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Prediction of stem diameter of protected tomato based on DBO-LSTM-
Attention model
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my of Agricultural Sciences/Key Laboratory of Intelligent Agricultural Technology ( Yangtze River Delta) , Ministry of Agriculture and Rural Affairs, Nanjing
210014, China)

Abstract: Stem diameter variation is a vital physiological indicator for evaluating tomato growth status. Accurately
predicting its dynamic changes in advance is of great significance for precise regulation of greenhouse environments. Aiming
at the deficiencies of existing prediction models such as insufficient feature extraction and weak capability in capturing long-
term dependencies, this study proposed a stem diameter prediction model integrating dung beetle optimizer (DBO), long
short-term memory (LSTM) network and attention mechanism, namely DBO-LSTM-Attention. The model used LSTM mod-

ule to capture temporal dependencies between stem diameter dynamics and environmental factors including air temperature ,

air  humidity, carbon dioxide concentration and

Y %s H #7:2026-03-24 photosynthetically  active  radiation.  The  attention
EEWE ROV ARFHRHIH mechanism was introduced to dynamically assign weights,
PEE®IAT: R T (1997-) , 5B PR L WP 58 A WIS O 1) Sy i thereby enhancing the model’ s focus on critical time steps.
HEFF BT AEVESE . (E-mail) rogerluhongyu@ 163.com The DBO algorithm was adopted for adaptive hyperparame-

BIRIEE T, (E-mail) 20190033@ jaas.ac.cn ter optimization to improve model generalization perfor-
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mance. The results revealed that the DBO-LSTM-Attention model achieved superior prediction stability and accuracy in both

short-term and long-term prediction tasks, with all evaluation indices outperforming those of the comparative models. Its

performance declined slightly with the increase of prediction horizon, proving strong temporal modeling and generalization

ability. In conclusion, the DBO-LSTM-Attention model can effectively fuse tomato plant growth parameters and greenhouse

environmental factors to realize high-precision prediction of dynamic changes in stem diameter, and provide a theoretical

reference for intelligent regulation of growing environments for protected tomatoes.
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Fig.1 Schematic diagram of the long short-term memory net-

work structure
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Fig.2 Schematic diagram of the attention mechanism structure
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Fig.4 Prediction curves of stem diameter variation by different models
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Table 2 Prediction performance of different models on tomato stem diameter variation

TR ] (h) Y RMSE MAE MAPE R?
1 BP 0.048 7 0.035 0 0.722 2 0.9233
LSTM 0.0415 0.031 1 0.639 7 0.941 7
LSTM-Attention 0.034 0 0.024 7 0.514 3 0.961 5
DBO-LSTM-Attention 0.019 8 0.013 0 0.266 0 0.987 2
3 BP 0.052 3 0.036 4 0.749 7 0.910 3
LSTM 0.044 6 0.033 3 0.683 5 0.9350
LSTM-Attention 0.037 0 0.027 8 0.576 0 0.953 7
DBO-LSTM-Attention 0.026 8 0.017 0 0.348 2 0.976 6
6 BP 0.053 7 0.037 2 0.760 0 0.906 5
LSTM 0.050 4 0.038 0 0.778 7 0.917 6
LSTM-Attention 0.042 5 0.032 1 0.666 0 0.939 6
DBO-LSTM-Attention 0.034 8 0.023 4 0.480 3 0.960 6
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Table 3 Long-term prediction performance of the DBO-LSTM-
Attention model
NILiDgL
ﬁ{éf; I RMSE MAE MAPE R?
12 0.044 0 0.033 1 0.684 5 0.940 0
18 0.052 7 0.038 1 0.789 4 0.913 5
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