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Polarimetric SAR Image Classification via Semantic Partitioning and Differenti-
ated Contrastive Learning

Abstract: Objective High-resolution Polarimetric Synthetic Aperture Radar (PolSAR) image classification is a critical
task in remote sensing, providing essential data for land-use monitoring, disaster assessment, and environmental resource
management. PolSAR imagery characterizes the physical scattering mechanisms and spatial geometric structures of ground
objects through multi-channel coherent observations. However, high-resolution PolSAR images often exhibit significant

spatial non-stationarity and scattering heterogeneity due to the inherent imaging mechanism and the interference of speckle
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noise. Traditional deep learning classification paradigms predominantly utilize isotropic feature processing, applying uni-
fied convolutional kernels or network structures across the entire spatial domain. Such models fail to account for the essen-
tial differences between boundary and non-boundary pixels in terms of statistical distribution and spatial correlation. Stan-
dard convolutional operators are susceptible to interference from heterogeneous neighboring pixels when processing bound-
ary areas, leading to edge positioning deviations and classification "overflow". Conversely, for large-scale homogeneous
non-boundary areas, local feature extraction operators struggle to capture long-range spatial dependencies, limiting the abil-
ity to maintain semantic consistency. To address these limitations, this study proposes a novel PolSAR image classification
method based on region partitioning and differentiated contrastive learning, aimed at optimizing feature representation for
complex heterogeneous scenes. Method The proposed framework follows a systematic "prior layer-backbone layer-
supervision layer" architecture. First, as a topological prior, a Hierarchical Semantic Model (HSM) is employed for spatial
deconstruction. Based on Marr's visual computation theory, the HSM interprets structural clues to generate a polarization
sketch and subsequently partitions the image into boundary-sensitive regions and non-boundary stable regions (comprising
homogeneous and structured heterogeneous areas). These results are used to generate binary region masks $M (x,y)$ that
provide spatial routing for subsequent feature extraction. Second, a dual-branch heterogeneous backbone network is con-
structed to adapt to the distinct scattering characteristics of these regions. A Convolutional Neural Network (CNN) branch
utilizes small receptive fields to capture fine-grained scattering mutations and local details in boundary areas. Simultane-
ously, a Superpixel-based Graph Convolutional Network (SGCN) is designed for non-boundary areas. By treating superpix-
els generated by the Pol_ASLIC algorithm as graph nodes and utilizing symmetric revised Wishart distance for edge weight-
ing, the SGCN effectively models long-range spatial dependencies and maintains global semantic consistency. A feature
enhancement module precedes the dual branches to suppress speckle noise. The features from both branches are then inte-
grated through a channel concatenation and a Convolutional Block Attention Module (CBAM) to suppress redundant infor-
mation and enhance discriminative power. Third, an adaptive boundary-importance differentiated contrastive learning
mechanism is introduced as the supervision layer. High-dimensional fused features are mapped to a compact contrastive
space. The system learns pixel-level adaptive weights, assigning higher importance to boundary pixels to strengthen super-
vision on difficult-to-classify samples. The total loss function incorporates a cross-entropy classification loss and a differenti-
ated contrastive loss, which applies distinct constraints to boundary, non-boundary, and cross-region samples to optimize
the structure of the feature space. Result The effectiveness of the proposed method was evaluated on three widely used pub-
lic PolSAR datasets: Xi’an (China) , Flevoland (Netherlands) , and Oberpfaffenhofen (Germany). We compared our
model against five state-of-the-art methods—Super_RF (Superpixel-based Random Forest) , DFGCN (Deep Fuzzy Graph
Convolutional Networks) , AMS-M2ESL (Adaptive Mask Sampling and Manifold-Euclidean Subspace Learning) , 3DCNN
(Three-Dimensional Convolutional Neural Network) , and PoIMPCNN ( Polarimetric Multi-Path Convolutional Neural Net-
work )—as well as an ablation model, RPHNet(Region Partition Based Hybrid Deep Network ). In the Xi’an dataset experi-
ment, our method achieved an Overall Accuracy (OA) of 94. 58% and a Kappa coefficient of 0. 9106, outperforming the
second-best method, PoIMPCNN, by 0.57% in OA. Quantitative analysis showed significant improvements in grass and
building categories. For the Flevoland dataset, which features 15 complex crop types, the proposed method achieved an
OA of 99.63% and an Average Accuracy (AA) of 99.57%. It successfully suppressed the salt-and-pepper noise and
boundary confusion observed in comparative methods, particularly in the Wheat 2 and Rape categories. In the Oberpfaffen-
hofen dataset, the model reached an OA of 98. 65%, effectively mitigating the misclassification of suburban areas while
maintaining clear edges for forests and open areas. Parameter analysis indicated that a 5% training sample ratio provides an
optimal balance between classification accuracy and manual labeling costs. Furthermore, runtime analysis demonstrated
that while the training time (505.30 s) is slightly higher due to the contrastive learning module, the inference speed
(15. 80 s) remains highly efficient for large-scale tasks. Conclusion This study presents a comprehensive end-to-end frame-
work for refined PolSAR image classification by integrating region partitioning, heterogeneous feature learning, and differ-
entiated contrastive enhancement. By utilizing the Hierarchical Semantic Model as a spatial guide, the network success-
fully overcomes the limitations of isotropic feature modeling. The dual-branch CNN-SGCN architecture ensures that fine-

grained boundary details and global non-boundary structures are captured simultaneously. Moreover, the adaptive contras-
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tive learning mechanism provides targeted supervision for difficult boundary pixels, significantly enhancing the discrimina-

tive power of the feature space. Experimental results across multiple bands (C and L) and varied scenes confirm that the

proposed method achieves superior classification performance, boundary maintenance, and spatial consistency compared to

existing state-of-the-art models. This research provides a robust and effective solution for the fine-grained analysis of com-=

plex heterogeneous PolSAR imagery.
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Fig. 1 Region-Division and Differentiated Contrastive Learning for PolSAR Image Classification
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bl b RN R i B
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J T AEHEF KN TR R A SR T H 3 A
FERCHE 2] RN . S, BT A I S A
M, (x,y) SEBUMESME 0 AL A R 1 A R R
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BE . HIR 2 )24 7 1 AR Q #E1 TR
%UWE%Q AMESHGER S TS R AR, S R
PR W0 hs A S A TSN
Wes(Wes(WeQ(i) + bY) + b3) + b2)(16a)
%A, Z 2 LU — 46 g XS FEARE Q1) i A
W 2 2 e W AR R R IRE 0 X
LW Wy Wby by by 53 R AL 2 > N 4%
Hh 22 O ACEE R i, 6 () 7R Re LU ST PR, o ()
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R T ARIES FME MR R AERT A 2] th3As 1 ey
(R W B iR B, T 3 PR F R S Bl BE AL, AR SOk
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L, M, G) FRE MR L R EE . 418
R TR M, () = 1, HAUCEBOIE 8 1+
o, YRR B TAEH A KB M, (1) = 0, HAUE &
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FH T A A AR I o 2 AT g b s Kk
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ARERE o P, A SCR AT BT IR e b 2 i A 5
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B W IAE X o, #4170 —14k , 15 8 e A
w,, EXLUNTT .

.

®; = ‘ - (16¢)
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VEMR R AR , 3 A T AR A 0 W s 59— T
TR ZE A 1 DU AR 453 % v FH T 29 RORCER 43, kit S bl
i SV R 2 | B2 7 O
1.4.3  Z5bXF ik f

DLk o ) A W B X B 35t 2 (InfoNCE ZZ {4 )
(Guan 55 ,2024) JJy FEfilt , A< SCHE) 7 1 9] B £k SAR K]
G XS 1) 22 SR AT s ST ik . SRS
XA R R R G — R LR R, A SCEE X i
Tt AR A8 53 ) SO HEAR AR R T B X
X LA 2K, $8 TR AR 4 R) 9 2 P 02 1 A 2 ) mf
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G DB R 2 A DX TR [ b 2
S A FEAb IR 5 A HL 2R IR A R B A
R HETR I TR R R ) AR SR G R RS
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IIEFEARBRER LA AR ZR o BARZEXT LU 1]
W AR I S A EE 0, X i A A AR
AT IMA , DA TITT 38 e ABE U5 30 55 DX Sl A A7 5 S 2 S
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A i F DA 2% < AR 0 5 XN A O R PR A
XPRGE , 2 H AR PR [F] 28 Wy DI 1 1 SC—
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InfoNCE #6125 , fif [7] 28 4 i1 FEAHE A 7 FR AR 25
g Hoe SOk

1
Lnb:WZN -

[i] B

. exp(q/q,/7)
>, exp (g/q.07)
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Py(i)|, 5o

(17b)
Kb, L, AR SRR ek o X AR —dE A
B xR ie N, P, (i) £ RN 5152 i 850041
W E O oAx £ 5 , W
Py(i)={plp e N.p # isy, =)o
5 DX I 2K« o G fi i B IR S AR R IX R 2
[B] ARSI o0 A 22 5, AR SC LA G A Rt i, DA
PR FANENAREREAS 4 1 5 X SO0 Lt 2% o 1%
R B R 250 i B —AE 1 B AR R AR BE 2, OF
FE I — k5% b 24 3 e 18 KO [R] 28 01 15 DX sl AR R
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AR E SR
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S 20,
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> exp (qlq,/7)
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R RIE
{plpe N,y =yl
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1 2
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Arp, L, AACEIE WA R, T 293 B 3 AL
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Sl 4 2R AR T I A 450 25 AT AL EH &, 15 31 o
I 371 5 2% AR LE AR R
L=alL,+pL,+vyL,, +8L,, (17)
A, Loy B 20 3 030 5 22 S AR Xt ek, i
W AW R I EGGE . a By FS 55N

22 log
S Py (i)

(17d)

B AH B IE R AR AR S, B Py () =

IACH HeAst R (AR SRR L5 |25 DX IE XS
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SEACL R RE S 7R R A3 FOME o A A H) 1 R
[, DR A 30 5 DI 8 S — Bk Jf se i
— R B X R AR T 5, DA ST A A4k 1 A Ak
SAR UG 23 6] S B, $2 1 RFAE 25 (Rl ) 28 P 55
B SR
1.5 BEmKEE

Ry 52 BB 43 20K BE 55 R AR A ) P B BB B
b W AT 55 W 55 0T U RRAE 3 i W B A Rl L 4
e RIE YN R SR TSN X NV G S e PN
5 X 25 S AT AR 2 AR B, B Rk
N2 (18) IR .

L,,=1L,.+AL (18)

X, L, S SR o B VL F A 158
UK B LAY 52 AR R by 2 m A, AR L, =
=3y log(p)(C MBI ANEL, y, Jy FLIHR5E L p,

WAL ) 5 L oW 138 0 50 2 S AR He A Ok,
TR TR 23 8] 9 45 K Ak 23 A1 5 100 5 IXIER AR fE
T 5 17 200 T i AT A S

R SE L A = 2 R de B Bk 4 - 4 OA fie i
e AR = 0. 10, ZHUH PR AEHY 2 il AR
AR R AR 1, SOl it A X LG 20 R IR a0 2
fiES3 A

i b B AR R BT, IR HE SR RE R A St —
F e 21 I i R ) 20 S B IX 00 23 S B A
S AR R A7 2] 5 3 IR E MR A R
Pt Al SAR PRSI SR 23 | X3 o 4 45 1), g
A RAL SAR R B R R 22

2 LIGHR

2.1 KEEE

ARSCHE T —Fh X IiE K53 5 25 AR A
IR AL SAR BME 25 07 %, i T b iy s A
BOHE AR SCE T = ASATF B8 12 6 FH ik
SAR B i g X HopAT I . [RIR , A G i T 1
AN L R — A TH Rl I R T iR A TR L
XiF b 5 143 1) & Super_RF (Zhang % ,2024) , DFGCN
(Liu %% ,2021) , AMS-M2ESL (Li %, 2023) , 3D-CNN
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BX XIS 5E R F SR SAR B2 KT %

(Li%:,2023) ., PoIMPCNN (Cui %, 2021) . Ite4h, N
6 F 22 57 AT B2 2T B 0 A7 R0, AR SO BRI A
e, (U B8 CNN-SGCN ML 32 9 45 F 1l Ak SAR A
145025, I8 HAE A% L8 5, 12 0 RPHnet.

R VAR BRI R AR TS A A
(OA) FHIHERN B (AA) 5 Kappa REGHEITITAL . 52
B3 M55 BN Python3. 7 (pytorch 1. 7.0 GPU) , 2R H
Winl10 £ i #l Intel Core 1710700 CPU. H i it & Hy
64G NFE NVIDIA GeForce RTX 3070 & F .8G .17
FEA SIS, FRATTHE U 25 LA 15 Ol 5% , T4 AR
FNMAREA . AR SE 0 1 LU, BT X L
BRGS0 BN (5% I ZRFEAS, [
BEMLFP T ) BTSN, 24 ) HORBEE N Se-4, QIR
B E N

200,

2.2 ZWHERSHH
2.2.1 WEVELHIREL AR S
AR S 3 A v IV 2 B AR . i B R

SIA-C/X-SAR R G, C I B b 218 , =5 16
Sy HEE K 8m x 8m, KRR/ 51251218 %K . B2
(a) 5 (b) 43 /R T %5095 1Y Pauli RGB & Bl K
HOX R A B bRZE . E2(e) - (@) M HFXT L
T A BRSO 284E R 1 2 (h) 5 () ] 4351
Xof N7V il S 0 7k B AR SO IR Ay SR EE R . AR SO
PR VE R W 3 TR, & 7 o Mk RE Y 2
AR L,

F 2 AT 0L, i 2 AT DL, Super RF 545 i1 25 4
i B 4, K B2 254025 ; DFGON T E E 424 % F
TR PR, S R VS P, 1 R
AMS-M2ESL 5 kM R 3 22 | 11 B4 SR s BDCNN
05 B KA S e (H B M 5 ST A AR 1R Y ; Pol-
MPCNN J7 7K S80H5 B2 42 T+ B 5k, (H R b AT A 1R 45
RPHNet J7 {230 3 18 LR 53 51 A M4 523 T ke
32 ARICOTTIEGI 3G W A M 2 AT
MU, Sy okS B 5 A5 ] — otk i — 4R Tt

R1 FRAAFEEARYREE LMD LERE(%)

Tab. 1 Classification accuracy of different methods on Xi’an data set (%)

3l Super_RF DFGCN AMS-M2ESL  3DCNN PolMPCNN RPHNet AR
K ek 70.91 84.64 88.99 90.27 95.52 85.05 89.47
8 94.97 91.79 90.35 93.60 90.95 92.90 94.56
HA 90.94 87.21 90.27 93.91 97.68 96.64 96.78
0A 89.94 89.10 90.12 93.21 94.01 93.05 94.58
AA 85.61 87.88 89.87 92.60 94.71 91.53 93.60
KAPPA 83.02 81.84 83.68 88.77 90.25 88.51 91.06
T IR A R AT SRR, 2 A R A T IR B

ANETTEAE VY ZRAR R B E S an 1A - SR 7 T R A A

7~ &8 J5 1% Super_RF TE K RS BE AL A 70. 91%,
{EFE B4 2000 58 B A 1Y 94. 97%. DFGCN, AMS-
M2ESL } 3DCNN 745 [i1] [] M4 8 i Ak 2 DA e it
23 (0] 5 M AR P R4 T A BR . PoIMPCNN 5] A
W AT i A Je M e W I 0, e /K SRR SR8 0] |
U5 T etk B . RPHNet 45 25 51| R 0 34 iy o g
AR SO EAEAR SR K B ST e A B 0 W], b 2 4%
T T B IORE B JT OIS T B Y OA (94, 58%)
Y5 Kappa R0 (91. 06%) , #H HL 7S Bi%t b 777, OA 43
BB TE 4. 64%. 5. 48% . 4. 46% ., 1. 46% . 0.57% 5
1. 53%, 35 ik 1T A SCO7 VR AERRAE T2 48 5 40 ) g g 34

2.2.2  fif 2% Flevoland £U4 4 5L 56 45 5 X o Br

FH &1 3 AT, 68 L 1 A AE AR A [ R B B 5
530 R ROMIE] 8, Super_RF 7E/NA2 2 5 1M S% X s
537" s DFGCN [H ik B 4 Ry s S, i1 % 440 ) A
FE BN R B ; AMS-M2ESL 78 i & 5 52
IR V& W] 2 s BDCNN fE7E K22 5 B8 E 1 28 ] 2
43 ; POIMPCNN 7 /NA7 3 [X 3 52 I BE S0 IR e s | I
KA RH F R+, RPHNet 18 i1 W43 37 45+ SE B
TR Rz S, 25 28000 T b, SRR
ATy ik — 25 A H s N i A BT LA ST
Gy INE B 5 A o] — B PR AR T
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(a) Pauli (b) HE3K (e) Super_
RGB WA

7P P

DFGCN  (e) AMS-M2  (f) 3DCNN
ESL
A ) A | -t )
(g) Pol- (h) "RPHNet (i) 7RI
MPCNN %

o e B

K2 PRt e R

Fig. 2 Classification results of Xi'an data set

FH 26 2 2 s 45 SR AT, X BE i 3 A7 e P B
T A B2 T s 1) P B AARKE B A2 IR . o Super_RF
TE/INAZ 2 FNM SRS 0] R BEARAIR , DEGCN 43 25 P g
AN, AMS-M2ESL % K 3% 317 Jf§ , 3DCNN Fi1 Pol-
MPCNN S FEA FI2E ) ik B A, (H 32 BR T H A2k
A BH 8 A, AR BE R R . AL Z T, RPHNet
PERERLS J ¥4, OA 35 99. 18%., A LT EETEL K%
B YIRS E AR, OA L AA ) Kappa 4333k
99. 63%.99. 57% H199. 60%, & &k T i A X ke oy
B, A BE TR A A A e S e
2.2.3  Oberpfaffenhofen 555 52 56 25 5 M 3 Ar

55— 2 S 6 R FH A 2 e 1 A s K G E-
SAR R Guak B Lk B il ik SAR B dl 4 | 1% s
1] 43 BE 2 A 3%2. 2 m, RSF 2Ry 1300x1200 4 %, I
R IX bl B TF X3 = 2 ) o B A R AL
41560000, H: A A T AR FEFE AR 1385269, K br i F
A 174731, B 4 (a) - (b) 73 5 245 i 50 s 4 Pau-
LRGB I (6 EG 5 B sc e I 4(e)-() R T
b6 EE 5 ¥ T Rl R RPHNet M A SC7 5 i 4302

- -
. S
- . -=h S| "
Tl b b ° kb L "
=1 % m=l¥
- —
(b) FHIHE (¢) Super_RF

Phzl&l K
2 1 %
. L) i Tae ¥
lam: g b 1 Diker igw b P ?Ii L
.---l"" .?‘ I=- = ’Fé' :;—-. .‘:'
- N e

(d) DFGCN (e) AMS-M2 (f) 3DCNN

- ===
l.
i
;‘;"\“\’ _—y ]

- ==
[ (]| S
! I [ R
] 1-.
;EX‘;'\"" = -’ﬂ.
-
vl 3

(g) Pol- (h) RPHNet (i) AH®%

MPCNN
E3:] #+ AE HE ki hE E:Ed il 2
hE3 B WE D@ 2 ik

ARUR LG FH RO SE — R 4 M Ar 22 Flevoland M X )
AIRSAR C ik Bt M AR B o R BAR A 1 BUS RS2l 750%
1024442, 23 A4 HEAR AT 12, 1mx6. Tm, 25 157296
AIRIBIRFE S 610704 N ARPRICIRE  FLIATE 15250, (055
B3R Nz RSB AE ZAVEY) , LA BObR M KN T3
SEa Iy, K 3(a) 5 3(h) 4l T % X Pauli
RGB AR (0 5 B X I A b v ML AR 25 ] AR IR S50 6
BT FAT 7k B =Rl Al vk Hoe e 2585 i 3
() ZBE3G) F7R 45 7 ik 058 A48 bR 0 P40 8 B T
2,

3 Flevoland a4t B

Fig. 3 Classification results of Flevoland dataset

gL VRN PR AR AN 3 FR

& 4 AT, Super. RF X 3 — S0P 4 i, (0
x4 15 Bt DFGCN ZEMcth X Sl s iR e i g 2, H
B X IR YA ™ T 5 AMS-M2ESL X 4% X 35 51 1% 2% 5
2 ;3DCNN XFRBIX ) 51 HE 745555 ; PoOIMPCNN 7E AR
5 FF R38BT AR RB XA 1253 . RPHNet 2%
KR0S FARFE AT VG I . AR SO IR AEA 5K
SR A A0 DX g [] R b — 25 15 T AR 5 T ik X
B kG an B, AR RO B A

F3EmAE LR, X LTk Super_RF 5
3DCNN 45 i 45 b1 8 0 47 s DFGCN AR FE A5 I 11K

B X 380K FE Y 89. 06% ; AMS-M2ESL X %5 X 17 51|
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BX XIS 5E R F SR SAR B2 KT %

%2 Flevoland #IBEESEEE (%)

Tab. 2 Classification accuracy of Flevoland dataset (%)

25 Super_RF DFGCN AMS-M2ESL  3DCNN PolMPCNN RPHNet PN A7
E 3~ 91.55 99.69 99.18 99.23 99.78 99.58 99.53
Bt 81.90 99.51 98.32 99.77 99.98 99.71 99.77
FRAR 78.64 97.65 98.17 98.62 99.96 98.62 99.81
B 88.01 99.54 97.97 98.78 98.44 99.69 99.93
INF 79.14 98.06 96.34 97.37 98.01 99.08 99.33
L3 82.42 08.22 98.92 99.33 95.51 98.99 99.00
LA 79.77 97.71 96.82 98.81 98.76 99.55 99.52
Bt 74.33 97.53 98.05 99.35 95.70 99.89 100.00
i 62.00 91.51 95.17 94.25 99.83 98.36 99.01
HliiE 53.65 94.24 93.99 95.13 93.55 98.64 99.73
R 85.29 99.20 98.45 98.80 95.96 99.70 99.98
) 55.01 91.45 94.97 95.77 95.96 97.29 99.46
/N3 84.36 99.51 98.17 99.03 93.88 99.70 99.82
7K 3k 97.97 99.67 99.88 100.0 96.01 100.00 100.00
550 86.34 80.88 91.81 83.29 91.27 95.76 98.62
0A 78.70 97.54 97.38 98.15 96.84 99.18 99.63
AA 78.69 96.29 97.04 97.17 96.80 98.97 99.57
KAPPA 76.73 97.32 97.15 97.98 98.00 99.11 99.60

T IO A B T e LML, S0 e AT R I (L

AE 155 (84. 82%) , OA L 94. 41%; PoOIMPCNN PEREEE ~ Jillik 98. 65% .98. 49% H197. 70%, %X RPHNet 73 l}42
FHUA I, OA 3K 97. 84%; RPHNet 7EXF X K5I HUIH e 0. 23%.0. 28% F10. 39%, # PoIMPCNN 45 Jil] £ 7
EAE BE (98. 44%) , HARFEIR I AR . ASOTIEFE 0.81%.0. 83% Fil 1. 38%, 5 Gk Re e fd: -

BRAR DX AP 1) & W48 b5 3 B, OA (AA [ Kappa 73

%3 AEFHETE Oberpfaffenhofen 1B & D LA (%)

Tab.3 Classification accuracy of different methods on Oberpfaffenhofen data set (%)

25 Super_RF DFGCN  AMS-M2ESL. 3DCNN PolMPCNN RPHNet A A
RBIX 96.79 92.08 84.82 93.43 96.01 98.44 97.32
Mo 95.61 89.06 95.70 95.92 98.60 97.46 99.06
R X 35, 97.30 98.16 98.20 97.04 98.38 98.73 99.09
0A 96.85 9491 94.41 95.93 97.84 98.42 98.65
AA 96.57 93.10 92.90 95.46 97.66 98.21 98.49
KAPPA 94.65 91.30 90.43 93.09 96.32 97.31 97.70

T« UL A BT e LML, S A A7 R A (L

[€l 4 Oberpfaffenhofen Z(HEEE 7325 45 5 dataset

Fig. 4 Classification results of Oberpfaffenhofen A
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2.3 SO
VIR =N

2.3.1

(a) Pauli RGB fth % & (b) H 3£ 2K 5 K (¢)
Super_RF

(g)PoIMPCNN (h)RPHNet (i) 3053

s I 2 e

11 5 AT, = AN BEE 1 OA BE I 2R AR AR LA
B n#5 5 wr _E THECR R R ORI
5% B} P % Oberpfaffenhofen il Flevoland ) OA 43
}94. 58% .98. 63% F199. 63% , C. 33T - 5 1 ; 4k &%
HE 2 10% J5 , OA IR AN R 0. 2% L6 % 18R TE
BUAS ST L 5% MIREZS LA RE % A6 LR UERS B 1)
] B A R IR N Tt 8, LA R A 1 S B g FH T
Tk
2.3.2 XTHEFEIIR R AL

AL 6 W] AT, S L A5 2k SF- A 72 500 0 45 0 HE 4
OA S0 i 2 . BE& AN 0. 01 14 = 0. 10, =5
AR OA BF548 b TF, 16 0=0. 10 I 5K BIEAH , 53501 M
94.58%. 99. 63% Fl1 98. 63%; 4 L — L k&
0. 25 i}, = EPE4E 19 OA 2 H PR [R) REBE R F&, 40
IR Z 93. 27%.98. 45% F196. 40% ., X F W 1E 241
X E AR R 24 oA B B THRRAE 0 (R KA A
2 S OB 3 B 56 X FU AT 55 1 400 4 FS R AE 4y

100 99.63 99.65 99.69  99.67
99.11 ___.-—-=
’%52 ______ 98.65 98.66 98‘67._—9_3.59
] L
28 97.35_.-=77
A
96,137
. 961 £
B o
< T -~ ;4"74
o} s e g --~"%4.58 %5
93779
5
4
92 .
-e- Xi'an
2 -#- Oberpfaffenhofen
% R
90 1 90‘15 Flevoland
1.00 3.00 5.00 7.00 9.00 10.00

Training sample ratio (%)
K5 =ASE B A A WU ZRREAS B B AR 5 ks
JE£(%)
Fig. 5 Overall classification accuracy of training samples of

three data sets at different sampling rates

i o Z5G AT A8 RIS 2R, AR SO 4 M A=
0.10, PL7E 73 28451 2Kk 55 X L 40t 2k 2 ) CAS B 0
A

100

99 98.63
______
98,07 98.12_.--="" "™ B

98 {-—dr=mmmnens i .
g g g
ol Datasets 0 TTmeel 96.4
@ y A
S 4| e xian(0A)
5 Flevoland (OA)
<

-4-- Oberpfaffenhofen (OA)
95
———————————
oaf e

93 93.27

92

0.01 0.05 0.1 0.15 02 0.25
Contrastive Loss Coefficient (con_loss)

El6 X LLAe R A 73 2R HER 41
Fig. 6 The effect of contrastive loss coefficient on classifica-

tion accuracy

2.3.3 RESHSCBEREEN)

HH &7 AT, = ZH AR AR OA BE R EE S HS 1Y
BRI BT GRS S/, g R
ot 2, B 250 Ak, AT X g E R
G5 2 SR AR FORLEE LR, 15 A 5 B B )
M S T RIZS I RGARE T . X S=300 1), =41
B4 A 13K B 5 =5 OAL 430l R 94. 58%.99. 63% Fl
98. 65% , Ui B IZRL E B At b e I 4 Jy — 25k 5 4
FHRFRRE ST o UL, AR SR 20 B S=300 1 0 1%
ForEIRESE.

2.3. 4 KHRHUR R IR

g i B UE AR S SRR A A P AR S
TEVE LR LT T IH A S5, 20 51 25 Bk HSM X
S SRS H [SGON AE 11 443 32 | 38 I i A
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seras
% FL N e \\-\_EB‘L 28,61
b X — U

e

97

96
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MBS FEE (OA (%)

92

—e— Xin

91 —=— Flevoland
—&— Oberpfatfenhofen

90

100 200 300 400 500

K7 =B EAEA R RESES T 1Y A Ik
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Fig. 7 Overall classification accuracy (%) of the three experi-

mental datasets under different scalparameters S

DL i DX ot SR O 5 S B AR R HEA T X L .

T EE RN 4 PR

P 4T Rl A5 R AT A, 58 BB AE OA L AA
Kappa | ¥ B 15 5 ft 45 R (94.58%. 93. 60%.
91.06%) . £ Br HSM AL IS , = I 48 45 20 51l % &2
90. 15%.87. 31% F1 83. 63%, 7% W] [X I, 15 5L 56 16 %ot
2SR A F O H B PR SGON 4332 )5 , F6hm i 3
T % 2 82.43%.77. 76% £ 70. 50%, ¥ 1 T SGCN
XT3 S DX IR R AR A 1) S AR 5 B B
N 11 5 B B X6 5 R RS, OA 4 il [ &
89. 70% F190. 28% , 15 B 19 34 4 il 368 3L 5 Ak 30 A e
Y REAR W B RN 52 fift 25 DX SR I 93 AT 25 SR SR THRRAE
FIBIVE . 28 b AR REAR T AT BTk, s i
A3 1ok P R4 FH HUASR e DL 4SS 30O

R4 XRPRREAPURIEER

Tab. 4 Effectiveness verification results of key modules

HSM SGCN 3 N SR g DX IO HCA 2k 0A AA Kappa
x N N N 90.15 87.31 83.63
N x N N 82.43 77.76 70.50
N N x N 89.70 87.27 82.97
N N N x 90.28 88.15 83.92
N N N N 94.58 93.60 91.06

T L P MO BT R LR, R TR B AT IR (A

2.4 iEfTHEIS AT

25 BT EAE P L RE A B2k 0 A
A o 4% 4t Super_RF %% Bz 55 (I 25 60. 33s, I i
1.96s) o T & J5 3% " DFGCN, 3DCNN #ll AMS-
M2ESL Il 5 #E B} 121. 84s~345. 50s, AMS-M2ESL il

AN 0. 12s, HEHLRCR B 57 s POIMPCNN [RI 254 & 4%,

YR FNIA 3 5] 2038 21201, 26s F1329. 46s, 318,
Ao AT IEAE AMS-M2ESL 24l 5] A% H
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Tab.5 Training and testing time on different methods on Xi’ an dataset(s)

i) Super_RF DFGCN AMS-M2ESL 3DCNN PolMPCNN RPHNet AL
Yk 60.33 165.06 345.50 121.84 21201.26 368.85 505.30
HREY 1.96 8.26 0.12 22.80 329.46 15.48 15.80

E L A BT e LML, S e R S AT R A (L

2.5 NEFHEIW

SRV AR SO 3R B TR B v A1k, gt T i
PG BENAE S, AR 6 ffm o AR5 25U AL
0. 619M , X} W AL FE N A7 2. 36MB;; 78 512x512 &%
b BRI ) P A SRS N A 29 71 84MB, B

WAFTFE 29 TAMB, 53 F ATy k8 T sl
RPN AR R, B R 8 T A7 U 2k
it ] A B LR TP , AN R 28 S s
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Tab. 6 Memory and Time Overhead of Model Inference

Stage on Xi‘an Dataset

EiEt Kl
SR 0.619M
ZHNTE(FP32) 70.50MB
BAYR PR TG N AF 71.84MB

TE IR A BT RO (E, R A AT R (B

3 &

BT X 24 WAk SAR 37 5% 548 DX 8k 43 2 PR o i)
R, A SCHRE s R 43 5 25 SRR HAE 2] 1 4y
JEABERY P, B T2 U SUBRL P U b SAR B
Fe Yy (T8 LR G, ARAR T SRS R X
5 06 5 0 5 5 i XA 9 S A X K
4 33 CNN-SGCN RU43 32 [ 4%, 4391 3 B 7 X 4y
SRS ER SRR RN AR R X SR 4 R AR s B L B
3w AR Y 22 S AR e 2 I HILT 38 a1 A
X E T R SC— B 24 TR R DX IR i ) 54
Rk Re . AT EHRESLI R, AL
D7 A RV BE 30 R RE R ) AN s [a]— B0k O i
PG T 8P 00

[, A SO A —E R R YE . 58—, 25
AT He 2 ) 233G Il Zr B B i) H S8 B, U TR
KI5 43 PG L 5 Bt — B LR ACR AR AN
e AR RE TSRS 5 B — B PR RE X o HEAR 2k £
O N TAEE, JEk BE N2 2) s A ok TARG ot —2
W9 5 3 5 B e Ak ) ik R A B N S8 T
DA TR TR B2 e Ak SAR 5 2 AL RE T o
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