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Abstract: Crop classification is one of the most significant applications of polarimetric synthetic aperture radar
(PolSAR) data. Owing to the limited information obtained by single-temporal PolSAR data, multi-temporal data are
used in this paper to further provide ample information within various crop growing stages. However, the polarization
scattering decomposition of multi-temporal PolSAR data easily causes “dimension disaster”. In view of this, a neural
network of sparse auto-encoder with non-negativity constraints (NC-SAE) is proposed to compress the data, yielding
efficient features for accurate classification. A novel classifier of multi-scale feature classification network (MSFCN) is
constructed to improve the classification performance, which is proved to be superior to the popular classifiers of
convolutional neural networks (CNN) and supper vector machine (SVM). The performances of the proposed method
are evaluated and compared with the traditional methods by using the simulated Sentinel-1 data provided by European
Space Agency (ESA). The classification results indicate that the proposed method has a good prospect for agricultural
applications.

Key words: crop classification; polarimetric synthetic aperture radar (PolSAR) ; data compression; auto-

encoder; multi-scale feature classification network (MSFCN)

0 Bl = YRR AR R A B R T
A AE W) 4> 2 A Ay 18 B ) H R 2 R A A WL 5 3 S R R LB (AN W A R R

FH 2 R — 2 M A A 4 A A B 7 st R TR JUZ B A AR W A A A MR I R T R
B, RAEY Gy 0 T AR A A7 A B IR F PR AL A A ST L e R S AL AR R

75 B 83 :2022-03-01; & [E] B #§ : 2022-03-28
EE£WMAB :HEAHAR#I4(62071350)
TEE R kA5 (1983—) , J 1+, #0812k S0, 09 O i) 9 5 15 5 A B kA 20 BT RILDL 3% 2% ) 5 RS i .



9539 %% 2022 4E45 3 1

AR, S LT 2 R CNN R AY Z2 15 A PolSAR IR 43 2 55

(Polarimatric Synthetic Aperture Radar, PolSAR){E
N O 8 R R G — b Bl R R B H At &
B AR T L B I TAE SR MR Z R FR
BRI AR AR AR 4 2R Y K 2R B
A PoISAR Xl , SR, i1 A [A] 4 A 4 1) A [A] 194
SR, B — 1 AH 19 PoISAR IR AR #E 31 Hi K [F]
AR AVE D2 3, UL e 3 R st 3092 R, A
FERAE Z A PolSAR X dla JH TR AR 20 28, AT
P o BRI

T XF £ i) A 4 % Ak PolSAR 0 dis 2517 #% Ak 45
TR 53 fifk Jo 0 5080 43 0 28 2 1 B T U 1) A R e e
(B R, PRI, XoF 22 Bsf R B4 A A 23 i )5 1) SRR 1A T R
e h— W E W) T AE . 384 5 B 7 (Principle
Component Analysis, PCA)"™" il Jay & £& ¥ 4 A i
(Locally Linear Embedded, LLE)""" & fi# v “ 4 %%
JEME” (0] AR e 46 )7 s o PCA 2 — 2tk
B B0 4 Ak B 7 i (RS B TR H R 22 B n] R 2
AN LLE AT LA B 3l DA s 2 50k b 2 IR L ey
TRHEFFAE B X S 5 (ELIE o fURR . I 4E R, B TR T
SR BT S R 8 I 2 R (A A
YRl R E AR ) AR AR AE R 48 A RS
SRR RAF R TERE . SR, B B 4 A AR
4 i i P T 2 JBOCA 28093 2R AR AR I 5 B 75 3 58 40 1Y
FIF I 58 UL ) 1 40 4 B 28 9 4% (Convolutional
Neural Networks, CNN)"*** 1 37 4 [i] & #L (Supper
Vector Machine, SVM) 4 28 #8178 43 JE i AN g
RICB| EA R AR 2 ROBEF B o BT Bkl &
YEW o3 2 P REAS BR 38 31 52 s 1 K - o

N T R Z i HH PolSAR HUdis Xt 4 1 ¥ ik 47 43
I LA D YR H I ME " 1Y [B) 8, B SR T T —Fh
M 2 1 F B H g i 2% (Sparse Auto-Encoder with
Non-negativity Constraints, NC-SAE) W 4% it 17 %
TERE4E , 32 BUA RO AL R AE(S B . R a1
— N~ Z ROE R AE 5 28 B 4% (Multi-scale Feature
Classification Network, MSFCN) 52 3t & 1 91 1 4>
PR, KR T ARAEY 0 53 25K

1 7k

1.1 PoISAREIEL

A A LA TR ik T E U H AR S ] s
55, LIHH HV . VH il VV iX 4 Fl 41 4 5 2000 5 5
EFIARAL , Ho H o AP, Vo H A SRR

1B MME R W BUNE RH — A 2 X2 SR S 3R
R IX AT OGBS L U L
Sun Suy
s=|m 3 (1)
O Sy T E R R KT 3R B AL O R
[F) AT o SO HoA 2 4
I I X B R B Ok B Al T DL AS 3 H AR R AE 115
i, T PoISAR BUHE & & X B8 , 45 6 5 1] HUH
H 5y @ B0 OB Sy I ALSE T Svu, R i 9 Bl
JE 4 AT LU 5 Ol Lexicographic S 7] &

h:{slll[ ﬁsnv va}T (2)
S T A REE LT/ 2 84 B2 R 15 8 5 10

— &bk R R AR D Z R CRRoR T
C=hh"=

Suif V2 SuuSiv
V2 SivSim V2SS | (3)
SwSin V2 SwSiv IS
A b bk B RO L

SHH Sj\
2|SHV ‘2

1.2 FERMEARKR B %G (NC-SAE)

NC-SAE J& £ A 4 it #5 9 FEfih b & R hi ok, 2
B AR 1Y 0 W A o) Sk L H AR R (R
FIREH T B o B2 1 G B I 2% B R A 5 A
M 3R AR : G B A% S 2 AR o A S R
D) 265 R ) o T B R AT I 2% I 2 e 4 S B H AR
PRIES I B /AL B bR R Bk A 5 R =z R R T
iR 2 KRN

1 & 2
Jmse:%;;[r[(q)*z,(q)} (4)

KA Q MINGAEAREL ;2 (q) R EE ¢ AFEA 1) far A\ %)
W52 (q) W g AFEAS B AL i 1S o

NC-SAE J&7E A i i & 19 H A5 eR £ 3850 2 4~
LIRS B, B — > 2 R IR i 24 O

IL—p

%2 o ) 2% Ik R LA R 1 i Sl
JEU L H B2 SR E A s 3 e B R 2 1 B
T P28 50 > BUOk 15 0 D) 28 1 s e 1 R KL
(Kullback-Leibler) # & pREL R IR o

ATLLE 22 o (Wi i 250 F1 o CF 06 1)
TAHSE I, Q08 T 05 249 P 35 A 22 BRI, Q8K

m

Qszplog(f)+(1p)log
Li

i=1




IR PNEIE S

56 AEROSPACE SHANGHAI (CHINESE & ENGLISH)

A5 39 % 2022 4E4S 3]

55 2 A AR I AR P 200, HA R T A 9 45 31
Gl B A A R

oSS o

o) (i w, <0
Plu)= 0,w,=0 0
KA cw HEUE ; CHEEL
25 TR ,NC-SAE () H A5 R ECR /R W F
E=1J.+ a®.+ pa. (8)
Ao Ry AR UPE L IR R B B R B 2 Y
i
R FH Bl B3 B =X (8) H A bR 8P B AL
Fif & AR

w(k+1)=w(k)— 7y ok

dw (k)

o (9)
b(k+1)=0b(k)— ﬂm

AR R B H2E ST R
K FH 5 22 I 1) 4 4 2 51 = (9) b Y i S
e A i R, F AR 2R BO U 1 D T 500k
OE /.. 2D, 20,
w?  ow? dwy Jwy
N7 R S RO A AR K AR 22 0
FE R H bR oA BN A A p 28 o0 BUIE R S 50, B
0L 0E/da , 1# F 8% 21 MR A 07 W F
<z>_a]"lse 92 —
dz; 3a'?

1 Q
EZ[zf(q)—xf(q)]f’[aE-”(q)] (11)

v YOS FRON TR R- S g8
S (9) & —A> sigmoid bR %L, — B 1E B logsig PREL,
MR

(10)

1
(x)= 12
f(x) T (12)
AEARL M, S ook A A A 22 TR 25 0 AT AT
8{1):zﬂ:a]msc aaﬁ'Z) ayl + % ayl —
i ~ 3a§-2) Ay, 94\ Ay, da'"

n
f’(agl)) 25;2)"60](-,2) +
=1

EQ o 1_107ﬁ
i=1,2,...,m (13)
R, 2 (10) Bf Fm Tl

oE

=) )
SRIE X g i R A S BCR MR T -

JIE

awy)=6§”xj+ ar(wy) (15)

Y T o0 2 A 65 23 B H bR R EO0 B S 5

R
aa::):é‘”’,Z:l,Z (16)

1.3 SREHSESEME

& i 1 MSFCN (14 B 25 25 44 4n &1 1 s, H &
BLALEE 3Ny 2 R FRAE SR B FRRAE LG 5325
e, AU G RUZ h 24 6] K/ 0 4 FRUZ 4 BUR
A RCBE B RRAEAR B, 5 SR 5, B AR A AN [R) R B2 A
TS B FH concat |2 AT BG40 252 1 i A )
P 3 5 5, oK M softmax R #4743 2K o H i, MSFCN
AALF) A FLUZ Hh B A 5] 4 FRAZ 4 B 22 RS A AE
S, T HL AT DA B 30 4R ] 2 1] Y 4 Gl 2 1

I

Bl1 ZRESESENEEN
Fig.1 Architecture of MSFCN




9539 %% 2022 4E45 3 1

s, S BT 2 RUE CNNELRL ) £ 5 A PoISAR B AVEY 4 2% 57

2 ZHRER

2.1 EBHENE

o7 P 199 S 56 5540 el RO 0 R R 3R AR, R P
VEAR T4 7 5 0 4y 5 M BE . 050 XS T K
Wr v VI 4 45 B B Y Indian Head /N4, 22— 20 R
14 km X< 19 km B HE K3k o 3% X St & 14 FfoAs
[F] 28 7 () R AR A — A AR AE W " 25 51, AE A AR
Y72 ) AT RE S WA T PR R SR A A X AR SRR AR
Moy o S DX A A A A P R 1 B B LR 1.

F1 HRRREVEBREFEEZIT

Tab.1 Information statistics of crops in the study area
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Fig. 2 Classification results by different classifiers
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Tab. 2 Classification accuracy of different methods

N S I3 ING
WIR7S iy AFEAR RN
OA/% Kappa/ %

LLE+SVM — 65.51 55.48
S-SAE+SVM — 78.48 72.92

15X15 87.92 85.23
PCA-+CNN

35X 35 96.10 95.30

15X15 94.24 93.03
S-SAE+CNN

35X 35 98.25 97.90

15X 15 96.11 95.32
S-SAE+MSFCN

35X 35 99.06 98.87

15X15 94.23 93.05
NC-SAE+CNN

35X 35 97.91 97.48

15X15 95.21 94.21
NC-SAE+MSFCN

35X 35 99.33 99.19
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