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Abstract

Korea produces comparatively less summer-cultivated paprika from August to September
due to unfavorable environmental circumstances, particularly high temperatures that begin
in late June. As a result of this, managing a greenhouse climate well during the hot season
is essential to boosting paprika production and ensuring its sustainability in relation to
agricultural expansion. This study aims to analyze the efficient use of environmental
characters and to minimize prediction errors with the help of data collected from an
advanced environmental controlled system installed in a greenhouse, along with frequently
used machine learning techniques, as a sustainable method to adopt. Artificial intelligence
(AI)-based sustainable methods were used for evaluating the cumulative paprika fruit
count (Pn.f) based on the greenhouse environmental data using multiple linear regression
(MLR), support vector machine (SVM), ensemble tree bagging (ET Bagged), and Random
Forest (RF). The twenty-one potential indicators/input parameters, comprised of relative
humidity, humidity deficit and temperature-related variables, were utilized. A number of
statistical tests, including R-square (R2), root mean square error (RMSE), and mean absolute
error (MAE), were employed to further bolster the performance efficiency of the computed
prediction models. To determine the precise impact of the input parameters, parametric
and sensitivity tests were also carried out. The findings show that the suggested models
meet all the accuracy-related acceptance criteria. SVM and RF, however, perform better
than MLR and ET Bagged. The models’ robustness and dependability are asserted not
only by simple correlation but also by the physical and logical relationships between the
sensitive elements and the dependent variable. The significance of our work lies in the use
of SVM and RF models for the efficient handling of environmental factors, and the findings
also advise greenhouse growers on how to modify these climatic variables for greenhouses.

Keywords: sustainability; climatic variables; sensitivity analysis; parametric analysis;
machine learning algorithms

1. Introduction
Agriculture is one of the primary economic sectors in developing countries, where a

significant section of the population depends on it for subsistence. It significantly improves
people’s quality of life and lowers poverty, according to [1,2]. The agricultural industry
will therefore unavoidably grow as technology develops. Due to the exponential rise
in the human population, as noted by [3,4], there is an increasing need for food as the
twenty-first century progresses. Grown entirely in greenhouses, paprika (Capsicum annuum
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L.) is Korea’s top export among fresh fruit and vegetables and meets the country’s growing
food demand. It is a very productive and profitable product. In 2021, paprika exports
totaled 27.4 thousand tons and 82 million dollars [5]. However, Korea has recently seen
a decline in paprika production. Paprika production was 109 tons per ha in 2022, a 3%
decline from 2021, while the cultivated area was 705 ha, a 2% decrease [5]. According to [6],
the recent summer rainfall and exceptionally high temperatures are the reasons behind the
decline in paprika production. Summertime agricultural cultivation is often threatened
by heat waves, prolonged monsoons, typhoons, and droughts. The Korea Meteorological
Administration (KMA) reports that for the previous five years, the rainy season extended
from roughly the end of June to the end of July (26–31 weeks of the year). Nonetheless,
August saw more rainfall than the rainy season during 2022–2024.

Paprika production is strongly influenced by temperature and other greenhouse en-
vironmental conditions. The optimal 24 h mean temperature for paprika is reported to
be 19–21 ◦C, while temperatures exceeding 24 ◦C can increase stem growth and respi-
ration and contribute to flower and fruit drop [7,8]. High temperatures also reduce the
photosynthetic efficiency and the transfer of assimilates to developing fruits, potentially
resulting in reduced fruit weight, firmness, and quality [9,10]. Furthermore, elevated
nighttime temperatures and insufficient light during flower bud differentiation may im-
pair flower development, pollination, and fertilization [11]. In Korea, greenhouse tem-
peratures reached approximately 35 ◦C during 2020–2022, exceeding the recommended
range and potentially contributing to reduced fruit set and productivity [12–14]. Various
strategies, including diffuse glass, fogging, root-zone cooling, shading screens, and ap-
propriate cultivar selection, have been investigated to mitigate heat stress and improve
paprika production [15,16]. However, effective environmental management requires identi-
fying the factors most strongly associated with fruit production. Therefore, process-based
and machine learning models can provide complementary approaches for evaluating
environmental–production relationships and identifying important predictors to support
improved greenhouse management.

Process-based models require detailed observations and accurate parameterization,
making them sensitive to input-data limitations and costly to develop and calibrate [17–19].
In contrast, statistical and machine learning models rely primarily on reliable agricultural
datasets to identify relationships between environmental factors and crop production [20].
Although conventional regression models have been used to assess climate–yield rela-
tionships [21], their predictive performance may be limited by differences in crop types,
locations, and seasonal conditions [22,23]. Integrating statistical methods with machine
learning approaches may therefore improve predictive capability and help identify impor-
tant environmental predictors of agricultural production.

Machine learning (ML), a branch of artificial intelligence (AI), uses algorithms to
learn patterns from data and generate predictions without explicit programming for every
task [24]. In agriculture, ML can analyze complex, nonlinear relationships among envi-
ronmental factors and crop production, supporting applications such as yield prediction,
soil fertility assessment, and rainfall–productivity analysis [25,26]. Various ML techniques,
including support vector machines (SVMs), Bayesian networks (BNs), artificial neural
networks (ANNs), and Random Forests (RFs), have been applied to agricultural data to im-
prove predictive performance and identify relationships between environmental variables
and crop outcomes [19,27,28].

The abundant literature available on paprika growth prediction using environmen-
tal and energy data is based on smart farm research by applying machine learning
models [29–31]. However, there have been limited studies conducted on the prediction of
paprika fruit yield, especially on fruit numbers, using regression and machine learning
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models. In this study, fruit numbers were measured on the basis of the monitored paprika
branch as the number of the total harvested fruit in the preceding week and the new fruit
sets in the next week (cumulative fruit count). This approach may be more reliable than
the whole greenhouse area fruit number prediction at a single time point. The reason for
this is that the branch-level prediction might give a more suitable and robust adoption of
environmental drivers for accurate fruit production. The other findings lie in the use of
multi-season data and the interpretation of comprehensive pictures of the environmental
variables, especially inside greenhouses, which the literature lacks.

The machine learning algorithms SVM, ET Bagged, RF, and MLR were used to predict
paprika fruit numbers from environmental parameters related to relative humidity, hu-
midity deficit, temperature, and radiation. The objectives were to identify reliable models
and key predictors, assess their relative contributions using sensitivity analysis (SA), and
evaluate model responses through parametric study (PS).

2. Materials and Methods
2.1. Greenhouse Information and Cultivation Environment

This study was conducted at the commercial farm “Artfarm Agricultural Cooperative
Company, Jeonnam, Korea” for 5 years, from 2020 to 2024. The physical features of the
Venlo type glasshouses were the following: size (13,000 m2), height (6.5 m) and covering
material (low-iron diffuse glass). Each glasshouse had two-layered screens (energy and Al
coated shading/insulation screen) and airflow fans installed. In each instance, an advanced
environmental control system (Ridder Synopta, build 5.4.8 Version, Ridder Growing Solu-
tions B.V., Maasdijk, The Netherlands) was used to manage the glasshouse environment. It
automatically recorded solar radiation and temperature data. In a hydroponic system with
coir substrates (double layered growing bag, L × W × H: 100 × 15 × 10 cm, Daeyoung
GS, Daegu, Republic of Korea), the planting density was comparable at 6.6–7.0 stem/m2.
Irrigation management was set to 100 mL per 100~120 joule by dripper method. Table 1
shows the paprika cultivation information of the investigated greenhouse for 4 years.

Table 1. Farming information was collected from the studied farms in Kangjin-gun, Jeonnam, South
Korea, across four growing seasons from 2020 to 2024.

Year Planting Area (m2) Sowing Time Transplanting Date Harvest Starting Date Harvest Ending Date

2020–2021 11,870 30-June 17-July 9-October June–August

2021–2022 12,230 29-June 16-July 11-October June–August

2022–2023 11,598 21-June 9-July 6-October June–August

2023–2024 12,320 20-June 7-July 2-October June–August

2.2. Data Collection

Twenty-one distinct factors were utilized in this research to evaluate paprika fruit
production in Korea. The variables were divided into three groups: humidity factors in
percentage [24 h RH, Day RH, Night RH, BSR-RH (before sunrise RH), ASR-RH (after
sunrise RH), BSS-RH (before sunset RH), ASS-RH (after sunset RH)], humidity deficit
factors in gram per kilogram [(24 HD, Day HD, Night HD, BSR-HD (before sunrise HD),
ASR-HD (after sunrise HD), BSS-HD (before sunset HD), ASS-HD (after sunset HD)], and
temperature variables in Celsius [(24 h AVT, Night AVT, Day AVT, DIF Temp-SR (sunrise),
DIF Temp-SS (sunset), radiation sum, outside temperature)] (Figure 1A). The dependent
variable was fruit production in numbers per square meter. All parameters were acquired
on a weekly basis for four years.
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Figure 1. (A) Summary of the variables used in the prediction of paprika fruit production [Pn.f].
(B–D) Stepwise depictions of artificial intelligence approaches for development of prediction models.

Figure 1B–D depict the framework for creating a prediction model based on artificial
intelligence utilizing several algorithms. Data collection is the first step in the process, after
which it is pre-processed by selecting the affecting variables and removing randomness.
The dataset is then split into two parts: 75% for training points and 25% for testing points.
In order to generate a prediction model, the dataset is then dispersed and processed utiliz-
ing artificial intelligence-based computational techniques. Finally, a variety of statistical
methods are employed to evaluate the model’s validity and ascertain its reliability. In
this study, the total 4 year datasets of above-mentioned variables were used to develop
AI-based models. Out of the 180 datasets, one hundred and thirty-five datasets from the
first 3 years were used to train the model, while the remaining 47 datasets from the last
year was used for testing purposes.

2.3. Data Range

A histogram representing the frequency distribution for 4 years of data for each
parameter is displayed in Figure 2 and Figure S1. The 24 h RH was determined to be
68.95–99.97%; the Day RH was noted between 66.45 and 100%; the Night RH ranged from
61.14 to 99.95%; the BSR RH ranged from 56.42 to 100%; the ASR RH ranged from 72.42 to
100%; the BSS RH was between 61.38 and 100% and the range of data points for ASS RH
was between 70.15 and 95.37%. However, the data for relative humidity parameters, e.g.,
24 h HD, Day HD, Night HD, BSR-HD, ASR-HD, BSS-HD, ASS-HD, were in the ranges of
0–7.19 g per kilogram, 0–10.40 g per kilogram, 0–4.99 g per kilogram, 0–5.94 g per kilogram,
0–4.70 g per kilogram, 0–11.26 g per kilogram, and 0–4.11 g per kilogram. Moreover, the
temperature parameters, e.g., 24 h AVT, Night AVT, Day AVT, DIF Temp-SR, DIF Temp-SS,
radiation sum, and outside temperature, ranged from 18.5 to 30.88 degrees centigrade,
16.37 to 27.51 degrees centigrade, 20.04 to 33.47 degrees centigrade, 0.74 to 6.17 degrees
centigrade, −2.05 to 5.52 degrees centigrade, 417.64 to 23.06 joule per square centimeter,
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and −2.64 to 29.47 degrees centigrade. The paprika fruit production was recorded between
0.64 and 121.17 in numbers per square meter.

Figure 2. Cont.
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Figure 2. Frequency histograms showing the observed distributions of 15 environmental predictors
and one response variable (Pn.f). The predictors include relative humidity (RH; A–G), temperature-
related variables (H–L), radiation sum (M), and outside temperature (N) while responsible variable
consists of comulative fruit production (Pn.f) (O). Each histogram represents the frequency distribution
of the collected observations within the measured range of the corresponding variables.

2.4. Pre-Processing of Data

Forecasting is the process of making predictions about the future, often using data
from the past and present. Forecasting is not a new idea because data analysts frequently
need to predict a variable from a group of predictors. Numerous studies have been con-
ducted on crop growth predictions, many of which concentrate on Korea [27,28,31,32].
Numerous studies have demonstrated a robust correlation between climatic factors and
paprika growth [31,32]. Nonetheless, the main objective of a successful forecast is to
lower the forecasting error. Additionally, the errors obtained from projected models
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have been shown to be lower because machine learning techniques were used instead of
econometric models.

Thus, based on weekly data collected over 4 years, the 21 predictors (relative humid-
ity, humidity deficit, and temperature-related) were selected in this study to anticipate
the cumulative fruit count (Pn.f). During weekly observation, the number of fruits har-
vested during the preceding week and the number of newly set fruits observed on the
same branches were recorded and summed to obtain the weekly cumulative fruit count.
A lead-time forecasting approach was adopted to predict subsequent paprika fruit pro-
duction using weekly greenhouse environmental data. Environmental measurements
recorded in a given week were matched with cumulative fruit-count observations obtained
approximately 12 weeks later. This forecasting interval was determined based on obser-
vations from the present experiment, in which fruit set was first observed approximately
12 weeks after transplanting, falling in the range previously described for the 1st harvest as
11–14 weeks, depending on paprika variety [33]. Accordingly, the 12-week interval was
used as an experimental basis for aligning environmental measurements with subsequent
fruit production, rather than being considered a universally optimal forecasting horizon.
The aligned dataset was subsequently used to develop and evaluate the regression models.

Tables 2 and 3 display the basic statistical justifications of the environmental variables
used in the prediction model’s training and testing stages, respectively. It is advised that
the suggested stochastic relationships be used to assess and forecast the paprika output for
the input data ranges indicated in Tables 2 and 3.

Table 2. Statistics of predictors (input parameters) and output data for training of Pn.f model.

Predictors Max Min Mean Std

24 h RH [%] 99.9 68.9 83.7 5.5

DayRH [%] 100 66.4 83.7 4.7

Night RH [%] 99.9 61.1 84.4 8.1

BSR-RH [%] 100 56.4 83.4 10.6

ASR-RH [%] 100 72.4 85.2 5.7

BSS-RH [%] 100 61.3 85.0 5.8

ASS-RH [%] 100 70.1 86.3 5.9

24 h HD [g/kg] 7.1 0.0 2.8 1.0

Day HD [g/kg] 10.4 0 3.4 1.4

Night HD [g/kg] 4.9 0.0 2.1 1.0

BSR-HD [g/kg] 5.9 0 2.3 1.4

ASR-HD [g/kg] 4.3 0.0 2.5 0.8

BSS-HD [g/kg] 11.2 0 3.3 1.7

ASS-HD [g/kg] 4.1 0 1.9 0.9

24 h AVT [◦C] 27.6 18.5 21.7 2.2

Night AVT [◦C] 25.6 16.3 19.1 2.0

Day AVT [◦C] 30.6 20.0 24.4 2.2

DIF SR [◦C] 5.9 0.7 2.6 0.9

DIF SS [◦C] 0.6 −2.0 0.4 0.2

Radiation sum [J·cm−2] 2112.3 568.8 1172.5 409.5

Outside temperature [◦C] 29.4 −2.6 13.5 9.3

Pn.f [Fruits/branch] 121.1 1.2 69.1 36.4
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Table 3. Statistics of predictors (input parameters) and output data for testing of Pn.f model.

Predictors Max Min Mean Std

24 h RH [%] 99.7 75.8 84.2 3.80

Day RH [%] 99.6 75.0 83.3 3.47

Night RH [%] 99.8 72.4 85.7 5.83

BSR-RH [%] 99.7 70.8 84.3 7.32

ASR-RH [%] 99.1 78.1 84.9 3.89

BSS-RH [%] 100 74.4 84.8 4.03

ASS-RH [%] 92.2 74.6 86.5 3.47

24 h HD [g/kg] 6.3 0.0 2.9 0.93

Day HD [g/kg] 8.5 0.0 3.7 1.46

Night HD [g/kg] 3.5 0.0 2.0 0.7

BSR-HD [g/kg] 3.9 0.0 2.2 0.9

ASR-HD [g/kg] 4.7 0.1 2.7 0.6

BSS-HD [g/kg] 8.2 0.0 3.5 1.5

ASS-HD [g/kg] 3.0 0.9 1.8 0.5

24 h AVT [◦C] 30.8 18.5 22.3 2.7

Night AVT [◦C] 27.5 17.5 19.6 2.3

Day AVT [◦C] 33.4 20.0 24.8 2.8

DIF SR [◦C] 6.1 0.9 2.7 1.0

DIF SS [◦C] 5.5 0.1 1.0 1.1

Radiation sum [J·cm−2] 2306.5 417.6 1185.0 460.4

Outside temperature [◦C] 29.4 0.3 14.5 8.2

Pn.f [Fruits/branch] 115.1 0.8 68.1 37.7

The Pearson correlation method is used to assess the level of reliance between the
variables taken into consideration for modeling, according to [34]. R values, which range
from −1 to +1, are used to assess the correlation strength. Positive and negative signs,
respectively, show a trend toward growth or decline. A 0 in a Pearson correlation matrix
denotes the absence of a relationship between the two variables. In contrast, a significant
association is indicated by values close to 1. The following formula can be used to calculate
the Pearson correlation coefficient mathematically:

R =
∑n

i=1
(︁
Oi − O

)︁ (︁
Pi − P

)︁√︂
∑n

i=1
(︁
Oi − O

)︁2
√︂

∑n
i=1

(︁
Pi − P

)︁2

where O and P are the mean values of the two variables, O and P, respectively. Based on
the training dataset, the Pearson correlation matrix for Pn.f as the output factor/dependent
variable and the environmental factors as the independent variables was obtained and is
shown in Table S1.

2.5. Performance Evaluation

Equations (1)–(3) show that the model selection procedure in this work took into
account statistical tests including RMSE, MAE, and R or R2 [35]. The best prediction
models are said to have high R2 values that are near to 1 and low RMSE, MAPE, and MAE
values [36].

RMSE =

√︄
∑n

i=1(yi − ŷi)
2

n
(1)
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MAE, or mean absolute error, is calculated as follows:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (2)

R2, or the coefficient of determination, is calculated as follows:

R2 = 1 − ∑n
i=1(yi − ŷi)

2√︂
∑n

i=1(yi − y)2
(3)

where

yi = observed paprika fruit production for observation i,
ŷi = predicted paprika fruit production for observation i,
y = mean of the observed fruit production values, and
n = number of observations.

To evaluate model performance, the trained models developed in MATLAB Regression
Learner were exported to the MATLAB workspace, and the generated code was used to
predict paprika fruit numbers from the test dataset. These models were evaluated using
MATLAB R2018, as shown in Figure 3. The RF model was implemented separately in
Python 3.13, and its corresponding script is provided in the Supplementary file (Figure S2).

 
Figure 3. Stepwise depiction of assessing the multiple linear regression (MLR), the linear support
vector machine (SVM), and the ensemble tree bagging (ET Bagged) models.

2.6. Sensitivity Analysis (SA) and Parametric Study (PS) of Wp Prediction Model

To further evaluate the robustness and dependability of prediction models, paramet-
ric studies (PSs) and sensitivity analysis (SA) are employed. While parametric analysis
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shows how likely it is that the suggested prediction models will support or contradict
physical occurrences, sensitivity analysis shows how significant independent variables are
prioritized. Equation (4), which indicates that sensitivity values range from 0 to 1, was
used in this study’s sensitivity analysis [36–39]. As stated in [39], values near 1 signify a
strong sensitivity of the independent parameter, whereas values near zero imply that the
parameter has minimal impact on the output parameter.

SA =
∑n

i=1

(︂
Pact

i × Wpre
n. f i

)︂
√︃(︂

∑n
i=1 P2

i × ∑n
i=1 W2 pre

n. f i

)︂ (4)

where Ppre
n. f i

characterizes the projected response attained from the Pn.f model and Pact
i

denotes the input parameters (environmental predictors). In addition, parametric analysis
was used to determine whether the physical performance of the prediction model confirmed
the physical process or simply showed a correlation [40–42].

2.7. Development of a Prediction Model
2.7.1. Multiple Linear Regression Model

For a parameter that depends on many input values, multiple linear regression analysis
(MLR) is essentially utilized to provide a simple mathematical linear expression. The
explanation of multiple linear regression analysis is found in Equation (5).

Y = a + b1x1 + b2x2 + . . . bnxn (5)

When x1, x2 are the input variable, Y is the dependent parameter (output value), a
is the constant found from the intercept, and b1, b2 are the appropriate coefficients. The
accuracy of the output value predicted by MLR is assessed by comparing it to the target
value. Several statistical tests are used to assess the MLR model’s performance in order to
confirm its ability to generalize. The procedure to analyze the MLR model with MATLAB
version 2018 is depicted in Figure 3. A 3-year dataset was used to examine the MLR, and a
1-year testing dataset was used to assess it. The training model from Regression Learner
was first exported to the MATLAB workspace in order to test the predicted model. The
process was then finished by comparing the testing input dataset with the trained model,
which was created using automatically generated code.

2.7.2. Support Vector Regression

Support vector regression (SVR) was used to forecast constant paprika fruit production
from greenhouse environmental factors. A Gaussian kernel was used to model potentially
nonlinear associations between the input factors and the response variable. The SVR model
evaluates a regression function by maintaining model flatness against deviations exceeding
the specified epsilon-insensitive loss threshold. The Medium Gaussian SVM model was
selected in MATLAB Regression Learner, with a reported kernel scale of 4.8, automatic box
constraint and epsilon settings, and predictor standardization enabled (Figure 3).

The general regression function is represented by Equation (6).

f (x) = wT ϕ (x) + b (6)

where x represents environmental measurements,
ϕ(x) represents their transformed features,
wT ϕ (x) calculates a weighted combination of those features, and
b adjusts the final prediction by adding a constant.
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MATLAB processed the data and created a predicted model based on Figure 3.

2.7.3. Tree Ensemble Methods: Bagging

One of the main problems with the decision tree model is the substantial degree
of outcome variance. If the data is divided into training and testing datasets, fitting a
decision tree to different datasets may produce different results each time. Several ensemble
strategies are used to reduce disparities in the data, but only the bagging strategy is used in
this work.

Bagging is the practice of employing the bootstrap method to repeatedly generate B
sets of unique bootstrapped training data from a single training dataset. After building a
unique decision tree from the B training datasets, the next step in the bagging process is
to average the sets of observations to reduce variances and increase prediction accuracy.
Using a bootstrapping dataset, each tree in bagging is built separately from the others. In
contrast, the boosting strategy grows the trees one after the other. The trees produced with
the boosting strategy are largely dependent on earlier trees. The output of the ensemble
model is expressed in the following Equation (7):

f∧(x) = ∑b = 1Bλfb∧(x) (7)

where b is the number of repetitive times from 1 to B and λ is the shrinkage parameter, with
a typical value set at between 0.01 and 0.001.

2.7.4. Random Forest

Random Forest regression (RF) is an ensemble learning method that assembles the
predictions of multiple decision trees to evaluate a continuous response variable. In this
study, RF was used to predict paprika fruit production Pn.f from greenhouse environmental
variables. Each regression tree was trained using a bootstrap sample of the training dataset,
while an arbitrarily selected subset of predictor variables was measured at each split.
This process introduces disparity among the trees and helps decrease the dependency on
any single tree. The final prediction is obtained by averaging the numerical predictions
produced by all trees in the forest.

The Random Forest regression prediction is obtained by averaging the predictions of
all regression trees, as expressed in Equation (8).

ŷ(x) =
1
B

B

∑
b=1

fb(x) (8)

where

ŷ(x) = predicted paprika fruit production,
x = vector of greenhouse environmental input variables,
B = total number of regression trees, b = index of an individual tree, from 1 to B, and
fb (x) = prediction generated by the b-th regression tree.

3. Results and Discussion
Based on the environmental indicators mentioned above, the results of the ET (Bagged),

MLR, SVM, and RF models for the prediction of Pn.f production versus the training and
testing datasets are shown in Figure 4. Nearly 1:1 (perfect fit) predicted responses are seen
in all the models with improved generalizability. Table 4 lists the optimal tuning parameter
values for RF, SVM, and ET (Bagged). The ET (Bagged) and SVM models were trained in
MATLAB using Regression Learner, and due to Regression Learner’s built-in function, the
parameters were automatically adjusted. However, when Regression Learner is trained, the
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other hyperparameters are automatically turned off. The 5-fold cross-validation was used
to address the complicated training dataset and reduce the prediction efficiency error. This
approach optimizes model complexity to minimize estimation or classification errors on
unobserved data, according to [43]. By recognizing the trade-off between bias and variance,
this strategy can also be used to avoid overfitting and selection bias [44]. However, using
the GridSearchCV algorithm for the RF model, the parameters were adjusted in Python.
To assess each model’s performance, Table 5 presents a summary of the statistical check
values. When comparing the RF model to other prediction models, the SVM model scores
lowest in terms of higher rank, while the RF model yields the best results when using the
training data. In contrast to the other estimated models, SVM and RF performed the best
in terms of R2 and lowest error while testing the trained model, with MLR placing fourth.
Refs. [45,46] state that all the statistical check values support the current study’s prediction
models’ acceptance criteria (RMSE and MAE values should be sufficiently low, and the R2

value is closer to 1).

 

Figure 4. Performance evaluation of prediction models based on training and testing data: (A) ET
(Bagged) model; (B) MLR model; (C) SVM model; and (D) RF model.

However, SVM achieved the highest testing (R2) value (0.677), while RF exhibited
the lowest RMSE (22.08) and MAE (16.89). These findings demonstrate that the model
performance differed across the evaluation metrics, with SVM performing best in terms
of testing (R2), while RF performed best in terms of testing RMSE and MAE. However, R2

values represent the coefficient of determination and should not be interpreted directly
as percentages of prediction accuracy. The RF model showed a decrease in R2 from 0.950
during training to 0.668 during testing, indicating reduced predictive efficiency on the
unseen season and likely overfitting. Other limitations are interseasonal disparity in
greenhouse environmental conditions and fruit production, or a combination of both
factors. The partial sample size relative to the 21 forecasters may also have affected the
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model generalizability. Although RF outperformed MLR across all the testing metrics,
further research using additional growing seasons and reduced-variable models is needed
to assess the robustness of these predictions and govern whether the model complexity can
be reduced without losing performance.

Table 4. Best parameters used for selection of ET (Bagged), RF and SVM models.

ET (Bagged)

Parameter Range Parameter Range

Preset Bagged Trees Learning rate 0.1

Minimum leaf size 8 Number of predictors to sample All

Number of learners 30

RF

Parameter Range Parameter Range

Number of trees 100 Minimum samples to split 2

Maximum depth none Minimum samples per leaf 1

Features per split sqrt Bootstrap true

SVM

Parameter Range Parameter Range

Preset Medium Gaussian SVM Kernel scale 4.8

Box constraint Automatic Epsilon Automatic

Standardize data true Kernel function Gaussian

Table 5. Performance comparison of the models.

Dataset ET (Bagged) MLR SVM RF

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE

Training 0.843 15.28 10.64 0.900 11.43 7.75 0.815 15.89 8.97 0.950 8.62 5.19

Testing 0.583 24.83 20.11 0.477 30.11 23.36 0.677 22.87 18.13 0.668 22.08 16.89

The ET (Bagged) model has an R2 of 0.843 for the trained model and also passes
statistical tests. The SVM and RF models work well with a fraction of the training data, even
though their R2 was higher than those of other predicted models [43]. However, ET (Bagged)
is a tree-based ensemble model that uses sampling with replacement to create several trees
from the training data in an effort to lower prediction variance and hence improve the
model’s generalizability [47]. RF, on the other hand, is a particular kind of bagging ensemble
in which the number of predictors selected as split candidates in each iteration is determined
by a random value for each tree [48]. This makes RF superior to bagging since Random
Forest de-correlates the trees. Moreover, RF computes error rates using observations (out-
of-bag observations) that are not part of the bootstrapped samples [49,50]. Similarly, it
is claimed that SVM outperforms multiple linear regression in terms of consistency and
performance. Furthermore, the model performance differences between Random Forest
and SVM are not substantial [51]. Unlike conventional linear regression models, Random
Forest decision trees and support vectors are capable of handling non-linear connections. In
addition, when overfitting is avoided, non-parametric Random Forest and SVM outperform
linear regression. In comparison to Random Forest and SVM, MLR scored worse on the
validation set, suggesting that the calibration model exhibited some overfitting and was
not as effective as Random Forest [52]. The kind of dataset, such as discrete or continuous,
affects these models’ accuracy and performance [53]. In summary, a previous study [43]
found that the SVM and RF algorithms are most appropriate for creating the best model,
given the size and particular type of dataset utilized in this study. Despite the small size
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of the dataset, the acquisition of crucial input parameters may improve the effectiveness
of the SVM and RF models in the current study. Figure 5A–D compare the observed and
predicted paprika Pn.f for the four models. The mean absolute errors were 13.61, 12.65,
11.85, and 8.86 fruits m−2 for ET (Bagged), MLR, SVM, and RF, respectively. RF showed the
lowest prediction error, followed by SVM, MLR, and ET (Bagged).

 
Figure 5. Plots of absolute errors for the prediction models against actual and forecasted data: (A) ET
(Bagged); (B) MLR; (C) SVM; and (D) RF.

Figure S3 shows all four models’ simulated and real responses to the training and
testing datasets. The fact that the actual and predicted reactions overlapped shows a strong
connection and coherence between the two. In this case, MLR and ET (Bagged) are typically
less accurate, and their test findings differ greatly from the actual dataset. However, the
responses from the SVM and RF models confirm their superiority and are close enough.

Figure 6 shows the results of a sensitivity analysis conducted on the SVM model. To
keep this study as short as possible, the sensitivity analysis against ET (Bagged), RF, and
MLR was excluded. Although the sensitivity analysis indicated relatively high values
for several environmental predictors, these results should be interpreted with caution
because of the strong interdependence among the input variables. As presented in Table S1,
Night RH and BSR-RH showed a strong positive correlation (r = 0.961), while 24 h average
temperature and daytime average temperature were also strongly correlated (r = 0.970).
Similarly, Day RH and Day HD exhibited a strong negative correlation (r = −0.872). These
relationships suggest that the environmental predictors contain overlapping information.
Consequently, the reported sensitivity rankings reflect numerical associations between the
individual predictors and the model-predicted response, rather than their independent
contributions to paprika fruit production. The rankings therefore provide descriptive
information about the modeled relationships but should not be interpreted as evidence of
separate causal effects.
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Figure 6. Role of input parameters in SVM-based Pn.f model: (A) relative humidity related parameters;
(B) humidity deficit related parameters; (C) Temperature related parameters.

The sensitivity analysis was used to quantify the numerical association between each
environmental predictor and the model-predicted paprika fruit production. The terms in
Equation (4) represent the observed environmental input values and the corresponding
model-predicted responses across the available observations. The resulting sensitivity
values were used for descriptive comparison among the environmental predictors rather
than for quantifying their independent contributions to the predicted response.

It is important to note that several environmental variables, particularly relative
humidity, humidity deficit, and temperature, are strongly interrelated. Therefore, the
sensitivity values may reflect overlapping information among the predictors and should
not be interpreted as evidence of independent causal effects. The Pearson correlation matrix
(Table S1) was considered when interpreting these relationships.

Figure 7A–U presents the results of the parametric analysis performed using the ET
(Bagged), MLR, SVM, and RF models. In this analysis, one environmental predictor was
varied while the remaining predictors were held at their respective mean values, and the
resulting changes in the predicted paprika fruit production [Pn.f] were examined. The plots
therefore illustrate how the model predictions respond to changes in individual predictors
under the specified conditions. However, because greenhouse environmental variables are
interrelated, particularly relative humidity (RH), humidity deficit (HD), and temperature,
the combinations created by varying one variable independently may not always represent
conditions that occur in a real greenhouse. Furthermore, the curves indicate model-derived
responses rather than empirically measured responses under controlled environmental
conditions. Accordingly, the apparent peaks and turning points should be interpreted as
predicted response patterns, not as experimentally produced optimum conditions.
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Figure 7. One-at-a-time (OAT) parametric sensitivity analysis of predicted paprika fruit production
(Pn.f) using Random Forest (RF), support vector machine (SVM), ensemble trees (ETs; Bagged), and
multiple linear regression (MLR) models. Each panel (A–U) represents one of the 21 environmental
predictors: relative humidity (RH; A–G), humidity deficit (HD; H–N), temperature-related variables
(O–S), radiation sum (T), and outside temperature (U). Red circles indicate predictions outside the
observed cumulative fruit-count range, Pn.f. This occurred due to the lower accuracy in the prediction
of Pn.f by SLR. SLR did not outperform RF, SVM, and ET (Bagged).

The RH-related sensitivity plots (Figure 7A–G) indicate that predicted paprika fruit
production generally increased over portions of the evaluated RH ranges, with a change in
the predicted response occurring around the 60–80% RH range. This pattern suggests that
the RH-related variables were influential in the model predictions under the conditions
examined. However, the indicated range should not be interpreted as a universal optimum
for paprika production, particularly because the analysis varied each RH-related predictor
independently of the other environmental variables. Relative humidity can influence
transpiration, plant water relations, and reproductive processes, but its effects depend on
temperature and other greenhouse conditions. Previous studies have reported relationships
between greenhouse humidity, plant growth, sap flow, and crop performance [54–57].
Nevertheless, excessively high humidity can interfere with pollen release and reproductive
development and may favor disease development when condensation occurs [58–60]. Thus,
the model-derived patterns should be considered alongside the actual RH values and fruit
counts observed in this study as well as the physiological context reported in the literature.
Predictions outside the observed environmental or fruit-count ranges should be treated
cautiously because they are not directly supported by the experimental observations.

The HD-related plots (Figure 7H–N) also show variation in the predicted fruit pro-
duction across the evaluated HD values, with a potentially favorable response pattern
appearing within approximately 2–7 g kg−1 in the model-based analysis. This range should
be regarded as an exploratory model-derived indication rather than a confirmed optimum.
HD is related to atmospheric evaporative demand and is influenced by temperature and
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RH; therefore, its relationship with crop performance cannot be interpreted independently
of these variables. Related research on greenhouse crops has shown that vapor pressure
deficit (VPD) can affect transpiration, water transport, mineral distribution, and fruit devel-
opment, and that both very low and very high VPD conditions may be unfavorable [61–66].
However, VPD and HD are not identical measures, and the values reported for VPD cannot
be directly treated as equivalent to the HD values used in the present study. The physi-
ological implications of the predicted HD response should therefore be interpreted with
reference to the environmental conditions actually observed in the greenhouse. Further
experiments are required to determine whether the model-suggested range consistently
supports improved paprika fruit production.

The temperature-related plots indicate that the predicted fruit production varied with
24 h average temperature, night temperature, and daytime temperature (Figure 7O–Q).
The model predictions suggested comparatively favorable responses within the evaluated
ranges of approximately 15–25 ◦C for 24 h average temperature, 15–20 ◦C for night tempera-
ture, and 20–25 ◦C for daytime temperature. These ranges describe patterns observed in the
model-generated curves and should not be considered experimentally established tempera-
ture optima. Previous research has reported associations between paprika production and
temperature, including reduced production under excessively high daytime and nighttime
temperatures [6,32,67]. High air and root-zone temperatures may also impair root activity
and plant growth [68–71]. These findings provide the physiological context for interpreting
the model predictions, but they do not independently validate the precise temperature
ranges identified by the OAT analysis. In addition, the DIF-related plots (Figure 7R,S)
suggest changes in predicted fruit production across the evaluated temperature-difference
variables. These responses indicate model sensitivity to the selected DIF predictors; how-
ever, they do not establish that lower DIF values directly increase fruit number. The
interpretation of these patterns requires consideration of the observed DIF ranges and the
relationships among temperature, crop development, and other environmental variables.

The radiation-related plot (Figure 7T) indicates that the predicted paprika fruit produc-
tion increased over part of the evaluated radiation-sum range before the response changed.
This pattern is consistent with the established role of solar radiation in photosynthesis and
crop biomass accumulation. Previous studies have associated insufficient solar radiation
with reduced crop productivity, including paprika production [6,72]. Nevertheless, the
apparent turning point in the model-created curve should not be interpreted as a confirmed
radiation optimum. Its importance depends on whether the matching radiation values and
predicted fruit counts fall within the ranges denoted by the observed data. Similarly, the
outside-temperature response (Figure 7U) should be interpreted as a model-derived rela-
tionship rather than evidence of an independent causal effect, because outside temperature
may be associated with other greenhouse environmental conditions.

Limitations and Future Prospects

The following problems should be resolved in the future to increase the accuracy and
certainty of the expected model. First, a wider selection of variables, such as planting
season, breeding lines (varieties), plant height, fruit weight and fruit set, etc., are needed
to improve the model’s robustness. Correct and sufficient data for these predictors is also
crucial for the projected model to have higher accuracy and certainty.

Second, the ET (Bagged) model performed inefficiently due to the current study’s
smaller and random dataset. Both the accuracy of the model and the disparity between
the sensitivity and parametric analysis results can be reconciled with the use of big, high-
quality datasets. Similarly, higher-quality datasets and invariance in their data ranges can
further enhance the accuracy of RF and SVM.
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Third, despite preserving the chronological order of the data and evaluating the model
performance on an independent growing season, the regression models did not explicitly
capture the full temporal dynamics of paprika fruit development. Cumulative fruit pro-
duction may be affected by environmental conditions over the preceding several weeks,
which may not be fully represented by a fixed 12-week forecasting horizon. Future research
should therefore investigate different forecasting horizons and incorporate environmen-
tal measurements from multiple preceding weeks to determine whether accounting for
these temporal relationships can improve prediction performance. However, the time-
lagged approach usually requires a large sample size (almost 15–20 year datasets) for
better forecasting.

4. Conclusions and Recommendations
This study compared the predictive performance of multiple linear regression (MLR),

support vector machine (SVM), ensemble tree bagging (ET Bagged), and Random For-
est (RF) models for estimating paprika fruit production (Pn.f) from greenhouse environ-
mental data. On the independent test dataset, SVM achieved the highest coefficient
of determination (R2 = 0.677), while RF produced the lowest root mean square error
(RMSE = 22.08) and mean absolute error (MAE = 16.89). These findings suggest that SVM
and RF provided comparatively favorable predictive performance under the conditions
evaluated. However, the difference between the training and testing performance, par-
ticularly for RF, highlights the need for validation using additional growing seasons to
determine the models’ generalizability.

The sensitivity analysis highlighted several relative humidity (RH), humidity deficit
(HD), and temperature-related predictors, including Day RH, BSS-RH, 24 h RH, ASS-
RH, ASR-RH, Night RH, BSR-RH, 24 h HD, Night HD, BSR-HD, BSS-HD, 24 h AVT,
Night AVT, Day AVT, DIF Temp-SS, radiation sum, and outside temperature. These
variables showed notable influences on the model predictions under the sensitivity-analysis
procedure. However, the rankings represent model sensitivity to changes in the selected
inputs rather than independent causal effects on paprika fruit production. Since RH, HD,
and temperature are interrelated, the results should be interpreted cautiously, particularly
where changes in one predictor while holding others constant may represent environmental
conditions that are uncommon in an actual greenhouse. Accordingly, the predicted response
patterns and turning points should be considered exploratory indications rather than
experimentally established optimum conditions. Further validation under controlled
greenhouse conditions is required to determine whether the suggested environmental
ranges improve fruit production.
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Abbreviations

Pn.f Paprika cumulative fruit count
MLR Multiple linear regression
SVM Support vector machine
ET Bagged Ensemble tree bagging
RF Random Forest
24 h RH 24 h relative humidity
Day RH Day time relative humidity
Night RH Nighttime relative humidity
BSR-RH Relative humidity before sunrise
ASR-RH Relative humidity after sunrise
BSS-RH Relative humidity before sunset
ASS-RH Relative humidity after sunset
24 h HD 24 h humidity deficit
Day HD Day time humidity deficit
Night HD Nighttime humidity deficit
BSR-HD Humidity deficit before sunrise
ASR-HD Humidity deficit after sunrise
BSS-HD Humidity deficit before sunset
ASS-HD Humidity deficit after sunset
24 h AVT 24 h average temperature
Night AVT Night average temperature
Day AVT Day time average temperature
DIF Temp-SR Difference in temperature relative to sunrise
DIF Temp-SS Difference in temperature relative to sunset
SA Sensitivity analysis
PA Parametric analysis
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