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&l 3 DenseNet 15 28 f4)

Fig. 3 DenseNet model structure
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Fig. 6  Grey-scale processing of image of

wheat during flowering stage
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Fig. 7 Segmentation of image of wheat during tillering stage
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Table 4  Quantitative evaluation results of I_CBAM-DenseNet
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Fig. 11 Accuracy of different model validation sets
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Table 5 Performance comparison of various models on test set

LAY W/ % HI5/ % KW/ % BATH/
DenseNet 97.25 97.15 97.15 30
Alexnet 96. 56 96.51 96. 51 35
Resnet101 97.07 96. 88 97.04 49
VGG 94.76 94. 69 94.58 58
CBAM-DenseNet 98.99 98. 63 98. 34 35
I_CBAM-DenseNet 99. 64 99. 39 98. 67 30

%% 5 Al %1, 1_CBAM-DenseNet £ 71 iy 2 ik
#1| 99. 64% , . DenseNet ,AlexNet .ResNet \VGG DA &
CBAM-DenseNet 43 3 #& 55 2.39.3.08.2.57 . 4. 88,
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Recognition of wheat development stage based
on I_CBAM-DenseNet model

FU Jingzhi'*®  MA Yue'”® HONG Guan® LIU Yunping'*® WU Wenyu' DING Mingming"* YIN Zefan'
1 School of Automation, Nanjing University of Informantion Science & Technology , Nanjing 210044 , China
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Informantion Science & Technology , Nanjing 210044, China
4 China Meteorologicl Adiministration Meteorological Observation Centre, Beijing 100081, China

Abstract To address the low efficiency and accuracy of manual observation in recognition of crop development sta-
ges ,a recognition approach based on I_CBAM-DenseNet model is proposed.The approach utilizes a densely connect-
ed convolutional network ( DenseNet) as the backbone extraction network and incorporates a Convolutional Block
Attention Module (CBAM) .The Spatial Attention Module (SAM) and Channel Attention Module ( CAM) in CBAM
are modified from traditional serial connection to parallel connection,and the Improved CBAM (I_CBAM) is insert-
ed into the last dense block of DenseNet to construct the I_CBAM-DenseNet model.Seven important development
periods of wheat are selected for automatic identification. To maximize wheat feature extraction, the Excess Green
(ExG) feature factor and the maximum inter-class variance method of Otsu are combined to segment the acquired
wheat images.The accuracy and loss values of models including I_CBAM-DenseNet, AlexNet, ResNet, DenseNet,
CBAM-DenseNet and VGG are compared and analyzed. The results show that the proposed I_CBAM-DenseNet
model outperforms other models with a high accuracy of 99.64%.

Key words wheat;development stage ; DenseNet ; convolutional block attention module( CBAM)



