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Fig. 1 Hyperspectral imaging acquisition system
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IS 84 A1), BRI G5 il 2k I 1R B dl 2252 x
512 4, SEI0 A AR AR 1 JRL IR 06 R O il 26
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Fig.2  Four different positions of 60 x 60 pixel as region

of interest on hyperspectral imaging
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Fig.3 Original spectra of samples’ hyperspectral images
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Fig.4 Specira after preprocessed by SNV
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K5 SVM #4325 &

Fig.5 Classification of test’s figures by SVM model
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Fig.6 Classification accuracy of BP model’ s

nodes in the hidden layer
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Fig.7 Classification of test’ s figures by BP model
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Fig.8 Classification accuracy of ELM model’ s

nodes in the hidden layer
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Fig.9 Classification of test’ s figure by ELM model
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Tab.1 Classification results of the three model
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SVM 0.53059 55.556
BP 5 7.0311 99.206 3
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Discrimination of Lettuce Leaves’ Nitrogen Status Based on
Hyperspectral Imaging Technology and ELM

Sun Jun' Wei Aiguo' Mao Hanping’ Wu Xiaohong' Zhang Xiaodong® Gao Hongyan’
(1. School of Elecirical and Information Engineering, Jiangsu University, Zhenjiang 212013, China
2. Jiangsu Provincial Key Laboratory of Modern Agricultural Equipment and Technology, Jiangsu University, Zhenjiang 212013, China)

Abstract. Discrimination of crop’ s nitrogen level can contribute to reasonable and effective fertilization.
Lettuces of various nitrogen levels were planted in three soilless nutrient solutions of different nitrogen
concentrations. In the rosette stage, 84 lettuce leaves of each nitrogen level were collected and scanned
by the hyperspectral imaging acquisition system. In every hyperspectral image of lettuce leaf, four
different positions of 60 x 60 pixel were selected as regions of interest ( ROI). The average spectral data
of the ROI were used as the original spectra of the leaf samples. The original spectra were preprocessed
by the standard normal variate correction ( SNV ), and their dimensionalities were reduced through
principal component analysis ( PCA). ELM algorithm was used to establish model for the training
samples, and then was compared with BP algorithm model and SVM algorithm model. The results show
that the running time of ELM model is 0. 623 04 s and its classification accuracy rate is 100% . During the
same running time, the classification accuracy rate of ELM model is higher than that of SVM model. At
the same classification accuracy rate, the running time of ELM model is shorter than that of BP model.

Key words: Lettuce leaf  Hyperspectral imaging technology = Extreme learning machine  Nitrogen

status
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State-of-the-art and Developing Strategies of
Agricultural Internet of Things

Ge Wenjie' Zhao Chunjiang’
(1. College of Engineering, Heilongjiang Bayi Agricultural University, Daging 163319, China
2. Beijing Research Center for Information Technology in Agriculture, Beijing 100097, China
3. Key Laboratory of Information Technology in Agriculture, Ministry of Agriculture, Beijing 100097, China)

Abstract; Agricultural internet of things ( Ag-1oT) is the highly integrated and comprehensive application
of the new generation of information technology in agricultural field. Ag-lIoT is playing an important
leading role in the agricultural informationization of China. It has changed the traditional agricultural
production mode, and it is also promoting the transformation from the traditional agriculture to intelligent
and precision agriculture. The concept of Ag-loT and its technical system framework were firstly
introduced. Then the research status and advances of sensing technologies, communicating technologies
and key application technologies used in Ag-lIoT were reviewed in detail. The challenges and problems
existing in the development of Ag-IoT in China were further analyzed. Based on the analysis,
countermeasures for the applications and development of Ag-IoT of China in many aspects were proposed,
such as research priorities, development layout, advancing directions, application models and
mechanisms for sustainable development.

Key words: Ag-loT Sensor State-of-the-art Strategy



