEFZE M ZE T, BR 2 2 RRFINLAIG A2
M 2% (Convolutional Neural Network, CNN), %%}
GPRARBEANHIAESS, WL E R AR, TR
DO 2 Y, 3 93 Dy R T O o) - i L 5 ey A
TAE - FU N GE R PRS0 AT 73 0l X 3R P 2 2% Uk
HIITEAT KRG IR, WA T BRI PR S5 LA
AN Hopt d R 2 I 2R, B fE DT R T AR 4
SFFAE GPRAS AN L 1) Ja) PRAE AR E AR R S S
5.1 ETYRiS-ARRDLEH

TEGPRAEAMHIR 5T b, TR ST 2% 1)

AR FE S0 . T B I CNNAE AL BE 5 73 R GPR
Hyanr, RESGHATRSEHSHERN, Kk
A NANI =S S i A R 5 NS T T
#&(AutoEncoder, AE) I i ] FR i) 4 - fif i 45 K Al
ML AR T HRCE, diaE st s A IEN
AR R R 2, S 13 N GPREE 1B R

AEH 1 Gt A 25 F1 A 60 45 16 4 O A S, i
MU R R 22 DL IR E R IR, hRdEAESE A 4
)2 AT B m S A, RSP GPREHE N —4E
)6, M AR 7 (R S5 R A Ry AR G, B3
FlaMfE R LK, B HHIG(Convolutional Au-
toEncoder, CAE) M &AL #1E, REZ R
FERFE, AR SR H AR el 2 25 52 AR B
RS L . AR BIBAIER i 2 R B AR A gn bl &5
(Multi-scale Convolutional AutoEncoder, MCAE)
Wit 2 REERZIENB-scanfs 55 E, 46
WGAN M BEAT Ella g 08, A R 4. SCHR([50]
P 1IE 8 3 9ihL 2% (Robust AutoEncoder, RAE)
FINGIENAIT,  SE3 T 0 S AR 7 B AR B 7
AR, TG SR R & R AR L
Ronaely, R THARPCA. SCHA[51]#
B-scan#tfs t FHURE 2 7 X380 73 A /N AR IR BE
gt #% (Deep AutoEncoder, DAE) Il 2R 45 4,
I FF 2D B GPRECHE K KRS Hb 32 1 2% U8 4100 1) 400
D9 RN ) @A T AL, PR REAR T SRR A [
JiiFe SCHR[B2) T TR BB AR H 4w td (Deep Con-
volutional AutoEncoder, DCAE)XH T HIRZ K
AR, i L3 S EdE LRI, H
FESEINA S EVERE T FE, B 5 H IR T Ok R B2
PRIER) IR R . U-Netidid 51 NBERE R v I 2
NG RE AR R, s AL, ST %k
Fa e

TER RPN (W2 HRPEIN) T, PrfEAE
F1% 7 B 2 FLd - i AL 45 ) E DLAT 251X 20 B b R 2 8
U-Net I 45 38 i 1 J= 9 28 45 14 Ak R e Rl & 4 )
ERSCARFRANT, MR RAR X Re Sy, IR
fE R REVE 2% o SCHR[53] % 1T I CR-Net (Clutter-Re-
moval Neural Network){EU-Net [k L% 8 4b £ 1
Bk 22 % 45 (Residual Dense Blocks, RDBs), 456
WARER R ZE M AT, SRm A BANHIRE ), IF
JHRCLT-GPRERLE, B0l 1R 4ant i =
(Mean Absolute Error, MAE)45 & MS-SSIM
FIR AT TALGMSE. STk [54) % i+ HICI-Net
(Clutter-Immune Network)#& T U-Net [{]# e U-N
et, {EMMSMENJE T HRE/NLU-Net, WG
fiE, &N EEAT I AE IR . STHR[55) K 1
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7 (A% 527E & /1 (Subspace Projection Attention,
SPA)MLHI I N B U-Net BRI, Wl T4
TR IR RO A AR B APk, Sk
T RENLE RS R 2 57 SR Bk - B . an Il 4 T
7~ (5] E SCHR[55], BY-NC-ND 4.0), SPARHuEL
[ 3& A 3] A [ e, AR AR 2 RURE R R
BIIEANEI 2, RN OREE FARRRAE. 1R HIRAPOR
H FIMIS-SE-Net(Mutual Interference Suppres-
sion and Signal Enhancement Network )i id 12
By B U (Spatial Attention Module, SAM)4E
BB ERIERE, 456V GGL1642 U MAE B A7
K, A2 B AR LT RO S S . STHR[57)
FESAMIPZEA FIn NG E & /) (Channel At-
tention Module, CAM) 3 5l 18 (B4R, FH 4 )5
E R RO LR AR, SR I & N ST HZ A
REJT, AEH] T RFLOPsAN— & B x oA W &dhs i 1tk
RE, AR 0 SR RN R o7 T DR . SCHR[58] R AN
RIR BRI LR, 5INTEEUMBRE Bh-F K,
SR H 2% PR, P 1B B 2 58 20
B = 2 E A W 2R A A 5 O C-scan i dls,  JF

[Basis generation |

R SRR B R A R S =R R A . 3R
KOG T Y b R 2 M AR 2 N 4% AE G PR A% U A AT
25 ) 3 B AT .
5.2 ETHR-FIREH

GANGH 1A= B8 AH il 25 50 BL il 2R, AR B
INE A BHE TR T AR I, ) S s )
HESEME . SCHR[59]42 Hh i Declutter-G AN K
%A HE O L 4% (Conditional Generative Ad-
versarial Network, cGAN) N H T GPRZ M,
I A0S BT A R AT, R
RS HMRBOR AR . A BN OO H 1) g 2 2
A B B 4% (Disentanglement Representation
Generative Adversarial Network, DR-GAN)JGZi
VT RCECHE ,  fifd 2] 28 1) e A SEAEL ¥ B-scan 445 i
I BIAE 4%, DR-GANZN 5B GPRAME i)
H PRI A BORAAE, AR A il 8 R 2% i B
AR o R T HARRHIE AR e AR s . T H
Wi 5 R BCRFE A 1 B R i B A ) A SR Ao i
29, BRENAE AR AR R R, FE AN S o R
LRI CHR[61)45 & GANFIE B/ kAR

[ Projection

Kl 4 CB-Net T2 [a]#55%

® 1 ETRD- RSN ME B RN E—T

P S J7ik I i) BOR BRI
MCAE 2021 Wit T 2 RIEEPMWCANML, 5CAETT %M R R TPSNR
B RAE 2022 S5 0y RN SR RGBT o3 5o A B s 28 (K FELR MR R g T, R TRPCAMIAL Mk
DAE 2024 CKEARE R T A A0 i R AL S R AL, AR B B GPRAE, (BT Tk PR % X 5
DCAE 2022 KA TERBRER, R0 s ds E R R vE6e
CR-Net 2022  HRDBsHEMAEU-Netd, RAMAESE&MS-SSIMIRA B R R EL, KA T AT 1% i it g A7k B

CI-Net 2023 FEU-Net HARRSRZEMIT . VR JIWIHIR B SRR 2 ST, £ T & PR32 5t b A TE 47 (K AL B g
K BEAUE RS TAG E 7 7 DR LM 4, S SPA S BURIKSI T AR S &
R T ARG T A R A H AR R B I

CB-Net 2024

U-Net  \[S.SE-Net 2024
U-Net-

K2 MERIHEI A BIU-Netdr, RAIMAERARKL, BABIFRIIH HAE 5 858 1 aE

2024 KCAMAMSAMS AEIU-Net, R EE R HAR CUIZBBEATROM, &R R Nz L Re
KRR A MR A I SR HENG,  SINAREOIARS B~ Y17 30T 7 sk,

SAM-CAM
Z I BERERU-Net 2024

SEIL T M C-scan ™ 5 £ R R Y 55 H bR
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2 %

A7

e, K GPREUE 7 W8 3 I 1 Hdls . 70l
SRR, PR RN AR A T R A
BRHTEE, a7 NSRRI, IR
TR, ERTT IR R FR, kil
Rl I 0 iz A RE

LG GANIE T & 25 2R I GPRIE 5 5 H XS
BT AW HARME 5, (HRBRI S R s 5
MECAIREL, PR — B 2R B H1 M 4% (Cycle-Consist-
ent Generative Adversarial Network, CycleGAN)
i e 70 M 2 ST RN PR — B 45 % B AROx Jont £t
RS, PR A B AN 73 458 BB 3R — Sk 45 %
AR 2 % B B-scan B dfs Fe 4y (R B GBS H . 7ELE
FEAh b, SCHR[62] 32 H 3 T AR BN T 90 2% B 4N 5
L IH BRI 245 (Generative Adversarial Network-
based Rebar Clutter Elimination Network, RCE-
GAN) DL Sy 5K ot BB AIVE 2 JJ WL R U-Net
W28 A 9 A s, il AN X % 0 1) 22 70 % R
fit, R PatchGANH 5 &4 iy A\ B kil 70 v 24>
JRI BB IX 3K (patch) JRAZ A 5, 48 95 ) RS AL 70 7% e
7o A T BRI L F 80 455 1% 2% 9 30 1) 19X 2% Sup-
pRebar-GANYECycleGAN 34t 5] N T H

HERE I (Convolutional Block Attention
Module, CBAM), #iTMREMHX A [F 2L AL 1)
B NBHEBEAT AN R ERAE, 2k N K 52 218 A 2%
PPy, RERLHR 2 =) 4 SEAN 775 2% o 400 10 95
B Bl ORFAE, TBOR PRSI 22 57 i N EE I
AN, REBEHORE 22 SO SR IE (15, K
B T AET N B O AR AR ROV RE . 2% A
R R AL BRI U 5 BT 7 (B R AL SCHR[63], ©
2024 IEEE). SCHR[64]32 t AT G AN 84 535 1 B
M %% (Rebar Elimination Network based on GAN,
REN-GAN) 2l 1 RFAEVE 53 AN & B VR
& HUH] B g A 1E O A s, A A B S
VGGIIRERR— B sk, e 1 IR BEBRER
23 A I 3 A G PRIEMG R, ik DR A0 753 % 4 1
HITJE SR PG 15 5 K — 20, 52 v s IRk 1) R g
o B0k e B e I 2%, SRR [65) 42 H A4
fis o) 2 3% T BR GAN (Catenary Clutter Elimination
Generative Adversarial Network, 2C-GAN)£E K
ROMEHIE R RF ISR ANRE /0, BRBE B R IR T I 2R 1Y
FeE M. SCHR[66]52 A 70 B 22 VE ek ol A
4 (Unsupervised Multiattention Domain Adapta-

x
75

BR+ReLU |
R +Sigmoid

B+ Tanh
EBHT— 4 ReLU]
B ‘
BRYOrE A |
kB4 ReLU
2B+ ReLU I
YAk .
AT+ R |
+LeakyReLU

K 5 SuppRebar-GANR 4 £ ¥4
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tion, UMDA-net)fl& 1 IHETE /. FEEET)
M2k BIER AN, RVE R4 RRE. %2
S 4T GANTEGPRIREAMHIESS i) 3 20T 5T
5.3 HhEMERE

bR EIRBT TSN, — LA IR 7 ST B AEGPR
WM [F AR I 1. BiSeNet (Bilateral Seg-
mentation Network )i XUk A% 45 14 Fill & 2 [F] 40715
METFXER, AR ERESBRES. THR67]
Xt BiSeNet V2R £ AT et & R 2 4l 5
N T U 8 R K /N ) Rk 22 A e 2
T I IR R 1 5 R TE OB, 4R T A A
A EAKEVERE, AFRHE R . RefineNetidid 5k
72 25 AR T A Tk 22 T A A B ST 22 5 A i
B, SCHR[68]Ke s A7 T 5 15 2K bR ) RefineNet 9 2%
T GPRAR AN, K 448 73 15 A4 P 38 IS
k% SR I o PERE, I BUEAAL . A R e
ATAE S A FIE AT S . A2 H i 48
(Variational Autoencoder, VAE)l il 2% > & 7E 48
B HIMEER A0 I8 ) S M B T SE B AL 4
SCHR[69] 56K FHV AEH I3 R 43 J2 S5 M0t B w1
A B G, AR5 KA RefineNet 4] H
RAWETI, FIATHR W, SERIHRRE
it SCHR[70]% VAE S5 ResNet4i&, M Res-
Net [R5k 22 57 =) Rk BR 42 il 10 IR J= X 245 (1) s 9
K@, 5VAEZ GG 1L GiResNet£E %
ANFREERERE B R, AL/
JRBEALAR B o A BB AR I [A) 225 BN R IR 5
NERIHU], B TTNAR . SCER[71] MIGHIB-scan
LRSI HIORE TR [0 246 v SR BR 11 v 2 R BB O 70
i, [FIBT SEILA e MG R o HE R, I
FeE ANz AEE /1. ViT(Vision Transformer) )4
i & H1 2 |2 Transformer SRIE B M AL, @ HIER

T2 k= e 4 R . SCER[72] 3R tH i
DC-ViTs(Declutter Vision Transformers)H 4K
BAREMVITH R Z Z AL, 1Gam BRSO ie e
71, T DCAERCR-Net. B2 038 7E 5 7 4 %%
(Residual Channel Attention Network, RCAN)4,
EIRENNIAEIE T, KRR N AR
A, fhe 2 ZUE, BABORKRE MEATRFIESR
HURE T SCHR (73] FHR C AN ) 25 40t %)= 4N 53 194
AT I o BRI BT, e I B A R R ) A A 5
AR N (% IR OAIE,  UESE T i SR AR B i VRt -
BRIE I s i B iR . RBEGE T HAt 45 R 2%
GPRZS WAL ST i) £ EEH T
5.4 HZMBEERTGPRAKEINGIRIRIK SRRE

PRZE P28 AE GPRAS AN B h PR R 5, (HSE
B AR & T O R THE R IR AN R B 0 8 4
ZEPA, XA E R TR LR, T
TH] 73 BT G P R I 411 1) 44 448 19 5% BE925 1 S o 0 28 o
M E LG, SR SARECRZ AN, Jf
& LA ML PRI A S

(1) BRI S 70 A1 72 5% . GPREUIERIET
BN RERAE, R = 2 B R AR FE T, =
JRA PR T HE SR AR Z AL . AN R A BEANBE
#FPEHIRRHEE R, BIRESRZ 2R S
B ZALRE AL . USRS LSS B FDTD
B A PR 3 o (WA g 7S . BEE . GANAE A
BEE) I 7RI GR AR s I B R A IR 22 5
WERC A AR, R A A BUR L

(2) I HRIET R GG E: Mg 2R
IR PE . BOE R S SR R S B0 H SR A
o RACKEBE AR HHEEAT ST 2 S, PR
AR R, W BT B RIR R R
BB, ERCICE &, SRR (B

& 2 BETHER-HRESEHE MK BRI —YTR

R Jiik I [a]

BORBEE KPP

Declutter-GAN 2022

FrcGANRL T GPRABAM S, 75 ZE X fTE A% FAREC A5 2% e F AR B, KRB = Al

507 FrH S0 H RREORE BEAT RN 1 BodiE £

GAN DR-GAN 2023

Wavelet-GAN 2024

AN RO VL BC A A AR 2] 22 1) SEABDR SR I G PR R ) H ARRHIE A AR Rk
B BUNB AR o GPREE 70 SR, sPAIURI s 40 &, T 3ANAE AR 0 B A BB 34T EAY,

bR 1 Ik B I 1 AL RE

RCE-GAN 2022

SuppRebar-GAN 2024

CycleGAN
REN-GAN 2024

Wt T PR S R B3, TEAE s 5N T R LR K oA e,
B TR A Y S PR Aok 1 B
7ECycleGANH R, T CBAM, #it 7 REBRFEC-Yolov7,
I HE R LT 1A 75 D) [ 3 ) 5 0 FRAEC LT 1Rz A
KB — BB R I 0 T A0 BRI, I P PR AR A A 5 R CRALE A T 2 o #0557 H A

I1HAS 5 B — B, 3 e B A9 I T 22 T R R

2C-GAN 2025
UMDA-net

Bt TROMEHL, R BEEAR SRR SR M R I ZRARE e I, B T S B b A 1 A
2025 AERESTPRNG TIEER ) A RER M Sk BIERINUR], T RN SR SRR 4 R UE
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BT 5 fF B % M

AT %

* 3 ETHMESHMEME AN E—ER

BORHEE LA

WIRES INFIE) o % S SR
RIGH% % BiSeNetV2 2023 jcv
RefineNet 2024 CVPR
VAE-RefineNet 2024 ICLR CVPR
VAE-ResNet 2024 ICLR CVPR
Z YR Diffusion 2024 NeurIPS
DC-ViTs 2024 ICLR
RCAN 2024 ECCV

B T RIER R, ARAEASFE 55 97 7% B I HoM 24 B S BOE RS LD,
B T AN OB T R WU R e HOE I [R]85 &
Beit  RefintNet Bl 145, R 2T 478 73 10 WA A0 e B BB ok %

AR PN P BEREAT 7 M JniE

KHVAEF BN R 2 2 45000 B b5 B AISE R RefineNet H) A4,

I AR AL BRISIE bR S A

HIFAVAER] 2 W 2% BEAT I A e i), 62 Uk 22 RS I 28 U PR Y SR X 28 R AL SR B RE T »

T BEIE T ResNet

I ARHB-scanff AL R IR G 0 HeR EGI0 A, Sel 1 4y SO R A i 7E

TR AR 5 32 B2 A IR A A IS AR ) A

B 7 TR LT B ROREA LM VITH I 2 JZ BRI,

Z P3| 1 REL T DCAEFICR-Net

K TRCANLS, T XU 750 T I A0 35 i) B 4

T 7 RO ARSI s ) 23 A Bk

A JE N 28 485 ) BRBURR SO AR A LG SR, (8 FP-
GAZER MBI InEERIE S, IS S BHK
2 BEARAANEE > R BURFE AR, (H B PR
FEAR A HER NI E REFPERE

6 GPRZVEINFIRE

BEE GPRAEWE T HL R 25 0] . A BRI A2 3
HiBR A B BRI RN IR 2 N, A R ]
GPRAVE 4 m B0 i Bkl B 2. I 4E oK,
55 Ab RV AE GPR AL P 1] J T B A 5 3 2R R
EATYTHI IR 1 22 Bk, ASRIGBE A7 T

(1) EhA Z HIEMR A 587 (INF-KiE
W NPT W) R T E SRR, BHig™
WL TR AL, TR S R B R (2R 1 A U T
Feuhge 7 ) I SR B0 ) s VR ) BVAE
KR Lt AE-FRaAu, IZIEETI5R. ARORAT
FRT LUK A% G5 77 1 A BEAS E E  TR 2 3T H3E
PN AR, W@ A% G 7 VA AL B S A2
PR ZAE AL, FEI R ROV 5 38 B

(2)SEht AbBE S AR L2 5] . At S N 75
SR, R I A0 ) B L A DU A B A 4 A S R
73, AR EELE RGBT ] P 58 RO Ab B, IR R AE
BNASTREE T AW R B2 A B A0 S, DAORAIE AR B %
RE R T T (5285 ) 7 k] DLAEAR R 7 AN by
BRSO AR O R AT B Bl Rm KNS
o7 P AR

(B) L E¥ I 5HREY ) GPREE M
F e bR A v HLUHME RO, TG B ) B (i
DR-GAN, CycleGAN)i#d F 8 &K BIEHE R, 45
PR A AR B AR, B e im, Rkl
KRR ZE VR AR BN 4 BY R B R Sl &1k,
HEE S AN REL b R %, 3R )t
R IE <O Wit BT 5 k5 1 s 5

R, ATWE AN M, ROREEES
SITTRERCNELE oM E 2 2 5k iAb 78, Biltn, Jd
T PN P a2k [l R {0 B R e AR, A A
T 6 B 575 BH R BAT T Rk

()RS 52 REME: FETUg S
oo, BEEE. Bl Es, Cagrti
ZACRE I MRLER . SRS E TG 2% RS B
VRS, MR B A (B B VE AR 2, B,
A LA AN [F) A 1) GP R &S f /] — /N4 0 3 5t
HBEATHRI, 38 I 2 RS I 2% (L 2 I L) Rk i
BURFAL, R GPRIVA ZOW I A7 98, 4 i 2R T
PERE

(5 &5 AT E LR S BN ILIRANGE & 4
HI AR BN T77E 2 IS S A B FE A, ARRFT
BN BN R IREAT IR R S A AL . 0
TR LB AL AR (I S B T RS )« A B
(I HH R ) R IR I A B R N B
e B, LI TYHRAR ARG, K
BT A AR EF-KPER;  B0H 45 & Rt kit
Fefh, 7RIS HRE 5. sAh, AEEy)
B 5] 3 2 W 2R A% R 3 R RN TR A
LIt

(6) 55 PRI BLF B 5 IR 28 B k. T
BRI B S5 B S A MR AA U H A ) 22
FEYE, GPRAEAFIN 7S (WBEIE . A 2B
fEZE AR, At P I 5 2 R0 N R
WIZR AN 7 i AnAE BEIE PRI S - B (1 i
MOEEF . AEROJ= s B I R A B 9 K i 2 55 57
WK, SHGPRIVIRPARMRE IR AEXISIH M
PAAE R IR T S AR AR B 5505 5 7 A
W AR B, (EF-K o 20 LA B
S, it BT BE A A T 25 A A GPROR £k (4
S REAE T GPR (3195 F A 25 45555 I L8 PAY (19 2% R A
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BEAT ZSRRFAE ) 70 T, T R AT XS 2 ) R 2 25
it Skt . seah, T RARI 2 R 4R 51 1 2 1)
e e, I BOR A RRSCE S 28R b, BCE A AR
PR I A 2 A PS8R ) 22 7 SR U o % i 41 o) 5
o OB EOHT RN T W OE % 22 J2 45 (A0
WFR FEZ L BEEE) A [ 5T R ) B2 2% B A
G MARBT I JRIRIT S i & S i85 BT
NIRFES MBI e it A IMER S % . &
JERIBEHLA A S AR T A R RS LR ER 5 R R
FEAt T GPRARN GE 32T+ A2 Aik . ¥R H b5 2
A 50 5555 0 B At S A SR A o R O RO R
I HT, AR E GPRAR BN AE /1 (%5 . 7RI 2k
VR 25 J2= 2 K o T RFALE (KR P 2 STAE TR, mT B
RINIEH 2 2] BRI E @ N EOR, AR PRk 3 A
[7 FR) 3 % 45 4

7 HERIE

GPREE ) 2 P A i /2 oM 3 v H
LU0 Tf PR AN R T R R, AR SRR T
5 R ) 2 DA SR AR R RIS, AR
S AR I AP 22 N 45 (1 07 VR LB I N T
T A A 3 o P AR AT 97 A VIR 2 77 T
R, (APEMAAEENRRYE. %5
TiEAE B BN A L A3 A AL B 5 OR 5 77 THD %2
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Abstract:

Significance  Ground Penetrating Radar (GPR) is a widely adopted non-destructive subsurface detection
technology, extensively applied in urban subsurface exploration, transportation infrastructure monitoring,
geophysical surveys, and military operations. It is employed to detect underground pipelines, structural
foundations, road voids, and concealed defects in roadbeds, railway tracks, and tunnels, as well as shallow
geological formations and military targets such as unexploded ordnance. However, the presence of
clutter—unwanted signals including direct coupling waves, ground reflections, and non-target echoes—severely
degrades GPR data quality and complicates target detection, localization, imaging, and parameter estimation.
Effective clutter suppression is therefore essential to enhance the accuracy and reliability of GPR data
interpretation, making it a central research focus in improving GPR performance across diverse application
domains.

Progress  Significant progress has been achieved in GPR clutter suppression, largely through two main
approaches: signal model-based and neural network-based methods. Signal model-based techniques, such as
time-frequency analysis, subspace decomposition, and dictionary learning, rely on physical modeling to
distinguish clutter from target signals. These methods provide clear interpretability but are limited in
addressing complex and non-linear clutter patterns. Neural network-based methods, employing architectures
such as Convolutional Neural Networks, U-Net, and Generative Adversarial Networks, are more effective in
capturing non-linear features through data-driven learning. Recent advances, including multi-scale
convolutional autoencoders, attention mechanisms, and hybrid models, have further enhanced clutter
suppression under challenging conditions. Quantitative metrics such as Mean Squared Error, Peak Signal-to-
Noise Ratio, and Structural Similarity Index are commonly used for performance evaluation, often
complemented by qualitative visual assessment.

Conclusion The complexity and diversity of GPR clutter, originating from direct coupling, ground reflections,
equipment imperfections, non-uniform media, and non-target scatterers, demand robust suppression strategies.
Signal model-based methods provide strong theoretical foundations but are constrained by simplified
assumptions, whereas neural network-based approaches offer greater adaptability at the expense of large data
requirements and high computational cost. Hybrid approaches that integrate the strengths of both paradigms
show considerable potential in addressing complex clutter scenarios. The selection of evaluation metrics plays a
pivotal role in algorithm design, with quantitative measures offering objective assessment and qualitative
analyses providing intuitive validation. Despite recent advances, significant challenges remain in suppressing
non-linear clutter, enabling real-time processing, and reducing reliance on labeled data.

Prospect  Future research in GPR clutter suppression is likely to emphasize integrating the strengths of signal
model-based and neural network-based methods to develop robust and adaptive solutions. Real-time processing
and online learning will be prioritized to meet the requirements of dynamic applications. Self-supervised and
unsupervised learning approaches are expected to reduce dependence on costly labeled datasets and improve
model adaptability. Cross-task learning and multi-modal fusion, combining data from multiple sensors or
frequencies, are expected to enhance robustness and precision. Furthermore, deeper integration of physical
principles, including electromagnetic wave propagation and media properties, into algorithm design is expected
to improve suppression accuracy and computational efficiency, advancing the development of more intelligent
and effective GPR systems.
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