FE: PERFER

T : PENFRKELFHEIR S WRMEH
HEL SRS

F4: Wik

QPTICS AND PRECISION ENGINEERIDIE

T8 UK ERGR T KRR
XERE, ki, Tk, EERE, EHEAR

FUHASE:

XGEIE, sk, T, 5. FET0E X8I0 24 50 N RS FERINL. Y627 RS2 TR, 2020, 28(1): 200-211.

LIU Yuan—-yuan, ZHANG Shuo, YU Hai-ye, et al. Straw detection algorithm based on semantic segmentation in complex farm
scenarios|J]. Optics and Precision Engineering, 2020, 28(1): 200-211.

TELR L View online: https:/doi.org/10.3788/0PE.20202801.0200

LT RE RSB HAN S R

Articles you may be interested in

MBS 45 1) A 32 375 i o &)
Autonomous driving semantic segmentation with convolution neural networks

S R TAR. 2019, 27(11): 2429-2438  https://doi.org/10.3788/0PE.20192711.2429
5T DeepLabV 3+ 5 MG R AL TH Lo H]

Semantic segmentation based on DeepLabV3+and superpixel optimization

e K% T RE. 2019, 27(12): 2722-2729  https://doi.org/10.3788/0PE.20192712.2722

BET 5k 22 WU 0.5 1 el 09 2 T ke o A )
Surface defect detection of steel strip based on spectral residual visual saliency

Yz K% TR, 2016, 34(10): 2572-2580  https://doi.org/10.3788/0PE.20162410.2572

BT RCHEY OLOV 21 PRI 22 4 R il 380175 L G
Fast helmet—wearing—condition detection based on improved YOLOv2

Yo K% T 2019, 27(5): 1196-1205  https:/doi.org/10.3788/0PE.20192705.1196
BT GE HERT 2R 30 B 2T MEME 53 )

Infrared image segmentation based on graph cut of fast recursive fuzzy 2—partition entropy

sz K% T RE. 2016, 24(3): 668-680  https:/doi.org/10.3788/0PE.20162403.0668


http://www.eope.net/
http://www.eope.net/
http://doi.org/10.3788/OPE.20202801.0200
http://doi.org/10.3788/OPE.20192711.2429
http://doi.org/10.3788/OPE.20192712.2722
http://doi.org/10.3788/OPE.20192712.2722
http://doi.org/10.3788/OPE.20162410.2572
http://doi.org/10.3788/OPE.20192705.1196
http://doi.org/10.3788/OPE.20162403.0668

28 % 1M e K TR Vol.28 No. 1
2020 461 A Optics and Precision Engineering Jan. 2020

XERES 1004-924X(2020)01-0200-12

ETIEXDENERG S THETN

AEE LK M, TEL,ERE ,EEA
(LERRLAF ERERHAFR, F4/4 K& 130118;

. EMAF IRGAAFTHEALRE, T4 K& 130025;
3. EMRLAF TREAFER, /4 K& 130118)

FHE 3T B(E R B HE 40 (0 A FF 2 35 A DU B0k AP TE MR MR R R LB AT RE I R AR I L, B A R TR
KB RRBE G R FIRORAE . A SCH T — ok 0 v o 225 LU 252 8020 B A7 38 i o 40 B39 1k (DSRA-
UNet), ZE LSS G UNet 1% FR - 5% 4244 , 76 % 2 FRAE B T AR e 45 71, IR 2 R IR BE W] 40 B B TR IR e g — 12 3
TR 22 2540 D i R I 28 R B, LA R AIK S 500 1 [ 2 R G B . oAb 7 B R e 5 R G o 4 ) e RS Ak R R T AL
— PR A 1 oy EE L K LR AR RS AT AR AL L AT IR, S50 25 SR WA SO R S VL T 1A T A 94, 304, Ik
SHRALN 0. 76 M, BLGRIE R R 7E 0. 05 s LATF . 158 0T LU i 20 %) B FF A0 L3, ORI e B 22 A T o0 T4
F B EI AT — R A e T 5T BT T A

X B W AFENELSIRETSBEAREZE AN ;RELEHN

FE 425 :S24;TP751 Xk tRIZAD : A doi: 10. 3788/OPE. 20202801. 0200

Straw detection algorithm based on semantic

segmentation in complex farm scenarios
LIU Yuan-yuan', ZHANG Shuo', YU Hai-ye* , WANG Yue-yong®* , WANG Jia-mu'

(1. College of Information Technology, Jilin Agriculture University, Changchun 130118, China;
2. Key Laboratory of Bionic Engineering, Ministry of Education,
Jilin University, Changchun 130025, China;
3. College of Engineering and Technology, Jilin Agricultural University,
Changchun 130118, China)

% Corresponding author, E-mail: yueyonglO @mails. jlu. edu. cn

Abstract: The traditional segmentation algorithms for straw coverage detection basing on thresholds or
texture features were difficult to get rid of the disadvantages of low accuracy, high complexity and
time-consuming, and the effect of segmentation on complex farmland scenes containing a lot of inter-
ference factors was not good. Therefore, this paper proposed a semantic segmentation algorithm

(DSRA-UNet) with high accuracy, a small mount of training parameters and high running speed.
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Combined with UNet's symmetric codec architecture, this algorithm used standard convolution in
shallow feature maps, and depthwise separable convolution in deep ones. Residual structure was built
in each layer to increase the network depth, which can reduce the number of parameters and improve
the accuracy at the same time. In addition, the global maximum pooling attention mechanism was add-
ed during the skip connection process to further improve the segmentation accuracy of the network.
The algorithm was verified on the straw datasets, and the experiment results showed that the mean of
intersection over union reached to 94. 3% in the proposed algorithm of this paper. The number of
training parameters of the algorithm was only 0. 76 M, and the test time of single picture was less
than 0. 05 s. The algorithm could accurately segment the straw and soil, and separate the interference
information in the complex environment, especially solving the shadow problem in image.

Key words: straw detection; semantic segmentation; depthwise separable convolution; attention

mechanism; residual structure
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Tab. 4 Comparison of results from different modules

Methods mloU/ % Parameters/M
Bone 89.18 5. 06
Bone+DS 88. 69 0.415
Bone+ DS+ Res 92.13 0.416
Bone+ DS+ Res+ Atten 94. 3 0.76
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Fig. 9 Detection results from farm with different complexity
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Tab. 5

Results of straw detection from different algorithms

Sample Siv/ % Rscv /%%

Escr T/ S

number UNet DE-GWO OURS

UNet DE-GWO OURS

UNet DE-GWO OURS UNet DE-GWO OURS

1 84.9 80. 9 92.0 42.3 39.7 45.
2 90. 8 88.1 93.7 47. 4 48.7 48.2

3 81.1 71.7 90. 8 43. 4 50. 2 48.3

4 76. 4 51.4 89.3 27.4 46. 4

27.69

—0.022 —0.038 0.013 0.050 0.7226 0.048
—0.006 0.007 0.002 0.053 0.728 0.048
—0.034 0.034 0.015 0.054 0.7202 0.047

0.016  0.206  0.019  0.054 0.6917 0.047
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