H %R %

236 5,5 4 )
2024 4F 12 A

REMOTE SENSING FOR NATURAL RESOURCES

BoE Vol.36 No.4

Dec. 2024

doi; 10.6046/ zrzyyg.2023150

SRR 2 I3 QTR BE A B SO0 R 28 A R 1R 0 S b o U e —— LA RE X I [ )] A SR BT B IR, 2024,

36(4):210-217.(Su T F.A comparative study on semantic segmentation—orientated deep convolutional networks for remote sensing im-

age—based farmland classification: A case study of the Hetao irrigation district[ J].Remote Sensing for Natural Resources,2024,36(4) .

210-217.)

R I 2 R Sy 1) W 2% A 3R R 1R
G2 X LR AT
—— LTS

(NEHERIAFAFE L ARFERAIR ¥R, FMELE  010018)

BE: eI LR B ARSIV E Y 1 23 [0 A R B BRI (R B . A TR R IE R h R AR T A
SEARIOZIAT B IEA IR Z — BAR FI T P AT R B R s U B R O R T (H AT AT 52 B9 4 1 73
FAKIHEA —E Bk, 23R T 3 KA MRIER IR L HIBEL, A4% UNet, ResUNet I SegNext
X HCHAE S X R — S B G AR LR et RE . 78 3 Ik MNELE Y, RSB 1 9 Al EAT AR A2 2 1Y
BB, LM 45 I 28 S5 A A EAS TR SR A 0 26 b B PERE 22 57 | AT A J 45 B0 AH S ASE B AT 5 B A3 — 26 R A0 A8,
B SRS SCEGAE R UL, HAT 6 J2 LS SERE 1Y UNet JUR T H 5 (1 EURS JE (88.74% ) , TiT 6 J2% SegNext IS &
72 (84.33% ) s LA Fr i BB R FE A9 2 ResUNet, fEXT T IS0 KO 4, ik AL A 4005 B G e o 7 s 16715

BRI T , ResUNet 15 KT 73 4h 2 285486
KB R R IE A A T A2 S X
FEESES. TP 79 XEIREERD: A

0 &%

MR 22 AR I KA A I E 2 A e, R 48
TPk SRR SEAL 2 —, BRI 2 4, Rt AR UK
M2 () A e B R AR W 20, I %05 B AEAEY)
A A 7K AT BE AR WS F5T 0 25 5 1,
HATAR W BB S PRN O B, AR T DX ) i S
By, B BAUAL R £ 2 4 i D Y b T
Bt BRI, AR IR TORS W X A3 R R R 2 1
VEUMRIHAF AR R, X B2 th T 2 7w i
R CFERY MR A T AR MR B,
RIS VR0 AT A B9 18 OISR AR, S B R
IEIIRE - R 5 RG22 ) BEAE A T o Ja
AR X ERUE i TR AL AR B
ENATAE SR 22 5%, Bl [F) AR Ak T AN TR B 2R AR By
B, T 25 70 AT 554 SR IR UE

O it LA ST, — A A HLH B R AR A

K B, 2023-05-23; 1&iTHH: 2023-09-07

TEHS . 2097-034X(2024)04-0210-08

L7~ 7 AL VRO ERE . HATE 3L
A 5 AR H R B AR Oy R BRI Y, KRBT L
I3 R 2 25 TR G ) RS R TR
SRR, BARTET AR5 T R H I AR SR AR G
TAEBAB A E . You %" | FHBHHL AR K (random
forest, RF) B ¥ 5 Sentinel-1/2 WY R 8HE , #4777
PRI ERRAE Y BRI 5T Hao 255 I FH 25 4k
A e Xt RE S0k 1714k, HRAIX 73 Landsat8
55 Sentinel -2 I} 515 b (R 4% T 2 31 9 4k 204 ik
BT ZFE AL (support vector machine, SVM ) 57
KIS T LR 2 AL B A A
Yo SAE BE (IR  Gao 0 HEH T — Rl EM A4 K
Xt 550715 I H 5 X 2 % SVM 5k 1A% pR 8
HATRLG, JF T U IF R T Sentinel -1 B 724K
AN 0 525 G ZE L fl A T Sentinel -1 5
Sentinel -2 FIR 7504, I AR K 1) RF Bk,
XA R A B R A T EAT T RIS

PAEWFSE EELL REF 88 SVM S Bl R, R

EEWE . ERARPARE T H XS OR 2 > B HE X R 1R B R R B RFR” (45 :62361050) FIPI 58T H iR X 5 4%
SERG R R R ARSI B X G2 90 52 > BT DGR IBRAE Y i 2R (S5 . NJZY22495) FL R B
TEE BT B R(1987-) , 3 4, SCEe 0, =2 G R B AR T SR 2% 2 BETSY . Email ;stf1987@ 126.com,,



55 4 4] PNl

TRIE GBS SR 28 A T3 G (800 ISP X HEBIE 5

DL HE Xk 5] <211 -

RO BT B 1 03 20K T 45 AR 168 FH
JIE A RRARIRTEAR KARE 32 i ARRIEM 2 (152
M), 33X (A5 TP e S AE S I 2k Z i T e AR T2
(feature engineering,FE) L FE BRCR BT R
M SHOR, EIRZY 5T, P m Tt FE
TRV H JE R IR AEER &, LLJR AT BB XS Bis #4758
IR, RN, A ZHRHIER 5 BTG A I
MR ARG N a5 SRR ERE . ARG 1)
RS HR BT FE L3R, 81 58 IR 1 AR 5¢
STF 3108

TRBE 5 2 BRI FH 22 2 UK 1) 1 28 T 24 SR ) e
oy BRI S5 R Z R DE T AR B AR
IS HAR U GE 11, BB ZE 4% (convolutional
neural network , CNN) A AL 75 19 5249 %5 9 Ak 2E g
77, B TR 27 2] 18 38 AR 43 B U i) 3 i 45
T Zhong %74 4k CNN 5 &k MENLIA 45 4, IX
O3 T RIS RS P R AR HAEY S Liu 251 s
T 3 Fft CNN 7EA g B AR o 2B PR R, SR 0 45
SRR T4k CNN BE & 2GR 5 Gallo 55 I I =
4t CNN X B RAE LB I i 2 AR 4T 1 0%
WS Li A5 T X 1Y Sentinel -2 I
PP, of e T LR A2 A B2 5 CNN IR B2 4 2] 1A
(£33 UNet Fl DeepLabv3) A9 4% H 432K BE 5 147 0
FUTHE T CNN BRIZE S I AR A B R
T I JFAEAL T ) R AR R A FH 3 28 rh U 1
BRI,

DL ERSE Y 18 G AR 1 AR H A3 S Bl b oy A
T CNN i3 Lo B R, H AT, UNet 521 ] CNN
HEAT TR o B TR A A AE S | T 2R B 1) R AL Xof
HAEREM MR AR B0, ST, A BT e
FU UNet AR LE 0T, X RHZERE LS
IO FH AR BA B 1 S BR i S

FE UNet" "™ By 3Efth I ResUNet SEAIZ JE T2 R
JEFR R LE R | SegNext BERIZE A R T 2 R
JERREAR IS B (R I ALH Y R AR
K CNN WF5¢ b BLAR AR A 0 Bk TE AR B h T
T GRE A ] AU) SC B ROR AR R, AR
SCHHL T IX 3 AR AY I A T DX O PR
SR, LAY UNet Ry 4 XF HE A 158380 A 4 4 X
SIVERE , LA N J5 22 5 TR B2 19 2% i A FH 8 SR 1R
OYRMFARME SIS SHAR S,

1 ETREERW L% mE Lo 3

1.1 UNet iEX 52 M &2
UNet fie it 9 H T ES2 G 0E X0#E, ve T

2 LB i 2~ T AR ARG 2 B G STARAE
AR B SGAhGe Tk Bt 25 X T i B ) b G R AR A A T
BJZ IR, LB TS () 2055 A BNORG BE . F 1 R
T—AEA 4 24500 UNet 1 o3 RIEAL K @
FRSKE AR, iy AT DL B g A e Y 2 0
TR R E A 8 S22 A7, E 2 ) 48 2 o Bl 2 4
N G RE IR AR AR BT A 2 ]
R TEHAE A () 2 531 641X 73 B2 7 T AH R 548G 5 A
B TR H AR IE HAT B0 A2 X RE T, (H A
TR TBZJRERA T, BT — A
) 495350 SRR AR 55, UNet K 25 5 4% -5 Ak B 65 1) i 11
HATRIZERE (R 1 B BRER 4% ) , LU THE S
HFIEE

N
Bk
El1 4/ UNet BEIPIEARLEN
Fig.1 A backbone of UNet structure with 4 layers

— M 7, UNet 4G54 FH— RAGE S ik
PR B, H T R TERRE Y A, S A IR
TEHAT G 5 SAt, FEA SIS UNet 1, B2
R SeE AT RIS B AL AL YE AL AT ReLU 3035 pRi
B, FL P R R R AR E A T 2 B A B 0 4
VISR L )2 g it 2 R 5], FL s A SRR AE 1Y) 48 B 2 (S x
2L—1 , HX2—L+1 , WX2—L+1) ,ﬁ%mjﬁ( SXZL , HX2—L ,
Wx2h)  Hor S RRHIE Y =F & AL E $, K2 AH Gt
SRR E R 32,H 5 W IR R R A AT
FEERITERE . TE50 — 2 A% A8 Z 00, A SCH A 1x1
R IR IR R B B A R S,

UNet HffE a8 EZAS 2 N EAE . sk B G I
RS ) (2= v ey 2 TR S DO DIV
= Gt 2 i L0 AT 5K S AR N, P O AR R
Fr it — 20 BRI BRI ; 5 28 R Ok M 47 1 53 1 %
FI AR U RHIE R AT 23 ) 48 BE 0 i, B 2 A 28 1
X[ e R AR 2, 40 5 i AR IR B4 e i B A
PR %) e JBE R B

TEA B 18 JRSEAR 3 A S0 v, R4 4 i i 5 i
28 1 20, A SCHESEHL T 3 FIEAR[Y UNet 1 L 53
EIREAL e BREEA 4,5,6 4 lith B BN A
i BE i) UNet B84, R 0ol 8 #R A UNet_14,
UNet_L5 Fl UNet_L6,

1.2 ResUNet PZ& 454
Xf HE B Y UNet, ResUNet 54U 3 A .

RIBET B



©212 - ERE

2024 4F

TER— 20 gt 5 i g b A S R E 2
Ja BA — A2 RS 22 i e, DLk T 24 R
ARFIE SR I ; 7E St % S5 s s i e Jm — )2 B T
PSPPooling' " ¥ J& 22 R 1) 7 HE F 4 3 X 4 —
JERYBRER 4 , (] 15 IF A BIYEXT 2 A A sk
EYERFIEAEE B EfT B IBE FE A 11 B R BRIk
Je WIS T 48 B R 45, LABR DR T — )2 ff 5 B B 1Y
5,

TELA b 3 A D7, i B ) e 2 RS AR 22 %
FEREH | oA & ResUNet fi 32 5 [ FRAF S EER T,
HA e 2 fros, Hrb, @ FoR kR AN BRC
s — M F I HRAE AL S HEALYE AL Re LU 303%
2 WKSECh d B i 230 B B RE A% 11 4
KIESZ BF A B R D 1 S 40 s d g T 251
GIESZ ST BN d T R R R PR, Ok
d WG G Bl 2 M 25 B . 82 B0 A e
FJEA A PSPPooling, ResUNet HYHEH & E X T 3
PR .6 DYt )Z 5 f# A5 )Z 1) ResUNet (F SCTaj R
1 ResUNet_D6) ;7 1~ 4wt = 5 f# 5% /2 1) ResUNet,
HAERR G — 0 Gt B B 18 5 AU AR PSPPool-
ing( N LT HR A ResUNet_D7v1) ; 7E ResUNet_D7v1
Ry LA I R PSPPooling X 4% J5 — A~ 4 i )2 1) #in
HATRAE SR I SCHETFR A ResUNet_D7v2) o Re-
sUNet_D7v1 5 ResUNet_D7v2 A L%} Lt H PSPPool-
ing BIHAIEZR . X5 T AN G2 1 G 6% B B ik 5y
B, d W LR 1 s,

LN
dl + dz + dk
[sic]  [mec]
v ¥
| BRC | | BRC | BRC
T T .
SN
U
v

2 ResUNet HiY & RETR Z EH#ER
Fig.2 Multi—scale residual connection module in ResUNet
#& 1 ResUNet F=EERBBKSH 4 HEXER
Tab.1 Definition of the dilation parameter d of

the atrous convolution in ResUNet

BH d
T = i1, 3, 15, 31}
B2 i1, 3, 15}
FHNEE {1}

1.3 SegNext 484544

SegNext JF O ¥ i £ 11 T & A i & )
Bt R R 22 RO B AR SR B AR Vision
Transformer MY F 7E & 1AL, DR BR T L7
FRPERE . AR SCSEIAY SegNext 5 FEA UNet 1945

FEVARMLL , ME— AN [] (8 2 A Bk A S 0 J2 ) SE AR
Je B B A T B A TR BRI AR 1Y
A 3 o, 3 rR @ I s sk AT
IS HBL C(1xd) FREBRAR/PNET 1xd TRE
AEER, 25030 1xd 5 dx1 BERIEENT
HEAT 20 FOBE AL £ M ; 33 b 2 -5 7K F- 07 1) ) 2608
G, TR D SRR 5 15 2R B
T dxd BIRCR; Boh, SR G BRA B T 40k
MR RE SR B, 9] G 3 g T 2 A TH 28 03 SR
B, WA BRI, 2 — P R T S8
i, s i A KU

RN
C(5%5)
1 Y
] [
C@n] [
Y

Y
DT
B 3 SegNext FHIZ RELERBIEFENERE

Fig.3 Multi—scale convolutional self—attention

module in SegNext

ARSI T 3 Fl SegNext W %%, 435 & H A
4,5,6 ]2 g g 5 A RS d AR A T S04 A A
FX M . SegNext _14, SegNext _ L5, SegNext _L6, X} F
SegNext H1/ L7 X450, d SH0R B2 A5 T R 1R
SegNext HAYE L. {7, 11, 211,

1.4 KRB SERI %

ZYNZEIEL UNet FYTREE CNN R [ |y 3 22
KK R 45 Cross—Entropy PRZLHI Dice 5
ek 2 Fl, BIEAEG SR 2K PRI E )z,
1M1 J5 A5 8 518 o3 RIARE AT 55 th s 3] 1Bk 2
f7E, Diakogiannis 2251 7E ResUNet I 25 4
T — B E AN Dice #5155 PR, AT MRE L3 #E1I
GRIWCSIGHEE . ST, A SR FIZ T R ke i 4
KRR, HBEATIE AR
Th(p,t) =

C

N
1 2 n’ % Z Pij Xl
1 - x . k i

N N
> ol x| 2 (P +154) = 2 Pis X1y ]

(1)
Tl;ice<pat) = [TDice(p9t) + TDice<1 _pyl - t) ]/2’ <2)

U ep A e 23 530 D S0 ARE 3 (L 1) 5 S PR b
(B & p, 2, I3 BN L ME RN T4 k265
BN 5 BB AR RS, A& rTLAZEL O, 1] eI
HELEIUE, TG AU 0 3 15 ¢ M 2EHIA 8GN

2



FaW T K, IREEBRE S E W 48 A A H 8 B 15 0 2 B LAl DL HE Xk 5] . 213 -
T AARIRZE BB, W b AN EBIIREARSL R 256256,
A2 (1) 2 P 2t e A6 A [ 28 5 A 25
2 SRR ZER R 2 HEREEELBLE
R U 25 R AL & T 100 /> Epoch,
2.1 HIRE

HEAER batch size ZEOXE R 4, ASCRHT Ad-
am L AT S HR AL, L B, , B, 5 AN E 1R
Ry W E N 0.9,0.999, 1E-3, AR T
multi—step learning rate 91|25 5B , i learning rate
SHERT 50 55 50 4~ Epoch YR/ 556 1E-
4 F1 1E-5, DASORBERIZE S5 2 B BOm N ZRa0R . A<
SCH R FH AR AU ER S AE PyTorch HEZR R 52 LY, 5K
¥ 5F- 45 BC B M Intel i7 12700H CPU @ 2.3 GHg,
RTX3060 #% 3l i GPU (6 GB W.7%), 16 GB N TE,
Windows11 #4E RS0, FrA AL A 5K 12 14 25 (8] 4

AR R 3 R B AR . WorldView—2
FRHL, 23 [0 FER R 0.5 m, A ILLLAN 2006 56,
Wt 4 MUEE, SARRRTTEI 2017 4F 8 H 5 H,
HULDZ 45l N41.010°, E108.155°, )5 4 608
BEX3 072 1R &,

AR SCHIIF S DI T A 5y 0 22 it 2 T ) T
B B T HE X R E L, B ok R
T INELEZ VY, K 4 % B SEE S REA

MR E
[ XS
0 %=w
ﬂ' 3 . W&
- BERE 7t
~gz| W@ Hih

(a) WIS KRR

(b) HEA%

4 MARBEERZGBESE
Fig.4 Study area and the remote sensing image dataset

ARSCHFEAR G HE 5 A 2], Fok 38
18 N AREY R oA, A SCRIREA I h 3
AL BRGEIN

1) SR Ay 38 S b B, A T 5 X AR R
i ALY 7 AR R (B ) .

2) BOU#E, MRS REEER KPR 1) 153
MREATERE B AR Th HEAT UL T, S B LA 6 B2 11 s
BIRER,

3VREARY FE, 19K 2) BFERR I fE e AR
AT REA R, X — D B e M T 2 RO 73 B4
AU Sk [ Bk SR ECA P B fof BRE b A B AR
PR BRAEERTT A0 AT G 3 4R T A T B R A
IIFRERCR

5T USRI R X L R R BT A B R 4y
JoNRAE BaEsE A, K 4 B T 3 R AR
S AL, e gE IR 200 T S DI 2Ry
HESEOIA S AN R Bk AORS BT LE, HroRs B2 A T
BbRE K FH A9 J& SRS B (overall accuracy, OA) Fl
Kappa Z %4 ( Kappa coefficient, KC) ,

22 SKWEE
N T TR 3 TR A R 2 A T 1 DX i

AT E B RYERE A SCIT T 3 5 TN SRR ARG
JEXS Fe oM N5 3 406 KUK 23 B LA i 34803
O3HT. S 1 FE AN RE TR B B2
FL45 OA Hl KC, LA B iR 5 e 2 IX 70 38R i A 7
FRGE (producer accuracy , PA) 5 H PR (user ac-
curacy, UA ) ; SC5G 2 FE LN R B RAE I 40 12
BRI X IR 5 R AR,
RIFHTIE AU B IR LR 25 3 XA [H] M 45 113z
BRCRIAT TR, R AR R R S E
BAP AL R TE 1R AE B (giga—floating point opera-
tions, GFLOPs) ,2 /MR B RLEE 4 0 (R, Fo7m
R A 2% P B iy, %of I TR RAR AT

3 SRR

3.1 EERBEXLE

K5 R T4 AEIA R AR B AR 4k,
HRAEE 5 (a) F(b) B i ARl UNet_6L, H:
OA Tl KC 535 J2& 88.74% F1 0.836 0 #F B £ 22 1 /&
SegNext_L6,0A Fl KC 5332k 84.33%F10.769 3, Xf
T UNet 5 ResUNet, 5515 4 B (138 Jonn 12 0 HOKG B2



©214 - ERE

T JA% 2024 4F

4

FETF SR, X T SegNext, AR H: 5 JZHUAE ML T 4
2 HJE 6 JERR AN B T W R R, eAh X T
A JZ%LHY UNet 5 SegNext, HiI & BRS04 F 5
Fo X FEIEHA N SegNext 78 H AT H & SR

OA/%
b

R £ A2
(a) OA

K wBEE ok wdEERER W H A

o & AL A
(c¢) PA

R R RS BV, T FEA F M X L 2otk by
B T EE ) (A R ) K& AR IE Bk, A
T B G ) 25 7 4 1 42 R 7 0 T A AN 3 1k,
TS A A B2

0.84
0.82
0.80

a 0.78
0.76
0.74
0.72

EE-zoet
(b) KC
s EK w0/ wdEERER 0 HAh

P 2 A A
(d) UA

5 ENRESRENSBINEEEHEET L
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A comparative study on semantic segmentation—orientated deep convolutional
networks for remote sensing image—based farmland classification .
A case study of the Hetao irrigation district

SU Tengfei
(College of Water Conservancy and Civil Engineering, Inner Mongolia Agricultural University, Hohhot 010018, China)

Abstract; In the management of modern agriculture production, the spatial distribution of different crop types is
identified as important information about agricultural conditions. Identifying crop types from satellite remote sensing
imagery serves as a fundamental method for acquiring such information. Although there exist various algorithms for
identifying surface features from remote sensing imagery, reliable farmland classification remains challenging. This
study selected three representative semantic segmentation — orientated deep convolutional models, i.e., UNet,
ResUNet, and SegNext, and compared their performance in crop classification using remote sensing images of the
Hetao irrigation district from the Gaofen—2 satellite. Using the three algorithms, nine network models with varying
complexities were developed to analyze the differences in the performance of various network structures in classifying
crops in farmland based on remote sensing imagery, thus providing optimization insights and an experimental basis
for future research on relevant models. Experimental results indicate that the six—layer UNet achieved the highest
identification accuracy (88.74% ), while the six —layer SegNext yielded the lowest accuracy (84.33%). The
ResUNet displayed the highest complexity but serious over—fitting with the dataset used in this study. Regarding
computational efficiency, ResUNet was significantly less efficient than the other two model types.

Keywords: deep convolution; semantic segmentation; crop filed classification; Hetao irrigation district
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