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Abstract: [Objective]Rice grain counting is a crucial step in rice seed testing. To address the inefficiencies and errors associated with
traditional manual counting of rice grains, this study constructed an in-situ counting model for rice grains. In—situ counting method
can not destroy the original topological structure of rice panicles, and then it can be further applied to obtain other phenotypic
parameters. [Methods]The model employs ResNet as its backbone network and predicts the probability density distribution of rice
grains by leveraging the feature correlation between image and rice grain exemplars. Subsequently, the number of rice grains is
obtained by summing the density maps. An image dataset of rice panicles was collected, and a loss function tailored for rice grain
counting on panicles was defined. This function takes into account both the consistency between the predicted density map and the
actual rice grain distribution, as well as the relevant constraints of the exemplar labeling box. The performance of the model was
evaluated using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Relative Error (MRE). Experimental
[Results]Utilizing ResNet50 as the model’s backbone network achieves impressive accuracy, with MAE, RMSE, and MRE values of
10.937, 19.286, and 13.4%, respectively. This method exhibits superior counting performance. Compared to YOLOv8-seg, the MRE of
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the proposed model is reduced by 2.2%. When compared to the SAM (Segment Anything Model) based on instance segmentation, the
MRE of the proposed model decreases by 12.2%, and compared to the T-Rex2 model, it is reduced by 6.5%. [Conclusion]This
research method is based on the deep learning model, which can automatically identify and count rice grains in the image and improve
the counting efficiency. At the same time, compared with other deep learning models, this research model has stronger learning ability
with few samples. The method presented in this paper can be effectively applied to the task of rice grain counting in panicles, and the
research provides valuable insights for obtaining phenotypic parameters of rice panicles.
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W, H, and IN represent the width, height, and number of input channels of the input feature map, respectively, while OUT represents the number of output channels of the output
feature map
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Table 1 Influence of backbone network on rice grain counting performance

R RS ISHF4E Validation set THALE Test set

Backbone network MAE RMSE MRE/% MAE RMSE MRE/%
ResNet34 12.062 22.059 14.9 12.323 27.073 17.2
ResNet50 11.663 18.125 11.9 10.937 19.286 13.4
ResNet101 11.912 20.053 13.2 11.877 20.015 13.6
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Table 2 Counting results of some rice panicle test sample

PR AR T forfinE AR 2%
Sample no. True value Predictive value Absolute error Relative error
1 168 171.14 3.14 1.86
2 167 164.65 2.35 1.40
3 175 183.5 8.50 4.85
4 122 129.43 7.43 6.09
5 151 143.24 7.76 5.13
6 142 141.25 0.75 0.52
7 134 134.20 0.20 0.14
8 136 141.84 5.84 4.29
9 131 123.77 7.23 5.51
10 116 118.63 2.63 2.26
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Table 3 Performance comparison among different counting models

Jrk IEAE Validation set ML SE Testing set
Methods MAE RMSE MRE/% MAE RMSE MRE/%
FamNet 11.663 18.125 11.9 10.937 19.286 13.4
T-Rex2 21.307 28.674 18.6 23.748 29.384 19.9
SAM 31.680 36.754 24.9 33.531 42.272 25.6
YOLOv8-seg 14.985 23.399 15.9 17.347 23.320 15.6
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