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Abstract: There are the shortages of complex disease identification and poor utilization of multi-view radar image features in sub-
grade disease classification algorithms, an intelligent classification method for roadbed diseases based on an improved GoogleNet-Res-
Net algorithm is proposed. Firstly, the coordinate attention and improved Inception modules are introduced to optimize the GoogleNet
network structure. Then, the improved GoogleNet is utilized to learn the c-scan data features and eliminate non-target diseases, a-
chieving the coarse classification of the disease targets. Finally, the b-scan data classified as the diseases is input into the ResNet50
model based on the transfer learning to achieve the fine classification of the diseases. The results show that the accuracy of the im-
proved GoogleNet reaches by 98. 2% for coarse disease classification, and the detection speed by 90. 9 fps. The accuracy of the disease
sub-classification of ResNet50 based on the transfer learning reaches by 90. 5%, and the detection speed by 52. 6 fps. The accuracy of
the proposed algorithm is 10. 1% higher than that of the improved GoogleNet network, and 7.4 % higher than that of the ResNet50
network. This algorithm effectively improves the recognition accuracy and efficiency of roadbed disease detection.
Keywords: road engineering; subgrade disease recognition; cascade neural network; multi view radar images; 3D ground pene-

trating radar

0 3= BF A, PR A IR OB R L 05 I R ) 3
fRH . PR TR R L BRI A, T

T BN E S BARA FWERE AN HEOE gy F g R 4 €1 LT AR FL4 55 % S (0 9 T
W, ERIEEE LSRR SN EREE LR E, MR . TEEFNERRGEITMIE, x—d s,
S AT 90 4 A AC 22 4, TR B R R PG B N T A PO R R VR 2 3 7 ok LA O A0

i A HI:2023-07-31; {EEHH#E:2023 -11-23,

HETIE Bk RH# 0582151 B (2021KRMO029) 5 75 22 17 5 82 g it A A IR %5 4 Mk 351 H (23GXFW0045)

VEZ R BRBIE (1976 —) B 181, 8 1 2E S0

BIWAEE 9k 1R(1994 -, 58 w5k,

LA RS /e 5k IR 5E. R T ERY GoogleNet-ResNet 57 1k (14 % B & 2 B8 3 8 7 i L) . R ML 3= 55 # 0 , 2024, 32
(8):250 - 256,294,

BB MU www. jsjclykz. com



% 8 i

PRoswe, &% . SLT i GoogleNet-ResNet 5034 1Y i KL 35 4 fiE /3 JEJ7 ik - 251 -

FRIE# S RE I R RAERE 1, H LT 2872 b F T3 3% b
T EHARK BT, AR Tk BB AR AT ROR

YR T R I . MRS TS R, BTz
HFERBIRGE T, R, BFF8 A G E X 4 B b 7 38 5K
iR A Ak B F R B oE . STk [4—6]1 o FIH
Faster RCNNY 35 T AN [H 35 R b-scan B4 A Y B 28 46
R, SciEk (8] FIFH YOLOV3'S [/ 4% 44 % AF 58 3R 7 b
23 ] e SRS 5 R 0 00 A k. Sk [10] #Er B
CNN X B 9047 A 348 2837000 Sk [11] PR E T
GAN (VR BE 24 I HESE . Az BUHT 19 U1 25 508 5 38 2 ik 39 35 1)
P 2 A6 X ZR AR AE . Sk [12] A YOLOVA'™ B 5¢ £
of 8 fH v W % T 2 SO S T G B SR Oy . AR, A
7 1 I T AL A IR RSB AT B . ANE
T H EH LY = e T 38 R 2 0 2 00 B TR Gk ER B
HALE A brscan B4, TC k8 B A A RL Y Xl 48 4 A 19 i
25 FE X 43

il 25 B AR B 2 A R0 = 2 R M R s T T IR T 401 38 Y o
JUUL kR 2 2 R R R R BE BRI EN
SRR T Z0E B . BRI IR R = 4R 50 s
Z W B IR B OF 45 G TR BE 2% > B0k ke 1R T8 I It B
SCHR [15] @ —F i T = B 2 W4, HHEM =
AERHE S AT IE B N B AR AR O ik, SCEk [16] ¥ =
HE A T 2 M 2% 5 Kirchhoff i B AH 25 & S k6 ) b N 45738
IR W = 4 35 B 28 0 45 b 2k o B b 22 I 4 BT B AE Y
SREABEE . SCER D170 B R BE = 4 45 B M 45 L 22 5 4 o 1
HF =43 R B8 E, 7T HAR 28, XMf = 4t
B A Z S HNEN Irk, RS 2R 8 =48R
SEREAFAE, (AR AR A, X B ORAR B . A B A
TREESEE, TEYLHRIM . 2% 5 LUK F E 178 L
SR, PRt gt A Y RE IR 29 Tk 2 B 1k AE S B R b i R
. Scik (18] FIA TR — demas B %, B Rt =
YR o T T AN 8 ) RGN 1) G AL B, 38 AT Il 2R AlexNet
W28 HEATIE B T H AR 4325, SCiEk (190 R — 4 W A%
PG IN 25 A 2 0 45 DR A I M T 2 s, X Rh AR A 2 LIS
KREMGH T, B TR ERRZERER, ERMZ K b-scan
5 c-scan BRI REAGL S W EAR B, 10 M2 5] AT RFFIE,
ANFI T 55 U

STk (9 2 T AT B4 S B AT 450, Ao i A T 4%
4 g o] HURR JE AT 55 16 4 DG R AE DA T 42
A I R PR, T M
T N - N I i RN
S A AN ) AR Y Rk R AR R
ST 55 o & 445 04V TR T 09 ) 4% X
FEATE s B A U 55 A 5] b-scan
AR M 4 34T T 38 UG 43 BT R R AE
2408

FET U, A SCHR L — R T A
T4 174 22 W I R AIE il £ 10 O B2 2 > T 245 4%

NG
1

(a) 18

N v
N %

(b) B

¥, BTN TR AR B A PG RR AT T 3 1 2% 25 /0 . AT
PRIV I A B HE R R, i e, I R R I I I LR
W 2 B B A AR R T R E R AR . R, A
FAMCE ) GoogleNet % 3 c-scan B 288 457 1iF 50 B 3E 75 5 B
Br, EIEE MR, B5. THXTIBEIN
ResNet50 2 2] 95 F HAR A b-scan B RHIE . LI F H AR
FIAH 2 . B b i Bkl A b B AR A TN T R T
TH 8% A B3 i A B 56
1 ETXi#H GoogleNet-ResNet fy I8 Eim = 4o %
Hik
1.1 EREMT BREFES

SHERE M 5 R SR I TE R H AR, £ 4 N TE
FHIsF I TAE A JE i b-scan, c-scan, d-scan 3t 3 SHLE )
TIEER, AT AR b R AR T B F B AR 2 M5 8. |
T doscan ME W T A EE AR LS B MR EE L, B
AR SCAL 43 M 38 B T H AR b-scan DL} c-scan 77 35 EZ 4F
fE. B 13RI, B, EW K. Hifl. B b
scan, c-scan ER ., BIETE b-scan ER o 2 IO ZTE AR
TE c-scan EGH R B JE FRAE . B HTE b-scan E{E H &
IR AR FWRFFAE, 7E coscan FGH 2 I ETE FFE. IE
H XILAE b-scan B, cscan [ JGH] W AFAE . B AL 7E
b-scan [E144 rr 22 BN KL 9 9 TR TE AR B B 22 4%, c-scan [&]
G2 A J I 4 00 X0, s B O S AR LR R [,
FEA AR AL 2 8 F R AN, e bescan BB 2
PR LR R AE . c-scan B4 2 B/ T AR BN 5% 4, (X
o MMEAS T F AR R, boscan G H 3B 155 AH 58 1
BEE A8, c-scan BIMGE BUA BN ) 52 4 X 35,

SHHME RO S EEE N ENEFLEGER.
R A [ 1) 3 % R B AR 9 — > 90 Ik T AR AE AR
BT — N RE R E R EGR PR IESAEESR, P, &
T8 23 A 7E b-scan [ {5 Hr £ 5 BB A SRR 2R FR AR, {E7E
c-scan KR P SAETEAR R B RAAE o B2 RIBLFATE c-scan K14
F R USRI G 5 6 X, HZAE boscan BQ HRRE &
AR RER. W, AT E BT BFRE b-scan
c-scan [RIQ 3L R 4 A 35 1 19 4% B R S BT 6 K R O 4
XK, DHREEMEE,
1.2 MEEH

T cscan BB LT B X IS HAr K A%, g0

A L=

(c) IEH X (d) Bk (e) =2

) iz

K1 GPR EIGHHE

BB MU www. jsjclykz. com



. 252 AL S 4R ]

% 32 &

FHEZ R KR, 5 FRIRERE#ET 228, AR HR
MRS ES B R, 2 RE R B4R BURAE X8, Bk~
TAE R LK i b-scan FIBEM T R XIS B KA.
SO GERRAE 2 B BN, T oE 2 R R B B R E R A
GoogleNet ™ 141 §§ Z 4~ inception B He, Z 45 #2517 M
25 N ER A BT VR 00 R T R, AR BS 0 N % 1Y TR BE RN B B Y [
BHRIETH SR B A4S s 9 B S5 oA 2 RE 6B U T 2
WL REEFRAE, W DL MR 2 2 coscan B R B, B
ARFFAE . ResNet50™ v 5k 22 25 by 45 45 58 B 4 AiF 42 BURE 7,
BB 0% figt e 1) 245 V% 85 77 SR 17 0 445 3R b TR BB T R S IR R, T
LR 2 P 1 Bk B e e R B G A, R DL ER IR b
scan FUHE (1) 55 J2 15 SURRAE

L, A SCHE Hy— Pl 356 F 90056 25 #4919 22 W0 T 49 A i &5
FITREE 2 > 45 2540, B B9 GoogleNet fil 3 T 3T B 2
2] By ResNet50 M %% 41 L. 5 — & W % F A oot i
GoogleNet = 3] 8 g T HARK c-scan ERRFE, M TT 553
i E B SRR FE HAR R IR 0 . 550 — RN &S F
BERIGE H AR R Y b-scan B A FEF T8 2% > 1Y Res-
Net50 H, SEHLEE L E AR B 0 26, ERZ5 e 2 fir
o LGSR LLFE Sy R R 22 00 B R S BRI R AR S S
AT 48 7o A 2 %6 5 TR AR 1 U BE T

L EDS
Wsha o c—scan
e B
BE R
l IR
Beidiv]
GoogleNet T
| TN
ResNetb0
f
Xt Nb—scan
b EITES

K2 Frigirkm K

1.2.1 PR #E GoogleNet
L2.1.1 ARdRi:E ML

MR ARTE R AL CCAYTT AT DL AE {4 5 3 T8 15 8 0 [l i
WAL EAR R, EALHE A b5 5 2 i A HUR As bR i B 5 2B
BB

AR E B AR E R AR (H, D 8,
W) I b AR AZ 43 BV 25 7K 7 AR B I 3 T A AR 6 A A 3 T
Trgmty, 7550 W A 237 1 O 1) 8RR E B, A A B
05 1) {5 S8 A T 4 4 B B R AT R, AN RO E
H A AR A R A B AE — A 23 ) ) KRR,

N h B e BIER L. X (D PR, SEERN w B
HIE R . e (2) PR

2 (h) ::i%%;gkf;(hwi) D)

» 1 .
2 (w) = — x.(jyw) (2)
H”’;” ]

Horpre bl o 52T TR RO X 0L G A R A 1A
MREMTEE . H MW i R, =0 () Fon s
N h B e IE R, 2 (w) SN w B ¢l
.

A AR TE D A JOBE SR AR R B 2 R AR AR P
SRIG R X1 & BURAE K T 38 4 BE 47 . Il ReLU 1R
RBOREATARLRAMERAE  FEHE AR IR 09 25 R 0 23 18] 4 2 73 % o
KPR KR A SRR, T 2 41X i BUY
T 4 3 K, I8 Sigmoid bR RCHEAT IE LR MBS . B
Ja s BRI 2 S TE R RS N RRAE AR AR SR S8
AR R . CA BLH ) HARSS M 3 s

input
residual CXHXW
CXHX 1 | o pout H Yo poot ‘ SIS
| concat +conv2d | C/rX 1X (W+H)
'
| batchnorm+non—1iner | C/rX1X (W+H)
' '
CXHX1 | conv2d ‘ | conv2d ‘ CX1XW
'
CXHX1 | sigmoid ‘ | sigmoid ‘ CX1XW
—
re-weight CXHXW
output

3 MRARTETE ML

1.2.1.2 PRt Inception f b

Inception BLH ) R REE 45 B 3R AT KRR 32 BT 14 [7] B 8
Wk T HZ S, JBUA Inception BEHME 4 (a) FFR.
WU I Inception BEHGE T 2 4> 3 X3 BB 5X5 1
ET Y R o N - g N N S D NN R R
o Mo, A —40 C BND BRVE AT DUZE AS B I 2 2 800
[vi) i 4 T2 5 0 S A ok B, D, A SCTE Tncep-
tion REHR Y 5 BUZ J5 43 5 45 in BN JZ . Btk 9 Inception 45
HmE 4 (b Fimw.
1.2.1.3  M#EH) GoogleNet [ 4%

JE A 1 GoogleNet M 4% H1 9 4> Inception Fil . 3 PMFHMH
ZEL 3 AMALE . 2 AR BRI R 1 AR
. AT Sk GoogleNet 1Y W £ 25 ¥4 WA T i /b 5 750 2
ok, SRIE 51 AR S HLE 4 m B AL A R AE RAABE 1. I
5 GoogleNet W ZE L5/ UNE 5 Bron . B 4G, MIBR Inception

BB MU www. jsjclykz. com



5% 8 ] PREswg . 5. JET i GoogleNet-ResNet vk i) A6 & 8 B o0 K07 14 253
B N KA
¢ ik ik
3X3 O &E
Bt O g
| w O EHE
£8 \ 00 %0 Bk
] - - .- 2R
A BRE B f Incept ionfiEk Lt
5 Bty GoogleNet [ 4% & 4

(b) HtidkK)Inceptionfkitk

[% 4 Inception % Bk 2k #4)

P 2 i) I AS e R S 0 — A )2 s SRR B 8 Akt
1 Inception BEERAUER JGUAR 1 9 4> Inception BiH; H, H
PREE 1 AN B 2K e B IR H R 26 5 A it /9 Incep-
tion BERZ J5 s doeJm BRI B i ) 4 4 R R A 4 SR o
P e )z . BRI . . 7RSS 4 IR In-

ception BEHLE A — A~ CA B, i B 25 155 700 3% 4 7 R 2%
NSRS = SN T 7= 00 WA N = R 7 0 il R e
1.2.2 T T#H2¥%3I 1 ResNet50

WML BT IR % S 1Y ResNet50, EIG1E AN
%lg, B - REBMALEEA 16 Nakzed, G
KBS Stage MR 253 % (Conv) A1 BN By 1E, AP
Conv Block, #RJ5 2 24~ AR H 4 4R — 2501 Tdenti-
ty Block, 7EZ#l Stage 2~5 MHRZIGE, Hat 2514t
L2 (GAP) M Hudls 48— 4e 04l . M5 2%E#E (FO
M softmax 2 &, Wil EG)E THEERE, WE 6
() Firs.

Hdr, Conv Block I B8 W 45 (0 48 5, Jeilad 1X 1
G, FREAT 3X3 BB, L 1X1 B4, Bk
FH1X1 EMpE4e, WK 6 (b s, Identity Block BT hn
WML, RESERMGERESE, EREmAS 1X1 58
AR, WA 6 (o Fim.

HH T P B F (19 boscan B HA M 22 7/, 28
P28 5 KRR . T B Rk 1Y B o 5 08 AR ORI 25 Res-
Net50, #K I 18 i i 3 & 255728 M A R B8 S BT H s

ReLU . max pool Conv Block L Identity Block GAP FC
stage 2| |stage 3] |stage 4] |stage 5|
Do ‘. L ]
BN o
| I | I 1 I |
X2 =" X3 X5 > X2|— —
BB rons
| I | [ | I |
| I | I 1 I |
o 10 1 ]
______ _ [— ) __ _ . __ _ .
(a) ResNet50M4% 45
Yk ImageNet
—l LEER
i N stage 5
[ 3x3.64 ][ 1x1256 | | BIGRA e Bt lvll%
T RiE HE
; SERK stage FIZReR!
: N _ GE SR
|
%9‘ —————— | ¢ ‘ g | — wx |
JREE

(b) Conv Block&i#y

(c) Identity Block%i#y

K6 T T ) ResNet50

BB MU www. jsjclykz. com

(D) EBEAMGR



.+ 254 - P A 5 45

% 32 &

FRyER % FE B A R, Bk, %R A ImageNet 4%
7%} ResNets0 #E17# 25, FIHERE =], MIEEFH
BRI B P R B0 AT DL B S8, TR e A S
WEMBEON 2 IET ResNet50 AT BRI, SOk
[29] W0 & IARZFAE AR T BT, Mi&)EEH
J2 B RRAE 2 A B AR AT 55 M0 DG I Bl R AR, NS A AT IE
%, WEENBEE LHEIISG, BTG R, AR
FRZE M SHORSES . =2 W 4% 2 500 % 5800 5 BSR4
PWINGWMEB T L, WE 6 (D iR,
2 ZNETEEGHBES
2.1 HIERE

AW S A A 3 KR 1DS 23 1) STREAM-UP = 4k #4537
BRETETRET M EEMT HRN =45 EH s 2
PTG E A . X 48 s i O Bk AT S B e . X )T ARAE T
T 22 4307108 B AT = 4T R, JLOR4E 370 A
370 AN, 370 AN IE R K. 370 AN A5 9 F R 370 AN B
WA E . BT B UE GPR Rx I i 16 B 1, X B8 25 0 A8 05 5
TR ALIURE . A TR IE SR £ 18 B I AE A b-scan Fll c-scan
EMGENLE e R ——XF R X NEEA T K4 c-scan B
SRR = N SRTING A  a = :0 =oi NG EPN 1VA 0 VA
b-scan E % .
2.2 HigigcE

LPr LR RERERMHEARER D, HiRHEE
etk , TREEATEURY HEE. B b-scan. c-scan BRI
KNGE—Hy (224, 224); SRJG, &M 8+ 1 1 W IR 43
BN, WiEde. M4E: &5, HAKEYBRE RS
SR UNZRAE . B iE 4 A0 AR AT B B 7, B B 4R
BIREAR ZFE R, B i B A S B i T op i M e . AR S
TORFKE B . ekt . BEPUIEER . TR 0 s B TR R 1
SREHEAE . BARERY B I 7 fis .
2.3 HHREHIE

ARICTHFEGEMAEAEE, —DBIREN T AR
W5 B AL HE T8 — R c-scan 04 4 F1H
TR ML) b-scan FHEHE . 5B ZAKHE T B
%, ¥ b-scan, c-scan BEIE N 4E EIR . VE B9 451
HA.

RS — 20 ™ 48 i A 1Y c-scan AR SE IS, Ry AR AIEFE A
¥k B 370 N IE . 370 ANUEIE, 370 AN IEH X, 185

c—scan <) S
3 > A
g 4 g R
= — = e . = — B B —

b-scanf

(c) Wekt  (d) BENLEERR

B 7 R R

(a) JRK (b) W

(e) V&

ABEZEH F AN 185 A B KA F Y coscan BIR L FFRE R 2
GUREOA R — 26, AFaE . BIF L IR XS A o —2K. O
B ERY Gk AT Y E  HIAESE M 4 fi A Y brscan
Ay . AU 370 ABEAEFI 370 A BRARAY b-scan 1R,
It ERY I AT YOI . R 1 A T SCE TR T A
LIEITE PN

KOG R

AEIE S K MIEE S Lian IRZWS
s 888 111 11
=2 888 111 11
c-scan
B Bias 888 111 11
I X3 888 111 11
TRV 888 111 11
b-scan
Wi a5 888 111 11
YRR WA . BN . R T PR R — e E

X HY b-scan I c-scan EME PRI . B 3L 4 440 5k E
&, A& REIRYN 1110 3K,
3 XBRERESF

AL BRIk AT AR T T S BRI E A o
AT AE Windowl0 $/E R G LR K. B1THAE 8.0 GB,
CPU } Intel (R) Core (TM) i5-7500 CPU @ 3.40 GHz,
GPU i GeForce RTX 1080Ti, V%% > M 4 HEZE K Ten-
sorflow2. 0. 0, A FHUERM E (accuracy) . A UHEF (pre-
cision) . A4 H (recall). F, /3% (F,-score). Frames Per
Second ( fps) FIRVEHE MR RN ALY .
3.1 ANHEEER

A SCHR S Y 1Y) GoogleNet-ResNet 55325 75 3 i i #%
Sa RN AR B — g % A T B0 Y GoogleNet 52 3
W BAR AR HAR IR 2. MY GRaT, 2% ) %
W 0.000 1, HLALFEAR /N 32, Y%k 50 #&. FUIZRdEHE
WK 1002, 55 UE 5 E 5k 98. 206, ML 4 v il % ok
98. 2%, EMRALFRIEEHy 90. 9 fps. /& L Hf ki Lok .
W IR R B B MBS BERAIRBIE 100%, &
TEMIRBIR 92. 3%, FAF I BIZE LW E 8 fizRs. i iR
FIREATI T, B F #8581 0 BRI /NFBAE c-scan E4
SRR Ei S P By EA R N P A P I A 7 i 4 2 AL S e
A IR T TR /NS

5 M 45 4l 2 T 32 R 7% 2 1Y ResNet50
BT BRI A 4325, YNGRt 22 RigH
0.000 01, H#HLAbFE K /NN 32, Y4k 50 4, H
Y25 42 M i 28 100%, 6 JiF 45 i Rl
90. 1%, MHAEAERF Ty 90. 500, EMRAL i
= [A] 52. 6 fps, Wi R CHRIE SR, KA, Bk
| BRBIE A 91.0% . WA M AIER A 90. 1%,
SRR RN A R 9 FrR . A AT R B R AR AT
O BRI gy, g A PR N E — 5 BRI 1

THFEMEIER . BERE, HEm M aR

BB MU www. jsjclykz. com



% 8 i

PRoswe, &% . SLT i GoogleNet-ResNet 5034 1Y i KL 35 4 fiE /3 JEJ7 ik .+ 255 -

o2

TG BOUAR I BUNL R IERCH FLE :
FORGR A MO EOEGR: R FUAR TR
o TAL

TR EER B
HOH R Bt

TSR A GAR TSR g TSR Bk
FORAR AR FORG R R FORER RO

B8 — g™ 2% 1) 8 Ul 5

BRI B3 5 A R 5 B R LA B AR a0, DT i
UMM S o T2 s ) AR AR /N I R s AR S B X

TRIGER - Gk e Sy et
USSR AR

T 45 5 - ik
FUSE G A

FUSE S AL

-
S—

E————

TR G5 R - GikR
HERRE

T et TR EER  GiAR
BRI BRI

B9 g2 R oy P 45 2R

3.2 E—HMEHMEREXTLL

RBAIEBGHE B GoogleNet B #4303 I 7E GoogleNet,
MUY GoogleNet LA Kz 24 Hif 3 Jii % & 1k ) 4% MobilenetV3
B, XEIREGN oscan BB L FT NG, LRAER, &
[Fl—MiL 5 b, B i GoogleNet £ J7 I PERETH 4, HE#f %
G GoogleNet, MobilenetV3 43 %5 5. 6% . 6.3% ., £
R TA GoogleNet, MobilenetV3 435Il 5.6% . 6.4%, #F
4 F L JE IR GoogleNet, MobilenetV3 43 3 &5 5. 7%, 6.5%.,
F,-score [t J§ #h GoogleNet, MobilenetV3 4 % & 5.6%.
6.4% . H R 5 iR GoogleNet, MobilenetV3 4351
5 24.2 fps. 20.5 fps, W13 2 PR, S8 0B ZE M AT A
EREA, IEBIAGE M TR B R R I AL, W] RUAE
BINETESRTT A T 0 25 R R I 45 A A ) o R 0 v A

E AR ACE T O0EE 0N

TR : A=
BRI

15578 WETSE/ % | AR/ % | A 23/ % | Fy-score/ % | Ips
GoogleNet 92. 6 92. 6 92. 6 92. 6 66.7
improved
98. 2 98. 2 98.3 98. 2 90.9
GoogleNet
MobilenetV3 91.9 91.8 91.8 91.8 71.4

¥ 10 & GoogleNet, i GoogleNet il MobilenetV3
RPN VR VB HE B 45 R . B i GoogleNet W) 25 Xif 18 -
JBi2s g A R OE DX 3R 0 ok R 8 B Gk 10006, T
GoogleNet Fl MobilenetV3 A&7 U 1F # X 38 44 4572 51 3K 1k 5|
1002, oAy 3 25 iy 350 i o R S B W AR T B0k
GoogleNet M %, Mt GoogleNet F7 i 73 2 B ) KR 42
PRI =15 ot I R WA = WA 5 W 2 YT =X =D AN = B e )
o i £E 7 .

Wi OBIF B W
Bith

T b2
(a) GoogleNet

Wil BIF R EW
BikR

T b2
(b) Bt fIGoogleNet

10 25 AT 1 9 0

Wi ORI R EW
Bith

TdkR%
(c)MobilenetV3

3.3 AREH ResNet50 T 5 75 5t b

KRBT B T RN, AR 4TI TE:
FHE1REBARA A ED G, I E R A RCE.
J7 % 2 YR stagel ~2 (WAL, Y4 stage3~5 AT, J7
% 3 U4 stagel ~3 T . 4 staged ~5 PINE., HE 4
R4S stagel ~4 ALE, YIZk staged MYACE ., BRI, 1E
Wl —MRAE By FR3MWEB T RS HEREL. R
RUWHRL, FE2, FE LG 6.3%, 2.7%, 4.0%,
BRI E L, HE 2. FEASHE6.4%, 2.7%.,
1%, HERLFR L, FE 2. FE 4 5HE 5.6%,
2.5%, 3.5%, Fy-score (b % 1. FE 2. H%E 445
F6.5%, 2.8%, 4.2%, {HEPEMERE S HAL T M T B
PF, AN 3 s, MU AT, B R R A /N R AR R HE
AT ), % FRE 8 10 S 80GE B 4 mT 42 B AL 1)
ARG T o 1 236

# 3 ERITEERXTIL

FF [ HERIR/ % | AR/ % | A2/ % | Fi-score/ % fps
1 84.2 84.2 85.0 84.1 50
2 87.8 87.9 88. 1 87.8 52.6
3 90. 5 90. 6 90. 6 90. 6 52.6
4 86.5 86.5 87.1 86. 4 50

B 11 () ~ () 4351k 4 FiE B 07 £ 19 1R W6 K 5.
SRR T BT E IR B s TR 3 A, LR
XF BN IR B EEE 91, 0%, HHAh 3 Fhor Zar Bl 14, 4%,
7.2%, 10.8%,

3.4 FEBEMESAEREM KL

R B IE AR SC ) 45 45 # A B, A SO S U b R Bk
PIZE 45 R SE 0 . J7 %8 1 B % 1Y b-scan Fll c-scan EIR Pf #
J5 B BB SR 5 A TG Y GoogleNet, 7548 2 4595 2 10 DF 25K
A AL T B 25 3 9 ResNet50, SZI & B, AR —

BB MU www. jsjclykz. com



+ 256 - THEEHLIN &L 5 4l %32
etrating synthetic aperture radar [J]. Tien Tzu Hsueh Pao/Ac-
Bk 85 2 Bk 93 18 ta Electronica Sinica, 2006, 34 (12). 2246 —2249.
Iifj ﬁﬁ [2] TORBAGHAN E M. L1 W, METJE N, et al. Automated de-
ﬁ ﬁ tection of cracks in roads using ground penetrating radar []].
e 1% ik o2 Journal of Applied Geophysics, 2020, 179: 104118.
P oy Py i [3] KANG M S, AN Y K. Frequency-wavenumber analysis of deep
A 2
Iﬁmﬂﬁ:% lﬁmﬁg learning-based super resolution 3D GPR images [J]. Remote
(a) (b) Sensing, 2020, 12 (18):. 3056.
p—_— -— [4] PHAM M T, LEFeVRE S. Buried object detection from B-scan
AR 10 89 22
@ 101 % o ground penetrating radar data using fasterR-CNN [C] // IEEE
&
1:['5 1& International Geoscience and Remote Sensing Symposium
| 11 100 BRyey 103 (IGARSS-2018). IEEE, 2018: 6804 — 6807.
[5] LEIW, HOUF, XIJ, et al. Automatic hyperbola detection and
ﬁ?;,ﬂjfﬂﬁzé Eﬁ%,ﬂjf}g? fitting in GPR B-scan image [J]. Automation in Construction,
WFR2ZE U7
i i 2019, 106 102839.

Bl 11 AT A8 05 58 TR VA AR I

AR b ARSI GUBEE M L T 5 1, T3 2 MUER R4
10,100, 7.4% RERGEH LT R 1. & 2 ERER
SRENE 10.2%, 7.5 HEREMLL TR 1, HE2MAESL
HOrHIE 9.0, 6.1 RIKEEM LT E 1. TR 2 M Fi-
score /MBI 9. 7%, 7.6%., WF 4 Fis. LAl A, X
e DF R EOE SR A B 25 BEAT I IR IR T %2,
10 PO 2% T LA X A [) A0 1) 1) 3k BT R AE TR T T 5 3 1 1Y
ZRGEHE L DT B fe B 0 18 TPUI) o Af 8
24 ARG 45 S g A R X L

R WEWZ/ Y | AR/ % | A2/ % | Fi-score/%
improved
80. 4 80. 4 81.6 80. 9
GoogleNet
ResNet50 83.1 83.1 84.5 83.0
AR 90. 5 90. 6 90. 6 90. 6
4 HRIE

AR SCEF R = YRR TR 7K ISR 1) 2 L IR Ik R B 4
PR T —FhEE T B GoogleNet-ResNet $ 7% (14 18 [ i 5
WE T, S B R 2. H o, W
I As 5 T T WL G A Inception BEH X} GoogleNet
LR ES KA R AR I (A AR T 5 4, 5 4 O I 4% 1% A T
WRMAR, K5, B HEEENTERE %I HEX ResNet50
W28 SR AT R e Ak, YN 25 % R 7 4l Ay R, DG &5
R, S5RGBT RN, AR SCHE O R R 3R T
Z B TE B BRI H IR F R ES B RSN ERE. R
K, FRATHG HE— 2 BF 77 35 F 2 00 16 5 3k R 1 B 360 3 8
LT

SEXH:
[1]JIN T, SONG Q, SUN X K, et al. Study of subsurface metallic

landmine 2-dimensional electromagnetic signature in ground pen-

[6] WANG H. OUYANG S, LIAO K, et al. GPR B-SCAN image
hyperbola detection method based on deep learning [J]. ACTA
Electonica Sinica, 2021, 49 (5): 953.

[7] REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards
real-time object detection with region proposal networks [J].
IEEE Transactions on Pattern Analysis & Machine Intelligence,
2017, 39 (6): 1137 -1149.

[8] BISHENG Y, ZELIANG Z, CHI C, et al. Real time approach
for underground objects detection from vehicle-borne ground
penetrating radar [J]. Acta Geodaetica et Cartographica Sinica,
2020, 49 (7). 874.

[9] REDMON J, FARHADI A. Yolov3: an incremental improve-
ment [J/OLTJ. Arxiv Preprint ArXiv: 1804. 02767,2018. ht-
tps://arxiv. org/abs/1804. 02767.

[10] TONG Z, GAOJ, HAN Z, et al. Recognition of asphalt pave-

ment crack length using deep convolutional neural networks
[J]. Road Materials and Pavement Design, 2018, 19 (6):
1334 —1349.

[11] ZHANG X, HAN L., ROBINSON M, et al. A GANs-based
deep learning framework for automatic subsurface object recog-
nition from ground penetrating radar data [ J]. IEEE Access,
2021, 9: 39009 - 39018.

[12] L1Y, LIU C, YUE G, et al. Deep learning-based pavement
subsurface distress detection via ground penetrating radar data
[J]. Automation in Construction, 2022, 142; 104516.

[13] BOCHKOVSKIY A, WANG C Y, LIAO H Y M. Yolov4:
Optimal speed and accuracy of object detection [J/]. Arxiv
Preprint Arxiv: 2004, 10934, 2020.

[14] LIU H, SHI Z, L1]J, et al. Detection of road cavities in urban
cities by 3D ground-penetrating radar [J]. Geophysics, 2021,
86 (3): WA25 - WA33.

[15] KHUDOYAROV S, KIM N, LEE J J. Three-dimensional con-
volutional neural network-based underground object classifica-
tion using three-dimensional ground penetrating radar data
[J]. Structural Health Monitoring, 2020, 19 (6). 1884
-1893.

CFH:55 294 71)

BB MU www. jsjclykz. com



