55 47 B 5 W) Y R
2023 4 10 A

5 & #®

GEOPHYSICAL & GEOCHEMICAL EXPLORATION

Vol. 47,No. 5
Oct. ,2023

doi: 10. 11720/ wtyht. 2023. 1347

T, T, EE T, 45, BTG 28 I IR TR O e [ ] MR 54K 4R, 2023,47 (5) £ 1298-1306. http://doi. org/10. 11720/ wtyht. 2023.

1347

Wu S,Ning X B, Yang T W, et al. Neural network-based denoising for ground-penetrating radar data[ J]. Geophysical and Geochemical Exploration,2023,

47(5) :1298-1306. http://doi. org/10. 11720/ wiyht. 2023. 1347

LT 28 ) 245 1) PR b 7 IR A 2 g

2 2]
=7

TR AR E B B A SR

(L) EHFEEABERAG, W BT 530022;2. S BXAEHAHERAR, B §F
530007;3. ) W E AR R ABRBREZATETIRATFC,) W &§T  530007;4. ) 79348 % 44

EMBELAERE,E BT 530007)

8 E . BOlER IR TE SR T RGN L i b 2% b AL A 75 30 | T P A M 7 2 A AP A ) £ W L A0 o
AR HEMT 25 5 8 4 B AN R S A R AN MR, X I, AR SO JR 17 2 ot £ 190 295 1) 9 7 328 0l 25 IR T 5
TS, AL 1 A2 R PR R4 1 MR A RN R R R BRI . SRS R EIR T B RS T Y R A
patch HES7 YA , 38 32k 10 £ 5300 B A 4 2% 23 P 22 ST AN, A A R R R (B e/ . R F PS5
S0 A S 00 T A o A B NG iR N A B0 P R P A T S . S Ik A R A
PRI EE RS LI 1A SC7 R A SR A M | AR SO ik XA R A2 2% W 2 58 DX Il g i 75 s S SE ARG, A7

R R B T I

KR R TE IS (GPR) s W24 s 22 )2 L ; S ) 545 5 e 11 Mg 500l 2 Mg

FESES . P631.4 XERFRIRED: A

0 55

TR S PR TARPRE B R 2 MRS TR BRI
6 70 I AR AT A 44 M T K B AR ) oI i 4% ol g
7, BET AT RO B e TR 24k O IR 7 L 1M i
JRSR A 5 A Y SRR

PR TR R TP IR 2% B MR A AR LR T 23y
ANHILIN] FT B ATLIGR P R ) A s, SR TR A AR
G 2 WOy ik R EALEE F-K IR EN F-X IR
T N RS il MR Ay S AR R
B AU A 22 A5 Horh e T i A #5  5
Y LTy VR R g T I B H A & SR p e s T
UTSCARE AP RATHI DT o SRS T B AL i) 25 1
DTG T AR RRCR , SR T IX S 0775 T 2 R
R I 22 7E R IR Rl AR e 7 10 HLAE
— LU AT ZR M AT (R 5 R i E L AT

Wi B, 2022-07-26; fEEIHHA. 2023-05-30
BEWE . | AESU TR H (AB21220069)

XEHS: 1000-8918(2023)05-1298-09

X PR M B TR B LR DR R 2 3 AN TR 5
A BRORA e TR ) KR T

ULAER , B T EAIL A BRI 1 e ol
DI Z 2 RN TR RefERh 5 TG H £
AU T 4 N HE A s, e AE AR R
B 20 S8R BAs ot gk
MRS W T Silver TR T 1A
BT P2 W 45 TR HE R 4L A 1Y B AR P AlphaGo,
I X Al PR BLRR 7 1 B 3R B T 99. 8%,
JELLS b 0 a5 e T NSRS 42, Krizhevsky
SEUSYNGRT 1A RIUAER RE B AU 2 4% eI
Bl b ST 37, 5% 17. 0% 1 top-1 Fl top-
5 EEDRR X R KM T Z R H AR Jain 451
P e FH A ARUR0 45 A Ay L1 Ak B SR A 0 DA A e
PR G I ZRRE AR 1 T W B % ) i B2, 7 4R
PG 2 1)k I 1 1] Y8 T 3X FP ¥, Lecun

012000l B FH M 25 W 2% ( convolutional neural net-

E—1EE: R (1984-) B AR, FEMNFEEA M GBI H A BRE I TAE, Email:262607406@ qq. com
BIEE. THRK(1994-) B Wi+, FENFA BRI T/E, Email:631118892@ qq. com



5 TR H T AN 2 W 2% B R B AR S I - 1299 -
works , CNN) B ] T30 AR i 19 43 5 4E 55 . CNN J&& B e e — :
R TR T EHR BT 451, 5 il i % - | |
JZ AL ( multi-layer perceptron, MLP) #1 kb, 7E Y11 %k 0

Bs N SRR LA AP 25 Y S —Tr i
ZJZBNA% FT BE L CNN BE 38 K. MLP 7] LBk
JE T ] PRECE T A%, T CNN PRI T AT BERY 2% > pREL
A5, Hornik 26 R HEAT 05 2 (1) B
T R 2 2 B T DA AT R R
PRIECEF AT AT Borel T F2: pREMN — A~ F BR 4 == [B] 3
B — A BRYE 23 6], 35 3 B 575 0 4% o] HEAf B2
Burger %51 2 2L T EMG 0 i i B
DA IR WP R 1) T MR 7S TR Y B SR 0] R JE
T A K R K I 2R LR ] UG 96 24 Hif
PCHER MR BT R M 4 2 2] T AN TR
T LR A S0 251 DR I 7 446 i e 3k i A L v
WAS T — o4 5 1y N A 5%, ) an A5 )2 B TR
B BEIE AR 2R SR s s

ACBEE T 1A 2 )2 AR AL B 1Y) i
AIRAT e 0r e A 00 558 i oy 25 M S Y 2
it 55 sRBOR -5 1 % pR A, BV H 45 S0 1 A
AMEFSEAR T 2, Ry 1 ik — D ik i L bR bl
BILIGE 7S BRI, A B 30 7 X6 (] — 5 W gk s i A 7 2
M LU, AR A R LL 45 SR R W] 1A SCHR 1 5 Mty
PG REATLIGE P 40 G B ) g

1 ik

1.1 MLP XE[FIE

PR IR B MR RT DUBR AR 1 AN W75 B
) TR 7 RS AT Y ST [ T BT LAFRATT AT DA ST 1 A
MLP [ 28458 7 i A5 ) 22 TRI A RLSR 5G 2%

TR BEIRHLFR 15 B Ry, AR STAORE Fif B IR 7
PEdEAT TN ARVE n g i 3 M 7 ) 555 M 7 )
TIREE x F KR

x=y+n , (1)
HRAE MLP S 57 25 W R dlE oo FTJE I 7 R dle y G
TS [ X 28 AL AT R Ry
y=H(x,0) , (2)
P H 3on MLP 545K 0 Fon MBS EES .
1.2 MLP W&

MLP R A T8 22 I’ 2% ( artificial neural net-
work , ANN) , B ] LURE B A JZ 1Yy A [ St (M i 1
AR 22 BRI 2 e S 380 w2 i S 1] AL, Rl
Zeh BN 2T I 1R

e O

x®D Pope
i

Bl S METRn
Fig.1 Single neuron model
B, xe=(ah b e ) TR IT
n A w ws e w0 AR ARGE ; b FR
METTHIRE ; () RS R oY AP ZITAL
(L 1) RN A ] i P Ze M AL« S B 28 T I i
tE DB P P 22 T i L PTR R
D
1
(k-1)
v ® = 3 P gD = (P P e Y %2
i=1 :

xik—l)

(3)
HH AT, Y B TG PRARS f A F i e
AR — ML SIS, I B BOE sREUE R4
PER R G IASRZIT T, 15 0 28 N 2% AT DU B0
A AT Sk RS, 30 A i 28 D) 4% st P i e T A
FRIAEZRME IR T SR PR 2 i 28 W 245 T i
DR R 5 R MR AT 43 ()8, B BT T 244
22 eI AN a2 =X PR A JZ Rl )2 Z a3
1 NBGEZ , B Z 2 BANHL, £ J2 B HIL ) faf fh AR
AN 2 Frs .,

PN R by

B2 &1 KREEHNRAVER
Fig.2 MLP with one hidden layer
IR, A SO il 28 190 28 1 235 4 P11 38 o i R
S B BT, SEPR b O SRR ER B
AR EJE 1A RS A E IR, HAFRR(E K I 1
AIBATE, EMZE R 28 BB JZ 0 BR T g Hh )= D
b R B A AR — M B, B T X L S U
Ml b, R Z A E



- 1300 - oW 5 b ® 418
1SR 3 2 BAHLAT R N
f(x) =b,+W,s(b,+Wx) , (4)
A s Ay Sigmoid W BRI, BEAF iy AR i 22 5L ¥ ;o
AR 0~ 1 Z [8) ) i Y, o o R R By S8k, o
05 A2 AR Y IEH, W o4 1,
1.3 #tIEH
P 2 I i R FHBEAILBE BE T B i1k W
T3 SN R LU BB R, T UK S S 9 i E3 EEER
jgg/l\ﬂtﬁ\( Batch) ,ﬁ'%”ﬂ”éﬁ?/l\ Batch F9%HE . Fig.3 Operation module
MBI 2 15 YR 2 > 2 o BLAT R 0 . R
TS, B TR Rt AR 177 A = / s S I e
ML AT SR I I
Ry (5) " " "
7, E4 FHlER
a™ =y71+B,, (6) Fig.4 Sequence module
X, AFEDFZTTH RIS ; o™ LT
JE R y, F0 B, T4 (B A AR S, H Y AR A VACIYN (10)

MRS I AR LN s w P E, R Ch
y :;éak s (7>

& A—HEIT 0 WBE/NEME, H B R ETRHEZ o, AA
0, o, \JRRN

ai=J;§<ak—M)+s .(®

25 0 45 388 5 HE RS AR R AR RE A 1 R )
A W R ] YIS BE | 17 AT DA S o A 2
2 )22 2%, SRR AL AT LK B2 i i 18
AR IE R O FRiEZEA | IIEZS 3, BRI
AR A AR S B i A U2, itk Ah,
Xof B2 i (R AT AR AR FT LUE AR 2 0t
FEAH 2 8 8 — T T U AR W8N T I 28 %68 1
ML K o
1.4 HFiEfE#E

P28 T LA AR A 18 SR e 2 T 7 )
B E R T BAE N R S, R s AR T
Kl 3 s, w e RN FIISE x N A, #d fF15
Far by, B

y=f,(x), (9)

ML A 18 B HE B T 20 B TR A e 2 )

2% A x, I f 155 xR o N, 1

B AMEIE A E] «, , DAL ISHE , B AT 050 B «,

1232 B A R BT O 45 A AR ) [] AL 4 R 4 TR, R
KUF

1.5 KE&E

W2 50 ) 358 i, e 25 I 25 B 4D Rt B = 34
SRS T S EOR 2 . AT LR
VERASTRRIE RN B bR 22 0] Y B35 G 2R R AR 73k,
Bl SIS 22 BN A A ) R AU BE ) LRl 2
ok R B EE R 52 2 by SRAS HERA BB E | DR SR
IBURH 3 i A0 FH/INSEBEATLRR BE T R X R AR T4 |
PRGBS FEMOIT AT, R A
P AREAR K PR R, B T n=1,2,--- N
A, PRI

P=kn, (11)

FEAFEAISC L, AT LIl i ) pA & 1 o

RUFH S AT DA AL R 0

L(O) = 3 L,(0) .

T H 4 A 4 R0 S B H B 4 2% S A T A
JET BRI TR th 2 522 ] 1240 6 .

0., =60, -y, [VLO)]=0, - ')’iZ, [VL,(6)] ,

(13)

(12)

Kby, PR, VBBER T

D0 255 v i 2 AR T DA B 2 S B 2 TR
W BB PN DR2E T LATE S 160 A R SR 28
Al R R TR B TR — 2 0
BERE BB 5 A5 BZAL IR 22 0 f, WER2E
o Rk 250 1 RIRCE 0, 1)



5 TR H T AN 2 W 2% B R B AR S I - 1301 -
df :de(XLﬂ?oL) X e Xdﬁ+l(Xl90l+l) xdf‘l(lel’ol) (14>
deo,)" d(X,.,)" d(x,) " d(0,T)
X, H1L+ V2MEAGTEARRERE F LT 0, 21 ETRA X, SE AR RR R,
M FEUS MR ECERr 60, AM RS B3R
df :df,‘(XL_lﬁL) o df.. (X,,0,.)) dez(Xz_.ﬁz) ’ (15)
dx,) " d(x,.)" d(x,) " d(XIT)
AR S EE A TR 25 10 T2 (Y B AL % |
I EEOR ST IS R — 2 T 0, B4k, IF &
FEHH MR A2 T S, B2 SECE
BB IS, IR P AT — e, DA S BT A
MAEA I PN > 2

2 LERIE

2.1 HIREXISERIE

g Y I 46 R B Y 2 R R FRATTAI A IR
2R G AN RIS R T SR AN, 491 1) 33 2230 3
B A [ B 1 v 07 10 8 75 X BRI A TR
SRR A B {H R — A i ACKH [) A2 i
V14 AL 75 50 2 A A ) 1 7 S A, U1 25 85 42
S A LUT Y, % 2 000 A2 B 2R FH K
JER AT ISR
2.2 HUEmAE

AN ] B B IR B HUE S AR 8], Sy T A
Do 2% E N S A rpebe s FLRS e A ISk, g 79 Ak 3
Rl INEICHE 1) Y (B RN 7 22, BCHE Y T Ak 30 = mT 3R
A

x,; =,/ [max(x_;) /255] , (16)

2 i A A AR R AT RIS, max (v, ;) R
AR x R j AR IR M, A — kS 3fe I+ 255,
W AT LA RS A b BR A

%8 285 1) i A 28 o0 S BOR A E 1Y, A [ 3 2 A
AN TR SR A B[] 14 T T8 25080 DU A A 7 4 ) o 7 SR e
A2 Ay AR A RO e — 2
2.3 EBSH

U N 268 U R A Y il 22 T8 5
R BRZEEEE G0 PGSR ERER , 4% 1 5k 25
N ABEREE SIS 2. SECTIIZREE RA EH R
KIYFEN , SHCEFEA YA Gy L UG TR
[ e 4 A () A, AT S B L MR AOCR AN . AR SR
T Burger % oA 45 B S8, o 24
WE RN 0. 02, BREUZ O 2, ROEZ M 40
BHN S x 511, 5 AJZ R B2 RN 13 x 13,
AR3C MLP P25 S5 F R AR HESR Q& 5 BT .

(511) (511)
faml =

5 MLP M4 ZEHIHESR
Fig.5 MLP network structure diagram

3 BRI

SR PRI A B 22 5 b 0 B8 80 0 X
LA ST 17, IS DR 26 2 01
W 5o 25 5 0 D K Ay W S0
T SR LI 24y
| ,
MSE =3 3 Iy =y () 17 (17)

i=0 j=0

MaxVal
) , (18)

PSNR= 20 X lglo(m
X MaxVal yEEAR R BUOR) 8 RBUE, A S
FURBRRTE 0~255 Z )5 y(i,j) 9 W ih 7 s 4
sy (i) R TCMEFS B R B

Wb Jr ER EAG BT f P BE A8 T A G [ 5 B

RN EZE R YT 182 MSE 25 TR R 1%
ZEW IR 2 S VPN T8 b, X 35 R e A &M B
A0 B AR DE BB R S
I, ARSCH I T E5H PERE LB B3 (structural similarity
index method , SSIM ) X} MG AT IR , R AE 15 KI5
HEWRE R Z MR R SSIM $845 a0 T 3R
ik

SSIM = %Zl SSIM(g;,h,) (19)

s g IO (Y B IR B s b ol o IR A AR IR R
s M 2 iR T R RS B B, A SR 1 4



- 1302 -

oW 5 6 & 418

FPEARBIFE BRI Matlab H E 359 SSIM R,
3.1 fEHREEEE

Kl 6a 2 1 A>3 2T ZRBIAY 35 5t XU
150 x 200, 55 1 JZAXF A B E O 10, HE N
0.5 m; 5 2 JZHX A HCH 15, %R 0.9 m; 5
3 JZHXFAHE R 20, R FR2E 0 B A X
B TE TR B B A 20 0.1 m, SRl IR Ry
IR 500 MHz 98 52 -, SRAE R[] [E] B4 0. 02
ns, BP B KR 40 ns, 3 1E A5 2 K] 6b ik %L
e, A T T 1 e L T AR AR N P BB SR 4 BT A2
FIREEAL TP, MHh I 2B 25 dB MR 75 25 21 (
6e) AT AL, 45 A4 M 7 B 88 25 Bk, 15 MR bbb 2 Mgk
PaEm T 7. 66 dB, Z5F PR AR UMEFR AR 0. 143, {H
W T A B S A BSCER IR R 75 T AR S5 7% (181 6d)
XoPUgE e e B B AR R M LB S T 17. 40 dB, 4544

0

0.5

z/m

1.0

1.5+ T T T {
0 0.5 1.0 15 20 50 ‘100 150

(=)

x/m ES
(a) I BRAERY (b) IR

B
(c) M RMER, 1L
PSNR=27.83 dB

) 75 dBREFE, fEMELL
PSNR=10.62 dB

i1) 300
b E—
. 2004 /m\ ............... l\/lLij—&
1001 ,
0 /ML
0 10 20 30 40
t/ns
(i2) 300 —
200 o ISR
100
oA i

0 10 20 30 40
t/ns

(i) Hi B AIMLPXT 425 B 09 % 145 R AT 505X Lh

PEAMEFE bR 0. 239, HLH: Jc e 4 5 LT 3% 87 38
HA 4, K 6f A 75 dB M 45 5 K] b 2
HERT UF H FE R M B2 T, IRV AR R AR 154
WIANYE . XHZEE (& 6f) AT i1 I 25 e | BT A5 Mg
Heas 5 (K 6h) #2711 9. 78 dB, Z5H PR AR RL I8 b
J9°0. 071, {HBAERR 7 Ab R AR Bl B S A% e T — 26y
UGS RAHAA SO LM S (B 6g) BA5 1 LL3 fin
T 20.52 dB, &5 AR FE bR 0. 161, & 61 K
FHHLE 6b & 6d FIE 6e H1%55 50 18 Kt HE 47X L2
B 6j MAlEUE 6b  El 6g FE 6h HiEE 50 iE H
HEATXT LA 5, AR 61 FNIEL 6) 1T LU, Bl 25 M
(R 1t 0T AR R e 7 B G2 I 2 ™ 5, EL IR AH
A P VAR MK A B ) SRS T AR SC MLP 2
T3 B MR R R A B AR - SRR (RS R
X R AR A U5 5 R i B SE

50 100 150 200 50 100 150 200
ES s

(d) IR HEER, {51
PSNR=37.57 dB

(c) &25 dBREE R, 5HEth
PSNR=20.17 dB

0 50 100 150 200
B
(h) fE RIRER, fELkE
PSNR=20.40 dB

(o) MEBRIRER, fE1kE
PSNR=31.14 dB

il) 300 _
’ — EvESE
- 200{ 4 MLPHE
100 ;
0 , ,
0 10 20 & m
tns
(42) 300
2001
=
1009 §iq: i
(1R

0 10 20 30 40

(j) Wi B AIMLPXT 475 B 75 09 % W45 R A5 503X Lh

6 ERER

Fig. 6 Denoising results

1 RS MLP L5 1 5 i 7 25 e 5 1 %
AN TR i M MRt 2R G £ R EE AN 2 R AR DL Xl
XFHE, 1B 7 S AR SC MLP 005 i 5 i 25 e 7 vk )
AN TR i M MRt 2R 1 £ IR EE AN 2 R AR AL Xl

XHHETTE . R 1B 7a R 7h AR Al DL E
A il B 5 AN T R, MLP 25 07 3k i 4k 4
PR (0 45 1 HE AN Z R PEAR LR RS A o A0 2 e 7 i
KM,



5 3] I A T R O 4 1) T T R R 2 - 1303 -
xR 1 HERKFIH K ERETEN A EREEERIRM LR
Table 1 Comparison of denoising effects of neural network and curvelet denoising on different noises
" TE B R MLP 2:MgZ% i e 2 W 4 MLP W f5 4% e 25 M 5 25
" fEME L/ dB Mk b/ dB 5M: b/ dB F AR B FPEAR UG bR
10 28. 14 42.38 35.59 0.239 0. 196
25 20. 17 37.57 27.83 0.229 0.143
35 17.24 35.57 25.36 0. 200 0.124
50 14.13 33.21 22.90 0.182 0.099
65 11.86 32.26 21.24 0. 166 0. 081
75 10. 62 31. 14 20. 40 0. 161 0.071
170 3.54 25.88 16. 87 0.099 0.022
50 m EVEERS R E R 025 u MLP 2 J5 25 P AR LR BR
MLP 825 R A5 04 LE i35 2= e J £ M M ARALLEE
40 w R AR RAEREL
% 30
1
=% 20
10
0
10 25 35 50 65 7B 170 10 25 35 50 65 5 170
L 75/dB 1 /dB
(a) {51 HLPSNR IV 25 52 (b) AR SSIM R B 45 R
B 7 MLP 0K MR EX A RS SRR LB
Fig.7 Comparison of denoising effects of MLP and curvelet denoising on different noises
3.2 ERUEEXE IRBE S, 3t 226 KRG, A 25 dB W7 (5] 8¢)

Fl 8a it/ Y 2 ) RAERY A i 5 502 Bl AL 53
Aiv , Jey i DX U ) AR ALK BB I 220 x 226, %
FRB A R 22 43 580 R R R 1E e 115 SO 7y =R
FHAmF IR i B2 PR 0.1 m, BRI IR Hrocs
% 500 MHz 1) 75 5 3%, SR AL I ] [A] B 2Ry 0. 02
ns, I 7 KR 48 ns, & 8b Ay 1E 78 B8 15 46 J5 1Y

JEAFME LR 20. 18 dB, MR A (1% 78 6 (5 75 W] AR 4l 0 3
ANTE T, JC ORGSR 5 59 1 R AR TS 93 B

AT (] 8e) A2 4% (1] 8d ) Fh b
ATLUE Y, A AN L3 Tt 7. 01 dB, 25 PR AH
PEFEFR M 0. 034, LK TEAF MR LT T 17. 56 dB, 4%
FPEARRIPESE bR A 0. 188, Xt T RUE 5 i A bl i

0 =

12

224

0.56 112 1.68 224

0 056 2.24 0 056 112 168 224 0
x/m x/m
(b) TEVHEEIE (c) 525 dBME 4R, f5Mth
PSNR=20.18 dB
0= (f1) 100 — TR
< soddy 0202o0— MLP 5%

12

0
0 12 24 36 48
£ 24 . ) tls
: 200 — e
36 ~ 100+ ; S iz
48 oAl bl 4 h
056 1.12 168 224 0 056 112 168 224 0 12 24 36 48
x/m x/m ts
(d) MR FIELER, (SR (e) 525 ABR: 43R, (5L (f) 9318 IEIEFIEA Hh I K. MLP
PSNR=38.62 dB PSNR=20.18 dB gk RNt

8 ERYPIFEMRER

Fig.8 Complex data denoising results



- 1304 -

oW 5 6 &

47 %

ki S G Y iR 1 i S SR ERE S (BN
W AR ARMIR A2 LR AR 7 52 ), VR o R et e 59
(1) LA A 5 #R R BEAR A b AR B AL, 1B 8F M5
93 F JE K 4 A0 B 2 Mk MLP MR 5 SR By Xt L
P, MR 862 Hml LU H 98 125 8 3 IX Sl AR W 47
STEMGERARME A 0T A7 RE KBt HAE TR AR X
I 55 U R 175 5 e A ol ABUER R e 75 g 92 T g LA 3
B, ARG MR T (B 862) ARAAE R IX J
BT BT BT 1 P2 25 A, Y ) 5 e R 4 B R
F14) 5553 41 s [ A 045 31 T A B

4 LB IA R L
N T BB UAR SCT5 6 B A B AR ]
PR A IR B AS SO A AT Rk

& 9a A 44 b F 1 S0 B | AR 0 %
P, HorpoRRE S 512 A4, 2k 400 1B, 7ERE LR

@@ 0

128 o

384 FEat

512 1 £
0 100 200 300 400
ES

384

512 =
0 100 200 300 400

B
(o) M HZRAER

FRZI T, E5dk v ST 92 DX I ULl 28 55 0 % IX AR
TR, NIR ZR 45 i B 4 b Tz loe ) 5415 [ RE 3R
WA AR R . A2 M 25 (151 9b ) A i (1 9¢)
FMEEERRT LUE PR 5 TR0 55 T MR A5
PSR EAS 3] T — s By 4Tt (H i B EAR AR 52
ERARMEFE (52, %o 52 2 45 4 v 5545 5 X IR 25 Rk
TAE U 505 ~ 512 KA £ Ak 1Y S8 553U L2 AT 4 M
TS 5 AR SO A BRSO G 3, 55 IR (B (S
SRR AR B T R, 43 A TR R AR S S
SR EAS S AR B T AR 43 B, 43 A IRA] 9a
9b FIEl 9c 155 210 TEELHEIEAT XS HE, XF b 45 2R
WE 9d PR , AR SCH BARE T B 2 W RN E
W 9d Hh XU Se S 2k X3 1 )2 Sk IR R AR
5 S R B AL DX Sl v e M P A TS A 5 A B B I R
(FE R 208 5 %) [ AR o B0 B A5 AR
ML R

0 100 200 300 400

e
(b) MLP 45 8
(d1) 400 | i
" WW\/W\(‘\P\I\MWWM
~
N / e
-200 2 e MLP
0 128 256 384 512
FAE A
(d2) 400
1
" WMUWWWMW
<
N J; — Ky
-200 : . e ik
128 256 384 312
AR
(d) SR A HHE i (A1 B T 2521078 dhig A0
AL R E I E R RN

9 ERRBIREERER

Fig.9 Real data denoising results

5 ZEie

ARSCHET R B P2 W 2% RUR LT % &
BIWRIT T IR IR RS M AR R IR AL H R TR T

TE R 2% B HARR B9 A 2UfE -, TR TR 2% R
oA B P AL IR 3 e R R S R TR R
YA G TR i AL 4 14 f 00k HL A R IR BE ), 7%
T 20 B TR 2 R 25 I Ry T 1 22 T vk
AN 1 (AN A e 2 2 MU R, BN 277 A



5

I A T R O 4 1) T T R R 2

- 1305 -

TR | XA TR 5 A Kl I (R R L 2 T
AR BT , ELAS M FU B AR 0 Rt th R B T 5y
R B R 5 X — e A i A2 2 L 553 W {1 DX S AT RE AR 4
M TR

ARSCRFFEHEET MLP (1 28 75 iR 500 25 oy ik |
TERL AT T — 7 B9 R, (B BEAL I 75 T
TNk, A REBUAHABAR BEALME P 1 25 MRACR | i
PR T IR AR SE PR ARG 3 2 il B A (R 3R
THT 25 R K g P S5 A AR AL A P ke, o
T ZARREHLE P 1 T 2 AT 4 5 TAE B AT 5%
G ALK BU T ARy — 4R Rdls 25 R A e 22 = A%
ik,

2 % 3Lk ( References) :

(1] BRHTHS, REEH, skt sl B AR e 7E GPR By i e P iy
BEHLT]. 5045, 2016,40(6) 1 1227-1231.
Dai Q W, Wu K J, Zhang B. A study of application of short-time
Fourier transform to GPR data interpretation[ J ]. Geophysical and
Geochemical Exploration,2016,40(6) :1227-1231.

(2] skred, o007, 700, 55 WU DB 7 B 5 a5 B 26 g b
BRI ] RS LR, 2021,45(2) :496-501.
Zhang S W,Wu R X,Han Z A, et al. The application of bilateral
filtering to denoise processing of ground penetrating radar data[ J].
Geophysical and Geochemical Exploration, 2021, 45 (2) . 496 -
501.

[3] BATHS, BT, A8 JE T FastICA (MIRAF I LU0 75 3515
RG] PREFI AR, 2017,39(6) :727-735.
Dai Q W,Cheng Q Y,Feng D S. Low signal-noise ratio GPR signal
denoising based on FastICA[ J]. Computing Techniques for Geo-
physical and Geochemical Exploration,2017,39(6) :727-735.

[4] HEG, BIEZE B R, R TE 2k 87 SM S8 T 4 K LR
BRJ7i:[J]. BHR SR, 2011,35(3) :427-430.
Su Z G,Liao J J,Qian D H. The interference signal in GPR survey
data and its filtering [ J ]. Geophysical and Geochemical Explora-
tion,2011,35(3) :427-430.

(51 JAROWL T foo SRS S 20 ik 0 38 b 7 3 K000 Ak T 55 e
[D]. K& HMK,2020.
Zhou W F. Data processing and interpretation of GPR based on
mode decomposition in f~x domain[ D]. Changchun: Jilin Univer-
sity ,2020.

(6] M, L3R NIEHAERI R XS5 LM e[ T].
YIRS ,2015,39(2) 1421-424.
Wang C,Shen F M. Study of wavelet transform in ground penetra-
tion radar weak signal denoising[ J]. Geophysical and Geochemical
Exploration,2015,39(2) :421-424.

(7] Z=dA0 (A, R, A5, IR v 1 3 1 B B A 4 7 3
Bl ZEEOR )] PIIEEAR,2019,68(9) :74-83.
Li J H,He Z X, Yang J, et al. Scale and rotation statistic-based
self-adaptive function for ground penetrating radar denoising in cur-
velet domain[ J]. Acta. Phys. Sin. ,2019,68(9) :74-383.

[8] RZAL, M, BAR , 45, T/ AR K-SVD AYHR I 5 5%

[10]

[11]

[12]

[14]

[15]

[16]

[17]

[18]

[19]

PAWFIOETE[ ], AR E 24,2021 ,42(2) < 111-118.
Wu X L,Yan F,Zhen R, et al. Research on adaptive clutter sup-
pression for ground penetrating radar based on wavelet transform
and K-SVD[ J]. Journal of Hebei University of Science and Tech-
nology ,2021,42(2) :111-118.

JETONE, AR, SR, 4. BT IE AL 2 TG i XU L B ik

MAERBILT]. B 15 ,2011,33(11) ;27-31.

Zhou X H,Ma J L,Wu L, et al. Wind spectra identification of the
WPR based on orthogonal polynomial fitting[ J]. Modern Radar,
2011,33(11) :27-31.

FERRES, EAEB VEME B — ol AU e 7 T R 2 Mg 1 3 i

[J]. &G T ,2008,26(10) : 123-126.

Tang B B,Wang Z M, Wang X L. A new method of removing salt-
and-pepper noise in images [ J]. Systems Engineering, 2008, 26

(10) :123-126.

TRAR S, RN BT R M A7 ISR TR 2~ 1A B G 0 301 S 4P el
Jrk[T]. BURCEEEH AR 2020,57(S1) :174-178.

Zhang D H,Qin H. Tunnel primary support detection using ground
penetrating radar and deep learning[ J ]. Modern Tunnelling Tech-
nology ,2020,57(S1) :174-178.

Han D,Tao L,Leng J B, et al. GCN:GPU-based cube CNN frame-
work for hyperspectral image classification[ C]//International Con-
ference on Parallel Processing,2017,46.41-49.

Sl g, FET R 2 W 46 5 1 5 RADARSAT-2 5 353 B0 47 14
KFESHSGEM [ D). Fi ARG R, 2014.
Jing Z X. Retriving paddy rice biophysical parameters from RADA-

RSAT-2 radar using neural network [ D ]. Shanghai: East China
Normal University,2014.

TRWTES A WHIE A V. 5 T4 0t TR K 15 H0E 3 o 428 ) 5% 1%y I
T BB B RLRLOT S [ 1], B ok 5 T, 2017, 17
(17):118-124.

Xu X J,Gou Y Y, Yang F. Research on early warning Model of
roadbed diseases under urban roads based on GPR and probabilis-
tic neural network[ J . Science Technology and Engineering,2017,
17(17) :118-124.
BRSBTS U 2 I 4% TR 2
FER[D]. B 5 AT g, 2017,30(2) :97-105.

Lyu Y B,Zhao ] W,Cao F L. Image denoising algorithm based on
composite convolutional neural network [ J]. Pattern Recognition
and Artificial Intelligence,2017,30(2) :97-105.

BB RS R A T IS 19 Elman i 22 )
AT ] RIS EIR ,2018,46(3) :113-120,126.
Li X C,Ye ] W,Li G,et al. EIman neural network dynamic predic-
tion based on landslide monitoring data[ J . Coal Geology & Explo-
ration,2018,46(3) :113-120,126.

Silver D, Huang A, Maddision C J, et al. Mastering the game of go
with deep neural networks and tree search[ J]. Nature,2016,529
(7587) :484-489.

Krizhevsky A, Sutskever I, Hinton G E. ImageNet classification
with deep convolutional neural networks [ J ]. Communication
ACM,2017,60(6) :84-90.

Jain V,Seung H S. Natural image denoising with convolutional net-

works [ ] ]. Advances in Neural Information Processing Systems



- 1306 - Y/

e

R 471 %

[20]

[21]

[22]

(23]

(NIPS) ,2008,21.:769-776.

Lecun Y, Bottou L, Bengio Y, et al. Gradient-based learning ap-
plied to document recognition[ J ]. Proceedings of the IEEE, 1998,
86(11) :2278-2324.

Chen S, Abhinav S, Saurabh S, et al. Revisiting unreasonable effec-
tiveness of data in deep learning era[ C]//2017 IEEE Internation-
al Conference on Computer Vision (ICCV) ,2017.:843-852.
JECHE, GG, HE . B AR A ISR AR [T ] AL
,2017,40(6) :1229-1251.

Zhou F Y, Jin L P,Dong J. Review of convolutional neural network
[J]. Chinese Journal of Computers,2017,40(6) ;1229-1251.
Hornik K, Stinchcombe M, White H. Multilayer feedforward net-
works are universal approximators [ J]. Neural Networks, 1989, 2
(5) :359-366.

Burger H C,Schuler C J,Harmeling S, et al. Image denoising: Can
plain neural networks compete with BM3D? [ C]//Computer Vi-
sion and Pattern Recognition,2012;2392-2399.

G IR . HT R TR 2k AR S U EOR BT (D] AR
HES R, 2019.

Yang G Z. Research on coal-rock interface recognition technology

[26]

[27]

[28]

based on ground penetrating radar[ D ]. Xuzhou: China University
of Mining and Technology,2019.

TR BT . TR 2 ) B R S S 45 K W) R 7R Ik 1A
BAZRI[T]. BRIz JE R ,2020,35(4) : 1552-1556.
Feng D S, Yang Z L. Automatic recognition of ground penetrating
radar image of tunnel lining structure based on deep learning[ J].
Progress in Geophysics,2020,35(4) :1552-1556.

V. BT IR 2 2] B R T K R A L B AT Y
[D]. %Fr : IARR,2021.

Ji Y T. Deep learning based ground penetrating radar image permit-
tivity inversion research[ D]. Jinan:Shandong University,2021.
Sergey I, Christian S. Batch normalization ; Accelerating deep net-
work training by reducing internal covariate shift[ C]//Internation-
al Conference on Machine Learning, PMLR ,2015 :448-456.
TR ST £ , 12K 58 | 45, BRI IS GPR IE BN i d5
ARSI (HE30) [T]. HaER 322, 2006, 21(2) 1630
-636.

Feng D S,Dai Q W,He J S, et al. Finite difference time domain
method of GPR forward simulation [ J ]. Progress in Geophysics,
2006,21(2) :630-636.

Neural network-based denoising for ground-penetrating radar data

WU Song' ,NING Xiao-Bin>®, YANG Ting-Wei>>*  JIANG Hong-Liang”** , LU Chao-Bo™**,SU Yu-Di’
(1. Guangxi Tianxin Expressway Co. ,Lid. ,Nanning 530022, China ;2. Guangxi Transportation Co. ,Lid. ,Nanning 530007, China;3. Guangxi High-
way Tunnel Safety Warning Engineering Research Center, Nanning 530007, China ;4. Guangxi Key Lab of Road Structure and Materials, Nanning
530007 , China)

Abstract: Ground-penetrating radar (GPR) data are often contaminated by random noise in the actual engineering inspection. The
noise in data will reduce the signal-to-noise ratio and resolution of the data,adversely affecting the subsequent inversion and interpreta-
tion. Accordingly, this study proposed neural network-based denoising for GPR data. First,a multi-layer neural network model was con-
structed to integrate the data corrupted by white Gaussian noise into the noise-free data. Then,the corrupted data and their correspond-
ing noise patches were built as training data. The weights of neurons in every layer of the model e updated using a back-propagation al-
gorithm to minimize the model training loss. Finally, the two synthetic data and the measured radar data were input to the trained model,
and the model’s output was calculated using the noise characteristic weights acquired from the training. Compared with the curvelet
transform, the numerical simulation test results verify the effectiveness and robustness of the method proposed in this study. Moreover,
the proposed method can suppress the noise more thoroughly in areas with complex structures and weak amplitudes,and show effective
signals more clearly.

Key words: ground penetrating radar( GPR) ;neural network ; multi-layer perceptron;back propagation;white Gaussian noise;data de-

noising

(ARG < -l )



