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Abstract. The agricultural sector heavily relies on accurate crop yield
predictions, providing farmers with crucial information to manage their
crops, allocate resources efficiently, and plan market strategies. This ar-
ticle proposes a novel approach utilizing a Stacked Ensemble Model for
predicting tomato crop yield in greenhouse environments. A comprehen-
sive dataset encompassing various factors related to greenhouse climate,
crop parameters, and production was used for training and evaluating
the models. Comparative analysis with other advanced regression mod-
els, including K-Nearest Neighbors (KNN), Random Forest, and Light-
GBM, demonstrated the superior performance of the Stacked Ensemble
Model, highlighted by the highest R2 value (0.896) and the lowest mean
squared error (MSE) of 0.008. These results signify heightened accuracy
and a close alignment between predicted and actual values. Our proposed
system empowers farmers with the ability to accurately predict tomato
yield, enabling them to mitigate risks, optimize harvest schedules, and
effectively meet market demands.

Keywords: Tomato yield prediction · Machine Learning · Smart agri-
culture · Greenhouse environments · Precision agriculture.

1 Introduction

The tomato, a versatile and nutritious fruit, is a cornerstone of global agriculture.
Its widespread consumption and significant economic value make it a crucial
crop for food security and economic stability worldwide [1]. However, accurately
anticipating tomato yields remains a challenge for farmers, hindering their ability
to strategize growth, optimize resource allocation, and maximize profitability [2].

Traditional methods of yield prediction often rely on manual observation and
expert knowledge, which can be subjective and prone to inaccuracies, particu-
larly in complex growing environments like greenhouses [3].

Enter smart agriculture. This revolutionary approach integrates cutting-edge
technologies like Artificial Intelligence (AI), the Internet of Things (IoT), Blockchain
(Distributed Ledger), and robotics to transform agricultural practices [4] [5].
Machine Learning (ML) plays a central role in smart agriculture by empowering
farmers with data-driven insights. These insights enable them to make informed
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decisions about crop management, predict yields with greater accuracy, and opti-
mize resource utilization, ultimately promoting sustainable agricultural practices
that benefit both the environment and their bottom line [6] [7].

This research aims to contribute to this advancement by proposing a precise
model for estimating tomato yields. Unlike traditional methods, this model con-
siders a multitude of factors that influence yield, including the complex interplay
of greenhouse climate conditions, stem characteristics, and historical harvest in-
formation. To achieve this goal, the study leverages the Stacked Ensemble Model
as the core analytical approach.

Through this research, we aim to provide farmers with a robust tool for
accurately predicting tomato yield, enabling them to mitigate risks, optimize
harvest schedules, and effectively meet market demands.

2 Literature Review

In this section, we delve into the realm of tomato yield prediction, a domain that
has garnered relatively fewer studies compared to other crops. Nevertheless, we
aim to explore and present a range of pertinent research endeavors that focus
on yield prediction across different crops, employing diverse methodologies and
approaches.

For instance, the authors of this study [8] presented research on winter wheat
yield prediction using machine learning (ML) and deep learning approaches.
They utilized a large dataset comprising weather, soil, and crop phenology vari-
ables from 271 counties across Germany, spanning the period from 1999 to 2019.
The objective was to analyze the efficacy of various models, including deep neural
networks (DNNs), convolutional neural networks (CNNs), decision trees, random
forests, XGBoost, and linear regression. Achieving 7 to 14% lower RMSE, 3 to
15% lower MAE, and improved correlation coefficients by 4 to 50%, the pro-
posed CNN model outperformed all other models in predicting winter wheat
production.

Another study [9] developed a novel approach for the early estimation of
tomato yield using Decision Tree Ensembles (DTE) and information obtained
from Unmanned Aerial Vehicles (UAVs). The results showed that the DTE-Bag
model could predict tomato yield with an accuracy of 92.5%. The authors believe
that their proposed method may be utilized to enhance the predicting of tomato
yield and assist farmers in making informed decisions.

Furthermore, the authors of this paper [10] developed a transformer-based
model for accurately predicting rice yield using satellite and climatic indicators.
The model outperformed four other ML models (LASSO, RF, XGBoost, and
AtLSTM), achieving the highest R² of 0.78, lowest RMSE of 0.44 t/ha, lowest
MAPE of 16.56%, and greatest accuracy of 0.72. Although the proposed model
effectively predicts rice yield by considering various factors, the study has some
limitations, such as the lack of consideration of other features like soil properties,
tillage, and fertilization rates, which are also closely related to rice yield.
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In another study [11], the outputs of a biophysical model and an ML model
are combined to propose a unique method for predicting tomato yields in a green-
house. The Tomgro model is a commonly used biophysical model for predicting
tomato yields based on environmental parameters such as temperature, humidity,
and light. Convolutional neural network-recurrent neural network (CNN-RNN)
modeling is used in this method to predict future yields, trained using historical
yield data and environmental parameters. Among all the techniques, the fusion
strategy yielded the most accurate prediction results, with RMSEs, R²s, and
Nash-Sutcliffe efficiency (NSE) mean and standard deviations of 17.69 ± 3.47.

Additionally, using available climatic data such as temperature, precipitation,
and solar radiation, this study [12] provided a simple and easy approach for
predicting national wheat yields. The study found that the Random Forest model
was the best-performing model, with an RMSE of 9.1

Moreover, the purpose of this study [13] was to compare different rice yield
prediction models, such as multiple linear regression (MLR), RF, and the tradi-
tional model (TR), based on the most important agronomic traits (plant number
per m² and plant height). The research was carried out in China’s Jilin Province.
The findings revealed that the RF model outperformed the other models in terms
of accuracy and robustness.

This research [2] evaluates the effectiveness of various regression models—Random
Forest (RF), K-Nearest Neighbors (KNN), Support Vector Regression (SVR),
Lasso Regression, and Linear Regression—in predicting tomato yields across
different datasets. Dataset 3 is identified as the most comprehensive and accu-
rate. While RF requires more computational time, it demonstrates the highest
predictive accuracy. KNN and Lasso Regression perform well with lower compu-
tational costs.

Through an extensive review of existing literature, our study endeavors to
advance tomato yield prediction by enhancing predictive models. We aim to
elucidate the outcomes of the proposed system in terms of yield, explicate the
results of the Stacked Model, and identify potential enhancements.

3 PROPOSED METHOD

We have developed a Stacked Ensemble Model aimed at predicting the daily
tomato yield within a greenhouse environment. The overarching framework of
our proposed approach, as depicted in Figure 1, comprises both online and offline
stages. The offline phase involves constructing the prediction model, encompass-
ing data preprocessing and Stacked training. Subsequently, the online phase
entails employing the trained Stacked Model to predict new instances and assess
their performance.

The Stacked Ensemble Model is specifically chosen due to its robustness in
handling multicollinearity within datasets characterized by correlated features.
Ensemble methods effectively mitigate overfitting concerns by combining pre-
dictions from multiple models, enhancing the generalization to new and unseen
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Fig. 1. The general architecture of the proposed system.

data [14]. This choice aligns with our goal of achieving accurate and reliable
predictions of daily tomato yield in a greenhouse environment.

The efficacy of the Stacked Model in managing multicollinearity and prevent-
ing overfitting will be demonstrated and substantiated in the subsequent Results
and Discussion section.

3.1 Dataset description

The dataset utilized in this research was obtained from the Autonomous Green-
house Competition (AGC) (second edition) [15]. It provides a comprehensive
collection of data that captures various aspects of tomato cultivation and green-
house management recorded during the competition.

The dataset consists of six collections, each containing six sub-datasets. Our
study utilized three specific datasets: the Greenhouse climate, Crop parameters,
and Production datasets. These selections were made because they directly relate
to the growth and yield prediction of tomatoes. Table 1 provides a detailed
explanation of the datasets used.

The Greenhouse climate dataset includes detailed information on the green-
house climate during tomato plant growth. It contains 47,808 rows of data gath-
ered over 166 days, with each row representing climatic readings collected at
5-minute intervals. The Crop parameters dataset includes detailed information
on tomato plant growth, such as stem growth, stem thickness, stem density,
and plant density. It contains 23 rows of data, with each row representing mea-
surements collected at weekly intervals. Finally, the Production dataset includes
detailed information on tomato plant harvests, such as total production, the
number of harvested fruits, and the weight of harvested fruits. It contains 24
rows of data, with each row representing measurements collected on the harvest
date. In this research, we were especially interested in the ’total production’ and
did not use data related to the number or weight of the fruits.
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Table 1. Dataset Description

Dataset Time Feature Description Unit

Greenhouse
Climate 5 min

Tair Greenhouse air temperature °C
Rhair Greenhouse relative humidity %
CO2air CO2 in greenhouse ppm
co2_dos CO2 dosing kg/ha hour
Tot_PAR Total inside PAR (Sun + HPS +

LED)
µmol/m² s

EC_drain Drain EC dS/m
pH_drain Drain pH -
Cum_irr Cumulative irrigation per day L/m² day

Crop
Parameters Weekly

Stem_thick Stem thickness mm
Stem_elong Stem growth per week cm/week
Stem_dens Stem density Stems/m²
Plant_dens Plant density Plants/m²

Production at harvest
date prod Total tomato production kg/m²

3.2 Data Preprocessing

Data transformation From Table 1, we observe that the data collection inter-
vals for different features are not uniform. To ensure compatibility and usability
of all features within a single model, we standardized the collection intervals to
a daily timeframe.

For the Greenhouse climate features collected at 5-minute intervals, we trans-
formed the data by calculating the mean value for each day. Similarly, the data
for the Crop parameters characteristics, which were gathered weekly, were re-
sampled to a daily frequency. The same resampling technique was applied to the
Production data to obtain daily values (Fig. 2).

Handling Missing Values Handling missing values is a critical phase in data
preprocessing due to its significant impact on subsequent analyses. Various fac-
tors such as sensor malfunction, data recording discrepancies, or incomplete data
collection can lead to missing values [16]. In this study, we addressed missing
values using a straightforward yet effective method known as imputation. Im-
putation involves substituting missing data with values derived from statistical
measures. Specifically, we used median values to impute missing data points.
This approach ensures data integrity and facilitates comprehensive analysis by
reducing the impact of missing values on the dataset.

Handling Outliers Dealing with outliers is another crucial aspect of data pro-
cessing that can significantly affect subsequent analyses. Outliers may arise due
to measurement errors, experimental anomalies, or inherent dataset fluctuations.
In this study, we employed robust methodologies using statistical measures such
as the interquartile range (IQR) to handle outliers. Specifically, we identified and
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Fig. 2. Daily Harvest of Tomato Crop.

treated outliers by replacing them with the median value. This approach aims to
mitigate the influence of outliers on analyses while preserving dataset integrity.

Data Normalization Data normalization aims to standardize the range and
distribution of features within the dataset, particularly when dealing with fea-
tures exhibiting diverse measurement units or ranges [17]. In this study, we
utilized the MinMax scaler for data normalization. This method effectively elim-
inates biases arising from differing feature scales, facilitating fair comparison and
analysis of the dataset.

3.3 Machine Learning Models

Within this section, we delineate the machine learning (ML) models employed
in our study. Our primary focus lies in the proposition and implementation
of a Stacked Ensemble Model. Additionally, we leverage K-Nearest Neighbors
Regression (KNN), Gradient Boosting Machines using LightGBM, and Random
Forest to facilitate a comprehensive comparison and evaluation of our results.
This selection enables us to assess the predictive performance and efficacy of
the proposed Stacked Ensemble Model against both established and advanced
models, thereby enhancing the robustness of our analysis.
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Stacked Ensemble Model: The Stacked Ensemble Model employs a model stack-
ing approach that combines multiple base learners (Ridge, Random Forest, and
XGBoost) using a meta-learner. This method aims to enhance predictive per-
formance by leveraging the strengths of each base learner and mitigating their
weaknesses [14].

K-Nearest Neighbors Regression (KNN): KNN is a simple yet powerful algo-
rithm used for regression tasks. It predicts the target variable by identifying the
k closest neighbors to a given data point and computing the average or weighted
average of those neighbors’ target values. [20].

LightGBM: LightGBM is a highly efficient gradient-boosting framework that
employs tree-based learning algorithms. It is designed for distributed comput-
ing and can handle large-scale data efficiently, making it suitable for high-
dimensional datasets [18].

Random Forest: Random Forest is an ensemble learning method that constructs
multiple decision trees during training and outputs the mean prediction of the
individual trees. This approach helps to improve accuracy and control overfitting
[19].

Through comprehensive evaluation and comparison with KNN, LightGBM,
and Random Forest, we aim to showcase each model’s performance metrics,
including mean squared error (MSE), mean absolute error (MAE), root mean
squared error (RMSE), and coefficient of determination (R-squared). These met-
rics will provide empirical evidence supporting the effectiveness of these models
in accurately predicting tomato yield within the greenhouse environment. The
results will highlight the predictive power and reliability of the Stacked Ensemble
Model, demonstrating its superiority over traditional and advanced individual
models.

4 Results and Discussion

In this section, we present and discuss the results obtained from our study on
tomato yield prediction using various machine-learning models. The models in-
clude K-Nearest Neighbors (KNN), Random Forest, LightGBM, and a Stacked
Ensemble Model. To ensure robust evaluation, the dataset was partitioned into
a training set (80%) and a testing set (20%). Performance metrics after hyper-
parameter tuning are summarized in Table 2, with visual representations of the
results shown in Figs. 3, 4, and 5.

According to the R2 comparison (Fig. 3), the Stacked Ensemble Model achieved
the highest R2 value of 0.896, surpassing RandomForest at 0.884, LightGBM at
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Table 2. Performance Evaluation of Tomato Yield Prediction Models

Model MSE MAE RMSE R2
KNN 0.0226 0.11 0.15 0.712
RandomForest 0.009 0.046 0.095 0.884
LightGBM 0.013 0.083 0.114 0.831
Stacked 0.008 0.065 0.09 0.896

Fig. 3. Comparison of R2 Scores.

0.831, and KNN at 0.712. These results indicate the Stacked Ensemble Model’s
superior capacity to explain variance within the data, signifying a stronger fit
than the other models.

The higher R2 value of the Stacked Ensemble Model suggests its effective-
ness in capturing the underlying patterns of the data. This model’s ability to
combine predictions from multiple base learners, such as Ridge, Random For-
est, and XGBoost, enhances its performance by leveraging the strengths of each
model and mitigating its weaknesses. In terms of error metrics (Fig. 4), the
Stacked Ensemble Model demonstrated the lowest mean squared error (MSE)
at 0.008, indicating superior prediction accuracy with fewer errors. The Ran-
domForest, LightGBM, and KNN models reported slightly higher MSE values
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Fig. 4. Comparison of Error Metrics.

of 0.009, 0.013, and 0.0226, respectively. Additionally, the Stacked Ensemble
Model outperformed others with the lowest root mean squared error (RMSE).

The Stacked Ensemble Model’s superior performance in minimizing errors
can be attributed to its ensemble approach. Combining multiple models effec-
tively captures a broader range of data patterns and reduces the risk of overfit-
ting, leading to more accurate predictions and better generalization to new data.
Fig. 5 provides a comprehensive visual analysis of the alignment between the pre-
dicted and actual values, allowing for a full evaluation of prediction accuracy.
Ideally, the predicted values should coincide with the diagonal line, indicating a
high level of agreement between the model’s predictions and the actual values.

The Stacked Ensemble Model’s predictions align closely with the diagonal
line, demonstrating its superior predictive capability and closer approximation to
actual values compared to the KNN, LightGBM, and RandomForest models. The
slight deviations observed in the KNN, LightGBM, and RandomForest models
highlight their relatively lower accuracy in comparison.

The results of this study demonstrate the benefits of using a Stacked En-
semble Model for tomato yield prediction. The ensemble approach’s ability to
integrate multiple learning algorithms results in a model that outperforms indi-
vidual models like KNN, LightGBM, and RandomForest in terms of R2, MSE,
MAE, and RMSE.
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Fig. 5. Comparison of Predicted and Actual Values for Models.

The ensemble method’s strength lies in its robustness and flexibility. By
combining models that capture different aspects of the data, the ensemble model
can effectively balance bias and variance, leading to improved generalization and
prediction accuracy. This is particularly advantageous in complex agricultural
datasets where variability and non-linear relationships are common.

Furthermore, the lower error metrics achieved by the Stacked Ensemble
Model underscore its potential for practical applications in precision agricul-
ture. Accurate yield predictions can significantly aid farmers in making informed
decisions about resource allocation, crop management, and market strategies, ul-
timately enhancing productivity and sustainability.

5 Conclusion

This paper introduced a machine-learning strategy employing various models to
predict tomato crop yield in greenhouse conditions. The models evaluated in-
clude K-Nearest Neighbors (KNN), Random Forest, LightGBM, and a Stacked
Ensemble Model. Our results demonstrate that the Stacked Ensemble Model
outperforms the other models, achieving the highest R2 value of 0.896 and the
lowest mean squared error (MSE) of 0.008. These metrics indicate superior ac-
curacy and a closer alignment between predicted and actual values.

The Stacked Ensemble Model’s success can be attributed to its ability to
integrate multiple base learners, capturing diverse patterns within the data and
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reducing the risk of overfitting. This model’s enhanced predictive performance
underscores its potential as a robust tool for farmers, aiding in optimized harvest
planning, meeting market demands, and advancing agricultural practices.

Future research could explore alternative machine learning methodologies,
including deep learning approaches, to further enhance predictive performance.
Additionally, validating this system across diverse geographical areas and varying
agricultural conditions would enhance its applicability and credibility.
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