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Fig. 1 Schematic diagram of chalky rice detection and analysis
platform based on machine vision

1: Black box; 2: CCD camera; 3: Image acquisition card;

4. Computer machine; 5: Light source; 6: Loading platform
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Table 1

Dataset for rice samples

Training set

Validation set

Category Changlixiang Glutinous Thailand Changlixiang Glutinous Thailand
rice rice rice rice rice rice
Chalkness rice 400 400 400 150 150 150
Non-chalkness rice 400 400 400 150 150 150
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(a) Original chalky rice image; (b) SIFT key charac-

Fig. 2
teristic distribution map of chalky rice; (¢) GIST glob-

al feature information of chalky rice
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Fig. 3 PHOG characteristic detection and statistical gradient histogram of chalky rice
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Fig. 4 Diagram of deep convolution neural network

model for chalky rice
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Fig. 5 The relationship between the number of iterations and
the loss value for different activation functions
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Fig. 6 Precision recall curves of four different models
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Table 2 Detection performance of four different models
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Research on Chalky Rice Detection Based on Visible Spectrogram and
Deep Neural Network Technology

LIN Ping', ZHANG Hua-zhe', HE Jian-qiang' ., ZOU Zhi-yong*, CHEN Yong-ming""
1. College of Electrical Engineering, Yancheng Institute of Technology, Yancheng 224051, China
2. College of Mechanical and Electrical Engineering. Sichuan Agricultural University, Ya’an 625014, China

Abstract Aiming at the problems of subjective randomness, low repeatability, being time-consuming and low accuracy of tradi-
tional chalky rice detection, a new method based on visible spectrogram combined with deep learning algorithm is proposed to
meet the requirement of rapid and accurate rice quality parameters in modern agricultural production. In the experiment, CCD
color camera was used to obtain the visible spectra of chalky rice and normal rice. Random image transformation methods such as
rotation, flipping and contrast adjustment were used to enhance the network training data set to prevent the fitting phenomenon
of the depth detection model in the learning process. In this paper, seven deep-level convolution neural network models, inclu-
ding convolution layer, pooling layer, full-connection layer and input-output layer is constructed. The visible spectral image of
rice is convoluted and pooled by network model. The characteristic parameters of visible spectral image of rice in convolution lay-
er are obtained by iterative learning training method. The non-linear RelLU activation function is used to accelerate the conver-
gence rate of the effective abstract feature extraction of rice; then the pool layer is employed to obtain the distinguishable seman-
tic features that can express normal rice and chalky rice; finally, the data are transported into the full connection layer. The
chalky rice can be identified accurately by classification. The method of rice chalkness detection based on convolution neural net-
work eliminates the complicated steps of feature extraction compared with the traditional method. Because the features extracted
by convolution network have more robust expression for specific targets. the algorithm has higher accuracy and less complexity,
and the generalization effect is better than the traditional method based on visible spectrogram. The recognition accuracy is up to
90%. The recognition accuracy of SIFT+ SVM, PHOG -+ SVM and GIST+ SVM are 70.83% ., 77.08% and 79.16% respec-
tively. The proposed method provides a theoretical basis and effective technical means for the realization of automatic and accu-
rate detection of rice quality in modern agricultural production. Therefore, this study has certain theoretical value and practical

significance for the realization of artificial intelligence detection of rice quality.
Keywords Visible spectrogram; Rice; Chalkiness; Deep learning; Artificial intelligence
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