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Classification of Castor Seed Damage Based on Convolutional Neural Network

HOU Junming YAO Enchao ZHU Hongjie
(College of Engineering, Shenyang Agricultural University, Shenyang 100866, China)

Abstract; Different forms of mechanical damage affect the germination and growth of castor seeds and the
quality of castor oil after oil extraction. Therefore, it is very important to identify and classify castor seeds
with mechanical damage. The classification of castor seeds with seed shells missing and castor seeds with
cracks and intact castor seeds (without damage) was taken as an example. The training set and test set of
castor seeds were constructed, which included two convolutional layers ( eight convolution nuclei per
convolutional layer) , two pooling layers and one full connecting layer (128 nodes). In order to improve
the accuracy and real-time performance of the convolutional neural network, the network structure was
adjusted and the batch_size parameters were optimized to obtain better network structure and batch_size.
The sample was expanded by turning up and down, and the learning rate and regularization coefficient of
the optimizer were changed to conduct a combination test on the network, so as to obtain a combination
with better accuracy and efficiency. Finally, the over-fitting of the convolutional neural network model
was reduced through Dropout optimization. The experimental results showed that the average test accuracy
of the network model was 92.52% when the convolution layer was 5, pooling layers was 5 and the
batch_size was 32. In combination test, the Sgdm optimizer can improve the classification performance of
the network by updating the network. Data amplification can increase the diversity of samples and thus
reduce the over-fitting phenomenon. After the over-fitting of the convolutional neural network model was
reduced by Dropout optimization, the average test accuracy of the convolutional model was 93.45% ,

which was 0. 93 percentage points higher than that before optimization. When the learning rate was 0. 01
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and the regularization coefficient was 0.000 5, the classification accuracy of the model could reach

94.82% after dropout optimization. The accuracy of missing seed shell castor seeds was 95.60% , the

accuracy rate of cracked castor seeds was 93.33% , the accuracy rate of intact castor seeds was 95. 51%

and the average detection time of a single castor seed image was 0. 143 5 s. Finally, the system for castor

seeds damage classification was developed. The results of verification of the algorithm showed that the

accuracy of seed shell missing castor seeds was 96. 67% , that of cracked castor seeds was 80. 00% , and

that of complete castor seeds was 86. 67% . The combined test convolutional neural network model had a

high recognition accuracy in the classification of damaged castor seeds, and the convolutional model can

be applied to the detection system for the real-time classification of castor seeds.

Key words: castor seeds; damage feature; classification; composite test; convolutional neural network
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Fig. 1 Images of castor seeds of different types
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Tab.2 Loss and accuracy of training and testing of model

RIS E  (E Rk B s s AL 24 ‘Ullﬁiﬁﬂ‘l‘ﬂl/ :JII% ;)”'Jlﬁ I k1 R/ iﬂﬂiﬁ?ﬁﬁﬁ
¥ min R AE WRAE % /%
1 0 3.77 0.2897 0.3978 87.50 86. 67
2 0.1 0.000 5 3.73 0.132 1 0.5216 96. 88 84.76
3 0. 001 3.73 0.1117 0.407 6 96. 88 88. 57
4 0 3.72 0.0010 0.480 1 100 90. 48
5 0.01 0.000 5 3.77 0.002 6 0.2750 100 93.33
6 0. 001 3.75 0.0152 0.3827 100 89. 52
7 0 3.73 0.0125 0.238 8 100 91.43
8 Y 5= 0.001 0.0005 3.78 0.0119 0.298 7 100 90. 48
9 0.001 3.80 0. 006 5 0.328 1 100 89. 52
10 0 3.72 0.001 1 0.2162 100 94.29
1 0. 005 0.000 5 3.75 0. 006 9 0.3757 100 89. 52
12 0.001 3.52 0.0050 0.306 4 100 93.33
13 0 3.28 0.086 7 0.2876 100 90. 48
14 0.000 1 0.000 5 3.77 0.080 6 0.3553 100 82. 86
15 0. 001 3.75 0.100 4 0.368 5 100 88. 57
16 Sgdm 0 11.40 0.3918 0.3675 84.38 86. 67
17 0.1 0.000 5 11.25 0.1503 0.3085 96. 88 91. 85
18 0. 001 9.27 0.2253 0.3730 90. 63 89.26
19 0 10.35 0.0433 0.393 4 100 91. 11
20 0.01 0.000 5 10.33 0.0372 0.300 4 100 94. 44
21 0.001 10. 27 0.0142 0.3215 100 91.85
22 0 10. 47 0.0188 0.287 6 100 92.96
23 e 0. 001 0.000 5 10. 27 0.0309 0.286 3 100 91. 85
24 0. 001 10.27 0.0106 0.2160 100 94.07
25 0 10. 47 0.019 1 0.3145 100 92.22
26 0. 005 0.000 5 10.22 0.1428 0.363 1 96. 88 91.85
27 0. 001 10.27 0.1423 0.2440 96. 88 91. 11
28 0 11.40 0.069 9 0.246 1 100 90
29 0.000 1 0. 00 05 11.55 0.068 9 0.2863 100 91.48
30 0. 001 11.43 0.048 6 0.255 1 100 92.22
31 0 3.18 0.2039 0.5799 87.50 87. 62
32 0.1 0.000 5 3.72 0.3837 0.41.3 93.75 87.62
33 0. 001 3.75 0.4755 0.3896 87.50 89. 52
34 0 3.72 0.147 1 0.4175 96. 88 90. 48
35 0.01 0.000 5 3.72 0.549 4 0.6599 84.38 83. 81
36 0. 001 3. 80 0.0182 0.4058 100 90. 48
37 0 3.80 0.0179 0.276 8 100 92.38
38 H T 0.001 0.000 5 3.73 0.010 1 0.2750 100 90. 48
39 0.001 3.77 0.007 3 0.3415 100 88. 57
40 0 3.40 0.024 8 0.3278 100 87. 62
41 0. 005 0.000 5 3.73 0.3360 0.4347 78.13 89. 52
4 0. 001 3.73 0.0126 0.3590 100 88. 57
43 0 3.82 0.023 8 0.206 4 100 88.57
44 0. 000 1 0.000 5 3.77 0.031 1 0.4313 100 88. 57
45 0.001 3.15 0.0354 0.2792 100 84.76
46 Adam 0 11.55 0.474 0 0.572 4 84.38 91.85
47 0.1 0.000 5 11.60 0.2372 0.4706 90. 63 86. 67
48 0. 001 11.52 0.3182 0.6389 87. 50 81.85
49 0 11.68 0.0825 0. 466 8 96. 88 88. 89
50 0.01 0.000 5 11.70 0.179 8 0.2336 93.75 92.59
51 0. 001 11.48 0.044 7 0.3923 100 87.04
52 0 11.43 0.1296 0.278 1 93.75 92.59
53 77 0. 001 0.000 5 11.65 0.0146 0.2865 100 90. 74
54 0. 001 11.23 0.035 1 0.248 1 100 94.07
55 0 11.57 0.096 0 0. 460 4 96. 88 89. 63
56 0. 005 0.000 5 11.03 0.0154 0.3204 100 90. 74
57 0. 001 11.62 0.148 3 0.4289 96. 88 89.26
58 0 11.37 0.0138 0.2773 100 90.37
59 0.000 1 0.000 5 11.62 0.007 3 0.356 8 100 86. 30
60 0. 001 11. 65 0.017 1 0.3548 100 87. 41
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Fig.5 Training,test accuracy and loss values under different optimizers
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