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Abstract . The number of grains per ear is an
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important factor in the composition of wheat yield and one

of the parameters for estimating wheat yield. The traditional

KR H (82010-01-G04) manual counting method is time-consuming and labor-in-
VEEE U (1984-) B SRR B4 Bl F BN tensive, and human factors have a great influence. In order
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wheat ear images were taken with a smart phone at the late stage of wheat grain filling. Based on the image processing tech-
nology, the wheat ear images were preprocessed and normalized to 480x480 pixels. Combining deep learning and transfer
learning mechanisms, a HRNet wheat spikelet segmentation and counting deep learning model based on the freeze-thaw
mechanism was constructed. Image processing algorithms and wheat spikelet texture features were used to determine the
threshold of the relationship between the number of spikelet pixels and the number of grains per spike. The spikelet-grain
number prediction model was constructed to realize the prediction and counting of wheat spikes. The results showed that
compared with PSPNet, DeeplabV3 + segmentation model, U-Net which also used freeze-thaw mechanism and HRNet with-
out freeze-thaw mechanism, the HRNet model based on the freeze-thaw mechanism had a better segmentation effect on
wheat spikelets, and had better robustness. The segmentation accuracy was 0.959 4, the mean intersection over union (ml-
oU) was 0.911 9, the mean pixel accuracy (mPA) was 0.941 9, and the recall rate was 0.941 9. The spikelets were coun-
ted by the images of three different wheat varieties. The determination coefficient (R*) was 0. 92, the average absolute error
was 0.73, and the average relative error was 2.89%. The R® of grain counting was 0.92, the average absolute error was
0.43, and the average relative error was 5.51%. It shows that the HRNet wheat spikelet image segmentation algorithm
through the freeze-thaw mechanism can effectively segment wheat spikelets and obtain richer semantic information, which
can be used to solve the problems of difficult segmentation of small target images and training underfitting. The model can

quickly and accurately predict the number of wheat grains, so as to provide algorithm support for efficient and intelligent

yield estimation of wheat.
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manned aerial vehicle
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Table 1 Wheat ear dataset information
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Fig.3 Technology roadmap for predicting and counting wheat spikes and grains
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Fig.4 Network structure of wheat spikelets segmentation based on HRNet
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Fig.7 Network structure of wheat spikelets segmentation based on U-Net
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Fig.9 Spikelet-grain number prediction model based on textural feature
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Fig.10 Performance curves of different models in training process
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Table 2 Accuracy comparison and evaluation of different segmentation models

e ETES B wI% Ricek  aEE MEE rsson T o
HRNet hrnetv2_w32 Adam 0.000 5 0 0.941 9 0.959 4 0.911 9 0.941 9
hrnetv2_w18 Adam 0.000 5 0 0.940 9 0.949 1 0.900 9 0.940 9
hrnetv2_w32 SGD 0.004 0 0.0001  0.930 0 0.946 2 0.888 6 0.930 0
hrnetv2_wl18 SGD 0.004 0 0.0001  0.927 1 0.942 6 0.883 5 0.927 1
HRNet ( TR -HZRHLE)  hmetv2_w32 Adam 0.000 5 0 0.941 4 0.950 9 0.901 9 0.941 4
hretv2_w18 Adam 0.000 5 0 0.940 0 0.948 3 0.900 0 0.940 0
hrnetv2_w32 SGD 0.004 0 0.0001  0.9251 0.945 9 0.880 0 0.925 1
hrnetv2_w18 SGD 0.004 0 0.0001  0.926 0 0.940 8 0.875 7 0.926 0
PSPNet MobileNetv2 Adam 0.000 5 0 0.925 3 0.926 1 0.869 2 0.925 3
ResNet50 Adam 0.000 5 0 0.930 1 0.929 2 0.875 3 0.930 1
MobileNetv2 SGD 0.010 0 0.0001  0.865 0 0.914 2 0.814 2 0.865 0
ResNet50 SGD 0.010 0 0.0001 0.914 1 0.923 6 0.858 7 0.914 1
DeeplabV3+ MobileNetv2 Adam 0.000 5 0 0.941 5 0.947 2 0.899 0 0.941 5
Xception Adam 0.000 5 0 0.938 7 0.946 7 0.896 3 0.938 7
MobileNetv2 SGD 0.007 0 0.0001 09238 0.922 6 0.865 3 0.923 8
Xception SGD 0.007 0 0.0001  0.928 3 0.919 9 0.866 8 0.928 3
U-Net ResNet50 Adam 0.000 1 0 0.940 6 0.949 8 0.900 4 0.940 6
VGG Adam 0.000 1 0 0.941 9 0.949 5 0.901 3 0.941 9
ResNet50 SGD 0.010 0 0.0001 092238 0.934 0 0.873 4 0.922 8
VGG SGD 0.010 0 0.000 1  0.9310 0.942 7 0.886 7 0.931 0

TIHLA b 37 e A 2R
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Fig.12 Analysis of counting results of grain number prediction model
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Table 3 Evaluation of counting accuracy of spikelets and grains based on spikelet-grain number prediction model

INEETTEIORS BE KPR HORS B2
o
PR sy TARERE s O 2T T w©
T4 307 0.50 2.71 0.63 0.93 0.38 5.34 1.73 0.91
B 26 0.50 2.64 0.63 0.90 0.35 5.52 1.92 0.88
M 336 1.20 3.31 0.67 0.88 0.56 5.68 2.11 0.86
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