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Wi 2s, AMUFAERR D “HA” HwsE K BRSSP, R BEZE; HAR-
PRI, B T S g DA S A" HybridSN @943 25 U . S50 iR, Bk 52
WIS O ;s PolSARFormer 55 DeepCNN [RIFEFFTE HRARMI—E s, RIEM.

(b) PolSARFormer 4325 & (e) DeepCNN A2
(¢) DeepCNN classification

(b) PolSARFormer classification image image

(d) HybridSN 43254 (e) CRPM-Net 532 [A] (f) MP-ResNet 5325 4]
(d) HybridSN classification image (e) CRPM~-Net classification image (f) MP-ResNet classification image

e
ES =T
L B
- IR

(2) MCPT 4324 (h) HAR-HybridSN 432/l [ |nuxs,
(h) HAR-HybridSN classification image H RO VE L7

K5 BRI e a R

Fig. 5 Classification results for each model

(g) MCPT classification image

T AAERE -], HAR-HybridSN 8 1 DeepCNN W A7 78 4% A Bk 4% 12 3 0 A MR tb 11 1)
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MP-ResNet 77 75 43 45 M2 53 SR B 1 i) 15 250 T, R,
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(a) Reference image
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Fig. 6 Local enlarged views of the classification results of various models
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HM R s MCPT AR SEA U 52 38 42 i F il
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HARB AR 57 5% 3 0], 36 1 Bl H )
R SR M 5, BRI 2%

FEA MRS VEAR AR I X 53 |, CRPM—Net [t
KR E, HiRa5kanEchEt; IRE
B BRI AL T 8K 7 PR ZE AR B
Mo Erh AR Lr, HAaRERE5SH5 4R
B 22 AN s AR ) IX A7 A 52 A0 48 4 BT
SrIG, BIKWNE, BEIERNZERA D,

2 I+, HAR-HybridSN 75452 #9115 51 i 24 3
M E R R e S R, MR TIRAER
I HAM 596 2 9 2 ML RLA, BB AR
ISR OCHRRAE | AR R T, SE I 2 PR ARE
W SRS o MIELINT . PolSARFormer 5 HybridSN
HAANE E— Bt ; MP-ResNet 55 CRPM—Net 75 11 %7
W 5 2850 X 4 BE B R IR A MCPT 5 DeepCNN
b T 47K -, HAR-HybridSN & B 55 4 i 72
TePERES R 1T .

DRLERNEETMN
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A MHL (0.9386) . AZiE s L (0.9514) Figt
HUHHL (0.9772) M ERGEERIASE —, RIUIH
1552 2 WU v B R 5 BE D) 5 4 2K AR
féE ¥ . A b Z T, PolSARFormer, DeepCNN,
HybridSN, CRPM-Net ‘5 MP—ResNet 145 b F1 H:
M5 EORS BE AT, SRS . IR RR
SRR R AT, (HEAAPERRA A A

A 5TR IR ZE , HAR-HybridSN 78 2%k
FR IR ZE AL, TR . AR RS
b 55 OR B RR b 1 5 4315 25 43 531 0.0457 F1110.0239,
LT AT FABEAY s i HybridSN, CRPM-—Net
5 MP-ResNet 7E 5 2 i) b 2280, HAEBE ML
Y30 PSR 5 2 TR A ) R, e s H e v 4k 0T
ARRHIE R R A BR

K2 BRERNFLERBETN

Table 2 Accuracy assessment for classification results of various models

Gy AR Z PR JHFRs TRz YR F1-Score
PAEBE 0.9365 0.9166 0.0635 0.0834 0.9264
AR 0.9408 0.9337 0.0592 0.0663 0.9372
EERIN: 0.8503 0.8528 0.1497 0.1472 0.8516
AR 0.8922 0.9008 0.1078 0.0992 0.8965
PolSARFormer

A 12 i FH 0.8610 0.8879 0.1390 0.1121 0.8743
5 b 0.9517 0.9429 0.0483 0.0571 0.9473
e 0.9115 0.9179 0.0885 0.0821 0.9147
oAt 0.8397 0.8729 0.1603 0.1271 0.8560
PAERE I 0.9223 0.9341 0.0777 0.0659 0.9282
PRABERR 0.9586 0.9127 0.0414 0.0873 0.9351
EERIN A 0.8620 0.8334 0.1380 0.1666 0.8475
AR HL 0.8733 0.9159 0.1267 0.0841 0.8941

DeepCNN
2238 32 i FH 0.8720 0.8626 0.1280 0.1374 0.8673
HAUH 0.9459 0.9473 0.0541 0.0527 0.9466
K3, 0.9024 0.9303 0.0976 0.0697 0.9161
Fifh 0.8706 0.8415 0.1294 0.1585 0.8558
RAEH b 0.9417 0.9212 0.0583 0.0788 0.9313
PRBERR 0.9466 0.9461 0.0534 0.0539 0.9463
EERINA 0.8580 0.8612 0.1420 0.1388 0.8596
MR HY 0.9018 0.9102 0.0982 0.0898 0.9060

HybridSN
2238 32 i FH 0.8798 0.9078 0.1202 0.0922 0.8936
HES 0.9518 0.9486 0.0482 0.0514 0.9502
IR IR 0.9370 0.9175 0.0630 0.0825 0.9271
HoAtb 0.8594 0.8897 0.1406 0.1103 0.8743
PAEHE 0.8956 0.9291 0.1044 0.0709 0.9120
PRBERR 0.9440 0.8897 0.0560 0.1103 0.9160
RN 0.8168 0.8187 0.1832 0.1813 0.8178
AR 0.8464 0.8672 0.1536 0.1328 0.8566

CRPM-Net
232 K FH H 0.8416 0.8536 0.1584 0.1464 0.8476
B 0.9451 0.9300 0.0549 0.0700 0.9357
7K 5 0.8760 0.9151 0.1240 0.0849 0.8951
HoAtb 0.8361 0.7642 0.1639 0.2358 0.7985
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gk
Iy A Bl Ay BN JHFHS T o 22 MR 2E F1-Score
PAEHE 0.9144 0.9318 0.0856 0.0682 0.9230
AR 0.9444 0.9315 0.0556 0.0685 0.9379
Ak 0.8245 0.8456 0.1755 0.1544 0.8349
HEABR 0.8718 0.9137 0.1282 0.0863 0.8922
MP-ResNet
ZC 3 iz i FH 0.8864 0.8671 0.1136 0.1329 0.8766
AFUTIHL 0.9605 0.9278 0.0395 0.0722 0.9439
k3, 0.9111 0.9249 0.0889 0.0751 0.9180
HAy 0.8245 0.8760 0.1755 0.1240 0.8495
PAERE 0.9082 0.9479 0.0918 0.0521 0.9276
AR 0.9349 0.9575 0.0651 0.0425 0.9461
A H 0.9290 0.8059 0.0710 0.1941 0.8630
AR 0.9279 0.9093 0.0721 0.0907 0.9185
nert A 12 i FH 0.8698 0.9341 0.1302 0.0659 0.9008
S M 0.9587 0.9547 0.0413 0.0453 0.9567
K3, 0.9507 0.9066 0.0493 0.0934 0.9288
HoAhy 0.8199 0.9063 0.1801 0.0937 0.8609
PAERE I 0.9150 0.9430 0.0850 0.0570 0.9288
PRA R 0.9319 0.9761 0.0681 0.0239 0.9535
EERINA 0.9386 0.7978 0.0614 0.2022 0.8625
AL 0.8859 0.9323 0.1141 0.0677 0.9085
HAR-HybridSN
A3 iz i T 0.9514 0.9074 0.0486 0.0926 0.9289
ST 0.9772 0.9543 0.0228 0.0457 0.9656
KK 0.9491 0.9314 0.0509 0.0686 0.9402
FoAth 0.8096 0.9563 0.1904 0.0437 0.8768

1 F1-Score 645 I, HAR-HybridSN 7 K £ %k
N Syt 0.90,  H S Ml 5 IR B AR b 2 BT
iz s MCPTYEES b S /K s e B by, [HAEA
FRAAT “FHAD” s RE FRE . ; PolSARFormer
5 DeepCNN F AR TE ] B L) [ I, (HIRH
8RB HIH B BE J1 %555 5 HybridSN, CRPM-Net 5
MP-ResNet Z£ {& F1-Score i flk, JtHAEE Z2 W)
SN T RIAME

R it — 2 DAL A5 LA G R AR A R R, K3
G TN [ AR R A R AORS T M 45 S . HAR-
HybridSN () B 40K BE OA . SF K5 B AA Fil Kappa
2B 51009316, 09176 #110.9154, FIF LT,
P B HL AR 2 2% M) O 28 AT 55 b B AR S A 0 )
Bt 1154325 — 8. HybridSN 5 MCPT {9 & 804
£, X BASELEAY OA 43 5 R 0.9238 FlT 0.9249,
PolSARFormer 5 DeepCNN A9 & 88— % , 15 BH H 43

KA 1# ] . CRPM—-Net 5 MP-ResNet [/ 2 {4 P fig
2, Hoif CRPM—Net fJ OA 4 0.8906, Kappa %
KR 0.8649, KWIHFEKRIAL .

R3 BEENERSKEREEITMN

Table 3 Accuracy evaluation of the overall classification

results of each model

Pa sy il 0OA AA  Kappa 2% sf7mlH]
PolSARFormer ~ 0.9159  0.8979 0.8960 60 min42s
DeepCNN 09143  0.9008 0.8943  68min15s
HybridSN 0.9238  0.9095 0.9058 17 min 18
CRPM-Net 0.8906  0.8775 0.8649 22 min24s
MP-ResNet 09126  0.8922 0.8917  25min26s
MCPT 0.9249  0.9011 0.9074 23 min17s
HAR-HybridSN  0.9316  0.9176 09154  19min39s

FEIZATECE T, PolSARFormer 5 DeepCNN
Fnt &K, 84 60 min 42 s Fl1 68 min 15 s; 1M
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HybridSN 5 HAR-HybridSN (i f78CR H i, #EmT
435K 17 min 18 s #1119 min 39 s, FCAEAR-35 5 ks i
B A I B4 R 1A A% . CRPM-Net, MP-
ResNet 5 MCPT 2171} [] 4 22—25 min, AbF 1%
I, AT DATERS B 50 ) S — o “PA

Zi I, HAR-HybridSN 760 205 I W& LT
FoAIRL, HIHAHCRE T 2800 R, R
R 25 A PEBE s HybridSN BSOS BERGAIK, (HiZ
Tl &GRSR BUR R N

3.5 HAR-HybridSN & XAy R sLI6

3.5.1 IZRELLBIxT 5 FAE E RIS 00

3P4 HAR—HybridSN 7E/MEA S F #7026
PERE S5 & MM, A SCEE R IR R AR H B
(50% . 60%. 70%. 80%. 90%), HAFEARANE K
M AE, I BB HAD S S50, 5T 0A. AAFI
Kappa REUTEIHRASC L, 25k 4R,

M4 Rl L, B I 2R 9 A 509% 3 &
90%, HAR-HybridSN i) OA, AA 5 Kappa Z 5
R E ks, RTE ZHEAA B) TR 58502
STHPRRAE, T IEERE . M UIZRAE ik B
70% 5, KRBTV, TR RN,
I I ZRAE B D0 B S 3 o (A 2, 7E 50%
WIGEEHH T, OA. AA 5 Kappa %8 70% &1F T HY
Z519<0.01, FPBAITE D EARERYE T8

RAZ A BIRAE,, B RAF I /IMEAR T RE T S
ZACTERE . I 24 LB — 2L 4R T) 2 90% I,
R BEAU/INIE S e, (EI it o] 3 g I, TR
AT, PERENS R A PR o KR, SR L5
S AT B TR BESE T, (R AU HA e A B RO
B NI, FESEERILH] PN LR A 2 R HE R
BRGCR, GMBCEIZLE, SRS MR
Z ) A B A, Xk T A R AR JEE A ] P 2 T iz
TRCRAAHEE L,
®4 FRENNGELFIH D EEE
Table 4 Classification accuracy with different

training set ratios

YIZREE L/ % 0OA AA Kappa Z&  YIIZ5HT ]
50 0.9247  0.9072 0.9004 9 min 34 s
60 0.9294 0.9107 0.9059 10 min 21 s
70 0.9316 0.9176 0.9154 12min 15s
80 0.9329 0.9211 0.9196 13 min 49 s
90 0.9348  0.9234 0.9223 16 min 56 s

352 FHERIHEBENRM

JBF5E HAM 1 RLA %} HAR-Hybrid SN IR
(RSN, ASCRCE T 420528 (HybridSN, HybridSN+
HAM. HybridSN+RLA . HAR-HybridSN), IIZ5:i% &
PR —2L, LIOA. AAFlKappa RECHKE BETE b1
HATVPEAL, AR S s .

x5 FRERRASTHHEBE

Table 5 Classification accuracy under different module combinations

ML A SR /100 FLOPs/10° 0A AA Kappa %X
HybridSN 0.9309 1.8069 0.9238 0.9095 0.9058
HybridSN+HAM 0.9331 1.8097 0.9307 0.9098 0.9090
HybridSN+RLA 1.1133 4.0637 0.9310 0.9158 0.9108
HybridSN+HAM+RLA (HAR-HybridSN) 1.1155 4.0666 0.9316 0.9176 0.9154

M2 5 Hal A, HybridSN+HAM, HybridSN+
RLAWIKEEE (OA. AA. Kappa ZRE0) ¥ TIRLAT
HybridSN, H f# & HAM F1 RLA ) HAR-HybridSN
KR, RY ZFTEIIRE R EAME . MINREE
i FoRE, HAM BYEE I ALR R R T 24512,
BAHHTZRE, SRR R U2 E B
HME LRt Rl 2 6% A SAR SR 10 22 RUEHRAE
I RLA W] LAWK AN HAM (502 R B, 3 ot 386 04 85 )22
ZH EDEGARZRARE . 8 RLA SCEL T 85
JERHEAC ., BAEZRNFHE AL T A A, H

B 1) A I (] O OC R, A x2S 1) Ry
TR S TR AL I, B2 N SRR TCTA A
BRI, I HAM Gl 3 3 18 v S A B )l
PLORAMX — 5o XA E A C R 1 HAR-HybridSN
FRVHE B2 LU N B — 5T R A AN B T

AT S 2 BE AR AR 538, HybridSN AR Ry 54l
PR, ZECEAUN 0.9309%10°, FLOPs A 1.8069x
100, BUrAdah St Ei/ M. T
HAM 25w feiidh . R E7E HybridSN (1) 5l I 5
M A HAM BEHS 2 50 A1 FLOPs {5 B 73 3
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fn, RS BE A AT LIS BN E B SR . BT RLA AR
PHEIA D ERETEENZEE T, Wik
HybridSN+RLA 41 & 9 2 % i A1 FLOPs A7 B 4 3
T, R 4 A 0K BE L8 T HybridSN+HAM A1
HybridSN. 245 HAR-HybridSN fRE e, (HJ2
LAY AT J Pl i iy o R LG ARG RS 28
S PR PR G IS MR

353 HHEMEN S LR ER I

3P4 HAR-HybridSN 76 A [RRRE £ R 143
FKtkne, ASCRMEL 8 MFFE (GF-1 194 1%
Bt GF-3 (9 4N 1 HUM 280 o B4R 1214
fiE . FELEJR 16 SRR FEZE 5 20 45 AR T FEXT L
R, SERNFE TR,

Fo6 ARFHIBETHDEBE
Table 6 Classification accuracy under different

feature numbers

FEIEECE: Kappa 2%
SRk 8 ANERAE 1.7150  0.9241  0.9049 0.9059

FLOPs/G OA AA

FEYEG 12VFEFE 2.0361  0.9276  0.9105 0.9097
[E4E)5 16 MFIE 4.0666  0.9316  0.9176 0.9154

FE4EfS 20 MFFAE 13.1846  0.9213 0.8927 0.9012

MFE6 TR, SRHAFELEE ) 16 MFHIEXT HAR-
HybridSN #E47 Y125, w145 B0 10 /0 2k i . (8
FHARFAE G 5 B AR BEAT N ke, o0 FENE B
AU BRI T 20 1%, h 6B HAR-HybridSN
)R B LR 3G T 1 3l T 306 A0 = GURRAE
ULAh, FLOPs BfRHAEECR g b7t (ARRdE S
20 MRHIE R 23 SRS B R SRR 4 IS 16 R E 5 546
SAMFHIE MG, LR B AR E Sl i 2 i 43
FEAR OS2 B BR IR TR 9% o AE 5K
B, SR S B o R R, kAT
—E W RRE TR R A4S 5 R0 5 AE 8 SR (4 = AL
BN, DR RAS ki AL RE S 245 1
Mo NG B

4 & ik

SRS 26T SRS SAR SR kG
My 532, A SCHE HybridSN AR R () LRl EHEH T
HAR-HybridSN £ &1, JEXJ LUk Tz ik 5
PolSARFormer, DeepCNN. HybridSN, CRPM-Net,
MP-ResNet Fll MCPT6 5 U 75 iff 57 X #4973 2 Pk
e bR, FEBWT

(1) HAR-HybridSN il it 51 ATR A 7E = Sk
G ZE AU, 35 T AR E 52 %0
fEZ A s SRl A RE T, A 805 DGR B X
R, PR TR Ty MR R ST
S RIRHE AN, Y5 OO . TESARS £
TG SRR G S A 5, HAR-HybridSN
FE A% B G b 35 TIC S AR B R, I SR X 22 U )
FRMESRET, e KRN SR
TEPE

(2) HAR-HybridSN {19 B 1A J3 45 1Al A5 75 4
TH251.0%. Mizt7ifE & E , HAR-HybridSN 7£
PREE B o MG B R Rl HAs RIS R0CR
HARVEREOE T HARBIAL, BA, FEANFEARSKMET,
HAR-HybridSN 1 J& B B 47119 43 25 g ) Fniz ik
PEfE.

S HAR-HybridSN 7 #1443 28 i BUS — g it
&, HUAAAEEA L. 1562 HAM F RLA 1Rl &
5 AR R, AU K HAM fii HE A F#1E FI RLA
i L1 R OE AR N RS, O HBOA XX SRR
AL A X Rl Ty 2 B0 B R
14 520 HybridSN 3D BiHOCR St se B, —H 7E
B BEALRE R B R ORBA R . BEAh, RLA PR
FIALH 0 2 Sk T R ML, HRRAE e g
N8 T2 REBIV . AR, "L
RLA i R AEAE S HAM (%A, LLBR AL X 5 4
BRI SE B RE ST, ISR A AR AL R P IR R .
ULk, R R FH 23k B AL R B e RLA i
LD - WAL
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Improved HybridSN Network for multispectral-ppolarimetric SAR image
classification with multi—scale feature

GAO Yonggang, LIANG Wenge,LIU Yuting,ZHAN Junjie, LI Fangying

College of Environment and Safety Engineering, Fuzhou University, Fuzhou 350108, China.

Abstract: Multispectral images are widely applied in land-use classification, but weather conditions have a considerable impact on their
quality. Synthetic Aperture Radar (SAR), with its all-weather, all-time capabilities and strong penetration, holds significant application value
in land-use classification. However, traditional SAR-based classification methods mainly rely on backscattering features, which restricts
improvements in classification accuracy and stability. Compared with land-use classification methods that use single remote sensing images,
the fusion of multispectral and SAR images can achieve data complementarity and improve classification accuracy. Hybrid Spectral CNN
(HybridSN) is a hyperspectral image classification model based on a hybrid architecture of 3-D and 2-D convolutional neural networks. It
effectively fuses spectral and spatial features to improve classification accuracy. However, the HybridSN model tends to misclassify noise as
valid features when processing heterogeneous data such as fused SAR and multispectral images, struggling to coordinate the structural
features of SAR images with high-level semantic information in multispectral images. To address these issues, we proposed the Hybrid and
Recurrent Layer Attention HybridSN (HAR-HybridSN), which introduces a Hybrid Attention Module (HAM) and a Recurrent Layer
Attention (RLA) based on HybridSN. The HAM in the proposed model integrates channel and spatial attention. The channel attention
module generates channel attention maps through global average and max pooling to highlight discriminative features while suppressing
redundant information. After channel aggregation, the spatial attention module then produces spatial attention maps that guide the model to
focus on key regions within the image. These two modules work synergistically to enhance the model’ s robustness and classification
accuracy in complex scenarios such as low signal-to-noise ratio and blurred boundaries. RLA introduces semantic interaction channels
between different convolutional layers, efficiently fusing shallow and deep features. Through bidirectional information transmission, low-
level details and high-level semantics are co-modeled, which enhances the comprehensive recognition capability of the model for textures,
boundaries, and semantic categories. Using GF-3 SAR images and GF-1 multispectral images as data sources, we conducted qualitative and
quantitative evaluations of the classification results of the HAR-HybridSN model in comparison with six models, including HybridSN.
Results show that the overall accuracy, average accuracy, and kappa coefficient of HAR-HybridSN are higher than 93%, 91%, and 91%,
respectively. In areas with mixed ground objects and blurred boundaries, it can accurately identify key semantic features and effectively
suppress interference from redundant information, leading to enhanced discriminative ability for complex ground objects. Specifically, in
complex ground objects, the overall accuracy of the HAR-HybridSN model is about 1% higher than that of other models, and it maintains
better consistency and continuity in categories such as buildings and cultivated land. In terms of running time, HAR-HybridSN maintains
high classification accuracy while exhibiting favorable computational efficiency, with its overall performance surpassing that of other
models. Furthermore, under small-sample conditions, it demonstrates robust classification capability and generalization performance.

Key words: multispectral images, polarimetric SAR, multi-scale features, HAR-HybridSN, land use classification
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