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Figure 1. Distribution of climatic data including temperature, relative humidity, solar radiation, ET, and ET.
inside the greenhouse
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Figure 2. Pearson correlation matrix between input and output variables in the modeling process of greenhouse
cucumber ET.
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Figure 3. Daily and cumulative ET. of greenhouse cucumber during the two growth periods A-W and S-S
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Figure 4. Performance comparison of different machine learning models in estimating greenhouse cucumber ET.
based on statistical indicators: R>, RMSE, MAE, and NSE
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Figure 5. Comparison of feature importance in tree-based models (RF, GB, and XGB) for estimating greenhouse
cucumber ET.
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Figure 6. Feature importance analysis using SHAP values in tree-based machine learning models for estimating
greenhouse cucumber ET.
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Figure 7. Feature importance analysis using SHAP values in SVM, PLS and PCR models for estimating
greenhouse cucumber ETc
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Abstract

In this study, the crop evapotranspiration (ET.) of greenhouse cucumber was investigated under
controlled greenhouse conditions during two growing periods: autumn — winter 2022 and spring —
summer 2023, at the College of Agriculture and Natural Resources, University of Tehran. The
objective was to model and accurately predict ETc. Daily soil moisture was measured using TDR
sensors installed at a depth of 0 — 30 cm and the soil water balance equation was applied. Reference
evapotranspiration (ETo) was measured using a grass micro-lysimeter with an accuracy of 2 grams.
The input data for modeling included 10 meteorological variables recorded during the growing
period: days after transplanting, minimum, maximum, and average temperature, minimum,
maximum, and average relative humidity, solar radiation, and reference evapotranspiration. Pearson
correlation analysis revealed that days after transplanting, average temperature, and solar radiation
had the strongest positive correlations with ET.. To predict ET., six machine learning algorithms were
implemented in Python: Principal Component Regression (PCR), Partial Least Squares Regression
(PLS), Support Vector Machine (SVM), Random Forest (RF), Gradient Boosting (GB) and Extreme
Gradient Boosting (XGB). Hyperparameter optimization was conducted using the Tree-structured
Parzen Estimator (TPE) algorithm from the Optuna library with 200 iterations. Model performance
was evaluated based on R?, RMSE, MAE, and NSE metrics using five-fold cross-validation with three
repetitions. The modeling results indicated that the GB algorithm achieved the highest accuracy and
performance, with average R?, RMSE, MAE, and NSE values of 0.90, 0.59 mm/day, 0.41 mm/day,
and 0.89, respectively. Following GB, the XGB, RF, and SVM models also performed well, with no
statistically significant differences compared to GB. SHAP analysis, used as a model interpretability
tool, revealed that days after transplanting, reference evapotranspiration, and solar radiation were the
most influential features in predicting ETc. Overall, the results demonstrated that tree-based machine
learning algorithms can serve as accurate tools for forecasting the water requirements of greenhouse
cucumber and can play a key role in optimizing irrigation management and improving water use
efficiency.
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