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Abstract: The drawbacks of traditional crop and weed identification algorithms include low accuracy,
poor real-time and weak robustness, resulting in weeding operations inefficient in the natural environment.
In order to solve these problems, corn and its associated weed were taken as research object, and an
improved single shot multibox detector ( SSD ) model was proposed. Firstly, a light weight feature
extraction unit was constructed through the use of depth separable convolution and squeeze-and-excitation
networks ( SENet) module. On this basis, a light weight basic network formed with dense connection was
adopted to replace the VGG16 network of the standard SSD model, so as to improve the speed of image
feature extraction. Based on the mechanisms of different classification feature layer fusion, the deep
semantic information in extra feature layers was fused with shallow detail information. The fused feature
map would have enough resolution and strong semantic information, which can improve the detection
accuracy of small-scale crops and weeds. Experimental results showed that the mean average precision
and recognition speed of the proposed model were 88.27% and 32.26 {/s, respectively, and the
parameters size was 8. 82 x 10°. Compared with that of standard SSD model, the identification accuracy
and speed of this model were increased by 2. 66 percentage points and 33. 86% , respectively, and the
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parameters were decreased by 66.21% . In addition, the improved SSD model performed good robustness

ability under the condition of small-scale targets and overlapping of crop and weed leaves. The proposed

method could identify crop and weed accurately and rapidly, which provided a technical support for

agricultural automatic precision weeding.
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Fig.7 Identification results under high density weed condition
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Fig.8 Identification results of convolvulus in maturation period
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Fig.9 Identification results of bowl flower in seedling period
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Fig. 10  Identification results of maize with leaves overlapping
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Fig. 11 Identification results of maize and weed with

leaves overlapping
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Fig. 12 Identification results of weed in germination period

(b) AR

5 #ig

(1) PRI AT 5> B 5 B SENet BERAN LS &
Bt TR AR AR S O OT 3 1 X A A AR I
JULAI i 5 A 7 o A A 0 205 i 42, 1 B B T
2% A R IRAR T IR B o > R AR R & A B2 4



12 FRTE AF . BT RGBS SRS B RLE 09 TR 5 2w i) 245

T RRAE SR EORE BE , S hm ok SSD BERIAH LE K IKE SRR B EEATRLG, B S B BRI R
R T 2,66 A oy A, I SR & T RRIERIEA EE AT UE RS RS RE T A
33.86% , S HUHMEAR T 66.21% AR TR /NG EY 28 R LU 7 22 B DL K

(1]
(2]
(3]
[4]
(5]

(6]
[7]
(8]
(9]
[10]

[11]

[12]

[13]
[14]
[15]

[16]

[17]

(18]

[19]

(20]

(2) FIAWE R RR SSD BRTR)ZIE XFR MEETT,
2 % x #t

ZHANG Y, STAAB E, SLAUGHTER D, et al. Automated weed control in organic row crops using hyper spectral species
identification and thermal micro-dosing [ J]. Crop Protection, 2012, 41:96 - 105.
TANG J, CHEN X, MIAO R, et al. Weed detection using image processing under different illumination for site-specific areas
spraying [ J]. Computers and Electronics in Agriculture, 2016, 122, 103 —111.
HARKER K N, O’ DONOVAN J T. Recent weed control, weed management, and integrated weed management [ J]. Weed
Technology, 2013, 27(1): 1 -11.
MCDADE M C, CHRISTIANS N E. Corn gluten meal-a natural pre-emergence herbicide: effect on vegetable seedling survival
and weed cover [ J]. American Journal of Alternative Agriculture, 2009, 15(4) . 189 —191.
Uk, ERT, TRk, AF. A2k R R RS B ER R NE [ T ] Rl Rk, 2019, 36(9) ¢ 2259 - 2269.
HANG Nan, WANG Xiangyu, ZHANG Yunwei, et al. Chemical control of weeds in zoysia grass lawns [ J]. Pratacultural
Science, 2019, 36(9) : 2259 —2269. (in Chinese)
SANDEEP S R, SHAWM D A. Long-term roughstalk bluegrass control in creeping bentgrass fairways[J]. Weed Technology,
2017, 31(5) : 714 -723.
NARREMARK M, GRIEPENTROG H W ,NIELSEN J, et al. The development and assessment of the accuracy of an autonomous
GPS-based system for intra-row mechanical weed control in row crops [ J]. Biosystems Engineering,2008,101(4) : 396 -410.
HAFF R P, SLAUGHTER D C, JACKSON E S. X-ray based stem detection in an automatic tomato weeding system[ ] ].
Applied Engineering in Agriculture, 2011, 27(5) ; 803 - 810.
TILLETT N D, HAGUE T, GRUNDY A C, et al. Mechanical within-row weed control for transplanted crops using computer
vision [ J]. Biosystems Engineering, 2008, 99(2) . 171 - 178.
ZHAO C, LEE W S, HE D. Immature green citrus detection based on colour feature and sum of absolute transformed
difference (SATD) using colour images in the citrus grove [J]. Computers and Electronics in Agriculture, 2016, 124, 243 —253.
TR R A, AR ST Y DI AR R A TE AL B R X BRI O vk [0 ] ARl TR 4R, 2017 ,33 (3
F1) :99 - 106.
WANG Haihua, ZHU Mengting, LI Li, et al. Regional weed identification method from wheat field based on unmanned aerial
vehicle image and shearlets[ J]. Transactions of the CSAE, 2017, 33(Supp. ) : 99 —106. (in Chinese)
B ZEEA. R AR S R F EHRREAE Y SR LU RE [ 1], Al TR, 2016,32(15) : 165 — 174.
WANG Can, LI Zhiwei. Weed recognition using SVM model with fusion height and monocular image features [ J].
Transactions of the CSAE, 2016, 32(15); 165 —174. (in Chinese)
ZHENG Y, ZHU Q, HUANG M, et al. Maize and weed classification using color indices with support vector data description
in outdoor fields[ J]. Computers and Electronics in Agriculture,2017,141; 215 —222.
AHMED F, AL-MAMUN H A, BARI A SM H, et al. Classification of crops and weeds from digital images: a support vector
machine approach [ J]. Crop Protection, 2012, 40; 98 - 104.
GAO H, ZHANG L. Densely connected convolutional networks [ C] // IEEE Conference on Computer Vision and Pattern
Recognition, 20171 -28.
FMEL, 2 M, 2 R 4. R A B U 5 TR L 2 ~) 8 I S HE R [ 1/ OL ] AR AL # 41 ,2020,51(5) : 1 - 17.
SUN Hong, LI Song, LI Minzan, et al. Research progress of image sensing and deep learning in agriculture [ J/OL ].
Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(5):1 —17. http: / www. j-csam. org/jcsam/ch/
reader/view_abstract. aspx? file_no =20200501&flag = 1&journal _id = jesam. DOI; 10. 6041/]. issn. 1000-1298. 2020. 05.
001. (in Chinese)
BADRINARAYANAN V, KENDALL A, CIPOLLA R. SegNet: a deep convolutional encoder-decoder architecture for image
segmentation[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence,2017,39(12) ;2481 —2495.
iz, FRAKST B AF . S TIRBE S o MR EUR S0 3 BT EE 1/ 0L ] AU ,2019,50(4) 2179 - 187.
GAO Yun, GUO Jiliang, LI Xuan, et al. Instance level segmentation method for group pig images based on deep learning [ J/
OL]. Transactions of the Chinese Society for Agricultural Machinery,2019,50(4):179 — 187. http: / www. j-csam. org/
jesam/ ch/reader/ view_abstract. aspx? file_no =20190420&flag = 1&journal _id = jesam. DOI; 10. 6041/]. issn. 1000-1298.
2019.04.020. (in Chinese)
FERREIRA A S, FREITAS D M, SILVA G G, et al. Weed detection in soybean crops using convnets [ J]. Computers and
Electronics in Agriculture,2017,143 . 314 —324.
T, BB, G, ST R RIS R ZRE U FORARE T . Al TRz, 2018 ,34(5) ;144 - 151.
WANG Can, WU Xinhui, LI Zhiwei. Recognition of maize and weed based on multi-scale hierarchical features extracted by
convolutional neural network [ J]. Transactions of the CSAE, 2018, 34(5): 144 —151. (in Chinese)
(#5303 IT)



%512 hfE AF . AR T R H 1) H 86 2 A S A AR TR 303

[41]

[42]

[43]

[44]

[45]
[46]

[47]

WANG Ruijun, LI Shiging, WANG Quanjiu, et al. Evaluation of simulation models of spring-maize leaf area and biomass in
semiarid agro-ecosystems [ J]. Chinese Journal of Eco-Agriculture, 2008, 16(1): 139 —144. (in Chinese)

Ea, XNaE, BER. FT RS Logistic AYMLELYEYIARXT - IR BB BB 5T [J/0L]. Al AL -4z, 2020,
51(7): 210 -219.

WANG Quanjiu, LIU Yunhe, SU Lijun. Relative leaf area index of typical crops based on single parameter Logistic model [ J/
OL]. Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(7): 210 - 219. htip; /) www. j-csam. org/
jesam/ ch/reader/view_abstract. aspx? flag = 1&file_no =20200724 &journal _id = jesam. DOI. 10. 6041/j. issn. 1000-1298.
2020.07.024. (in Chinese)

SR, BREE, SR RFOWIRE T AR AL B B R [1/0L]. AR HLIRAAR, 2015, 46(2) : 79 - 87.

JIA Biao, QIAN Jin, MA Fuyu. Simulating effects of nitrogen on leaf area index of cotton under mulched drip irrigation [ J/
OL]. Transactions of the Chinese Society for Agricultural Machinery, 2015, 46 (2): 79 — 87. hitp: / www. j-csam. org/
jesam/ch/reader/ view_abstract. aspx? flag = 1&file_no =20150213&journal _id = jesam. DOI; 10. 6041/]. issn. 1000-1298.
2015.02.013. (in Chinese)

FLENET F, KINIRY J R, BOARD J E, et al. Row spacing effects on light extinction coefficients of corn, sorghum, soybean,
and sunflower [ J]. Agronomy Journal, 1996, 88(2) . 185 - 190.

BN, ARYE, SRR, 5. 5 BEFNIE ALY X AL A/ N Rl 1906 BEM R ST MO & R R IFE80N [T]. 1R
i, 2002, 28(2): 270 -277.

ZHAO Huijie, ZOU Qi, GUO Tiancai, et al. Regulating effects of density and top-dressing time of nitrogen on characteristics
of radiation transmission and photosynthesis in canopy of massive-spike winter wheat variety 1906 [ J]. Acta Agronomica
Sinica, 2002, 28(2) : 270 —277. (in Chinese)

ORGAZ F, VILLALOBOS F, GIMENEZ C, et al. Radiation use efficiency of sunflower genotypes [ C] // The Proceedings of
the 13th International Sunflower Conference, Pisa, ltaly, 1992.

GIMENEZ C, CONNOR D, RUEDA F. Canopy development, photosynthesis and radiation-use efficiency in sunflower in
response to nitrogen [ J]. Field Crops Research, 1994, 38(1): 15 -27.

B, T, I, S5, KOMIMEXN &N A R AR SR AR SR B R [1/0L]. RV, 2018,
49(9) . 226 -237.

LI Hualong, DOU Zihe, JIANG Tengcong, et al. Influences of soil water stress on solar radiation interception and use
efficiency of winter wheat canopy [ J/OL]. Transactions of the Chinese Society for Agricultural Machinery, 2018, 49(9) .
226 —237. hitp: // www. j-csam. org/jcsam/ ch/reader/ view_abstract. aspx? flag = 1&file_no =20180927 &journal _id = jesam.
DOI.10. 6041/j. issn. 1000-1298.2018.09.027. (in Chinese)

(L3S 245 T1)
[21]  2LL046, EMG K, 5k, A5 5L T4 PR 45 e A 1 7% 25 0K FH () 2% B0 PR U0 75 5 [ J/0L ] A0l BLA 27 41, 2018,

[22]

(23]

[24]
[25]
[26]
[27]

[28]

49(11) .30 -38.

JIANG Honghua, WANG Pengfei, ZHANG Zhao, et al. Fast identification of field weeds based on deep convolutional network
and binary Hash code[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2018 ,49(11) :30 —38. http: /
www. j-csam. org/jcsam/ ch/reader/view_abstract. aspx? file_no =20181104&f{lag = 1&journal _id = jesam. DOI:10. 6041/]j.
issn. 1000-1298.2018. 11.004. (in Chinese)

M AN RSO A 23 G RS A 2 R b i B B 2 M PUIED 2 52470 [ 0], Rl TR %4, 2018,
34(11).159 -165.

SUN Jun, HE Xiaofei, TAN Wenjun, et al. Recognition of crop seedling and weed recognition based on dilated convolution
and global pooling in CNN[ J]. Transactions of the CSAE, 2018, 34(11): 159 - 165. (in Chinese)

PV SR T, BB, AR, BT Faster R — CNN B4 HA] P 2 AE&)y By EH(RAG I J5 95 [ )/ OL ] A LR 41 ,2019,50(7 )
216 - 221.

SUN Zhe ,ZHANG Chunlong, GE Luzhen,et al. Image detection method for broccoli seedlings in field based on Faster R — CNN
[J/0L]. Transactions of the Chinese Society for Agricultural Machinery,2019,50(7) :216 —221. http: // www. j-csam. org/
jesam/ch/reader/view_abstract. aspx? file_no = 20190723 &flag = 1&journal _id = jesam. DOI: 10. 6041/j. issn. 1000-1298.
2019.07.023. (in Chinese)

LIU W, ANGUELOV D, ERHAN D, et al. SSD: single shot multibox detector[ C] // European Conference on Computer
Vision, 2016, 21 —37.

REN S, HE K, GIRSHICK R, et al. Faster RCNN; towards real time object detection with region proposal networks [ J].
IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(6) : 1137 —1149.

HOWARD A G, ZHU M, CHEN B, et al. MobileNets: efficient convolutional neural networks for mobile vision applications
[EB/OL]. [2017 —04 —17]. https: //arxiv. org/abs/1704. 04861.

HU J, LI S, ALBANIE S, et al. Squeeze-and-excitation networks [ EB/OL]. [2017 —09 —05]. https:arxiv. org/abs/1709.
01507.

ZEILER M D, KRISHNAN D, TAYLOR G W, et al. Deconvolutional networks[ C] /IEEE Computer Society Conference on
Computer Vision and Pattern Recognition, 2010 2528 —2535.



