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Soybean seed vigor detection based on deep learning combined with hyper-
spectral technology
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Abstract: To achieve efficient, accurate, and non-destructive identification of soybean seed vigor, this study used
seeds of the soybean variety Williams 82 as experimental materials. A library of soybean seeds with different levels of vigor
was constructed through artificial aging treatments. Hyperspectral images and RGB images of the seeds were then collected
to generate three image datasets (RGB dataset, SIQ dataset, and ENVI dataset). Four deep learning models ( Vggl6Net,
GoogleNet, MobileV3Net, and ResNet-34) were employed to detect seed vigor, and the optimal models and datasets were
selected. Furthermore, the coordinate attention (CA) mechanism and label smoothing loss function were incorporated into

the optimal models to enhance their detection performance and robustness. The results demonstrated that using the SIQ data-

set and ResNet-34 model, the recognition accuracy

o4 B #3 :2024-08-06 reached 97. 6% and 96. 8% on the training set and
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PEZ BN AT (1997-) , 3, W B H £ N LA, FENF
RAEIEZIR] . (E-mail) 13419891193@ 163.com CA-ResNet-34 model, which incorporated the CA mecha-

validation set, respectively. The detection performance was

superior to other combinations of models and datasets. The

BEIIEE T 3, yangiang@ jaas.ac.cn; B #EF | (E-mail ) luochuping nism and label smoothing loss function into the ResNet-34

@163.com model, achieved a detection accuracy of 98.5% for soy-
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bean seed vigor based on the SIQ dataset. This represented an improvement of 1.7 percentage points in accuracy compared

to the original ResNet-34 model. The results of this study can provide a new method for the accurate, non-destructive, and

efficient detection of soybean seed vigor.
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Fig.1 Soybean seeds after different artificial aging treatments
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Fig.2 Hyperspectral characteristics of pixels on the surface of seeds with different levels of vigor
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Fig.3 Example of SIQ dataset
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Fig.4 Average spectral characteristics of soybean seeds with

different levels of vigor
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Fig.6 The structure of coordinate attention module
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Fig.8 Germination of soybean seeds under different treatments
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Table 1 Soybean seed vigor detection results based on different
models and data sets
YIEMETIZ (%) WAEEHER (%)
i RGB  SIQ ENVI RGB  SIQ ENVI
Veggl6Net 35.6 34.7 85.9 33.3 335 93.1

MobileV3Net 74.2 81.7 70.1 73.1 78.8  82.2
GoogLeNet 79.8 86.4 86.6 79.6 76.6  89.3

ResNet-34 97.0 97.6 90.1 91.9 9.8 97.4
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Fig.9 Confusion matrices for soybean seed vigor detection based on different models and data sets
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Table 2 The detection performance of ResNet-34 model for soy-

bean seed vigor under different data sets

Hobrdk KL (%) ARR(%)  RRE(%)
RGB 91.4 90.7 95.4
SIQ 96.8 96.8 98.4
ENVI 97.6 98.0 94.2
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Fig.10 Variation characteristics of the accuracy and loss rate for the training set and the validation set of CA ResNet-34 model based on the

SIQ data set across iterations
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Fig.11 Confusion matrices for soybean seed vigor detection based on ResNet-34 model and CA-ResNet-34 model
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Table 3 Detection performance of ResNet-34 model and CA-Res-

Net-34 model on soybean seed vigor based on SIQ dataset
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