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Abstract; Cotton is an important economic crop and strategic reserve material in China, timely and
accurate acquisition of cotton spatial distribution information is of great significance for cotton yield
prediction and agricultural policy development and adjustment. In order to address the problems of the
difficult availability of high-resolution remote sensing data and insufficient usability of feature information
by traditional machine learning, a CBAM — U — HRNet classification model was established to extract
cotton planted area, where U — HRNet and CBAM attention mechanism were combined, and Tumxuk City
in the southern Xinjiang was taken as an study area. Firstly, the Sentinel —2 remote sensing data were
pre-processed and annotated. Secondly, the attention mechanism CBAM was introduced into U — HRNet
to enhance the important features for cotton classification, suppress the relatively unimportant features,

and reduce the interference caused by complex background information. Finally, U — Net, HRNet and
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U — HRNet were selected to compare with CBAM — U — HRNet model to test their performance in the
classification of cotton planted area. During this process, two different spatial resolution datasets such as
Sentinel =2 (10 m) and GF —2 (1 m) were used, and the advantages of CBAM — U — HRNet model were
evaluated by using the best feature subset. The results showed the CBAM — U — HRNet model that using
Sentinel —2 remote sensing data had the best classification accuracy for cotton planted area, with mloU
and mPA reaching 92. 78% and 95.32% , respectively. Comparing with the Sentinel — 2 dataset, the
GF —2 data had higher spatial resolution and achieved higher accuracy by using HRNet, U —Net and U —
HRNet networks. For the two datasets with different spatial resolutions, the classification accuracies of
cotton planted area using the CBAM — U — HRNet model was comparable to each other. The CBAM — U —
HRNet model can reduce the misclassification induced by the difference in spatial resolution of the two
Comparing with the random forest algorithm, the CBAM — U — HRNet model had higher

accuracy in the classification of cotton.

datasets.
The research results can provide technical support for the
classification of cotton, and the fast and objective extraction of vegetation planted area in arid regions.

Key words: cotton; planting area classification; attention mechanism; CBAM — U — HRNet model;

2023 4

Sentinel — 2

0 3

AL 2 9 B T 0 R A, DI R R
A AE 09 233 4] 43 A7 155 B A B T S 1X. 2 A 3IR 24 ik
(4 SIZHEE , XA AE 777 Ml F9 T 4 2 S R A A 5 g 114
MHAEEE Y H R, KRR G S )
Q01 A 0 ol T L5 AR 3 3o S R A R U A
R4 T R . X P 7 R URE 28k 2 14 A iig
1, B 52 RN R T R R, — L
6 T e 45 S 1 AT 55 P R o e

AT AF S Bt 5 T0 2L 308 SR R 1 bR o i, T L
JEBHE AE IR ) 43 R 23 1] 4 9 R L O 13 4 1 4
FrA T T A O B A AR R 2
72 R RS A0 A 15 BRI A T RE. B i
LT GF — 1 TR B EGE AR, i 16 1% 3 {8 43 b7 A B
/INBE B 3 R S R 1A DX A B B %
TERNR A B 45 50 R 9 T SR A 6 i L 1T AR 31 1
AL AR, FHEF4E Y JLF HI - CCD Bl 1% 8
S 1 LG 23 2 W 2 2 v R R R e 5 A 4
VLT B 8 4 R A X 4 T M 2 R R T
il AL-SHAMMARI 22! #] B Landsat 8 42 4 %
NDVI i} ] 7 51 [ 4%, 28 3o {8 S7. 0t A48 46 4k 1 5 42 B
ST R 0, ) FH Bt AL AR b B e 7 T A 40 e
AR G i W 4y 2 0y R By 20 vk LR AR
S 490 161452 114 250 001 B30 0, 205 4 25 A 400 T 1406 900 o A
DX F 432, AN R 3 U 5 2 0 SUARAIE , 8 M P 4 2%
et VN L R

TR HE 2 3 7 v 0 S (A o B e TR R T e
(RJ2) WLas 2 ST HoR | RERS R IR PRI 15 8 3 S
AF 3T 4F e 75 A4 b 328 AR ) 4548 B A B 7 R T
ﬁj%ﬂ%ﬂ%‘s‘ 1) DeepLab v3 + f&# %I 2L -F Sentinel — 2
B $ IR BB 4 R 3 DX R AL S AR 78 At e

il

2k R KA Y SegNet 40 I, DeepLab v3 + H55 7Y i) AE 7
HYLE 18% . PHRWE - LR /RZEY T GF -2
T EEE R Unet [0 45 455780 42 B LR 25 b A 356
(R A AL b S AOHE BT Gk 3] 84. 22% , 85 S 5 1 AL
TR ATL AR AR AT 3 S5 B v 11.93% A1 11.73% , LI
SV GF - 1 TR BRI i Y DenseNet
Do 28 234 46 E A AL H B, 9F 55 ResNet, VGG | SegNet
il DeepLab v3 + (43 45 k47 1 B AL
4@ o 7 HRNet 9 4 b 4 i CBAM 7 2% 1 L
il fiff Dk T 2 JE PG b 43 2 v A A S0 H AR Z ]
(AR R A P 1) 8, HRNet /R0 35 4F R #2119
e 1k ) 4% HE 42, 7F %5 4 TN b BAS T de 4 1 AR
SR {H HRNet 75 X 3% RS R A7 75 — 52 11 4
SEG. h TR X — W, WANG &R U
RS o BEAE M 4% (U — HRNet) , I 7E 2 DB 4R |
WA T AR 1 43 R R0R .

Tk A TR B G R B B TR R AR A
AN 5] T B RO R XA T oy LR, L AR e bl
i 2 2 SRR B O 3 B RS BRI AN
B A S RE ) A B4 ] 1, AR SC 38 BUHT 8 4k
FR AR KB R EF 5 1 4E S B bR X8, 8 2 4R
Sentinel —2 T 3% A4  f2 i — M R FHERER
JIHLH CBAM ) U — HRNet #8034 F 0w T4
AEANE M H R B, BT Pytorch - 5 5 @ R FE 2 )
W 2% #5570 | 365 4F CBAM — U — HRNet 455 %1 X6 45 6 i A
Hb AR BUPORS B, DA O T 5L X RS A Ak oy 2 4R
HERRE

1 MREBRSHE

1.1 HRXTER
5% DX ASE T 7 s A 7 g i S AT B — Uil R OKR &F e
T (39936 ~40°04'N,78°38" ~79°50'E) , i% /i &



11

Wy 4. FETF CBAM — U — HRNet U il Sentinel — 2 £54f5 (14 A7 A4 F A 1 B 4 B 161

S T 9 M DX EE A I AN 2R 7 e o PRLRET ST A
TR AL g RERE B F M VG, 2R TG A K ]
e b AR D (BT 1) o i 34y 2R g 1) 4 e fh g
J& T LAY 4 RO RE R AR AL SRR IR A
R SRS A M TR AE T8 il 2 = FRL R

| 7 .
75°0'0"E \ 80°0"0"E 85°0'0"E 90°00"E 95°0'0"E 2
, .

50°0'0"N

Z
"
a

40°0'0"N

35°0'0"N

DEM/km
QL IT03D 015 2.6 4.0 80660
80°0/0"F,

K1 WFSE XA B
Fig.1 Location of study area

B EF 5l B AR VR 2R & /NFE L OK Rl
o Z/NELEA4 HTFRMS H EA#EAHRT LT
A ER ARG . EAKE 4 AR N a#%F,8 A
B FRAETE 4 7 FA R LS R .6 H iEAGE
.7 AJT IRt AZER 1,8 A N A1 & 9 H &b Tk 2
Wio 7 A8 HARALAL T4 e A K 9 A 4B b
Tk 2R e I AR A ) AR 3 A T R
1.2 ¥EKRIE

PEHCRR 25 7y i I 2 T (Sentinel — 2) 4.
Sentinel — 2 1 B WL I 10 A2 485 47 22 06 % AR R B¢
( Muti-spectral imaging, MSI) 3R BOG22 K%, 5% 13
AT Be (3R 1), 635 e Be N AT I O 21 4 g 2141
Gl 24 A 10 m B (B V2T ER AT 41 ) 56 A4
20 m ¢ B (R BLT I B BE 4 7 BE SWIR 7 B
2 KB 33 A 60 m P B TR IEAE = 17
M, 2316 73 B3 10 m fff Sentinel K4l B A X 5k %
AT (451 20 38T 4™ 5 R Al ) AR A0 R D 0 9 .
Sentinel — 2A Fl Sentinel — 2B X & B [a] 308 M) fii 15
Sentinel —2 #4545 5 d W LLEE BT — I, 780G 18 &
U, Sentinel — 2 45 1Y 3 A £1 34 % Bt (BS . B6 Al
B7) 4 B T 4% 5 18 S AL W W) o R T
Sentinel — 2 [ 3 B $AE T H 5 25 (8] 43 BE | B
] 43 P2 L K LT W B ol Rk . TE A e 9 T
B3 SRR R, Sentinel — 2 (9 I [i] 43 B 38 4 1)

85°0'0"E 90°0'0"E

75°0'0"F; SOOI

i AL AL T 48 4% Y Ik A S B e, HAARE i R
o ol B, A AE - A 3t =2 ) ) 22 I K, 1
P S S B A6 b AL DX R S 2 0 4 Y e A 40
DRI It 328 495 1) T2 0 JE R 1 A dh I ) S A AEAE B 0
A7 He ).

#& 1 Sentinel -2 i F S

Tab.1 Spectral wavebands of Sentinel —2 satellites

Sentinel —2A  Sentinel —2B %3 [a] 4y

PR IR UL K /nm UL /nm - FER/m
Band 1 Coastal aerosol 443.9 442.3 60
Band 2 Blue 496. 6 492.1 10
Band 3 Green 560. 0 559.0 10
Band 4 Red 664.5 665.0 10
Band 5  Vegetation Red Edgel 703.9 703.8 20
Band 6 Vegetation Red Edge2 740.2 739. 1 20
Band 7 Vegetation Red Edge3 782.5 779.7 20
Band 8 NIR 835.1 833.0 10
Band 8A Narrow-NIR 864.8 864.0 20
Band 9 Water Vapor 945.0 943.2 60
Band 10 SWIR — Cirus 1373.5 1376.9 60
Band 11 SWIR1 1613.7 1610.4 20
Band 12 SWIR2 2202.4 2185.7 20
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Tab.2 Extended characteristic variables

PR RRAE R AE SCHk
- X Fik = )
ETI s
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REP [1]
(B(,_Bs)
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GNDVI (Bg =By)/(Bg +By) [20]
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Tab.3 Comparison of accuracy for different classification

models using Sentinel —2 data %

[F8) £ A 7 mloU mPA F1 {5  #EFgR
CBAM — U — HRNet 92.78 95.32 95.08 95.26
U — HRNet 90. 85 93.27 93.23 93. 68
U — Net 88. 69 90. 67 90. 56 91.73
HRNet 87.56 91. 88 90. 45 91.29
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Tab.4 Comparison of accuracy for different classification

models using GF — 2 data %

o0 2% A5 mloU mPA FIfH W%
CBAM - U — HRNet 93. 86 96. 25 96. 63 96. 86
U — HRNet 92.73 95. 84 95.76 95.21
U — Net 91.53 93. 46 93. 84 94.76
HRNet 91. 86 95.28 94. 64 95. 88

XFF HRNet 17 | D) GF — 2 BI04 347 4 750 4)1] 45
75 3 1 I 26 K5 B 55 Sentinel — 2 B4l A B HE T, =
22 B HE G R 22 (H K F] 4.59% , U — Net F A1 K
Z o PR A [H] 43 B 5 0 12 BB 4 AE CBAM — U —
HRNet [0 251580 [ IRCAS (4 8G B e R H2 3 (181 6) , &

U-HRNet
F5  F:F Sentinel — 2 EH AN AR XA 51X 3 A% 38 1 DX I (4 418 A6 412 B 25 2R

Fig.5 Cotton planted area derived in three representative regions in study area using Sentinel —2 data
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Fig. 6 Comparison of accuracy for different classification
models using GF —2 data and Sentinel —2 data at different
spatial resolutions
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Fig.7 Spatial distribution of verification quadrat using

GF —2 data
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Fig. 8 Spatial distribution of cotton planted area for two classification models

AL CBAM — U — HRNet [ 25 01 Fifi B 2% AR W it 550 12
MIRCR o FAE SR BES R RIFMMFE AR 3R 5 s .
x5 WEHBRSELERRIVEMNIER
Tab.5 Evaluation indices for classification of cotton

planted area

) 45 155 7Y FEJ %S OA/% PA/% UA/% Kappa Z%L
BB 1 95.8 96.3 97.0 0. 88
BEH2 92 89.9  94.3 0.86
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