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Abstract – Greenhouse cultivation offers a promising solution for sustainable agriculture by enabling 

controlled environments that optimize plant growth. However, accurately predicting crop growth in these 

complex, dynamic systems remains a significant challenge. This study employs advanced machine learning 

techniques Long Short-Term Memory (LSTM) networks, Gated Recurrent Units (GRU), and Support 

Vector Regression (SVR)to model the growth of dwarf tomatoes under controlled greenhouse conditions. 

Using a dataset collected during the 4th International Autonomous Greenhouse Challenge, which includes 

environmental factors and plant growth metrics, the study evaluates the performance of these models in 

predicting growth dynamics. 

Results demonstrate that GRU outperforms LSTM and SVR, achieving the highest predictive accuracy with 

the lowest Root Mean Square Error (RMSE) and the highest Coefficient of Determination (R²) across most 

features. The GRU model effectively captures complex temporal dependencies and nonlinear relationships, 

making it a robust tool for greenhouse crop management. LSTM also shows competitive performance, 

particularly for specific growth parameters, while SVR exhibits limited ability to handle dynamic temporal 

patterns. 

This study highlights the potential of deep learning models in advancing precision agriculture, enabling 

improved decision-making in crop yield optimization and resource efficiency. Future work will focus on 

incorporating additional environmental variables, expanding datasets, and exploring advanced architectures 

to further enhance model performance and generalizability.   
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I. INTRODUCTION 

Sustainable greenhouse cultivation has become increasingly important due to growing concerns regarding 

climate change, food security, and efficient resource utilization. Controlled-environment greenhouses 

enable precise regulation of environmental variables such as temperature, humidity, light intensity, and 𝐶𝑂2 

concentration, thereby improving crop productivity and reducing resource consumption. However, 
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greenhouse systems are highly nonlinear and dynamic, making accurate modeling and prediction of plant 

growth a challenging task [1,2].  

Traditional greenhouse modeling approaches are generally divided into knowledge-driven and data-driven 

methods. Knowledge-driven models rely on physical principles and expert knowledge, including crop 

growth models, energy-based greenhouse simulations, and computational fluid dynamics (CFD) 

approaches [3–11]. Although these methods can provide physically interpretable results, they often require 

extensive assumptions, computational resources, or detailed system information.  

In recent years, data-driven modeling techniques have gained significant attention for greenhouse 

applications. Machine learning and deep learning approaches can model complex nonlinear relationships 

directly from measured data without requiring explicit physical equations. Methods such as artificial neural 

networks (ANNs), support vector machines (SVMs), Long Short-Term Memory (LSTM) networks, and 

Gated Recurrent Units (GRUs) have shown promising performance in predicting greenhouse climate 

conditions, crop growth, water use, and yield [12–17].  

Several studies have demonstrated the effectiveness of deep learning for greenhouse tomato production, 

particularly in yield prediction and environmental control. Previous research reported successful 

applications of neural networks and deep learning models for greenhouse tomato yield estimation, crop 

monitoring, and intelligent greenhouse management [18–24]. These approaches improve predictive 

accuracy by capturing temporal dependencies and complex interactions between environmental variables 

and plant responses.  

In this study, deep learning-based predictive models are developed to investigate the effects of 

environmental variables on dwarf tomato yield in controlled-environment greenhouses. Temperature, 

humidity, light, and 𝐶𝑂2 data collected during the 2023 Autonomous Greenhouse Challenge are used to 

train and evaluate different machine learning architectures, including GRU, LSTM, and SVM models [25]. 

The main objective is to identify the most effective predictive framework for greenhouse yield estimation 

and to contribute to intelligent greenhouse management applications in precision agriculture. 

II. MATERIALS AND METHOD 

This study investigates greenhouse dwarf tomato growth prediction using three machine learning 

approaches: Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and Support Vector 

Regression (SVR). These methods were selected due to their capability to model nonlinear relationships 

and temporal dependencies in environmental time-series data. 

A. Dataset and Preprocessing 

The dataset was collected during the 2023 Autonomous Greenhouse Challenge conducted in Bleiswijk, 

The Netherlands. Measurements were obtained from a controlled greenhouse compartment over a two-

month dwarf tomato cultivation period. Environmental variables and plant growth parameters were 

continuously monitored using automated greenhouse sensing systems. 

To ensure temporal continuity, the dataset was reorganized into a uniformly sampled time series 

consisting of 67 time points. Missing values were completed using linear interpolation. Input and output 

variables were normalized prior to model training to improve numerical stability and prediction 

performance. 

B. LSTM Model 

The LSTM model was employed to capture long-term temporal dependencies in greenhouse climate and 

plant growth data. The proposed architecture consisted of an input layer, a hidden LSTM layer with 50 

units, a fully connected layer, and a regression output layer. Eight environmental and physiological 

variables were used as inputs, while seven plant growth parameters were predicted as outputs. 
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C. GRU Model 

A GRU-based recurrent neural network was also developed to provide a computationally efficient 

alternative to LSTM. The GRU architecture included a sequence input layer, a hidden GRU layer with 50 

units, a fully connected layer, and a regression layer. The dataset was divided into training (70%), validation 

(15%), and testing (15%) subsets. The network was trained using the Adam optimizer with 200 epochs. 
 

D. SVR Model 

Support Vector Regression (SVR) was implemented to model nonlinear plant growth behavior using 

environmental inputs. An RBF-based SVR framework with regularization and feature standardization was 

utilized. Separate SVR models were trained for each target growth parameter, and prediction performance 

was evaluated by comparing predicted and measured outputs. 

III. RESULTS 

  In this research, three different artificial intelligence structures were utilized to improve modeling 

and predict daily crop yield growth performance using data gathered from WUR based on sensory devices. 

The predictions focus on features like Plant Height, Fresh Weight (FW) Whole Plant, Dry Weight (DW) 

Leaves, Leaf Area, Specific Leaf Area (SLA). The main evaluation metrics used are Root Mean Square 

Error (RMSE) and R², which determine the model’s accuracy in simulating real-world observations. The 

RMSE quantifies the average deviation between the model’s predictions and the actual observations, Lower 

RMSE values indicate greater accuracy in predicting observed data trends. In Fig.(1-1) Both GRU and 

LSTM models show high alignment with the observed data, accurately modeling growth trends, while SVR 

exhibits increased variability, particularly in later stages, indicating limitations in capturing nonlinear 

growth dynamics. Fig.(1-2) GRU and LSTM models effectively align with the observed data, capturing 

growth trends consistently, whereas the SVR model shows higher variability and less accuracy, particularly 

in early and late stages of plant growth. should be clear and concise. The most important features and trends 

in the results should be described but should not interpreted in detail. 

 

Fig. 1   1) Comparison of predicted and actual dry weight of whole plant (g/plant) across 80 days after sowing (DAS) for 

different models: (a) GRU, (b) LSTM, (c) SVR. 2) Predicted and observed fresh weight of whole plant(g/plant) over 80 days 

after sowing (DAS) for three models: (a) GRU, (b) LSTM, (c)SVR. 
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The Fig(2-1) presents GRU and LSTM models closely follow the observed growth trends, effectively 

modeling the temporal changes, while the SVR model exhibits larger deviations and struggles to fully 

replicate the observed dynamics, especially in complex growth phases. 

In Fig(2-2) GRU and LSTM demonstrate high predictive precision, capturing the underlying growth 

patterns effectively, while the SVR model shows more pronounced deviations, particularly during dynamic 

growth transitions. 

 

 

 

Fig. 2   1) Comparison of predicted and actual dry weight of leaves (g/plant) across 80 days after sowing (DAS) for different 

models: (a) GRU, (b) LSTM, (c) SVR. 2) Predicted and observed fresh weight of leaves (g/plant) over 80 days after sowing 

(DAS) for three models: (a) GRU, (b) LSTM, (c)SVR. 

In Fig.(3-1) Both GRU and LSTM accurately capture the upward trend in leaf area expansion, with 

GRU showing a slightly better fit. SVR demonstrates reasonable predictive performance but struggles with 

maintaining consistency in rapidly changing growth phases. 

In Fig.(3-2) GRU and LSTM closely follow the observed SLA decline trend, effectively capturing the 

temporal dynamics. SVR demonstrates reasonable performance but exhibits noticeable deviations during 

periods of rapid change, indicating limitations in handling complex transitions. 
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Fig. 3   1) Comparison of predicted and actual dry weight of leaves (g/plant) across 80 days after sowing (DAS) for different 

models: (a) GRU, (b) LSTM, (c) SVR. 2) Predicted and observed fresh weight of leaves (g/plant) over 80 days after sowing 

(DAS) for three models: (a) GRU, (b) LSTM, (c)SVR. 

In Fig.4 GRU and LSTM provide highly accurate predictions, closely tracking the observed growth trend 

with minimal deviations. SVR exhibits moderate alignment but struggles with capturing detailed nonlinear 

growth dynamics, particularly during early stages of development. 

 

 

Fig. 4   Predicted and observed plant height (cm) over 80 days after sowing (DAS) for three models: (a) GRU, (b) LSTM, 

(c) SVR. 

The table 1 presents the Root Mean Square Error (RMSE) values for the predictive performance of three 

machine learning models GRU, LSTM, and SVR across various plant growth features. RMSE is a critical 

metric for evaluating predictive accuracy, where lower RMSE values indicate better model performance. 
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Across all features, GRU consistently achieves the lowest RMSE values, except for leaf area, where LSTM 

slightly outperforms it. 

Table 1. The RMSE values for the features and artificial intelligence structure 

Feature/Structure GRU LSTM SVR Feature/Structure GRU 

Fresh Weight 

Leaves 

1.4527 1.558 4.9701 Fresh Weight 

Leaves 

1.4527 

Dry Weight 

Leaves 

0.17647 1.0168 0.63184 Dry Weight 

Leaves 

0.17647 

Fresh Weight 

Whole Plant 

1.4527 1.558 4.9701 Fresh Weight 

Whole Plant 

1.4527 

Dry Weight Whole 

Plant 

0.62334 0.91093 4.0027 Dry Weight Whole 

Plant 

0.62334 

Leaf Area 4.935 4.1056 7.0226 Leaf Area 4.935 

SLA 5.3352 7.3112 10.8122 SLA 5.3352 

Plant Height 0.94731 0.983 1.9638 Plant Height 0.94731 

 

The table 2 provides the Coefficient of Determination (𝑅2) values for the predictive performance of GRU, 

LSTM, and SVR models across various plant growth features. The 𝑅2 metric reflects the proportion of 

variance in the observed data explained by the model, with higher values indicating better predictive 

accuracy. 

 

Table 2. The R2 values for the features and artificial intelligence structure 

 

Feature/Structure GRU LSTM SVR 

Fresh Weight 

Leaves 

98.8066% 98.6273% 86.0305% 

Dry Weight 

Leaves 

98.451% 98.7859% 84.436% 

Fresh Weight 

Whole Plant 

99.2775% 98.8921% 79.144% 

Dry Weight Whole 

Plant 

99.4812% 98.6196% 78.6081% 

Leaf Area 98.655% 98.0645% 86.2206% 

SLA 98.0824% 98.095% 88.6926% 

Plant Height 97.3518% 97.9406% 91.1502% 

 

IV. DISCUSSION 

 

The results in Tables 1 and 2 indicate that GRU achieved the best overall performance, producing the 

lowest RMSE and highest R values for most growth parameters. LSTM also demonstrated strong predictive 

capability, particularly for leaf area estimation, while SVR showed reduced performance due to its limited 

ability to model complex temporal and nonlinear relationships in greenhouse crop growth data. 

 

Overall, the findings demonstrate that recurrent deep learning architectures, especially GRU, are highly 

effective for greenhouse plant growth prediction. The proposed models successfully captured key temporal 

growth patterns, although further improvements may still be required for features such as leaf area and SLA 

estimation. 

V. CONCLUSION 

This study developed a deep learning (DL) approach utilizing GRU, LSTM networks for predicting dwarf 

tomato yield. The proposed methods demonstrated high prediction accuracy. Experimental findings 

revealed that the deep learning model, particularly GRU, outperformed traditional machine learning 

techniques such as SVR and LSTM on key evaluation metrics, including RMSE and R2. Future work will 
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focus on: (a) significantly expanding the dataset used to train the proposed DL models to enhance their 

robustness; and (b) extending the DL framework to support multi-step predictions (on a weekly or multi-

week basis) of growth and yield across diverse greenhouse settings in the US and Europe, (c)) include 

additional environmental factors, such as irrigation schedules, soil composition, or light variability, to 

improve the network’s predictive power.Future work may explore advanced architectures, such as 

bidirectional GRUs or attention mechanisms, to enhance predictive performance further. 
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