"m Check for updates

Journal of KIIT. Vol. 23, No. 1, pp. 21-29, Jan. 31, 2025. pISSN 1598-8619, elSSN 2093-7571 21
http://dx.doi.org/10.14801/5kiit.2025.23.1.21

EnlE s 9 LAl o= A3 <=3 AAW 78 P8y
2dE9 Als v AT

w0l AT Mex, O K| B xx

A Comparative Study on the Performance of RNN-based Deep
Learning Models for Tomato Yield and LLAI Prediction
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Abstract

As yield prediction services become increasingly important in precision agriculture systems, the use of Al models
is in demand. However, it remains unclear which Al model is best suited for crop yield prediction. This study
compares the prediction performance of recurrent neural network-based deep learnin models —RNN, LSTM, Bi-LSTM,
GRU, and Bi-GRU for forecasting tomato crop yield and Leaf Area Index(LAI). For the comparative experiment,
tomato cultivation environment and growth data collected at two-week intervals over three years were used, and a
total of 943 data points were obtained after preprocessing steps, including handling missing values, data
transformation, feature engineering, upsampling, and scaling. The experimental results showed that the Standard
Scaler-LSTM and Power Transformer-Bi-LSTM combinations had the smallest errors in predicting yield and LAI,
indicating their suitability for forecasting tomato crop yield.
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2.2.1 RNN(Recurrent Neural Network)
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2.2.2 LSTM(Long-Short Term Memory)
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2.2.3 Bi-LSTM(Bidirectional LSTM)
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Table 1. Size of integrated dataset by year and region

Region Year | Size of dataset
Yeoju, Gyeonggi Province | 2021 134
2020 184
Sacheon,
Gyeongsangnam-do 2021 %
2022 120
Jinju, Gyeongsangnam-do | 2021 198
2021 29
Yeongam, Jeollanam-do 000 187
Jeongeup, Jeollabuk-do 2021 208
Total 1,159
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Table 2. Environmental and growth features of tomato crops

Category Feature Unit
Air temperature inside the C
greenhouse
Environmental | Air relative humidity inside %
information the greenhouse
Air CO, concentration
inside the greenhouse pem
Weeks after planting week
Growth length mm
Inflorescence height mm
Crop growth Stem thickness mm
information Flowering body point
Fruiting cluster point
Number of fruits -
LAl -
Basic data Year, location, data collection date
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Fig. 1. Correlation of feature vectors
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Table 3. Experiment environment

Environment Specifications
0S Ubuntu 22.04
Physical CPU AMD Ryzen 7 5800X
environment GPU Nvidia GeForce RTX 3070
RAM 16 GB
Python 3.8.10
[Python 8.11.0
IDE numpy 1235
(Integrated scipy 1.10.1
Development keras 2.120
Environment) | skleam 1.3.0
pandas 203
tensorflow 2.12.0
&4 Fgere g2 AHg PeEe=

Adam(Adaptive moment estimation)<, EH5E 2A=

2]+ EarlyStopping?} ReduceLROnPlateaus 22} At
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Table 4. Hyper parameters applied to models

Types Parameters and values
General Bgtoh sizer 8
hyper-parameters Learning rate: 0.0001
Epochs: 1000
monitor: val_loss
EarlyStopping min_delta: 0.0001
hyper-parameters patience: 50
mode: auto
monitor: val_loss
ReducelLROnPlateau factor: 0.3
hyper-parameters patience: 25
min_Ir: 0.000005
g, AS, AR A2 F 937l HlolHE 811
Hl &2 Edsto] ARgsislon, 4% HlwE 93

37} AEZE MAE, RMSE, SMAPE(Symmetric
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Table 5. Prediction errors of models based on different scalers

Scalers MinMax Standard Robust Power Quantie
Models tfransformer transformer
MAE | RMSE | SMAPE | MAE | RMSE | SMAPE | MAE | RMSE | SMAPE | MAE | RMSE | SMAPE | MAE | RMSE | SMAPE
ANN # fruits | 0.3 | 041 | 522 | 014 | 02 | 353 | 073/ 0718| 339 | 014 | 02 | 37 | 025|058 | 395
LAl | 006|008 | 541 | 003 |005| 287 | 003|004 | 251 | 003|004| 208 | 004 | 008 | 32
GRU # fruits | 017 | 026 | 371 | 005|008 | 22 |ao4|008| 217 | 007 | 0.1 | 287 | 0.13 | 033 | 268
LAl | 004 |005]333|008|011 |28 |007 (011 | 28 |002|003| 1.24 | 003 | 005 | 1.96
8-GRU # fruits | 02 | 03 | 387 | 002|003 | 151 | 2| 003| 1.4 | 008 |0.11 | 292 | 0.12 | 0.24 | 2.11
LAl | 004|006 | 372 | 008|012 | 289 | 004 | 008 | 212 | 02| 0.03| 1.29 | 003 | 0.05 | 1.92
LSTM # fruits | 0.19 | 028 | 381 | Q2| 03| 1.58 | 007 | 0.11 | 286 | 007 | 0.1 | 279 | 0.08 | 0.15 | 1.42
LAl | 004 |006| 38 |006|009| 277 | 002| 0.02| 1.38 | 0.02| 0.03| 121 | 02| 0.04| 1.53
BI-LSTM #fruits | 013 ] 02 | 332 (O | 2| 1.27 | 004 | 007 | 208 | 06| 0.1 | 275|009 | 0.17 | 1.47
LAl [ 003|004 | 244 | 007|011 | 284 | 006|009 | 281 |007|003| 1.18 | 002 | 004 | 1.54
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