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=2 X R H TR A bt J stract ee earnin, -base roun enetratin,
W B ATRAZIGRALTERH | FEar Ab Deep Learning ( DL )-based Ground P ing
e ;}7,}:\ Bk e M E A, R A Radar (GPR) target recognition methods have been widely
- - applied in geological exploration and infrastructure
FEAEZT @A R (1) 3 HRFTERM LR T inspection. However, existing approaches face three main
ERX, B REEEER R D (2)— % B 44 B- limitations: (1) Most GPR systems operate in single-
scan B 5L A0 1L 60 St 4 4% E AR IR E 2 S polarization @0(16,. leadlng to incomplete a.ct.]msmon of
target scattering information; ( 2 ) Traditional deep

FEAEFRF RN (3) A#H = 24 B-scan BB M A learning methods risk misclassification when handling B-
ERAMZRSL KBEEEFR. AMELEFM, A scan images with similar hyperbolic features from different
. targets; (3 ) Direct input of 2D B-scan images into

ik —AF A T 42 & 4 MobileNetV3 W % 69 % 1L o

convolutional neural networks incurs high computational
BAORKEELBAFRRAN T E. ZF EERRALEHRAL overhead. To address these challenges, this paper
W E HEBULT B 4769 HH VH 4= HH = # 4 4t 2 38 . proposes a multi-polarimetric decomposition fusion method

for GPR target recognition based on a lightweight
# & *} St # 47 H-Alpha % #f  Freeman 2 f## #= Pauli 5 MobileNetV3 network. The proposed method first acquires

i, 3RAF B ARG ANFT AL A . AN FP AL AR AR A m full-polarimetric GPR  data ( HH, VH, and VV

BN LA G N — A e T i & A s SE polarizations ) o.f. subsurface targets. Su'b.sequently, H-
Alpha decomposition, Freeman decomposition, and Pauli

(Squeeze and Excitation) £ 3z #5 MobileNetV3 & % i 17 decomposition are performed to extract eight polarimetric
WF B ARR A A e %755’&(‘ 52 I b 3t vy AR g A parameters characterizing the targets. These parameters are

fused into an eight-dimensional feature matrix, which is

AARSEAT 2 3001, 2 RA I AN QT'{ A5 A2 SE B AE A T then fed into a modified MobileNetV3 network integrated
LN G BAFRANE. MEA Pl T T SE with a Squeeze-and-Excitation (SE) attention module for
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target identification. To verify the effectiveness of the
method, four typical targets were classified in the
experiments, and the results indicate that using the eight-
dimensional feature matrix as the network input can
enhance the target classification accuracy. The target
classification accuracy can be further improved by
incorporating the SE
Furthermore, compared to conventional ResNetl8 and
VGG16 networks, the improved MobileNetV3 achieves the
highest recognition accuracy (98.75%) while significantly
reducing parameter number and model size. The
experimental results demonstrate that using an eight-

module into the network.

dimensional feature matrix that includes target polarization
information as the network input not only provides richer
target information but also effectively reduces the
redundant information of the input network. This
improvement enhances the target classification accuracy
while decreasing the matrix size of the input network.
Additionally, the lightweight backbone network based on
MobileNetV3, integrated with the SE attention mechanism,
enhances critical feature extraction capabilities and
strengthens discriminative power for target classification.
The paper effectively addresses the challenges of
insufficient feature discrimination and high computational
load in GPR target classification.

Keywords Full-polarimetric Ground Penetrating Radar
(GPR) ; Polarization decomposition; Underground target
classification; Deep learning network

0 51 &

B A Sl T A 7K ST B AN BT B2 v, AT T 3 )
AR R FIIT A 75 K AW g 4. 3t HARE Ay 3t T =5
(i) 7y o 20 B0 S, A BB R A SR AR B T
RGN0 26 %A 4 A T A PR Oy T R A (Tong et
al., 2020; Liu et al., 2022; Tronicke and Hamann,
2014 ; PRZE45 2014 ) . Gri ey A TG 5% 4 400 1 TE 1) b
T H AR AT 0 B R T I8 R — R
PR H AR5 BB JC IR SR, B 807 2 0
AT T ARG o A2 SE R M 7R 1k 3 T H bR
R 2 i B — M AL 4R 3 s AT B R 2 R &S B
BLas 2 > FER 2 ) 9647 H b5 U ( Zhou et al.,
2023; Liu, 2022). 8K, B — R AL RS T Fraf 45 H
P A IR, — 28 HAR (lnag & mas i) iy =4 &)
P A 5 ARARL AR i B 3k = 48 3 i s DO e AT AT
X7

WA E B RGE A, A E Ik R G0
AT BARJ7 ) R TR AR . B, R ek
P FR 3 H TA RE A% AR AT S0 4= 1 B ARE B, 7E H Aw
YU J7 T B AT 8.2 #4140 : Chen C C 25 A1 I #R
A AR b B 3K X8 T AR 8 K S E AT T U (Chen er
al., 2001) . i —25 , 4 4 A0 AL R 3 8 35 5 W% 1k o) il
JrEEs G AT LA R F AR AT SRS o A 4R D R
. B [ A K Pauli 43 ff# | Freeman 73 i, L &% H-

Alpha J3fige b F 42 0 Ak &l L 78 38 B8, S B30 T 3
TR FAE ( Zhao and Sato, 2006 ). Boniger 45 fif
FH AR AR b 75 35 B0HE , % B AR % AL T8 P 4T 32 %
SIMT L SEBL TR LR A 2 AR S A (Boniger and
Tronicke, 2012) , {5 5 28 ¥ Freeman 43 fif J5 1= 1 JH
T A AR A AR T IR B 8 g B A A TR
PU 52 3L 7 DU Al R H AR 89 23 28 (Feng et al.,
2012) 5 RUFIAF I 163 55 A ] Pauli 23 fif J5 v b PR 42 A
P HR 3 T TR UK R BE R, S 1 X Uk )2 5% 1 A
(RFNAF Sy 55, 2017 ). X 55 R 1} H-Alpha 7 fi#
T3 2 Ak B A A A P T R EE X8 b T B A Y T ok
T OLHEAT T EOWARAE (Liv et al., 2022) . A7 4 2%
FH Freeman Jfiff J7 12 Ab B4 1 A6 45 i B 38 1 T %
Bl a5 2 T U0 R E BTN R BR IE Y £
(Yang et al., 2024 ).

PE—2 R A PR M R 38 S LA o T ik A Al
G, WERE A R TS ) IR L H AR
PHAE (Luo et al., 2018 ; ZEBER S, 2021). Youn H
2% ANN ( Artificial Neural Network ) % 4% 5 % b £
TR IR S A, ST X HE RS & A sh A
(Youn and Chen, 2004 ). 35 bk K2 15 H (R 55 4H % H-
Alpha 73 i 75 35 15 80 1 #E U0 AL S0 S8 1) & HLAH
24 (Feng et al., 2019; Zhou et al., 2018 ; J& ik
85, 2025) %3 AT H AR SEAT . 28, 2% A BA
Xof A AR TR M B Ik B 23 B 2R AT T H-Alpha 73 f# |



2026,41(1)

Hh 220k, 45 . 2T MobileNetV3 [ AR AL /Ml & R M T I8 AR 2026076 (www. progeophys. en) 493

Freeman 73 fi# A1 A% 46 A0 L 22 3t 5, JF 45 & PCAD
( Particle Center AdaBoost) B3k — 432 7 1T HAR 1Y
P2 (Zhou et al., 2022) . 4t 5t L TR 2% 47 /NG 2R
B ¥ Pauli 43  Freeman 4y fif . H-Alpha J)fift DA M
A A RH ABLRE 1 5 A R ok A A R o 4
£ 35 BEBL AR AR T 325 SRR 1) R AL T VR DL K 2 )2 R
BLJ7 VR AE AR 4R B2 20 J5 vk, 68 IO b AN ) Jg ot 752 32
(A 2EAT 1 0] ( Liang et al., 2023). SR 1, f1 T
PLas o7~ 07 1L 5 T SR BURF AR J& 1, L, 2% T 4L
a2 2 AR BT IR0 TR H AR B R A A
i .

UEAR R R TR B 2% ) 7E H AR B 2 A U0 SR
(58 AR A e, — 26 5222 B 0 L S A AL R
IRARZE G — 25 52 T B AR i 3 05 5. o] ik ok 55 4 )
FH A A A 2R 3t B 3 R B A 380 — 48 30 1o &I Ay 4 BHUpp
Z M A TR B AR5, H g5 R ) 2 gk
TR 7R S AR AR A A RE R
FETE T H AR pg U0 3 (JE BB AE, 2020 ) . 7R SR
A J1 CycleGAN R 45 51 Xk = A - 47 14 42 B Ak 48 b 7
IR B AT AL B, TS A SRR 2 28 AT R,
SEPLY BT A D (Xu et al., 2024). AN, A
A PR AT 2 1 R T = 0 S A 8 T AR R
F8 25 FR e 22 00 288 30k = A A PRS0 A T R AIE 4 IO
A, LLSE B R B AR ks B R (Li et al,
2024).

AR T — P 2L T 42 5 9 MobileNetV3 [ 45
5 Z Rk 3 i A R 3R B AR 2y 26 5 %k
T 3 4 A AT P R R 4R B A B £ 17 H-Alpha
43 M Freeman 43 fift 1 Pauli 43 i , 15 3| /\ Fh bz b =

_____________________

fmmwmﬁﬁj E

N

______________________

B, K LA B B\ MR AR AR S A — 3G T
W B J1 % Ht ( Squeeze and Excitation, SE ) [
MobileNetV3 [ 24 3£ 174 T H bR R3], SCH 387 7
AN )AL 2 50 6 A ISR A [ 248 52 %) e AR 4 B ) H
PR R 520 . 1 A1, 38 X Bl i MobileNetV3 5] £%
(9 H AR U BE BB RN AT T A A

1 AL RS T H ke oy 3805 14
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T2 4 R AE R H B A B B0k Y MobileNetV3
WO 2% AT 30T H AR 9 B A B AR a1 1 By
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A HH ZF A 77 XA B-scan K&, HE XE A5
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T RAF BG4 A5 5 00 DL A /T A Ak i ik 2
B X NF AL 2 BOIEAT Bl 5 SRS 2 4 T ) 2
TEAE M, B J5 ¥ 2 4 RR AR R B d A B S0 Y
MobileNetV3 [ 2% . flt & J5 9 B A0 47 AE S I 26 A 0 2%
o, & & R IH4E (conv), £ I — fb ( Batch
Normalization, BN) ,H-swish 7% B4 (HS) #:4E )5 ,
WU i A 1 A Bneck 4544 2H U 754> Stage & 43
HEATRHE RIS % o), B 5 & A M4 2 5 7 0 26
S5 It 5 BUAT Y MobileNetV3 W 25 41 Lt , 7L
HER 45 1) Bneck Z54 Fp 3N 1 S AL SE Bk,
FH LA 2 P 2% R e 7. b, B T 8ok 2 4y
TR R AR A T 245 1 i A, DR AN ST DA R I o R
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Flowchart of underground target identification with multi-polarization decomposition fusion

Fig. 1
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1.1 HRUEDEFHZE

A 35 3 i F H-Alpha 43 (Liu et al., 2022) |
Freeman 73 f# ( Zhou et al., 2018 ) FiI Pauli 4} fi%
(Fischer et al., 2007 ) 15 2] )\ Bl ik fb FRAE S 50, DK
[) 1 s 2 SR AE 3t R H bR AR AR R, O JE e T H
PREY R BB TR R R H AR E .

(1) H-Alpha 43 fif. 76 WL 0 X, H
i B JUART Ja P4 W] LA E A A A% A B I AT
fife . T2 B bR 0B AL B AR B L 25 & S AR
R AL T 38, e, Sy AL Sy O 2R A T
FoR AP R e A T7 A R Sy F Sy,
SEXARAR T, 2 A GBS B S Bk Ak T AU B
HEE, O S AL, Sy = Sy BUSS & ks
(L) FroR

k=L (S S S-S

V2

R A S ) i ke W] HE— 20 A4 B HOM T [, X
AH T4 BE AT bR o A Ak 38, W] LR HRORH L A9 R AR
A, FURSAE 0] i e, FEAFAE(E A, FOAFAE 0] i e, FRA
X(2) = (3), v L3RG A H 01 X 8 5
ﬁ o

2S\ll]’r' (1)

o= Y P log(P) (2)

i=1

]

a = ;Piai, (3)

Horp A H R T i O AR 0 BE LM, R A
o U O SRR AT A, N4 S8 22 A B AR, S B HIU
o FHT R B ARG Py 3R B 4 .0 B2 X6 B 6 T
BT, 45 B2 X W A HCRE, 90 BE & R U 7E GPR
e, 3 S Ay FE A e] X R AN [ Y R H AR B sk
T, M R Pl lE i X (4) B
F)‘I"ﬁ%:
A
TN AL A

(2) Freeman 7} fiff. %53 fif J7 ¥5 J& — Fh Ak T 1)
Ay BRAR A ) = 3wk 43 B 5 45 7E Freeman 43 fif
T ] o Ky sE LUNE

ky=[Su V25w Sy 1" (5)

R A IO 1] & Ky A) DL S O R 7 Y B
FEHRE W 7 2 0 W AT Je S h T HICR HE I L K
PR R A R RIS A B = L R S Sy S A R
TR OO IR B 1 Sy 5 9 RE &, T DLAR
A (6) B IrFEA

(i=1,2,3). (4)
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Hrp e M d nal iy Sy - Syy " SEEGER 23 B9AF 505
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LR R, VT DR RIS cd. fo fo S i
— LRI DIAS R A T PR S & P, R
W SR P, () s RS &R P,
Xof TR AEA ACHUS 0 H AR i 18 A B bR Ak B 2.
HU D3 P, FR T U )3 PTG X T 4 )8
Z O BURIR A &2 Bhn it AT X4 (7)
P.=f(1+d)
{Pd:fd(1+c2). (7)
P, =/,
(3) Pauli 43 . Pauli 43 fiff i B 56 B 53 il Ry =
ANHICSS X, R IO R I 2R 7R Sl = AN FE I I AR, 4
A (8) s

SHH SHV a 1 0 b 1 0
g P I P B
Sen Sy 210 1] 210 -1
0 1
ek (8)
Ll oo

Horp  RZ 8 a b A e 2ol in 2 3K (9) L (10)  (11)
I

a:SHH"'SV\' i (9)
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Sy =Sy
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7z

M Pauli 43 % 7T L AS B = AN B Ak 4 1 2 5
La|* To 17 e [P %o S T 2 5 2 26 5 1 £ 0
FEE {1 A1 05T T 2 R 16 A R 45 BE Y T A
UIEYE S

AR SCAd R 5 = R A 3 A T v, A5 B R
BB H o« PP, P, al® 6] | e, HE T il
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F) 4 WAL AR A S0 T i A T 5 19 B4 B0 3 1o
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FAR B 23 2031
1.2 4 j# MobileNetV3 [/ 4%

Bk A R R G 2% MobileNetV3 fy 25 - 4>
Bneck 25 ¥4 2H )% ( Howard et al., 2019) , 4N & 2 /R
N Bneck 254 (1 2544 1] 5 B MobileNetV3 [ 45 4]
Foe, o 7 Jy HLH SE B B, W OLL il
MobileNetV3 7E i 5 54 5 A 1) [a] I, 55 3 i) 4 412 OC B
FRAEAE S, SR 42 T 19 45 19 B b5 20 P BE . Bneck 45
F H T ER S AR 22 T AR Ay A . T ER A B ARy
L e id 5 BUZ (Conv) HEAT THAESRAT , I X i A
(R RHIE J2 8 AT 3K 0 — 462 (BN) X $c 4 47
FerhIH—AL Ak BE, B 1k i T A A S RO R
Tk R 5 | A ) o 8 B [ e 00 R KAl ] H-swiish
BRA LR B AT B AN P ARSI R
FOTEBC R B AL T 8 Wi ReLU & % 78 & i
H-swish pR &5 4 B 3 e AF 5 A TR BE W 43 25 6 B )=
(Depthwise Conv) , TR 3 Al 3 £ 45 B i X 2% [ 4 2
A3 JE 2 AT 4R 43, DT AT LA R AT I 2% 118 2 H R
TR 225 % TR R B BRI SR
HEAT X BRI — 16 5 00 ek B A BB R RS R
Jei B R T G SE BB, 7 SE BB AR S 5 ik
A7 42 JR P B0t A PR 28 e A Ok 4 i A 3 45 1 B A
0 IZEENE MK E S S0 R E s E R E
FRAE 22 308 T R — B ff B A S R 20 TR AT 4y
B TS R AR AR 3, 19 BIAH I 1 RRAE 2, 15 R 4G
FBUZHITE R R G H— k)25 . & 1 4
H T 2k MobileNetV3 [ £ i) Bneck 4544 280, A X
Hh el T A I 2% 1) A AE I 4 R OAS TR] , Bneck Z5 44
(A~ A ).

* 1 i MobileNetV3 W4 i) Bneck &5 %]
Table 1 Parameters of improved MobileNetV3

Bneck structure

Kernel-size Out/in Out channels SE Stride

3 1 16 1
24
24
40
40
40

(S I Y R I R

2.3 80
2.3 80

W W W W W WL L W W
= T = S U S =)

2
1
2
1
1
2
1
1
1
1
1

2 SRR R A

AR D T IR LT H AR IR I Y 55 55 37 5 18
B3 BT % & e d < it 9 2% 43 B { ( Rohde &
Schwarz ZNB40 ) 15 4 15 3515 5 U8, — X Bl UK 4 A
W/ K R 2 it B R W Rk R a] DL AR AR
R HAR A E S SE K 2 o B Ak
M ARSI B 1.8 ~5 GHz, LM % % 8 MHz. it/
RRKRPEN 2 cm HITM RN S cm &E —
AL EAR IR ZE 2.0 m x1.2 mx0.8 m (K x
FEx ) TP, REREEEE TV RES cm
Ak ST, 6 U A Y H AR SR AT AR, B < R
BRBRE SR IEMMEEZ R K, S8R
MEARRN 15 em. HEE MK E R 55 cm, HREN
13 em. 4@ ZTH A H I f 90 KRN 5 E 43 i)
35 em Fl1 30 em [ 4 B AR B 4 )R 2 B
TNy 40 em. G 4 I 7R S A8 SC P Fh R H
Pri) HH B4k VH Ak  VV AL B-scan E{R. 555
SR AR = Rh AL RS TR U R LB H FR A9 B-scan
EI4 4 100 5K, 431 1200 7K B-scan EGAE A I b £k
Wi

3 SURETR B

H R AR B Y DU Fb R AR B AT A% AR A3 i
T 7 i 1150 AN (TS5 (N T S (o
B S ZERRAEJE I |\ ZE BE R AR R B 45 400 41, B dE
AR AU R IR JE B S Ry 2800 A, BEHLFF 70% 1%L
P HIE I 2R 5,20 %0 19 B0 FIAE I 4R L 10% 5
FIVESS E 4. 45 SCHE 45 % NVIDIA GEFORECE RTX
3080Ti GPU 11 = 1 g ik 55 % v XoF I 4% 3 47 )1l 25 A
I3, PR3 G B #5508 Python3. 7 Al Pytorchl. 11, 4
U A 45 W L 5 /)N bateh size 5B A 4, W1 IR 2
A RBE N 0.001, d5 KN ZR %8 %L epoch 3 # y 50.

22 AR 2 B R AL R X A5 R 0 23 A 5
Wi DA Hhoa] LAAS 3, 0K — R Al 73 45 21 19 R AE
FEL AR S 28 i A ( G- R AE 50 B, = 2 FR AR JE 1% )
B, 45 21 A0 H BRI AR R R R AR £k 43 45 2 B A
e 2 T e ) A S e 4 A S 1 )
VeSS A 46, th T RGN 7 RAE HARFFAE 1915 5., F
AR T BRI R 3 — 2 % =Rk e 43
Fife A5 B P R AR A Ol I 4% B N (N R I R )
i, 75 2R H AR U S, ZE IR AR B X PO E AR
BIEGR 98, 75% . 25 K 3R, N [\ (1 A Ak 4y R =
AT L AN [R) Ay BE R AE b T B A5 B RRAE , fi FH BB
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Fig.2  Structure diagram of the improved MobileNetV3 network
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Fig.3 Scenario map of full-polarimetric GPR
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Fig.4  Full-polarimetric B-scan images of four targets
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B0, M8 FEYI SR RN IR SR b ERG A SRR AR
Ji Wit N1 2 U 0 o o R % A L = T R

SE . Bt MobileNetV3 [ 45 75 5 i 4 % B 5 Il 2R 4k
ZER BN GEIITRE T I G5 R B i 45

R2 SHRHMEEREBEILL

Table 2 Comparison of accuracy of multi-dimensional feature matrices

51 WGEAERR/%  RIESETR/% IR R/ %
Z YRR (H ) 93.33 90. 27 81. 40
SHERIEAERE (P, P, Py) 91.33 91.35 78.22
SHRFERREC Lo, [0 e ) 87.97 87.22 86. 11
TR (H, «,Ps P, Py) 99. 33 97. 60 94. 81
AR (H o, [a P10 P, [ e]?) 96. 67 96. 65 96.33
ANUERFIERRE (P PPy, Ll [0 Te) 93. 60 91.33 88. 67
NYGEREAER W (H o, P PPy, [a P[], [eP) 100 99. 30 98.75
(a) (b)
1.0F Wm“am 1.0F Mﬂw
0.8F / 0.8} x
P =
3 2 \/
S o6l A 206
e £
ED —— Training Accuracy gn —— Training Accuracy
§ 04r —=—Training Loss § 04r —=— Training Loss
< <
02F 02
or 0F
1 1 1 1 1 1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch
K5 Pt MobileNetV3 K 4% )I| 45 2%
(a) YIZREREE IR (b) WL R.
Fig.5 Improved MobileNetV3 network training results

(a) Training set; (b) Validation set.
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Table 3 Comparison of the accuracy for different

network models

R VGG16 ResNetl8 MobileNetV3 Muhﬂiﬁim
IR MERZR/%  90. 52 100 96. 67 100
BFEAETIR/%  87.50  97.50 92. 00 99. 30
MR EMERFE /%  86.95  96.90 93.33 98.75
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Table 4 Comparison of parameter quantities for

different network models

. . Bk
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E 216 15120709 11190149 4211725 6738783
FRIF/N/kb 61659 43791 16666 20832
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