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Fig.1 Schematic diagram of the geographic location, interpretation points,

sample distribution and target categories of the study area

1.2 HRRREHALE

ARSCR B2 2018 429 J1 17 HIY GF -2
AR, GF =2 Bt & 4 A2k Br (Z= Rl HER
4 m) F 1A @B (ZERIF R 1 m) | 558 ] ik
43.5 e 2 3 ] 25 ) 73 3R A i ) Pl st U0 T2
B o ECX IR AR R AT R ATIE | IE S IE 2 T
Ak B JE R 22 TN B A 0 i BUROE Rl 5 45 51 4 1]
IR N L m AR RIS, AT P A1 i B ) A 5
PEAE B R AE  TORSFAEIREA A& BIFEA R
{E T H. Labelme X #e i H A9 R A TR AAR 11 4R
FEARFRAE . T IR BE 2 ) 5 2R 5 247 I

R B AR SOR T ot B AR e i S
JEE S R 5 T R A R A REAS B s AT 9 7T, B
AT 8 000 sRIER K/ 25 3R x 25 BRI
Pa5R I 9: 1 By NN ZRER S B4R, 1
RSt

T HIVER AR R L RREA RS, AT
AR 3 AT R AL, T 2018 4R 7 H 3—12 H |
2019 £ 2 A 5—9 Hr B #EAT T 2 B A1 52 b i
A ARSI R L 478 A D5 20 4>, FF I
225 GPS AR iR A A 5., A RE DT A My
FREF o AR I P A1 9 A A 0 FORE 5 K0 o 28 3k B



- 244 -

2022 4

4 km x4 km 5 FEIE R 9250 XL, frie X A & & fh
FH b S ol Fel PR S 25 2 A ORI PR 55

2

2.1 Unet i X5 EIFEEY

Unet 015 R 1 3 > B 1941 25 5 8011
BRIz, A5 02 —Fh LR ) SR B — i i AE 42
(F2), FE BBy GRS A e e R
B G 4 N L ARSCE e CF -2 &
RENR A GZ M 28 vy LU, W A BHR G AT S hl

BAF it B 2 4> 3 x 3 FRUTE S Al LIgRAS
64 /NI Y HFAE BB, BRI 2 x 2 1468 AR T e
RABAE  FF USRI RN /N o S — 2 il H A 4
UKL 38 T R PRG35 B ]
BIDIZIEHE s SR)5  FEBEA TR AR, R 2 x
2 REBIRE B KRN, fE5E M — IR CERUE 5,
PR s B S E—Z 3R BB B R IR K T RS
HHRIEAT 2 K 3 x3 BRUSTE Rk U R4 15 45
ik, S SR R AR A5 deJm, 58 WA 5 A, )
FH Softmax % BRECAT 1 x 1 [ UK 415 R T2 9F
i o AR IA

I 64 128 256 512 1024 512 256 128 64
- — —- - - - - -
S 32 16 8 4 2 4 8 16 32
_ R =
—_— i
- =
-> > -
- > - =
— PN —
. NG => =H Wi P
- 3x3HR
-> LR
. BoEER - vapp S EEKD

&2 Unet &£ RER

Fig.2 Unet model structure diagram

Unet BERIVE N TR JZ 28 S HUR 2, ot ok
N A A GEARE A R BN B LK S
R BEL USRI TR e 2R, R
SCHREHER OR/INBEE O 4,27 2] R 9 0. 001, IR AR
Bk E R 100 K, A%, T Adam, Adagrad, Rm-
sprop,SGD 45 4 J&H AL 4%, 2 T A R ik
eV ZRAE bk s BB YRt 26, ani&l 3 B
G A 5 Xof TR B8 2 >0 5 B fie 2% 114 93 8 RO 52 Wil ¢

7
am 6 —— Adam
= 5 — Adagrad
E ~— Rmsprop
= 4t — R
g 31
><
K>< 2F

l E

0 20 40 60 80 100

ERIREL

3 TAEMEMERRYINIZR K R A RE R R B f 2
Fig.3 Training loss function value of different

optimizers varies with the number of iterations
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Fig.4 Loss function and accuracy change curves during model training
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Recognition of cotton distribution based on GF —2 images and Unet model

ERPAN Anwar' , MAMAT Sawut'>, MAIHEMUTI Balati ">~
(1. College of Geography and Remote Sensing Sciences, Xinjiang University, Urumgqi 830046, China; 2. Xinjiang Key
Laboratory of Oasis Ecology, Xinjiang University, Urumgi 830046, China; 3. Key Laboratory for Smart City and
Environment Modelling of Higher Education Institute, Xinjiang University, Urumgi 830046, China)

Abstract: The typical crop cotton in the Ugan — Kuga River Delta Oasis was used as the research object to study
the applicability and optimization process of the deep learning method in the identification of cotton distribution in
arid areas. Based on the domestic GF —2 images and the field survey data, the Unet deep learning method was
adopted, in which the characteristics of the Unet network’ s multiple convolution operations were fully utilized to
explore the deep — level characteristics of cotton in remote sensing images, thereby improving the precision of cotton
extraction. The results show that the recognition effect of the Unet model to extract cotton, corn, and peppers in the
study area is better than the classification results of the object — oriented method and the traditional machine

learning algorithms. The overall precision is 84.22% , and the Kappa coefficient is 0. 804 7. Compared with the

object — oriented method and the traditional machine learning algorithms SVM and RF, the overall precision has
increased by 7.94 percentage points,11.93 percentage points, and 11.73 percentage points, respectively, and the
Kappa coefficient has increased by 10.13% , 14.72% , and 14.60%

the Unet model, both the mapping precision and the user precision of cotton are higher than those of the other three

, respectively. In the classification results of
methods, which are 94.95% and 89. 07% , respectively. Therefore, it is feasible and reliable to use the Unet
model to extract high — precision cotton spatial distribution information of arid areas on GF —2 high — resolution
remote sensing images.

Keywords: deep learning; cotton recognition; Unet model; GF —2 images
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