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Fig. 1 Study area and the distribution of samples
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(a) AAFEH) 3t 1 3
(a) The block diagram spots of cropland
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(b) The block diagram spots of Visual interpretation
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Fig. 2 The block diagram spots in the third national agricultural census
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Fig. 3 The time distribution of the sample datasets with label /remote sensing images ( Abscissa is the cumulative number of

days in a year, 20 is the 20th day of the year)
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(a) The results of cropland extraction from MPSPNet
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(¢) UNet 5750k i 45 R 2 S (d) UNet BERUAH 2 P25

(¢) The results of cropland extraction from UNet (d) The results of uncertainty from UNet
B Brit B AR
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Fig. 8 The results of cropland extraction and uncertainty in Shandong province
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Fig. 9  The results of cropland extraction and uncertainty in areas from MPSPNet
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Fig. 10 The results of cropland extraction and uncertainty in areas from UNet
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Fig. 11 The areas of misclassified easily
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febr 2 [ JCHH B 25 5, BRI BRI X 2 55 11 2R i
AFNEAH S 5INGEEAR SR BUSCR T 825 5
PR TR A S J DI A 45 PP 4 A 2 i IR A X,
PR RUAE A PP H8 AR 2 0] 22 (/N F 0.04, MPSPNet
PR AE A X I OA{H . KappafH . PA {H 505 =
T UNet 7 | UNet #5270 75 45 24 X 3k (1) UA {8 3 0%
7 T MPSPNet #%1 ,
®3 SHRREBEINGESR

Table 3 The quantitative evaluation results of cropland
extraction in province and areas

0A Kappa PA UA

28 0.90 0.80 0.91 0.89

AR 0.90 0.79 0.91 0.89

MPSPNet

T 5 0.91 0.81 0.94 0.91

e 0.89 0.77 0.89 0.88

e 0.90 0.79 0.89 0.91

A 0.89 0.78 0.88 0.90

UNet

TR 0.90 0.80 0.91 0.92

RE 0.88 0.75 0.85 0.89
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PR AL X /B R b o) 38 8 A Ak 4 42 19 B
Hb P HORS E TC 25 5

PSR AE T A3 DF M 48 5 =2 0] 1 22 (8 /N T 0.05,
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Fig. 12 The results of quantitative evaluation in district or county
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(a) Landscape index of cropland
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Fig. 13 Landscape index of cropland and spatial distribution of quantitative evaluation in district or county
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JbEB I v DI AN TR G DX b S5 WL 50 v Y rh s
Fr g DX A S i 1X 5
*4 BIBEEHSHMSWEZNSXSEIT
Table 4 Regional statistics of OA in cropland

landscape index

PR K/ BAEL
FRELIX ] A MBI O A(R (0OA1{i>0.90)
0.00—0.15 60 0.83—0.99 091 43
0.15—0.75 37 0.84—0.94  0.90 28
0.75—1.73 22 0.86—0.93  0.89 9
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(a) 4 & BAHHENE LR

(a) Results of uncertainty analysis in Jinxiang County

(b) PR EATE N Hrahi R

(b) Results of uncertainty analysis in Yishui County
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(¢) Results of uncertainty analysis in Hekou District
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Fig. 14 Results of uncertainty analysis in district or county
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Table 5 The quantitative evaluation results in two test
samples from MPSPNet, UNet and OBIA-RF

0B-1 0OB-2 M-1 M-2 U-1 U-2

OA 081 025 094 083 094 0.87

Kappa 057 0.00 084 0.61 0.83  0.66

X781
PA 076 0.00 096 079 095 091
UA 097 027 09 097 096 092
0A 061 066 064 077 062 083
Kappa 0.00 0.16 0.04 047 005 0.65
X752

PA 0.04 023 0.04 056 0.14 0.80
UA 037 0.61 0.80 0.75 047 0.76

DRI AR (R IO, AR 1
H, M-1 AT U-1 B b 4 BORS B 5 T OB-1, M-1
FU-1 1 Bk i P2 B 2 R 5 S pF b T B 8 22 5
OB-1 19 Ak Ml $2 B 25 SR A 423 o0 T o0 Be s 43,
BI15 (a) Fim. fEMNAAE 2, U-2 8k e
KB s, OB-2 (4R BUG B e IK,  U-2 i i b g
RS BB A e, OB-2 BERIAEAE 3R
B o B oy o ISR A, AE AR 1,
M-2 F1 U=2 (kb2 O v 77 0B-2, OB-2 A& Al
JUF R BN X I, & 15 (a) B
TEMERAE 2, OB=1. M-1F1U-1 %5 34N ) 45
WS BE O 1 2% 5, OB-1 B AUKS BERG I, 3 M
RIFF R IEE A 5 B AR A K E 57
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(a) MRS 1BF BRI R

(a) The results of cropland extraction in test samples one

(b) PHALE 2 B st f e s 2R

(b) The results of cropland extraction in test samples two

N
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Fig. 15  The results of classification in two test samples from MPSPNet , UNet and OBIA-RF
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(a) 5 Feili B st SR

(a) The results of cropland extraction in Zhanggiu City

(b) &1l EAF BRI R

(b) The results of cropland extraction in Cangshan County

K16 BT I AL AR AR R 324G

Fig. 16  The classification results of models based on time migration
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Table 6 The time of district or county and the

quantitative evaluation results

2016/20154F  20174E  20164F/20154FH5HEE 2017 4FK5

i i) Fisf 1] OA-M  OA-U OA-M OA-U
L 2016-02-24 2017-05-30  0.93 094  0.88 0.87
Bl 2015-04-10 2017-05-28  0.92 092  0.87 0.86
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High—-resolution cropland extraction in Shandong province using
MPSPNet and UNet network
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Abstract: The rapid development of remote sensing image technology enables a large number of high-resolution remote sensing images to
provide good data support for the accurate extraction of cropland and other ground features. However, high-resolution remote sensing
images have large data volume and complex features, the artificial visual interpretation and traditional classification methods have limited
extraction capabilities which cannot realized large-scale high-precision cropland extraction automatically. Deep learning technology has
shown superior performance in the automatic extraction of remote sensing image information due to its strong ability to express features,
providing a new idea for the automatic extraction of large-scale cropland. Exploring the application of different typical network models in
the extraction of cropland with different landscape features is of great significance to the improvement of the quality and efficiency of
cropland extraction. Based on above, the study uses the 2 m resolution data fused with GF-1 and GF-2 in 2015—2017 as the data source.
Using Modified Pyramid Scene Parsing Network (MPSPNet) and UNet models applied to the fine automatic extraction of cropland in
Shandong Province, and compared with the traditional object-oriented method, exploring the applicability of two deep convolutional neural
network models in the automatic extraction of large-scale cropland. We also apply the trained models to the images of different regions and
different time phases for the extraction of cropland, and explore the generalization ability of the models. The landscape features of cropland
and uncertainty results are analyzed to explore the factors affecting the accuracy of cropland extraction by the models. Results show that:
(1) MPSPNet and UNet models perform better than traditional object-oriented classification methods in the extraction of cropland at the
district/county scale, the overall accuracy of the extraction of cropland at the provincial scale is better than 90% and there is no obvious
difference between two models. (2) The landscape characteristic of cropland is an important factor that affects the effect of the two models,
and the choice of the model has no obvious influence on the cropland extraction effect. The extraction effect is better in areas where the
cropland landscape index is low and the plots are regular and flat, and the extraction effect is poor in the broken hilly areas of the plots with
high cropland landscape index and in the noncropland plots whose characteristics are similar to the cropland, the UNet model is more likely
to misclassify cropland in these areas. (3) The two models can obtain better cropland extraction effects in images of different regions and
different time phases, and have strong generalization capabilities and temporal and spatial migration capabilities. This study proves the
powerful feature learning capabilities of MPSPNet and UNET network models for high-resolution images, and the application potential of
deep learning algorithms in fully automatic high-resolution cropland extraction.

Key words: cropland, remote sensing, convolutional neural network, MPSPNet, UNet

Supported by National Key Research and Development Program of China (No. 2018YFC1504603); National High Resolution Earth

Observation System (The Civil Part) Technology Projects of China (No. E03071112)



