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Multi-feature Fusion-based Model for Recognizing Different
Growth Stages of Rice
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Abstract.; China is the largest rice-growing country in the world, and accurate recognition of different
growth stages of rice is essential for achieving intelligent rice field management. Targeting the
classification of rice growth stages, including initial heading stage, full heading stage, milk ripening
stage, and yellow ripening stage, a recognition model for rice growth stages was proposed based on multi-
feature fusion. The specific methodology included multi-feature extraction module, utilizing high-
resolution remote sensing images obtained from drones as the data source, multi-scale features and deep
semantic features of the images were extracted by using the Swin Transformer model and ResNet18 model.
An improved feature fusion module was designed, which included an adaptive feature fusion ( AFF)
module and a global context modeling ( GC) module. The AFF module achieved adaptive fusion of
different features by learning the weight relationships between features. The GC module incorporated
global context information to enhance the model’ s ability to perceive global features, thereby improving
adaptability in complex scenarios. Model optimization, utilizing the Lion optimizer and a dynamic
learning rate strategy to accelerate the model’s convergence speed. Additionally, a Dropout layer was
introduced to prevent overfitting and improve the model’s generalization ability. Comparative experiments
demonstrated that the proposed model achieved a 97. 14% accuracy rate in recognizing rice at the heading
and maturity stages, which was 3.29, 2.53, and 1.09 percentage points higher than that of other

mainstream models such as MobileNetV2, EfficientNet and Swin Transformer, respectively. Notably,
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while maintaining high accuracy, the model had relatively fewer parameters and lower computational

costs, showcasing lightweight characteristics suitable for practical applications.

Key words: rice; growth stages; Swin Transformer; ResNetl8; recognition model; multi-feature fusion
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Fig.1 Schematic of rice experimental field
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Fig.2 Images of four rice growth stages
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Tab.2 Similarity contrast of image after Gaussian

blurring
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recognition model with multi-feature fusion
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Tab.3 Comparison results of different model inputs
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Tab.7 Comparative experiments of different models
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Tab.8 Comparison results of different rice varieties

(d) Swin Transformer

%
KA b il HEHf 2 L RS PENCIE: S
k4 96. 84 96. 42 96. 48
i) 28 96.73 97.17 96. 89
T 46 97. 11 96. 37 96. 51
HAS A0 96. 73 96. 68 96. 62
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Tab.9 Accuracy of model for images with different

radius of blurriness %
r
i R
1 2 3 4 5 6
MobileNetV2 91.67 85.84 79.22 54.58 53.63 53.71
EfficientNet 91.11 81.24 78.65 52.15 51.54 52.97
Swin Transformer 92.71 87.33 81.98 64.85 57.47 57.17
AR SRR 95.54 94.37 90.73 87.25 83.25 82.75
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Tab.10 Comparison of model’s performance degradation
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