(2958124 - 00

INFRARED AND LASER ENGINEERING

B U-Net L TERR B R RS B R A 2K 5E
TR W Tak Kl
Research on the classification of typical crops in remote sensing images by improved U-Net algorithm

Li Anqi, Ma Li, Yu Helong, Zhang Hanbo

TELR 2 View online: https:/doi.org/10.3788/IRLA20210868

BT BRI H A S T

Articles you may be interested in

NZREEA AR AR Y08 RT3 FE RS BE R ML
Study on the effect of training samples on the accuracy of crop remote sensing classification

LIANSGIOE T RE. 2017, 46(S1): 143 hitps://doi.org/10.3788/TRLA201746.5126003
BT U-Net 2% 1) 2 3l 56 B 4 43 510 15

Multi-active contour cell segmentation method based on U-Net network

LIANS O TR, 2020, 49(S1): 20200121 https:/doi.org/10.3788/IRLA20200121
FET B Sentinel 25242 1R B SR B XA E) 73 2500F 58

Crop classification of modern agricultural park based on time—series Sentinel-2 images

NSO T AR 2021, 50(5): 20200318 https://doi.org/10.3788/IRLA20200318
FETIRBE 7 ) BB HO G I IR RENOE 7326

Classification of sea and land waveforms based on deep learning for airborne laser bathymetry
LIANSGIOE TR 2019, 48(11): 1113004  https://doi.org/10.3788/IRLA201948.1113004
REESA ) Bk e AR~

Deep learning algorithm and its application in optics

LIHNSEOE TR 2019, 48(12): 1226004  hitps://doi.org/10.3788/IRLA201948.1226004

TR 2 2] IMPCANet K K UG PR R 5 1
Design of MPCANet fire image recognition model for deep learning

LIANSGIOE T RE. 2018, 47(2): 203006  hitps://doi.org/10.3788/TRLA201847.0203006



% 51 5% 9 NGt TR 2022 % 9 A
Vol.51 No.9 Infrared and Laser Engineering Sep. 2022

B U-Net A EEREGABIKRIEY H LR
%’EJE‘}%]’ ;‘5 ﬁﬁl’z*’ fé\ﬁl’z*, g&/éiﬂ}l

(1. THRREKRF FEHKRFR, T4k K& 130118;
2. EMRERE FERLMRKE, &+ K& 130118)

1 B APk R IR B AL B A AR A, BAR A RAE M o KA F R F P, YA A
R A HAER, 3R R U-Net R TR R BBk 2R ERESHHATH) LIRS, ST H
Se st ik RSB AT AL, AT B AR IR S 3% L RAEE mIR U-Net & 454 5] X SFAM
efo ASPP 43k, %R % R EHAER 64 F35 7 k5 ot A7k sitk , M stk 69 U-Net ok, Gk
AR %5 IR, RIS R A BAks EHE OA £ %) 88.83%, ¥ 3L 5 1k MloU i 2] 0.52,
B A% U-Net A FCN A fo SegNet £, £ K 3547 Ats 2 L AR A A R o942,

KR REFI; RUEHSE;, RAMER; 2k U-Net B4

hESES: TP39 XHkFRERS: A DOI: 10.3788/IRLA20210868

Research on the classification of typical crops in remote sensing images

by improved U-Net algorithm

Li Angi', Ma Li"*, Yu Helong'*", Zhang Hanbo'

(1. College of Information Technology, Jilin Agricultural University, Changchun 130118, China;
2. Smart Agriculture Research Institute, Jilin Agricultural University, Changchun 130118, China)

Abstract: Aiming at the problem of incomplete classification features of remote sensing images extracted by
traditional algorithms and low accuracy of crop classification, we use drone remote sensing images as the data
source and propose an improved U-Net model to classify and recognize crops such as barley, corn, etc. in the
study area. In the experiment, the remote sensing image is preprocessed, and the data set is labeled and enhanced.
Secondly, the algorithm is improved by deepening the U-Net network structure, introducing the SFAM module
and the ASPP module, and using the multi-level and multi-scale feature aggregation pyramid method to construct
an improved U-Net algorithm. Finally model training and improvement are completed. The experimental results
show that the overall classification accuracy OA reaches 88.83%, and the combined ratio of MIoU reaches 0.52.
Compared with the traditional U-Net model, FCN model and SegNet model, the classification index and accuracy
are significantly improved.
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Fig.2 Part of the label data set
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Tab.1 Characteristics of network model for different

deep learning

Deep learning

segmentation Model characteristics
model
For the first time, a fully convolutional network
FCN based on the end-to-end concept is proposed, which

removes the fully connected layer and samples in the
deconvolutional layer
The pooling layer result is used in the decoding and a

SegNet L Lo
& large amount of coding information is introduced

Based on the end-to-end standard network structure,

U-Net the decoder is obtained by splicing the results of each
layer on the encoder, and the result is more ideal

The ability of semantic recognition is enhanced, and

Improve U-Net . I .
prov it is more sensitive to feature extraction
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Tab.2 Experimental results of crop recognition with

different methods

U-Net SegNet FCN Improve U-Net

Experimental
network

OA MIoU OA MIoU OA MIoU OA MloU

Precision 85.41% 0.39 84.86% 0.39 86.44% 0.45 88.33% 0.52
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Fig.5 Comparison of the experimental results of proposed method and other algorithms
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